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ABSTRACT: Structural health monitoring (SHM) has been gaining popularity among highway bridge owners in recent years. 

Three decades ago, it was considered a research tool, mostly used on an experimental basis by academia to demonstrate the 

technology to bridge owners. In recent years, it has become accepted by most highway bridge owners as another tool for asset 

management. This paper briefly presents the use of SHM for bridge management and then discusses changes leading to wider 

acceptance by owners. Factors that are helping as well as inhibiting the use of SHM for bridge applications will be discussed from 

the author’s perspective. 

KEY WORDS: Structural health monitoring; Asset management; Highway bridges; Bridge management 

1 INTRODUCTION 

Structural health monitoring (SHM) has been gaining 

popularity among highway bridge owners in recent years. 

Current origins of SHM of bridge structures trace back to the 

aerospace industry where monitoring is an important part of 

safety assurance and just-in-time maintenance. Initial 

applications of bridge SHM were more geared towards seismic 

research; bridges were instrumented, predominantly with 

accelerometers, to collect vibration data, during seismic events 

to improve seismic design procedures. In the early 1990s, it was 

introduced as a tool to monitor structures for damage detection, 

more specifically using structural vibration under ambient and 

vehicular loads. Even though the number of applications 

steadily grew in the last three decades, up until the last decade 

it was considered by most owners as a research tool and hence 

most applications were implemented by academia using 

research grants. Applications were limited due to costs 

involved with wiring sensors and bringing the power to bridge 

locations. Data collection and analysis were also expensive due 

to the amount of labor involved. Many methodologies initially 

used were also based on vibration data and deterministic 

analysis methods, and thus the capability was limited to 

detecting bigger damages due to noise and changes to the in-

service environment [1-3]. With time, technological changes 

made it easier to install sensors while bringing associated costs 

relatively low. The goals moved from damage detection to 

augmenting inspections and assisting with decision-making 

involved with comprehensive asset management. Currently the 

industry can assist owners without complete dependence on 

research universities. This is largely attributed to the emergence 

of load testing for structural evaluation where conventional 

methods failed to give reliable capacity of in-service structures 

[4-5]. This paper briefly presents the evolution of SHM and 

factors affecting their use for bridge applications from author’s 

perspective. Section 2 of this paper discusses potential use of 

SHM for lifecycles of highway bridges; section 3 briefly 

presents the past, present, and future of SHM; section 4 gives 

the author’s perspectives on factors that are inhibiting the use 

of SHM for bridge applications; and section 5 provides 

conclusions.  

2 POTENTIAL USE OF SHM FOR HIGHWAY BRIDGES 

Structural health monitoring has the potential to be used for 

complete life cycle of highway bridge structures, in all the 

following stages: 

• Planning 

• Design 

• Construction 

• Inspection. maintenance, and extreme events 

• Rehabilitation/replacement 

 Planning 

All structures require good planning to make sure they can 

fulfil their intended function throughout its life. Highway 

bridges in the United States are currently expected to last at 

least 75 years under the loads they are designed for. To fulfil 

this objective, reliable estimation of both demand and capacity 

of structures is very important and SHM can be used to get an 

idea of initial demands by monitoring nearby structures or the 

structure being replaced. Live loads and their configurations, 

and environmental loads the structure will be subjected to 

(snow, ice, wind, seismic, etc.) can be measured using 

appropriately designed SHM systems. SHM data can also be 

used for planning structural interventions and maintenance 

required based on expected deterioration of the structure, and 

thus estimating life-cycle costs.  

 Design 

Data obtained from the planning stage can play a significant 

role in the design. Recent specifications used for bridge design 

are based on reliability methods. A higher multiplier for 

expected loads and a lower multiplier for capacity are applied 

to account for greater uncertainties to ensure structural 

reliability of a bridge during its service life. Thus, reducing 

uncertainty can yield cost-effective designs. Analytical 

methods such as finite element analysis are increasingly used 
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for structural design where several assumptions are made 

during modeling. Using SHM, these assumptions can be 

verified to make sure that the structure is behaving as 

designed/intended. When fiber-reinforced polymer materials 

were introduced for bridge applications in late 1990s, most of 

these structures were designed using advanced finite element 

analyses, and SHM was successfully used to validate design 

assumptions and to get a better understanding of these new 

materials [6-10]. SHM can also give a better estimate of reserve 

capacity that can be used to allow planned overloads or to make 

appropriate adjustments if legal loads change during the life of 

the structure. Uniform system reliability can also be achieved 

if these systems become the norm in the future by 

implementing appropriate changes to design procedures.  

 Construction 

A carefully designed SHM system can be used for assuring 

construction quality and safety during the construction phase. 

With accelerated construction becoming popular to maintain 

uninterrupted mobility, many structural components or 

structural systems are being built offsite and brough to field for 

installation. Monitoring is used to assure that these components 

are not damaged during the transportation and installation and 

can become an integral part of overall SHM system if carefully 

planned. Sensors and monitoring systems can be used for 

assuring construction quality and for initial load capacity 

evaluation. The data can also serve as a baseline for future 

upkeep of the structure.  

 

 Inspection and Maintenance 

 

A properly designed and implemented SHM system can be of 

immense value for augmenting routine visual inspections and 

maintaining the structure in a cost-effective manner. Due to 

increasing demand for risk-based inspections, SHM has the 

potential to increase inspection efficiency and reduce costs to 

extend time between subsequent inspections and the extent of 

inspection. Monitoring of demands can be of value to planning 

bridge preservation and maintenance activities. The systems 

can also be used for appropriate deicing operations if 

environmental parameters are monitored as part of SHM. Data 

collected during extreme events can also be used for assuring 

public safety. 

 

 Rehabilitation and Replacement 

 

Data collected through SHM, augmented with visual inspection 

data, can be used to improve the rehabilitation and replacement 

cycle. Estimating the reliable fatigue life of steel structures is a 

good example [11]. Data obtained during the decommissioning 

of the structure can also give valuable information to enhance 

future design and operations. 

 

3 SHM – PAST, PRESENT, AND FUTURE 

This section briefly discusses the evolution of SHM 

technologies for highway bridge monitoring applications.  

 

 SHM Past 

As noted earlier, the origin of SHM can be traced back to 

seismic applications. Major issues in implementation were 

installation costs and data transfer through slow speeds. 

Initially, all the data was collected to a centralized system, 

transmitted to office location where an engineer would analyze 

the data and make a decision on whether the structure was 

behaving as intended. One of the initial applications in the New 

York state (see Figures 1 and 3) and associated specifications 

can be found in the literature [12-15]. This data showed that 

technology existed to monitor bridge structures as early as the 

1990s as long as structural parameters required for decision 

making are clearly defined. Thus, the key for SHM was not 

technological limitations, but knowing the answers to the 

following questions: 

 

1. What is the purpose of the SHM system for a structure 

under consideration? What decisions are being made 

or what questions need to be answered? 

2. What structural parameters are needed to answer the 

above questions? 

3. Does data collected by the system have enough 

granularity to answer the above questions? 

4. How long do I have to maintain the system? How 

often do I collect data? 

5. How do I minimize false alerts?  

6. What actions should be taken in response to 

alerts/alarms from the system? 

7. Is it cost-effective? 

 

 SHM Present 

Advances on SHM technologies during the last decade have 

reduced the cost of sensors and installation. These include: 

1. Wireless sensors: The need for long wires and 

associated labor required for connecting sensors and 

data collection system were eliminated.  

2. Miniaturization and computational technologies: 

Sensors and data acquisition systems became smaller 

while data storage and processing became much 

easier. Complex computations could be easily 

performed at sensor location and transmitted to the 

central processing unit, making systems much more 

efficient and useful for quicker decision making. 

3. Data transmission technologies: Internet and cellular 

technologies have made data transmission and 

conveying alerts to all involved personnel easy, 

automatic, and less expensive  

 

However, issues noted in section 3.1 remain. Benefit-costs 

are unclear and difficult to calculate. Policies and procedures 

for managing structures need to be updated to accommodate 

new technologies, and the progress in this area has been 

relatively slow.  Many costly installations were done without 

careful planning. This coupled with overpromising and not 

delivering long-term benefits as promised made many owners 

averse to these technologies. Generally, the SHM industry also 

failed in educating a new generation of engineers of know-how 

and advantages of SHM technologies. This should be addressed 

better for wider use of SHM systems in highway bridges.  
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 SHM Future 

The future of SHM implementation seems bright due to 

increased interest in using asset management principles for 

maintaining bridge infrastructure. There is increased awareness 

among owners and consulting companies on the advantages 

and limitations of SHM systems. Several new technologies and 

developments in the industry are contributing to or have the 

potential to contribute to implementing SHM systems as 

described below: 

1. Asset management: There is increased awareness of 

asset management principles due to change in 

federal/state policies coupled with limited financial and 

personnel resources. SHM technologies are seen as a 

viable option, in some cases, to safely extend the life of 

old structures through postponement of major 

rehabilitation and replacements. 

2. Battery technologies: One of the limitations of SHM 

systems has been the need for a continuous power supply 

on-site. Given most bridge structures may not have 

readily available power on site has made these systems 

expensive to maintain. Solar panel technologies 

alleviated this issue but did not resolve it completely. 

Recent advances in battery technologies have the 

potential to eliminate the need for continuous AC power 

supply where individual sensors can operate for several 

years without the need for replacement. If replacement 

time can coincide with a routine inspection cycle, there 

is a potential for owners to implement these systems on 

more bridges.  

3. Remote Sensing: Satellite-based remote sensing 

technologies are being explored for SHM and have the 

potential for monitoring infrastructure network instead 

of individual structures and to alert owners of big 

changes for further follow-up. Remote sensing, along 

with unmanned aerial vehicle (UAV) systems and 

sensor-based SHM systems, have a better future moving 

forward. 

4. Artificial Intelligence (AI): AI tools are becoming 

popular for better analysis and have great potential for 

wider implementation of SHM systems due to their 

increased value in the decision-making process.   

5. Smart materials and miniaturization: Further 

miniaturization has the potential to incorporate sensors 

into base structural materials, making structural 

components smart. Sensors can be incorporated into 

these components during their fabrication, thus reducing 

field installation effort. Data collection from these 

sensors can be standalone or can be collected during 

routine visual inspections. 

6. Passive sensors and autonomous vehicles: With the 

advent of passive sensors such as RFID sensors, that can 

be activated on demand to get structural information, 

these sensors used in conjunction with autonomous fleet 

vehicles have great potential as SHM systems for where 

there is no need for on-site power or data collection 

equipment. This cost-effective opportunity has the 

potential to change the way one thinks about SHM 

systems. 

4 SHM IMPLEMENTATION ISSUES 

Several other factors inhibiting the growth of SHM systems are 

identified below and require consideration. These include: 

1. Graduating students joining the workforce need to be 

exposed to sensing and monitoring technologies. 

SHM industry should pay close attention to this issue 

and work closely with academia to improve the 

situation. 

2. The SHM industry has not been proactive with 

educating bridge engineering workforce involved 

with making decisions on technology implementation. 

The industry has been fragmented with no unified 

effort in advocating the use of SHM technologies. 

Active involvement of industry professionals was an 

important factor for SHM technology to become 

popular in aerospace industry, and the bridge industry 

can learn from their experiences. 

3. The author is aware of several examples of too many 

promises made to bridge owners before and during the 

implementation of SHM systems and then failing 

short in delivering results. This must change for the 

SHM industry to grow and prosper. In some cases, 

SHM systems are installed for research purposes and 

this must be made clear to owners at the time of 

installation to avoid future misunderstanding. 

4. Current inspection and maintenance policies are made 

by federal and state regulating agencies. Use of 

alternate technologies, not identified in these policies, 

are hard to implement. More policy research tis 

required to implement changes to existing policies and 

making them flexible for wider acceptance of new 

technologies such as SHM systems. 

5. Reliability of SHM systems and its components is 

relatively unknown. More research and follow-up of 

existing systems are required for documenting the 

reliability of sensor and processing systems for longer 

installations.  

6. The industry has a limited understanding of owner 

needs and should spend more time understanding the 

owner perspective of technology and how SHM 

systems can be successfully deployed within the 

owners’ framework. The industry should understand 

how the risk and reward system works in owners’ 

organizations.  

5 CONCLUSIONS 

SHM has the potential to be a mainstream tool for highway 

bridge applications in the future, and owners have been 

increasingly receptive to implementing these systems. Recent 

changes in construction processes and policy changes in the 

bridge industry have the potential to increase the use of SHM 

systems. Technological advances are also very supportive of 

this trend. At the same time, the SHM industry and researchers 

have a big role to play by working together with owners in 

understanding their decision-making processes, educating 

current and future workforce on the use of SHM components 

and systems, and not overpromising or underdelivering in SHM 

implementation.  
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Figure 1. Remote Monitoring System Installed 

 on a Steel Girder Bridge [14] 

 

 

Figure 2. Sample Modal Frequency Data from  

System Shown in Figure 1 [15] 

 

 

Figure 3. Sample Strain Data During Memorial Day  

Weekend from System Shown in Figure 1 [14] 
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ABSTRACT: During the past forty years, the authors and their close colleagues have been involved in testing, monitoring, and 
evaluating the load carrying capacities of bridges through testing and structural health monitoring (SHM). In this paper, the 
authors suggest that the evaluation of the load carrying capacities of bridges through SHM and testing be formally recognized by 
the Canadian Highway Bridge Design Code (CHBDC), a section of which deals with the evaluation of bridges.  According to 
this section, the truck loads permitted on a bridge depend upon the level of confidence on the condition of the bridge, which is 
currently determined mostly by visual inspection. The CHBDC uses the concept of a target reliability index for evaluating the 
load carrying capacity of existing bridges. This index, which is based on risk to human life, is related to three aspects of 
uncertainties inherent in a bridge: those related to (a) element behaviour, (b) system behavior, and (c) inspection level. After 
presenting several case histories in which the authors were personally involved, the paper proposes simple additions to the 
clauses of the CHBDC, which can be used with advantage to determine the optimum load carrying capacities of existing bridges 
where SHM information is available. The conceptual thinking of the authors evolved from data-driven inspection. This paper 
outlines the key elements of the historical development of monitoring of civil structures in Canada and its impact on the 
evaluation section of the CHBDC. 

KEY WORDS: Bridge evaluation, Civionics, Fibre reinforced polymers, Highway bridges, Load carrying capacity, Structural 
health monitoring, Target reliability index. 

1 INTRODUCTION 
According to Mufti (2001, 2003), the purpose of structural 
health monitoring (SHM), is to monitor the in-situ behaviour 
of a structure accurately and efficiently to determine its health 
or condition. Civionics, an integral part of the SHM system, 
consists of sensors, a data acquisition system, a data 
processing system, an archiving system, and a 
communications system. The SHM system includes civionics 
and structural engineering tools to acquire knowledge, either 
on demand or on a continual basis, regarding the in-service 
performance of structures. The basic components of a 
civionics system are shown in Figure 1. 

 
 

 
Figure 1. The basic components of a civionics system. 

Although conventional bridge tests can be regarded to lie 
within the general framework of SHM, there is a difference in 
terms of data interpretation between the traditional bridge 
tests and SHM. The traditional bridge testing techniques tend 
to use direct measurements at discrete time intervals to 
determine the physical condition of structures. For example, 
bridge testing could either be diagnostic or be proof loading. 
For evaluation by bridge testing, historical data is generally 
not required. SHM techniques, using continuous monitoring, 
assess changes in the condition of a structure. Hence, a history 
of data is crucial to SHM. The direct benefits from SHM 
systems are very large and include: 

• monitoring and evaluating structures in real-time 
under service conditions. 

• reducing downtime. 
• improving safety and reliability; and 
• reducing maintenance costs. 

In the past, civil engineers have gained knowledge about the 
integrity of civil structures largely by means of visual 
inspections, and rarely by testing with the help of electronic 
sensors. The structural engineering profession has relied 
heavily on evaluation parameters specified by the codes of 
practice that lead to conservative and often costly conclusions 
about the load carrying capacity of existing structures. The 
current practice has resulted in a large stock of civil structures 
whose health is uncertain because it is not easy to monitor.  

Intelligent Sensing of Innovative Structures (ISIS Canada, 
1995-2011), a part of Canadian Networks of Centres of 
Excellence (NCE), had monitored several innovative 
structures across Canada that were constructed using Glass 
and Carbon Fibre Reinforced Polymers (GFRP and CFRP) as 
reinforcement in corrosion-free bridge deck slabs, and 
prestressed concrete girders. In addition, ageing structures 
repaired using these new materials were also monitored, using 

Lifetime journey into SHM of bridges and their evaluation 
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various sensors including fibre optic sensors (FOSs), electrical 
resistance strain gauges (ESs), linear variable differential 
transducers (LVDTs), accelerometers, and data acquisition 
systems (DAQs). The collected data and its interpretation led 
to the expansion of the Canadian Highway Bridge Design 
Code (CHBDC) with a section on fibre reinforced structure 
(FRS). The authors were the chairs of the technical 
subcommittee on fibre reinforced structures, Bakht from 1992 
to 2000, and Mufti from 2000 to 2012. From experience 
gained on serving on this subcommittee, the authors realized 
that the data collected from the instrumented bridges has two 
substantial advantages: (a) Performance of innovative 
structures can be evaluated in the field and the code, or the 
design specifications, could be updated from these 
observations; and (b) the data collected from the SHM 
systems could be used to evaluate the load carrying capacity 
of ageing bridges. It was concluded that SHM should be a part 
of the code at a higher level of inspection; this topic is 
discussed later in this paper.  

2 EVALUATION OF BRIDGES BY TESTING 
In a report Bakht and Mufti (2017) summarise the major 
outcome of tests on 101 bridges. Most of these tests are 
reported in published documents, which are provided in the 
report. Details of the remaining few tests are stored in files 
that are still in the custody of the authors.  Of the 101 bridges, 
3 were tested for their ultimate load carrying capacities, 16 
were tested to investigate their behaviour, and 82 were proof 
tested to determine their optimum load carrying capacities. 
The summaries of the outcome of the proof tests are given in 
Table 1. 

Table 1. Summary of 82 proof tests (Bakht and Mufti, 2017). 

 Upgrade or 
remove 
posting 

Downgrade 
or keep 
posting 

Repair 

No. of 
bridges 

66 12 4 

    
 

As can be seen in Table 1, it was found that 66 of the 82 
proof-tested bridges, i.e. 75%, had higher load carrying 
capacities than could be predicted by analytical evaluations.  

The CHBDC has a section on the evaluation of existing 
bridges; this section defines a non-dimensional live load 
capacity factor F, which is defined later in the paper by 
Equation (1). When F is greater than 1.00, the bridge can 
carry unrestricted traffic; otherwise, the bridge should either 
be replaced or posted for limited truck loads. 

Six sawn timber stringer bridges in Nova Scotia were 
evaluated by testing in 1998 (Bakht and Mufti, 1998); these 
simply supported multi-span bridges were called the Margaree 
Harbour Bridge (Figure 2 a), the Little River Bridge (Figure 2 
b), the Grand Etang Bridge (Figure 2 c), the Sandy Gillis 
Bridge, the Captain Gillis Bridge, and the McLeod Bridge. 

The values of F for all these bridges were first calculated 
analytically. As can be seen in Table 2, the analytical values 
of F for four of these six bridges were smaller than 1.00, thus 
declaring them to be substandard. 

The testing of the sawn timber stringer bridges showed that 
the transverse load distribution analysis and load-sharing 
factors specified by the CHBDC were too conservative. By 
using the data from testing, the transverse load distribution 
analysis and the load-sharing factors were revised leading to 
significantly upgraded values of F, which are also shown in 
Table 2. As can be seen in this table, three of the four bridges, 
which were considered substandard by analytical analysis, 
were considered safe for unrestricted traffic. The values of F 
for all six tested bridges were upgraded significantly, thus 
confirming that the sawn timber stringer bridges had more live 
load carrying capacity than predicted by analytical evaluation.  

Table 2. Values of F for six sawn timber stringer bridges in 
Nova Scotia (Bakht and Mufti, 1998). 

Name of Bridge Value of F 
found by 
analytical 
evaluation 

Value of F 

found by 
testing 

Margaree Harbour 
Bridge 

0.91 1.75 

Little River  
Bridge 

1.07 1.49 

Grand Etang 
Bridge 

0.87 1.06 

Sandy Gillis 
Bridge 

0.84 1.30 

Captain Gillis 
Bridge 

1.28 1.57 

McLeod Bridge 0.73 0.87 
   

 

 
 

(a) 

 
(b) 
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(c) 

Figure 2. Sawn timber stringer bridges: (a) Margaree Harbour 
Bridge; (b) Little River Bridge; and (c) Grand Etang Bridge. 

3 MONITORING OF FLAGSHIP BRIDGES BY SHM 
Since 1992, significant efforts have been made in Canada to 
improve the design and construction of bridges by 
incorporating novel technologies including fiber reinforced 
polymers (FRPs), FOSs, and SHM. In the following, three 
projects out of several demonstration projects involving these 
technologies are described. 

3.1 Beddington Trail Bridge, Calgary, Alberta 

In 1992, the Beddington Trail Bridge in Calgary, Alberta, was 
the first bridge in Canada to be installed with FRP tendons 
and a system of structurally integrated optical sensors for 
remote monitoring [Rizkalla and Tadros, 1994]; a photograph 
of this bridge is shown in Figure 3 (a). Fiber optic Bragg 
grating (FBG) strain and temperature sensors were used to 
monitor the structural behavior of the structure during 
construction and under serviceability conditions.  A 4-channel 
Bragg grating fiber optic sensor system was used at different 
locations along the bridge girders that were pretensioned by 
CFRP tendons. Each fiber optic sensor was attached to the 
surface of the tendon after pretensioning to serve as a sensor. 
Soon after construction, the bridge was tested under a three-
axle truck. In November 2004, the bridge was tested again 
with the same vehicle. Figures 3 (b) shows the measured 
strains in one of the girders. It was found that the FBG sensors 
are durable and are providing accurate results, and that the 
CFRP is performing satisfactorily. 

 
 
 
 
 

 

 

 

 

(a) 

 
(b) 

Figure 3. Beddington Trail Bridge: (a) photograph; and (b) 
girder strains under a three-axle truck. 

3.2 Portage Creek Bridge, British Columbia 

The Portage Creek Bridge  (Figure 4 a), a relatively high-
profile bridge that has been classified a Disaster-Route Bridge 
in Victoria, BC, was designed in 1982 by the Bridge 
Engineering Branch of British Columbia Department of 
Highways [Mufti et al, 2003]. Since it was built prior to 
current seismic design codes and construction practices, it 
could not resist potential earthquake forces required by 
today’s standards. The dynamic finite element analysis of the 
bridge predicts that the two tall columns of Pier No. 1 will 
form plastic hinges during a severe earthquake. Once these 
hinges form, additional shear will be attracted by the short 
columns of Pier No. 2. Therefore, it was decided that FRP 
wraps should be used to strengthen the short columns for 
shear without increasing their moment capacity. The 
strengthened piers were instrumented with 16 foil gauges, 8 
fiber optic sensors and 2 accelerometers (Figure. 4 b); all 
these sensors are being remotely monitored regularly. 
 
 
 

 
 
 
 
 
 

(a) 
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(b) 

Figure 4. Portage Creek Bridge: (a) photograph; and 
(b) details of column strengthening and instrumentation. 
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3.3 Salmon River Bridge, Nova Scotia 

The steel-free, or externally restrained deck slab, is a 
Canadian innovation, which derives its strength from external 
steel straps instead of embedded reinforcement. The first 
steel-free deck slab in Canada was cast on the Salmon River 
Bridge, on the Trans-Canada 104 Highway near Kemptown, 
Nova Scotia [Newhook and Mufti, 2000]. As can be seen in 
Figure 5 (a), the deck slab of the Salmon River Bridge 
contains no embedded reinforcement. The load on the deck 
slab is transferred to the supporting girders in the same way 
that an arch transfers loads to its supports. The steel straps tie 
the girders together; since they are not embedded in the 
concrete they do not corrode as embedded steel bars in 
chloride-saturated concrete, and can be easily monitored and 
inexpensively replaced. The SHM of the steel-free bridge 
deck was conducted by installing sensors, identified in Figure 
5 (b). It was found that the load sharing of the girders of the 
Salmon River Bridge, shown in Figure 5 (c) is similar to those 
of bridges with conventional deck slabs. The steel straps are 
welded to the top flanges of the girders thereby resisting any 
lateral movement. The steel-free bridge deck slab of the 
Salmon River has withstood a number of Canadian winters 
and appears to be free of any corrosion. There are now 10 
such steel-free bridge deck slabs across Canada, and one in 
the USA. 
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Figure 5. Salmon River Bridge: (a) casting of steel-free deck 
slab without embedded reinforcement; (b) location of sensors 
on girders; and (b) girder strains under a test truck. 

4 CODES FOR EVALUATION OF BRIDGES 
It is usual that for the determination of the load carrying 
capacities of existing bridges – called evaluation – the same 
principles are employed that are used for designing new 
bridges. The Canadian bridges design codes, namely the 
Ontario Highway Bridge Design Code (1979) and the 
Canadian Highway Bridge Design Code (CHBDC, 2000), 
took the lead in changing this mode of evaluation. According 
to the latter code, the strength side of the evaluation inequality 
is considered through the influence of the failure of individual 
components on the failure of the entire bridge. On the load 
side of the evaluation inequality, account is taken of the load 
density of the traffic on the multiple presence of more than 
one truck on the bridge. The modification factors for multi-
presence of trucks, originally developed for bridge evaluation 
by Bakht and Jaeger (1990), are shown in Table 3 for different 
classes of highways. For new designs, the modification factors 
for Highway Class A are used. 

It is noted that for Class A Highways, the average daily 
truck traffic (ADTT) per lane is more than 1,000; for Class B 
Highways, the ADTT per lane is between 250 and 1,000; for 
Class C highways, the ADTT per lane is between 50 and 250; 
and for Class D Highways, the ADTT per lane is less than 50. 
The modification factors given in Table 3 were calculated by 
assuming that the ADTT is the same in all lanes of a given 
bridge. Similar modification factors for multi-presence of 
vehicles are also used in the AASHTO Specifications, albeit 
for only new designs. 

Table 3. Modification factors for multi-lane loading (CHBDC, 
2016). 

No. of 
loaded 
lanes 

Highway 
class A 

Highway 
class B 

Highway 
class C 

1 1.00 1.00 1.00 
2 0.90 0.90 0.85 
3 0.80 0.80 0.70 
4 0.70 0.70 - 
5 0.60 - - 

6 or more 0.55 - - 
    

 

5 TARGET RELIABILITY INDEX 
The concept of a target reliability index is used in the 
evaluation of the load carrying capacity of existing bridges. It 
was introduced in the first edition of the CHBDC (2000). 
According to the commentary to the CHBDC, the philosophy 
behind the concept of a target reliability index is “to maintain 
a consistent level of risk to human life for each component of 
the bridge.” It is argued that the failure of bridge elements that 
receive regular inspection, show ample warning of failure, and 
can redistribute load to other elements are less likely to 
produce a loss of life than the failure of an element lacking 
one or all of these traits. 

The target reliability index, β, for bridge evaluation was 
introduced by Allen (1992) and is related to uncertainties 
corresponding to four aspects of the evaluation of an existing 
bridge: (a) load distribution, or force, analysis, (b) system 
behavior, (c) element behavior, and (d) inspection level. The 
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system behaviour of bridges in ascending order of confidence 
is graded as S1, S2 and S3 structures. Structures in Category 
S1 are those, in which the failure of a single component leads 
to the collapse of the whole bridge; single load-path structures 
such as pony truss bridges fall into this category. Structures in 
Category S2 are those in which the failure of a single 
component does not lead to the collapse of the whole 
structure, such as multi-girder bridges. Structures in Category 
3 are those in which the element failure is only local. 

The element category in ascending order of confidence is 
graded as E1, E2 and E3. Category E1 elements fail without 
warning, such as columns failing in buckling. Category E2 
elements also fail suddenly but retain post-failure capacity. 
Category E3 elements fail gradually giving plenty of warning. 

The visual inspection levels in ascending order of 
confidence are INSP1, INSP2 and INSP3, with INSP1 relating 
to components that cannot be inspected, such as the internal 
webs of voided slab bridges. INSP2 relates to inspection 
which is done by an inspector but to the satisfaction of the 
engineer carrying out the evaluation, the evaluator. INSP3 
relates to the inspection of critical components carried out by 
the evaluator himself or herself. 

Table 4. Values of  for normal traffic (CHBDC, 2016). 

System 
behaviour 

Element 
behaviour 

Inspection 
level 

INSP1 

Inspection 
level 

INSP2 

Inspection 
level 

INSP3 
S1 E1 4.00 3.75 3.75 

E2 3.75 3.50 3.25 
E3 3.50 3.25 3.00 

S2 E1 3.75 3.50 3.50 
E2 3.50 3.25 3.00 
E3 3.25 3.00 2.75 

S3 E1 3.50 3.25 3.25 
E2 3.25 3.00 2.75 
E3 3.00 2.75 2.50 

     
 
The values of  relating to the three aspects of bridge 

behaviour are listed in Table 4 for normal traffic; these values 
were obtained partly by using the methodology proposed by 
Allen (1992) and partly by using engineering judgement. It 
can be seen that  is specified in intervals of 0.25. 

Mufti et al. (2018) show that in the CHBDC, the live load 
capacity factor F for a component of an existing bridge for the 
ultimate limit state is calculated according to Eq. 1, in which 
the force effects due to loads such as wind and temperature 
are not included. 
 

 (1) 

In Eq. 1, U is the resistance adjustment factor being close to 
1.00 for most components,  is the resistance factor, R is the 
nominal resistance of the component,  is the dead load 
factor related to β, D is the load effect due to dead load, is 
the live load factor related to β, L is the load effect due to live 
load, and I is the dynamic load allowance.  

6 LONG-TERM SHM OF BRIDGES IN MANITOBA 
Three highway bridges in the Canadian province of Manitoba 
have been installed with electronic sensors with the main 
purpose of determining truck weights through BWIM. Two of 
the bridge, referred to as Bridges A and B, are discussed in 
this paper. A photograph of Bridge A is shown in Figure 6 (a), 
and the instrumented sections D-D and CC of one of its 
simply supported spans are shown in Figure 6 (b). The 
locations of the instrumented sections at which electrical 
resitance strain gauges measuring longitudinal strains were 
placed at the top of the bottom flanges of the girders are 
shown in Figure 6 (c). 
 

 
(a) 

 

  
(b) 

 

 
 

(c) 

Figure 6. Bridge A: (a) photograph; (b) instrumented sections; 
and (c) cross-section. 

The sensors on Bridge A are being monitored continuously 
for more than four years. Before starting the monitoring of the 
instruments, the bridge was tested under control trucks 
travelling at different speeds in various transverse positions. 
Details of one of the control trucks, designated as Truck A, 
are shown in Figures 7; this truck has a gross vehicle weight 
(GVW) of 393 kN, and a base length of 12.37 m. 

The maximum beam moment due to Truck A at Section C-
C was calculated to be 1,940 kN.m. The strains in the bottom 
flanges of the girders due to Truck travelling at crawling 
speed in Load Case No. 2, in which the truck was 
aprroximately over the second girder from left, were 55, 55, 
35, 18, 8, 3, 0 and 0  with a toal of 174  Since the total 
girder strains are directly proportional to the beam moment, it 
is straight forward to calculate that, for example, the moment 
taken by Girder No. 1 = (55/174)×1,940 = 613 kN.m. It can 
appreciated that by using this simple calculation, the observed 
live load strains in a girder can be equated directly to the live 

    D                       C 
    D                       C        5.6 m  

18.8 m 
28.8 m 
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load moments experienced by the girder at the instrumented 
section. Since this excercize involves neither a method of 
analysis for transverse load distribution, nor the use of 
modification factors for multi-presence of vehicles, the 
calculations are free from errors involved in the alnalyses.  
 
 
 
 
 

    
    

Figure 7. Weights and spacings of Truck A. 

The 5-axle CL-625 design truck of CHBDC has a GVW of 
625 kN and a base length of 18.0 m. The maximum moment 
due to this truck at Section CC of Bridge A is about 2611 
kN.m. So it can be concluded that the maximum moment due 
to Truck A at Section CC is 1940/2611 (=0.74) times the 
maximum moments due to the CL-625 Truck. 

In order to get the most accurate estimates of the weights of 
the moving vehicles, bridge sections instrumented for BWIM 
are usually in the middle third of the bridge span, but away 
from the mid-span. As can be seen in Figure 6 (b), Section C-
C is within the middle-third of the span, but 4.4 m away from 
the mid-span. For a given moving truck, a fairly accurate 
estimate of the maximum moment at any section, Mmax.x, can 
be obtained from Eq. (2), in which the maximum moment due 
to the same truck at Section C-C is designated as Mmax.CC, and 
the distances of any section and the instrumented section from 
the left-hand support as x and c, respectively. 

 
 

                          (2) 

 
The maximum moments due to the moving Truck A at 

different reference points along the span of Bridge A are 
compared in Figure 8 (a) with moments obtained from Eq. (2), 
in which the moment at Section C-C, Mmax.CC, is used as the 
datum. The same excercise is repeated in Figure 8 (b) for the 
CL-625 Truck. It can be seen that the actual maximum 
moment is very close to the moment given by Eq. (2). So, it is 
concluded that Eq. (2) can be used to calculate the maximum 
moments at the mid-span by using the maximum moments at 
the instrumented Section CC.  

       
   

 

              
 

     

 

Figure 8. Maximum moments due to a moving truck at 
different refernce points along the instrumented simply 
supported span of Bridge A: (a) due to Truck A; and (b) due 
to CL-625 Truck. 

As noted earlier, the modification factors for multi-presence 
of vehicles were calculated by assuming that the ADTT is the 
same in all lanes; this assumtion is far from reality when the 
traffic flows on a bridge in more than one lane in the same 
direction. Bridge A carries two lanes of traffic in each 
direction. From observing the data from strain gauges on the 
girders, the number trucks travelling in each lane during a 
given period can be calculted easily. Figure 9 shows that 
during one month,  the number of trucks travelling in the left 
lane in each direction was much larger than the number of 
truck in the right lanes. For the west-bound traffic, the number 
of trucks in the left and right lanes were 12,324 and 1,462, 
respectively, indicating that about 89% of all west-bound 
trucks travelled in the left lane. Similarly, for the east-bound 
traffic, about 87% of the trucks travelled in the left lane. 
Because of the preference of trucks to travel in left lanes, it 
can be assumed that most of the heavier trucks travel in the 
left lane.  
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Figure 9. Number of trucks in different lanes of Bridge A 
during one month. Note: Lane No. 1 is the left lane for west-
bound traffic. 

 

 
(a) 

 

 
(b) 

Figure 10. Histograms of sums of maximum strains on bottom 
flnges of girders in Bridge A at Section C-C observed during 
April, 2019: (a) due to all truck events; and (b) due to single 
tuck events. 

The above observations indicate that for the kind of bridge 
under discussion, the modification factors for the multi-
presence of vehicles are overly conservative. This conclusion 
is borne out by observations of strains in the girders of Bridge 
A.  

The histograms of sums of strains on the bottom flanges of 
girders at Section C-C in Bridge A, representing to the 
maximum moments at the instrumented section due to all the 
truck events during April, 2019, are presented in Figure 10(a); 
it can be seen in this figure that the mean and standard 
deviation (SD) of the sum of strains are 130 and 33 , 

respectively, and the coefficient of variation (COV) is 0.25. 
For the same observation period, the mean and SD of the sum 
of strains due to single truck events are 126 and 30 , 
respectively,and the coefficient of variation (COV) is 0.24. 
The observation confirms that the load effects induced by 
multiple truck events are not significantly larger than those 
due to single truck events.  

The observed maximum strains at the bottom flanges of 
Girders 1 and 2 of Bridge A due to single and multiple truck 
events observed during different priods are listed in Table 5. It 
can be seen in this table that for all the observation periods, 
the maximum girder strains due to multiple truck events are 
only marginally larger than those due to single truck events, 
thus confirming that the modification factors for multi-
presence of vehicle specified by the CHBDC are too 
conservative for Bridge A. 

Table 5. Maximum observed strains (in micro-strains) in 
Girders 7 and 8 of Bridge A 

Observation 
period 

Girder 7, 
single 
truck 

events 

Girder 7, 
multiple 

truck 
events 

Girder 7, 
single 
truck 

events 

Girder 8, 
multiple 

truck 
events 

July, 2017 75 95 85 95 
January, 

2018 
75 80 75 85 

May-Aug., 
2014 

90 90 95 95 

May 2015-
May 2016 

80 90 90 95 

June 2017-
May 2018 

90 100 95 100 

 
From the data presented in Table 5, it can be seen that 

during the observation period of four years, the bottom 
flanges both Girders 7 and 8 at section C-C experienced the 
maximum tensile strain of 100 , which corrsponds to a 
moment of (100/174)×1,940=1,115kN.m. Using Eq. (2), the 
corresponding moment at the mid-span is found to be 
1,257 kN.m. 

7 LIVE LOAD FACTORS BY THEORETICAL 
CALCULATIONS 
For calculating the live load capacity factor F for Girder 7 of 
Bridge A by Eq. (1), the following parameters were obtained 
according to CHBDC (2014). U = 0.96; s =  0.95; R = 
10.470 kN.m. For S2, E3 and INSP3, the CHBDC gives β = 
2.75; αL = 1.42; αD = 1.12; I = 0.33. These values lead to the 
following calculation for F. 

 
F = (0.96×10,470-1.12×4,381)/(1.42×1,756×1.33)=1.55 

 

8 LIVE LOAD FACTORS BY BRIDGE TESTING 
For bridge testing, a control truck is used whose GVW and 
axle weights are known. Also, the bridge is instrumented for 
the period of test to measure its responses, such as deflections, 
strains, vibration frequencies, temperature, and humidity. 
There are three types of tests: ultimate, behavioural, and proof 
tests. From these tests, the measured responses of the bridge 
are recorded. The results are used to evaluate the condition of 

Mean = 130  

SD = 33  

 

Mean = 126  

SD = 30  
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bridge through the clauses of the Evaluation section of the 
CHBDC. The outcome could be to upgrade or remove 
posting, to downgrade or keep the posting, repair, or to close 
the bridge. For Bridge A, the total moment at Section CC due 
to Truck A was calculated to be 1,940 kN.m. The maximum 
observed strain in Girder 1 under Truck A at Section CC was 
found to be 100  [Bakht and Mufti, 2019]. The sum of 
bottom flange strains due to Truck A was found to be 174 , 
so that the corresponding moment in Girder 1= 
100×1,940/174= 1,115 kN.m. Using Eq. 2, the moment at 
midspan= 1257 kN.m. The OHBDC (1979) design load was 
based on maximum legal loads, and the corresponding live 
load factor αL was 1.70. The design load for CHBDC (2014) is 
based on maximum observed loads and its corresponding live 
load factor is 1.40. Until a proper calibration exercise is 
coducted, it is proposed that for Truck A, which carries a legal 
load, the live load factor corresponding to S2, E3 and INSP3 
Categories be revised to 1.42x(1.70/1.40)=1.72, so that F is 
calculated as follows. 
 
F = (0.96×10,470-1.12)/(1.72×1,257×1.33)= 1.80. 
 

It can be seen that the value of F calculated from the test is 
about 16% larger than that obtained from analytical 
evaluation. 

9 ESTABLISHING DESIGN TRUCK FOR MANITOBA 
BY BWIM 
Most of the provinces in Canada including Manitoba use 
design truck CL-625 to evaluate their bridges. In Manitoba, 
the AASHTO truck HSS 30 is also used to design and 
evaluate bridges. To study the assumption of using CL-625 or 
HSS 30, three highway bridges in Manitoba, have been 
instrumented for studying their long-term behaviour as well as 
for bridge BWIM, which was developed at the University of 
Manitoba (Bakht et al., 2013). All three bridges comprise steel 
girders and composite concrete deck slabs and include both 
simply supported and continuous spans. Simply supported 
spans of two of these bridges, being the Bridge A and the 
Bridge B, were instrumented for BWIM for obtaining the 
GVWs of trucks moving at fairly high speeds. Histograms of 
GVWs collected from these two bridges are being prepared on 
a monthly basis and presented to bridge owners for the past 
four or so years.  

An example of the GVW histogram for Bridge A, collected 
in June 2016, is presented in Figure 12, in which the 
coefficient of variation (COV) is shown to be 0.29. The 
statistics of GVW for Bridge B collected over 13 months is 
presented, with the monthly values of mean and standard 
deviation (SD) in Figures 12 (a) and (b), respectively. As 
shown in these figures, the average values of mean and SD for 
the 13 months are 383 and 110 kN, respectively, giving COV 
= 0.30. It is striking that the mean, SD and COV values for 
one bridge obtained over one month are very close to those for 
another bridge in the same region obtained over 13 months. 
This observation not only confirms the validity of the data, but 
also shows that the vehicle weight data obtained over one 
month on one bridge in a region is representative of data 
obtained over more than a year for all bridges in the same 
region. 

 

 

Figure 11. Histogram of GNWs computed from data collected 
on Bridge A in June 2016.  
 
 

 
 

 

 

 
(a) 

 
 
 

(a) 
 

 

 

 
 
 
 
 
 
 

(b) 

Figure 12. Statistics of GVW observed over 13 months on 
Winnipeg Bridge B: (a) mean; and (b) SD.  

Histograms such as that presented in Figure 12 give an 
indication of the possible exceedance of weight regulation 
limits for very heavy trucks, some of which might be very 
long and possibly travelling under special permits. However, 
they do not provide information about shorter trucks 
exceeding the weight regulations of Manitoba; this 
information could be provided only if the BWIM data 
includes axle weights and their spacings. A simply supported 
span of the third bridge, the PTH-23 Bridge in Morris, 
Manitoba, was instrumented with additional strain gauges at 

Mean = 383 kN 

SD = 110 kN 
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the two support diaphragms to obtain information about axle 
weights and spacings; strains from these diaphragms were 
used to calculate the speeds of the vehicles quite accurately, 
which in turn were used to calculate the weights of individual 
axles and groups of closely spaced two- and three-axle groups 
and their spacings (Algohi et al., 2017). The bridge was 
monitored under a test truck travelling in different transverse 
positions and at different speeds. Figure 13 shows the cross-
section of the bridge and the positions of the test truck 
travelling in the middle of the marked lanes on the two-lane 
bridge. The figure also labels lanes and girders. 

 

 
Figure 13. Cross-section of the PTH-23 Bridge showing two 
transverse positions of the test truck 

The CHBDC (2014), specifies a flexible design truck CL-
W, in which the total weight W of the truck in kN is decided 
by the authority having jurisdiction over the bridge, it being 
noted that the vehicle load regulations in Canada are different 
in various provinces and territories. Details of the CL-W truck 
are shown in Figure 14 (a). 

  
Figure 14. (a) axle loads of the CL-W Truck; (b) axle loads of 
CL-555 Truck 

As noted in S6.1-14 (CSA 2014), the commentary to the 
CHBDC, the design live loads of the CHBDC have a direct 
correspondence with the legal loads on the highways. The task 
of determining the appropriate level of W for the CL-W Truck 
in a particular jurisdiction can be made simple by using the 
Bm-W space, as explained in the following. A number of N 
discrete loads, P1, P2 … PN, with a total weight of W can be 
reduced to uniformly distributed load with a base length of Bm 
by Eq (3), in which the distance of load Pi, designated as xi, is 
measured from the load that is nearest to the centre of gravity 
of all the loads. In a beam of any length, the moment envelop 
due to the uniformly load thus obtained is very nearly the 
same as that induced by the discrete loads. The Bm-W space is 
very useful in comparing loads of different trucks. 
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Five trucks of different configurations are selected so that 
they carry the maximum loads with the smallest axle spacings 
permitted in the Canadian province of Manitoba; the axle 
weights and spacings of these trucks are shown in Figure 15, 
it being noted that in these vehicles, the unusually high weight 
of 9 t is selected for the steering axle to represent the 
maximum load permissible in Manitoba on a single axle, and 
not to suggest that steering axles are so heavy. 

The values of W and Bm for the five trucks, shown in Figure 
15 (a), and their sub-configurations were calculated by using a 
computer program TRUCK (Mufti et al. 2016); these values 
are plotted in Figure 15 (b), which also shows the 
corresponding upper-bound curve, designated as the 
maximum legal load (MLL) line for Manitoba. 
 

 
(a) 

 
(b) 

Figure 15. (a): Five trucks carrying maximum loads 
permissible in Manitoba (b): MLL line for Manitoba 
compared with the line representing the CL-625 and CL-550 
Trucks 

Figure 15 (b) also shows W-Bm points for the CL-625 Truck, 
the upper-bound curve for which lies above the MLL line in 
Manitoba. Through an iterative process, it was found that a 
CL-550 Truck best represents the MLL line in Manitoba. As 
can be seen in Figure 16 (b), the W-Bm points for CL-550 
Truck closely hug the MLL line. It is thus concluded that the 
value of W for Manitoba should be 550 kN. The resulting 
design truck for Manitoba (Algohi et al, 2018), in which the 
axle weights are rounded to the nearest 5 kN, is CL-555. 

 

 

 
(a) 
 
 
 
 
(b) 
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10 A CASE FOR INSP4 
In light of the SHM data presented above, it is proposed that 
an additional level of inspection, INSP4, be added to the 
evaluation section of the CHBDC, with the corresponding 
values of the target reliability index  being as shown in Table 
6. It is noted that these values arrived at by using engineering 
judgement should further be verified by rigorous calibration. 
Dead load factors D are not affected by the proposed addition 
because the CHBDC already provides these factors for all the 
proposed values of . However, the CHBDC does not provide 
values of live load factor L for  = 2.50. Until a rigorous 
calibration exercise is carried out, it is proposed that for  = 
2.50, L for short span bridges be 1.80 and that for bridges 
with longer spans be 1.35; these values were obtained by 
Mufti et al. (2018)  by using graphical extrapolation of the 
values L provided by the CHBDC. 

Table 6. Values of  corresponding to inspection level INSP4 
for normal traffic. 

System 
behaviour 

Element 
behaviour 

Inspection 
level 

INSP4 
S1 E1 3.50 

E2 3.00 
E3 2.75 

S2 E1 3.25 
E2 2.75 
E3 2.50 

S3 E1 3.00 
E2 2.50 
E3 2.25 

   

11 CONCLUSIONS 
The CHBDC uses the concept of target reliability index for 
evaluating the load carrying capacities of existing bridges. 
The reliability of the level of inspection affects the target 
reliability index. It is implied by evaluation through the 
CHBDC, that the inspection is always conducted manually. 
Testing with control trucks and instrumented bridges is 
permitted by the code. But inspection through SHM is not 
addressed explicitly by the code. The experience of the 
authors and their colleagues over the past four decades has 
shown that the actual load carrying capacity of bridges is 
always higher than that obtained by analytical evaluations. 
Their experience clearly suggests that inspection through 
SHM be added to the CHBDC clauses, in which a bridge is 
instrumented with electronic sensors and the real-time 
monitoring data is available through the instrumentation. A 
case study of a steel girder bridge was discussed in this work. 
Based on the calculation, using inspection level INSP3 load 
factors and methodology, the bridge is conservatively 
evaluated. However, using the monitored data from 
instrumentation and the live load factor based on proposed 
inspection level INSP4 values, the load carrying capacity 
factor F indicates much higher capacity. It is expected that the 
addition of this level of inspection will lead to an optimum 
utilization of the load carrying capacities of existing 
bridges.The statistics of GVWs obtained from data on one 

bridge in Manitoba collected over one month were found to be 
identical to those obtained from data collected on another 
bridge, also in Manitoba collected over thirteen months. By 
representing the maximum truck loads permitted in Manitoba 
on the W-Bm space, it has been shown that the CHBDC design 
live truck CL-W in Manitoba should be CL-555. It has also 
been shown that irrespective of their lengths, some trucks 
exceed the vehicle weight regulations of Manitoba by about 
10 t. The same observation was made in another Canadian 
province, Ontario, some four decades ago. The modification 
factor for two-lane loadings specified by the CHBDC is 
conservative and can be dropped by further investigations, 
using the simple but reliable technique presented in the paper. 
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ABSTRACT: We all agree on that Structural Health Monitoring (SHM) is, in theory, a helpful tool for making proper decision in 

infrastructure management. But how, in practice, should we actually decide based on SHM? In this keynote we outline the logical 

process of rational decision based on monitoring information. This is properly a two-step process, which includes (1) judging of 

the state of the structure based on the monitoring observations (the data recorded by the sensors), and (2) choosing the optimal 

action based on the uncertain knowledge of the state. Rational judgment under uncertain information is encoded in Bayes’ theorem. 

Rational decision under uncertain state is described by von Neumann-Morgenstern’s Expected Utility Theory (EUT). We first 

formalize the solution of a single-stage decision process, in which the decision maker has to take only one action. Then, we 

formalize the solution of multi-stage decision processes, in which multiple actions may be taken over time. Finally, using an 

example based on a case study, we describe the variables involved in the analysis of SHM decision problems, discuss the possible 

results and address the issues that may arise in the application of EUT in real-life settings. 

KEY WORDS: Decision Support System, Bayesian Inference, Expected Utility Theory, Decision-making, Bridge Management. 

1 INTRODUCTION 

We all agree on that Structural Health Monitoring (SHM) is, in 

theory, a helpful tool for making proper decision in 

infrastructure management. But how, in practice, should we 

actually decide based on SHM? A consistent part of the SHM-

community still tends to regards decision-making as something 

that springs out automatically from the process of monitoring. 

Keywords like smart structure, intelligent monitoring, and 

decision support systems, indirectly support the idea that 

decision-making is a mere output of SHM.  

In this naïf view, SHM-based decision is a process that 

follows a route similar to this: (1) sensors and data acquisition 

devices are installed on a structure, say a bridge; (2) the data 

recorded by the monitoring system are analyzed; (3) some 

‘smart’ algorithm recognizes possible damage, identifies its 

location, and provides information on structural safety and 

performance; (4) the manager responsible for the bridge takes 

action consequently: they closes the bridge if the bridge is 

deemed unsafe, they undertakes repair if a damage is noticed. 

Just simple and straightforward. 

Unfortunately this optimistic conceptualization of SHM is in 

marked contrast with what appears to happen in real life: 

owners are typically very skeptical of the capacity of 

monitoring to support decisions and managers usually act based 

on their experience or on common sense, often disregarding the 

actions implicitly suggested by SHM [1, 2]. We believe this is 

mainly due to two reasons: (i) the output of a monitoring system 

is always affected by uncertainty, which is not always 

quantified; (ii) at present, it is not fully clear how in practice a 

responsible manager is supposed to make decisions based on 

SHM data. 

To correctly tackle the problem, we must first recognize that 

SHM and decision making, although connected, are two 

separate processes, which should not be confused. Monitoring 

is about acquiring information, rather than making decisions. 

The aim of monitoring is to understand the state of the structure 

based on the interpretation of the data recorded by sensors. A 

good SHM system correctly identifies the condition state of the 

structure. On the contrary, decision-making is about choosing 

the optimal action to undertake. It entails the evaluation of the 

actual consequences of each action, consequences that depend 

on financial costs, social impact, and management policies, 

which are concepts going beyond the mere structural 

engineering problem. 

The bases of notional decision-making have been introduced 

for a long time: axiomatic expected utility theory (EUT) was 

first introduced by von Neumann and Morgenstern in 1944 [3], 

and later developed in the form that we currently know by 

Raiffa and Schlaifer in 1961 [4]. According to EUT, each 

action is ranked based on its expected utility, which depends on 

the possible consequences of the action and their probabilities 

of occurrence [5]. The rational decision-maker regards as 

optimal, and chooses the action with the highest expected 

utility. In principle, EUT allows evaluation of any action, 

provided that the consequences and the probabilities involved 

can be quantified. This allows the modeling of a decision 

process even a priori, i.e., before the information on the current 

state of the structure is available. 

Traditionally, optimal decision-making has been developed 

to guide decisions in the field of medicine and finance, in which 

the probabilities of different scenarios and consequences can be 

easily identified. Nonetheless, there is also a strong tradition in 

civil engineering [6, 7, 8]. A recent overview is offered by 

Faber and Maes [9], where the authors point out a number of 

open issues arising when optimal decision-making has to be 

implemented in real-life settings. One issue is the correct 

modelling of the problem uncertainties. These are traditionally 

distinguished between aleatory, when inherent to the nature of 

Deciding based on SHM 
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the phenomenon (e.g., a sensor noise), and epistemic, when 

related to our inability to investigate the problem completely 

(e.g., the incompleteness of a simplified structural model) [10]. 

Another problem stems from the observation that the concept 

of utility is inherently subjective: thus, an objective approach 

to decision-making requires the identification of a ‘stakeholder’ 

(i.e. the beneficiary of the decision) and their decision 

principle. For civil engineering applications, Faber and Maes 

[9] identify the stakeholder as society and propose models to 

reproduce its needs. In sustainable decision-making, the 

consequences for society, environment and economy are 

simultaneously accounted for through life or environmental 

quality indices [9]. Intergenerational effects of the 

consequences, or follow-up effects [11], can be also 

considered. Moreover, Maes and Faber [12] proposed a model 

for finding an optimal decision that applies when decisions are 

taken by groups, rather than individuals, as in the case of 

important structures and infrastructure. 

Despite this lively interest in decision theory in civil 

engineering, the general impression is that the basic principles 

of EUT are still often disregarded by the SHM community, 

even in works that nominally focus on SHM-based decisions. 

Notable exceptions are the works by Flynn and Todd [13, 14] 

and Flynn et al. [15]: in these publications, the Bayes risk, a 

metric strictly related to the EUT principles, is used to derive a 

global criterion for optimal sensor placement and the concept 

is demonstrated with laboratory experiments. 

Even more curiously, the recent focus of the SHM 

community on EUT does not address the use of monitoring 

data, but rather the problems of monitoring system design [16] 

and of whether or not to install a monitoring system. Since 

2010, a number of papers have investigated the nature of the 

benefit of SHM, [1, 17, 18, 19, 20, 21], recognizing that SHM 

finds its practical justification in its capacity of influencing the 

actions of a decision maker. In these works, the benefit of 

monitoring is formally quantified through the concept of value 

of information (VoI), which has its background in the seminal 

work by Lindley [22], later formalized by Raiffa and Schlaifer 

[4] and finally by DeGroot [23]. The VoI of SHM is defined as 

the difference between the expected utility when the owner is 

not informed by the SHM and the expected utility upon receipt 

of the monitoring information. It represents the money saved 

by consulting SHM and can likewise be regarded as the 

maximum cost the owner is willing to pay for information. The 

VoI is useful to rank different SHM strategies, to compare the 

benefit of a given SHM system with its cost, or to compare 

different SHM solutions with alternatives such as repairing and 

rehabilitation [18]. 

In this paper, we illustrate a formal approach to rational 

decisions based on monitoring information to fill this apparent 

gap between SHM and decision-making. In the next section, we 

formally state the problem of logical inference in SHM and we 

introduce the basic principles of EUT, including the elementary 

instruments used solve the decision problem. In Section 3, we 

introduce a real-life case study, the Colle Isarco Viaduct, one 

of the longest bridges in the European Alpine region, currently 

instrumented with a monitoring system including various 

sensor networks. In Section 4, we formalize single-stage 

decision problems, and we illustrate their solution with the aid 

of the case study. In Section 5, we extend these findings to 

multi-stage decision problems, again with the aid of a real-life 

case study. Concluding remarks are presented at the end of the 

paper. 

2 DECISION-MAKING BASED ON SHM DATA 

We should not regard SHM as the mere use of a monitoring 

system. SHM is much more than simply running a monitoring 

system and acquiring data through the sensors and all the 

physical devices that can be installed on the structure, and 

includes indeed the analysis performed to assist the agent in 

charge to manage the monitored structure [24]. In fact, Lynch 

[25] claim that Structural Health Monitoring is different from 

Structural Monitoring because of the assessment of the health 

of a structure. Moreover, Sigurdardottir [26] formulated a 

general definition of SHM: “SHM is the process of periodically 

or continuously measuring structural parameters over time and 

the analysis of these measurements with the ultimate aim of 

providing actionable information of structural health and 

performance for engineers, managers and decision-makers”. 

We have already observed that SHM aims to infer the state 

of the structure based on sensor observations, whereas 

decision-making aims at making the optimal choice based on 

the probability of each structural state. Stated in very simple 

terms, the SHM-based decision problem can be summarized as 

follows: 

 

given a set of observations from the monitoring system, what is 

the optimal action to undertake? 

 

We can approach both processes in a rational way: the first 

through Bayesian inference, the second through the expected 

utility theory (EUT). Figure 1 illustrates the unified process, 

consistent with the EUT principles, whereby monitoring 

information is directly used to select the optimal action to 

undertake. 

 

 

Figure 1. Formal process of SHM-based decision-making. 

 

Before attacking this problem, in this section we introduce the 

basics that are necessary to formalize the solution, including 

Bayesian inference theory, as applied to SHM, and von 

Neumann and Morgenstern’s decision theory. 

 Glossary 

In this section, we formally define the concepts of sensor, 

observation, state, model, action, and outcome, which we will 

use in the rest of the paper. 

Sensor. In this paper, we refer to a sensor in logical terms as 

suggested by Hall and McMullen [27]: ‘any device which 

functions as a source of information’. We assume that sensors 

are the source of each observation. 

Observation. We assume that each piece of information 

provided directly by sensors is an observation. When we 

describe a process of data analysis that occurs at time t, we 
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assume that all the observations collected at that moment and 

before are available and contained in a vector y(t). The space 

of the observations is indicated by Ωy. 

 

State. The state S is a parameter that represents the condition 

of the structure. Depending on the case, it can be specified by: 

a discrete variable S defined in the domain ΩS = 

{S1,…,Si,…,SM} (e.g., the structure can be S1 = ‘severely 

damaged, S2 = ‘moderately damaged’ or S3 = ‘not damaged’); 

by a vector of continuous parameters θ  defined in the domain 

Ωθ (e.g., a damage index, crack size); or by a combination of 

the two. 

Model. This is the way we assume that the observations y are 

correlated to the state S. In structural engineering problems, the 

model typically has a physical background (e.g., a finite 

element model or an analytical model). Sometimes the model 

can be heuristic. In mathematical terms, it is a function f(…) 

that provides a distribution of the observations y = f(S,λ), given 

the state S, other parameters λ (e.g., geometrical properties, 

parameters we estimated beforehand, constants), and the 

uncertainty that may affect the observations and the model 

itself. Depending on the problem, the uncertainty is a parameter 

included in either S or λ. 

Action. An action a indicates any of the possible options the 

decision maker can choose at a decision point, formally called 

the decision node. The set of possible actions is indicated by 

Ωa, and may be in general either discrete (e.g., a1 = ‘do 

nothing’, a2 = ‘repair’, a3 = ‘retrofit’, a4 = ‘replace’) or 

continuous, the former being of interest in SHM-based decision 

making. Decision-making can be performed in several stages. 

The first stage happens after SHM has identified damage to the 

structure for the first time. Based on the action resulting from 

the decision, the state of the structure may be changed, and 

further decisions that have to be made based on future SHM 

results might include new actions that were not available in the 

first stage. Hence, the set of possible actions Ωa can be divided 

into subsets Ωa
(i), where i = 1, 2, 3, … denotes the stage in the 

whole decision-making process. The actions corresponding to 

the i-th stage are denoted by a(i). 

Outcome. An outcome z (also known as consequence or 

reward) is the quantification of the consequences of an action. 

The nature of outcomes can be various and, in the case of a civil 

structure, may include financial losses or rewards to the owner, 

and impacts on society or on the environment due to structural 

failure. An action a leads to a given outcome based on the state 

S of the structure, therefore z = z(a,S), i.e., the outcome z can 

be seen as a function of the chosen action a and the state S. The 

set of all outcomes is denoted by Ωz and the subset of outcomes 

resulting from the i-th decision stage is denoted by Ωz
(i). 

 Judgment 

From a logical standpoint, SHM can be considered as an 

inference problem where we have to gain information on the 

state S of a structure, based on observations y provided by the 

sensors installed on the structure [28, 29, 30]. In order to 

accomplish this goal, we typically state, or understand, the 

relationship between observations and state, usually described 

by a mechanical or heuristic model. When the relationship 

between the state S and the observations y is set 

deterministically, we use propositional logic to determine the 

state (or to conclude that the state is indeterminate) [31].  

Usually, the relationship between the observations and the 

state includes uncertainties, which stem from the inherent 

uncertain nature of measurement (metrological uncertainty), 

from the approximations of the data analysis, or from the 

incompleteness of the model (model uncertainty). In this case, 

the description of the state is provided by the statistical 

distribution of the state variable S, rather than a determinate 

value, and inference is made using the well-known Bayes’ 

theorem [32, 33], rather than propositional logic. 

Bayesian inference allows to consider different sources of 

uncertain information on the structural state, such as sensors 

measurements, design plans, inspectors’ reports, as well as the 

experience of the engineer in charge, to identify the more likely 

structural state. The use of Bayesian Inference in SHM has been 

increasing during the last decade, see for instance Vanik et al. 

[34], Beck and Au [35], Enright and Frangopol [36], Sohn and 

Law [37]. 

When a vector of continuous parameters θ defines the state, 

Bayes’ rule reads:  

p(θ|y) = 
p(y|θ)p(θ)

p(y)
. (1) 

where p(θ|y) is the posterior distribution of the state parameters 

(i.e., after the acquisition of the SHM observations y), p(θ) is 

the prior distribution (i.e., before the acquisition of y); p(y|θ) 

is the likelihood function, which encodes the probabilistic 

relationship between observations and state; and p(y) is a 

normalization constant, called evidence, calculated as: 

p(y) = ∫ p(y|θ) ⋅ p(θ) ⋅dθ
Ωθ

. (2) 

The prior distribution reflects the initial knowledge of the 

individual in charge of the data interpretation, and is usually set 

based on the literature, design codes, or subjective belief and 

experience [22]. The observations y and the model enter the 

Bayesian approach through the likelihood function p(y|θ), 

which gives the probability of observing y, given a value of the 

state parameters θ. The posterior distribution p(θ|y) represents 

our best estimate of θ and combines the prior knowledge with 

the information from the sensor data y. 

When the state variable can assume only discrete values, i.e. 

ΩS = {S1,…,Si,…,SM}, Bayes’ theorem allows calculation of the 

posterior probability P(Si|y) of state Si, from its prior probability 

P(Si) through: 

P(Si|y) = 
p(y|Si)P(Si)

p(y)
. (3) 

where p(y|Si) is the likelihood, and the evidence is now 

expressed as: 

p(y) = ∑ p(y|Si)P(Si)

M

i = 1

. (4) 

When each discrete state is further characterized by a set of 

parameters, the likelihood assumes the following form: 

p(y|Si) = ∫ p(y|Si,θ) ⋅ p(θ|Si) ⋅dθ
Ωθ

. (5) 
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 Decision 

When a decision maker faces a decision problem, he/she is 

supposed to choose an action a(1) defined in the space Ωa
(1), 

which may be either continuous or discrete. Here, the 

superscript ‘(1)’ is to indicate the objects involved in the first 

stage of the decision-making process, as opposed to later stages 

that we introduce below. The chosen action a(1) may affect the 

future state of the system S, and lead to an outcome z(1) defined 

in the space Ωz
(1), which again may be either continuous or 

discrete. The probability of S after the decision a(1) is P(S|a(1)). 

This decision process can be graphically represented with a 

decision tree. As an example, Figure 2 depicts the decision tree 

of a single-stage decision process, in which the actions and the 

states are discrete variables. Squares represent decision nodes 

and circles represent chance nodes. In the process described by 

this figure, the decision maker chooses the action a2
(1) from a 

set of J(1) alternatives Ωa
(1)={a1

(1),…, aJ(1)
(1)}. Then, the state S 

may become a different state Si, leading to the outcome zi
(1) and 

the consequent utility U(zi
(1)). The impact of an outcome z(1) is 

measured and ranked after transformation through a function 

U(z(1)) known as the utility function. 

 

 
Figure 2. Decision tree of a single-stage decision process, in 

which the actions ai
(1) and the states Si are discrete variables. 

Squares represent decision nodes, circles chance nodes. 

 

If the decision maker has to face two consecutive decision 

problems, the process becomes multi-stage. In this case, the 

second action is defined by a(2) in the domain Ωa
(2), and it may 

lead to another different state S and the corresponding outcome 

z(2), with a probability P(S|a(2),a(1)). As a second example, 

Figure 3 depicts the decision tree of a two-stage decision 

process, in which the actions and the states are discrete 

variables. In the process described by Figure 3, the decision 

maker chooses first in stage 1 the action a2
(1) from a set of J(1) 

alternatives Ωa
(1)={a1

(1),…, aJ(1)
(1)}. Then, in stage 2 the state S 

becomes S2, and the decision maker is required to take a second 

choice a(2). The decision a2
(2) is made and, finally, the state S 

may turn to a different state Si, leading to the outcome zi
(2) and 

the consequent utility U(zi
(2)). 

 

 
Figure 3. Decision tree of a two-stage decision process in which 

the actions ai
(1), ai

(2) and states Si are discrete variables. Squares 

represent decision nodes; circles represent chance nodes. 
 

Decision trees allow, for any action, the identification of the 

possible outcomes and their probability of occurring. In order 

to make decisions, we need a principle that enables us to 

identify the optimal actions, based on the probabilities 

calculated by the process of Bayesian inference. The 

framework of EUT by von Neumann and Morgenstern [3] 

provides the basis of rational decision-making [12]. 

Generally speaking, the utility function u(z) represents how 

the decision maker ‘quantitatively perceives’ the outcome z [5]. 

The reader can find further considerations on the definition of 

the utility function in the literature [23, 38, 39, 40]. The 

simplest way to state the utility is through a linear model: for 

example, if z is a financial loss and the decision maker is ideally 

rational and risk-neutral, U(z) can be defined as 

U(z)= – z. (6) 

In practice, the utility function in (6) represents the real utility 

perceived when the amount of money z involved is ‘small’ and 

there are no follow-up consequences. However, (6) might not 

be appropriate if z is very ‘large’ and the decision maker is 

highly risk-seeking or risk-averse. Moreover, as pointed out by 

Bernoulli [41], the utility given by the outcome z should be 

proportional to the wealth of the stakeholders that may be 

affected by the outcome. 

According to the von Neumann-Morgenstern utility theory, 

we can calculate the expected utility of an action a, denoted by 

u, based on the utility U(z) of each possible outcome z, and the 

probability p(S|a) of each possible state S, as 

u(a,y)= ES|a[U(z|S,a)] , (7) 

where ES|a is the expected value operator, and the argument of 

U(…) emphasizes that the outcome z actually may depend on 

the action a and on the state S following a. The operator ES|a 

calculates the expected value (the mean) of its argument using 

the probability of S occurring after the action a. So, in 

mathematical terms, the expected utility is 

u(a,y)= ∫ U(z|S,a)⋅ p(S|a,y) ⋅dS
ΩS

, (8) 

when S is defined in a continuous space ΩS, or 

u(a,y)= ∑ u(z|Si,a)⋅ P(Si|a,y)

M

i=1

, (9) 
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when S is defined in a discrete space of dimension M. 

Although von Neumann-Morgenstern’s EUT is today almost 

universally accepted and adopted in decision making, it has 

been noted that in general there is no guarantee that the optimal 

decision resulting from EUT is the decision that would be taken 

by decision makers without the aid of that framework. Heuristic 

decisions are indeed affected by cognitive biases. Baron and 

Ritov [42], and Samuelson and Zeckhauser [43], found that 

there are heuristics that may lead the decision maker either 

away from the ‘rational’ choice in favor of doing nothing or to 

maintain a previous choice, and also heuristics that lead the 

decision maker to act when the status quo should be preferred 

instead. Kahneman and Tversky [44] present the issues that 

arise when EUT is employed to describe the behavior of a real 

person under risk. In their alternative framework, called 

prospect theory, they propose a process of decision evaluation 

where the structure of the rational tree is modified, and the 

probabilities involved are weighted in order to model the 

effects of the cognitive biases. 

Hereinafter, we assume true the EUT axioms, and we further 

assume that the utility function U(z) is linear, as given by (6). 

In order to demonstrate the implementation and ease the 

understanding of EUT as it was proposed by von Neumann and 

Morgenstern, we present the solution of single- and multi-stage 

decision problems through two applications in the next two 

sections. Each solution provides one optimal decision for each 

stage, with the assumption that the utility function is linear and 

the decision maker is ‘rational’, i.e. having an objective 

perception of the probabilities and outcomes involved. Taking 

into account the decision maker’s risk aversion by adjusting the 

utility function U(z) would have complicated the analysis of the 

decision problems and would have provided a subjective 

solution, which is beyond the scope of this contribution. 

3 CASE STUDY 

In this section, we introduce the Colle Isarco Viaduct, one of 

the longest bridges in the European Alpine region, the multi-

technology structural health monitoring system installed on it, 

and the daily data-analysis to estimate the damage indicator. 

 Colle Isarco viaduct 

The Colle Isarco Viaduct is one of the most critical 

infrastructural links in Italy, of strategic importance on the 

European route E45, connecting Northern Europe to Italy. It 

was erected in 1968 and opened to traffic in 1971. Figure 4 

shows the main span of the viaduct. A detailed description of 

the viaduct, of the construction process and of the problems 

occurred during the last decades can be found in [45, 46]. The 

bridge consists of two structurally independent decks, which 

support the two 10.30 m wide highway carriageways. It has a 

total length of 1028 m and covers 13 spans; the main span is 

163 m long, spanned with two symmetric balanced segmental 

reinforced concrete cantilevers, which support a 45 m long 

suspended span. Each cantilever arm juts 59 m out of the piers 

and is counterbalanced by a back arm 91 m long. Overall, a 

cantilever contains 33 box-girder cast-in-place segments of 

depths varying from 10.80 m, at the pier, to 2.55 m, at the edge. 

A concrete of nominal class corresponding to the Eurocode 

C35/45 was used for all cast-in-place elements. The prestress 

was applied by 266 32 mm diameter Dywidag ST 85/105 

threaded bars, with 1030 MPa nominal tensile strength and an 

initial jacking tension of 720 MPa. This construction technique, 

innovative at the time, allowed the realization of the long main 

span, which has been affected by slow viscous deformation due 

to the creep effect of the concrete. It experienced a progressive 

abnormal deflection exceeding 200 mm in 1984, and this 

unexpected behavior prompted the owner, Autostrada del 

Brennero SpA, to undertake a drastic retrofit in 1988, and then 

in 2014, by equipping the cantilevers that cover the larger spans 

with stiffening diaphragms and a supplementary set of 212 pre-

compression cables outside the section, with a diameter of 0.6” 

and a jacking load of 213 kN. Moreover, the pavement was 

removed and replaced with a thinner layer of lightweight 

asphalt and the thickness of the box-girder top slab was 

increased from 260 mm to 285 mm. 

 

 
 

Figure 4. Main span of Colle Isarco Viaduct. 

 Structural health monitoring system 

In 2014, it was decided to install a structural health monitoring 

system on the viaduct to investigate the causes of possible 

anomalous behavior. The system was co-designed by 

Autostrada del Brennero and the University of Trento and 

consists of a combination of multiple innovative sensor 

networks as described in detail in [47, 48, 24]. The first part of 

the monitoring system was installed and activated in 2014, 

before the retrofit intervention, and consists of two topographic 

total stations Leica Nova TM50, which collimate 72 optical 

prisms GPR112. It was designed to monitor the deflection of 

the bridge decks during the structural intervention in 2014 and 

afterwards. The location of the two stations was chosen to 

ensure stability, low measurement noise, and an uncertainty of 

the displacement measurements of less than 5 mm. There are 

12 prisms located on the rocks in the surrounding area as 

benchmarks, and 60 prisms along the main span of the bridge. 

A second part of the system was installed in 2016 and consists 

of a network of 82 TH-PT100 Resistance Temperature 

Detectors (RTDs) for measuring the temperature field of the 

concrete box girders. A third part of the system, also installed 

in 2016, is based on Fiber Optic Sensors (FOSs) and includes 

56 two-meter-long thermally compensated fiber Bragg grating 

(FBG) sensors for the uniaxial measurement of local strain. It 

was designed to monitor the long-term effects of the post-

tensioning intervention and to detect any possible anomalies in 

the concrete box girders, by recording the strain measurements 

of the top and bottom slab of the box girders. Figure 5 shows 

schematically the monitoring system installed on the main span 

of the bridge, and particularly the positions of total stations, 

optical prisms, and fiber optic sensors, and highlights the 

sections equipped with resistance thermometers. The 
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thermometer network allows temperature compensation of 

data, in order to separate the thermal deformation due to the 

temperature variation, a normal behavior of the viaduct, from 

the abnormal mechanical behavior due to a damage in the 

structure of the bridge. 

 

 
Figure 5. Main span of the Colle Isarco Viaduct and 

monitoring system: total stations and optical prisms, fiber 

optic sensors, and sections equipped with resistance 

thermometers. Sensors are not to scale. 

 Damage indicator 

We define the damage indicator y as the long-term vertical 

acceleration resulting from the temperature-compensated last 

14 day of measurements (two weeks of data) of the vertical 

deflection recorded at the four shear keys of the main span by 

the topographic monitoring system. In practice, every morning 

the damage indicator y is calculated through a non-linear least 

squares regression and is treated as a unique observation for the 

decision problem. A detailed description of the data analysis 

applied to this case study can be found in [24]. In this section, 

we illustrate just the most important aspects of the analysis. The 

model we used to fit measurements, removing the temperature 

effects from the displacement of prisms, and assess the long-

term vertical acceleration of the shear keys, is: 

ẑ = z0∙[1,…,1] + ∑ αz,i ∙ Ti

R

i=1

+ β
z
∙ t + 

y

2
∙ t ∙ tT, (10) 

where 𝑧0, 𝛼𝑧,𝑖, 𝛽𝑧, and y are parameters, 𝐓𝑖 are temperature 

measurements provided by R resistance thermometers located 

on the same sections of the shear keys, and t is time. In 

particular, 𝛼𝑧,𝑖 is a coefficient of thermal expansion, 𝛽𝑧 is the 

vertical deflection rate of the shear key, and y is its long-term 

vertical acceleration. Figure 6 shows the displacements of the 

prism 8N2S along three directions and its position on the bridge 

in the first graph, the value of temperature measured by the 

resistance thermometers and their position in the same section 

of the prism 8N2S in the second graph, and the data 

compensated from the temperature effects in the third graph. 

We chose to assess the vertical acceleration by fitting a set of 

14 days’ data with a quadratic function (10). The reason is that 

we are looking for a parameter that gives us a quick response 

in the case of an excessive deflection short-term trend, while 

being reliable at the same time. Since the bridge has been 

recently equipped with a new set of pre-compression cables, a 

linear deflection seems a reasonable behavior of the main span 

of the bridge. The aim of the retrofit performed in 2014 is to 

stop, or at least decrease, the deflection trend that has affected 

the main span of the bridge. 

As a result, a linear deflection would not be a symptom of 

structural damage, but rather the most probable behavior. In 

contrast, if the deflection starts following a quadratic function, 

it suggests a deviation from the most probable behavior, and 

therefore a symptom that something is going wrong. Using a 

quadratic function is the easier way to control the acceleration 

of the monitored prisms, and depending on these values, we can 

notice the changing rate in the vertical deflection which could 

point to a probable imminent structural collapse. Furthermore, 

in order to have a prompt alarm, it is it is advisable to not 

consider too many days; otherwise, the quadratic function tends 

to fit better than the ‘normal’ data of the previous days, 

disregarding the last unexpected data and just considering them 

as outliers. However, we need enough samples to obtain a 

reliable value of the parameter and overcome the uncertainty 

that always affects monitoring data. As a result, 14 days seems 

to be the best compromise, as explained in [24]. 

 

 
Figure 6. Example of data analysis: (a) raw horizontal (x, y) 

and vertical (z) displacement of prism 8N2S; (b) temperature 

recorded by 7 thermometers located next to the prism; (c) 

temperature-compensated displacement (x”, y”, z”). 

4 SINGLE STAGE DECISION 

At this point, we can go back to the original problem and 

formulate how decision should be logically made based on the 

information y from SHM. In practice, we seek for a direct map 

aopt(y) between the domain of the observations Ωy and the set 

of possible actions Ωa. If this map exists and is set a priori, then 

decision can be taken automatically based the data y acquired. 

To start, let us consider a single-stage decision tree, i.e. one that 

includes only one decision node. 

 

 

(a) 

(b) 

(c) 
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 Formulation 

In a single-stage decision problem, the decision maker has to 

choose one terminal action a that may affect the future state of 

the structure S and finally lead to an outcome z, which depends 

on both S and a. The choice is based on the observations y, and 

may also be affected by prior information taken into account 

using the Bayesian framework. Equations (7) to (9) are used to 

calculate the expected utility of each available action a. Then, 

according to the von Neumann-Morgenstern framework, we 

calculate the maximum expected utility of the decision node as 

umax(y)=max
a∈Ωa

 u(a,y), (11) 

and the optimal action is that corresponding to the maximum 

expected utility: 

aopt(y)=argmax 
a∈Ωa

u(a,y). (12) 

The action a is defined in the domain Ωa, which may be either 

continuous or discrete. We seek an optimal value of a in a 

continuous space when we are interested in the optimal 

threshold of a continuous parameter involved in an SHM 

problem. 

Equation (12) is a function of the observation vector y and 

maps each possible set of observations y to an optimal action. 

It implicitly defines, for each action a, a domain of the possible 

observations in which that action is optimal. This map is a 

classifier that, given an observation set y from the monitoring 

system, automatically provides the optimal action aopt(y) to the 

decision maker. Figure 7 shows as an example a classifier that 

provides the optimal action aopt(y) out of three options a1, a2 

and a3, given the joint observation of two measurements y = 

{y1,y2}. 

A notable case is when the observations can be reduced to a 

single indicator y. This is the case, for example, of the change 

in vertical drift, or vertical acceleration, introduced in Section 

3.3 for the Colle Isarco Viaduct. In this case, the regions where 

the generic action ai is optimal are segments of the domain of 

indicator y, separated by threshold values y̅. Therefore, solving 

the decision problem in this particular case, effectively means 

to identify the thresholds of indicator y that separates the 

different optimal action domains.  

 

 

 
 

Figure 7. A classifier that provides the optimal action aopt out 

of three options a1, a2 and a3, given the joint observation of two 

measurements y = {y1, y2}. 

 Case study 

If the damage indicators y, the long-term vertical acceleration 

of the shear keys, suggest an excessive deflection of the main 

span of the bridge, this could be interpreted as a symptom of 

structural damage and the owner may choose to apply traffic 

restrictions in order to avoid endangering the users of the bridge 

and to perform structural repair. 

We assumed that the structural state is defined by S, which 

can assume one of the two mutually exclusive and exhaustive 

values: ‘undamaged’ U and ‘damaged’ D, defined as follows. 

 

Undamaged, U. The structure is ‘undamaged’, U, if it is either 

truly undamaged or has some minor damage, negligible in 

terms of its effect on structural capacity. 

 

Damaged, D. The structure is ‘damaged’, D, if it is still 

standing, but has suffered major damage to the steel arch sub-

structure. Although the bridge is standing, the manager 

estimates that there is a significant chance of collapse of the 

bridge under a live load. 

Using the formalism presented above, S can be represented 

as a discrete variable defined in the domain ΩS = {U,D}. 

We predicted the expected values of the damage indicator y 

modelling the bridge both in the structural state U and D, and 

defined the likelihood functions p(y|U) and p(y|D) – the 

probability of observing a value of long-term vertical 

acceleration y, given each structural state S. The Reader can 

find more a detailed description on the FEM of Colle Isarco 

Viaduct in [47] and on the likelihood estimation in [24].  

We assumed that the likelihood functions are Gaussian. Their 

mean value and standard deviation of these functions, in mm 

year-1 day-1, are μ(y|U) = 0, σ(y|U) = 0.731, μ(y|U) = −1.826, 

σ(y|U) = 1.096. The current deflection rate of the analyzed 

section is βz = −12 mm year-1. 

The next step is to define the prior probability of the two 

states. An in-depth analysis of the prior probability can be 

found in [24], where it was assumed that for the Colle Isarco 

Viaduct the prior probability of structural failure in a 100 year 

period is 10–6 and that the structural reliability is constant day 

by day. Therefore, by using the binomial distribution, it was 

calculated indirectly the daily probability of structural failure 

which resulted in about P(D) = 3∙10–11 (for 1 day). As a result, 

the prior probability of the state ‘undamaged’ is: 

P(U) = 1 – P(D). (13) 

Based on our prior judgment, we also predicted the distribution 

of the observation (damage indicator y), before these data are 

available, by marginalizing the system states through: 

p(y)= p(y|D) ⋅ P(D) + p(y|U) ⋅ P(U) . (14) 

When the monitoring observation y is available to the manager, 

they can update their estimate of the probability of U or D state 

using Bayes’ theorem: 

P(S|y)=
p(y|S) ⋅P(S)

p(y)
. (15) 

where S is either U or D. The two posterior probabilities are 

depicted in Figure 8b. Note that there is a threshold of damage 

indicator y̅P = –5.764 mm year-1 day-1 whereby the two posterior 

probabilities satisfy P(U|y) = P(D|y), meaning that, when y > y̅P, 

 
opt 1

a ay  

 
opt 2

a ay  

 
opt 3

a ay  

y1 

y2 

                         Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure

25



the bridge is more likely to be damaged than undamaged, and 

vice versa when y < y̅P. 

In this simplified example, we assume to be concerned by a 

single specific damage scenario. We also assume that after the 

event the manager is immediately informed, and their only 

concern is to understand the extent of damage and then make a 

decision. Before the manager’s decision, no traffic is allowed 

to cross the bridge. To start, let us further assume that the 

manager can only choose one of the two following actions. 

 

Do nothing, DN. No special restriction is applied to the traffic 

over and under the bridge; repair and maintenance works with 

minimal cost can be carried out, but this would not interfere 

with the normal bridge use. 

 

Close the bridge, CB. Both the bridge and the road 

underneath are closed to traffic; access to the nearby area is 

restricted for the time required by structural rehabilitation, 

which is  estimated to be one month. 

 

Formally, this defines a domain of the possible actions Ωa = 

{DN,CB}. Choosing to close the bridge will prevent any effect 

of a possible collapse of the structure, and the increase in the 

damage level and in rehabilitation costs, but on the other hand, 

it would result in a loss incurred mainly from the road user costs 

(RUCs), the indirect costs of a bridge downtime.  

 

 

 

 

 

Figure 8. Probabilities and expected utilities involved in the 

solution of thesingle-stage decision problem. (a) shows the 

likelihood functions p(y|U) and p(y|D); (b) shows the posterior 

distributions P(U|y) and P(D|y) of the two possible states; (c) 

shows the expected utilities of the two possible actions ‘do 

nothing’ DN and ‘close the bridge’ CB. 

 
Figure 9. Decision tree of the single-stage decision problem.  

 

This cost is estimated to be zCB = € 2,300,000 for the three-

month period, and the Reader can find more information about 

the estimation of all the costs involved in this section in [24]. 

In contrast, if the agent decides to do nothing (DN) and he or 

she does not apply any traffic restriction on the viaduct, the 

consequence would be different depending on the actual state 

of the bridge. If the state S is undamaged U, the monetary 

outcome is zU =  0. Instead, if the state S is damaged D, the 

structure may collapse resulting in an overall cost of zD = € 

9,340,000, including direct and indirect costs, among which 

compensation for possible casualties. The two available actions 

DN and CB lead to different expected utilities. In summary, the 

manager’s decision problem can be represented with the single-

stage decision tree of Figure 9.  

The above information is both necessary and sufficient to 

calculate how the manager’s decision depends on the 

observation y provided by the monitoring system. Formally, we 

want to calculate two domains in the space of y where the two 

actions—do nothing (DN) and close the bridge (CB)—are 

respectively the optimum. Since we assumed that U(z) = –z, the 

estimates of the expected utilities associated with actions DN 

or CB are: 

u(DN,y) = U(zU)∙P(U|y)+ U(zD)∙P(D|y),

u(CB,y) = U(zCB).
(16a,b) 

If the manager’s decision is driven by the expected utility 

principles, he will choose the least expensive option, so the loss 

associated with the decision, in the posterior condition, is: 

umax(y)= max{u(DN,y),u(CB,y)} . (17) 

The expected utility functions calculated for each action as in 

(16) are represented in Figure 8c, along with the maximum 

expected utility of (17). In this particular case, u(CB,y is 

constant, while u(DN,yvaries with the damage indicator. The 

two expected utilities meet for the threshold �̅�u=–5.65 mm 

year–1 day–1. Closing the bridge is more convenient than doing 

nothing whenever y< �̅�u. This automatically defines two 

separate regions in the observation domain, each mapped to a 

different optimal action: 

aopt(y)= {
CB y≤ȳ

u
,

DN y>ȳ
u
.
. (18) 

Note that the decision threshold �̅�u does not coincide with the 

state probability threshold �̅�P. The manager will decide to close 

the bridge not when the elongation y shows that the state 

‘damaged’ D is more likely than ‘undamaged’ U, but when the 

expected cost for doing nothing zDN is higher than the cost of 

closing the bridge. It should also be noted that there is range of 
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values �̅�u<y<�̅�P in which, even if the state ‘undamaged’ U is 

more likely than state ‘damaged’ D, it is still more suitable to 

close the bridge. This example should shed some light on the 

different natures of SHM and decision-making: whereas SHM 

aims to correlate the observation y to the most likely state Si of 

the structure; SHM-based decision making aims to correlate the 

observation y to the optimal action. 

5 MULTI STAGE DECISION 

The decision problem described and solved in the preceding 

section is relatively simple. In real-life settings, decision 

makers can choose among multiple options, some of which 

may lead to other decision nodes. In this section, we address 

the solution of multi-stage decision problems. For these 

purposes, the decision problem is expanded by adding an 

additional decision stage. 

 Formulation 

In multi-stage decision problems, the decision maker has to 

take multiple actions. The first action a(1) may not be the 

terminal one. In practice, the decision maker may not know the 

actions that will be available in the next stages, nor the possible 

outcomes. However, analysing multi-stage decision processes 

with the framework of expected utility requires us to make an 

assumption about the configuration of the decision tree and to 

predict the probabilities of the future states S. In the formulation 

below, we denote the predicted values of probability with a 

superscript ‘(n)’, where n is the stage in which the prediction 

occurs. For example, p(1)(S|a(2),a(1),y) is the probability of the 

state S predicted in stage 1. In stage 2, the value of 

p(2)(S|a(2),a(1),y) may be influenced by new data, depending on 

the outcome of the decision made in stage 1, and therefore it 

may be different from the value of p(1)(S|a(2),a(1),y). We use the 

same superscript ‘(n)’ on the expected value operator E[…] to 

denote the stage n in which the expected value of the argument 

is calculated. In order to solve a multi-stage decision problem, 

we also need to set a decision rule [4]. The decision rule 

prescribes how the decision maker acts after the first stage. We 

assume that the decision maker always chooses the action 

corresponding to the highest expected utility, calculated with 

the information available in their current stage. 

In mathematical terms, when the decision tree has multiple 

stages we can obtain the optimal decision of stage n as 

aopt

(n) (y)=argmax 
a(n)∈Ωa

(n)

u(a(n),y). (19) 

Unlike the single step case, here the complexity of the problem 

is in calculating u(a(n),y), because other stages may be nested in 

each branch of the decision tree. The solution to this problem 

is based on the principle of backward induction [5]. First, for 

each t-th terminal decision node we calculate the expected 

utility, as a function of each a(t) as presented in Section 4.1, but 

using the probabilities p(n)(S|a(t),…,y) expected in stage n 

instead of the actual probabilities. Then, we assign to each t-th 

terminal decision node a value of utility u(t)
node(y) equal to the 

expected utility of its optimal action: 

unode

(t)
= max

a(t)∈Ωa
(t)

E
S|a(t)

(n)
[U(z(t)|S,a(t),…)] . (20) 

This operation is possible thanks to the assumption that the 

decision maker always chooses the action corresponding to the 

highest expected utility. If we assume that each terminal 

decision node is an outcome leading to a value of utility 

u(t)
node(y), we can now solve in the same way each stage 

connected to the terminal decision nodes and repeat this process 

until we obtain the expected value of the actions a(n), required 

to solve (19). This approach is illustrated in the next section. 

 Case study 

The example presented in Section 4.2 includes all the principal 

features of a decision model, but it is not fully realistic. In that 

case, simplified to ease the presentation, the manager is forced 

to make a decision between two extreme actions (just ‘do 

nothing’ or ‘close the bridge’ for two months), without any 

intermediate option. More credibly, the manager would 

consider the chance of delaying their final decision until he has 

acquired more knowledge about the state S of the bridge. For 

example, he can decide to send an inspector to the bridge, with 

the task of rapidly giving an expert judgment based on their 

experience. In that case, in addition to the two actions ‘do 

nothing’ DN or ‘close the bridge’ CB, we have a third option, 

which is defined as follows. 

 

Send inspector, SI. The bridge and the road underneath are 

closed respectively to pedestrians and road traffic, while the 

access to the nearby area is restricted for the time necessary to 

perform an inspection, expected to last two days. 

 

Formally, this redefines the domain of the possible actions a(1) 

that the manager can undertake as Ωa
(1) = {DN,SI,CB}, where 

the superscript ‘(1)’ denotes that the decision is made at stage 

1. Once the inspection is completed, the inspector gives a 

judgment S̃ on the state of the bridge, which in summary could 

be either the bridge is ‘undamaged’ U or the bridge is 

‘damaged’ D. In mathematical terms, we can represent the 

inspector’s judgment with a variable S̃ ϵ{U,D} defined in the 

same domain as the possible state ΩS. Based on the inspector’s 

report, the manager can eventually make a second decision 

between the remaining two actions a(2) ϵ Ωa
(2) = {DN(2),CB(2)}, 

where now the superscript ‘(2)’ indicates a decision made at 

stage 2. This decision scheme is schematically represented in 

the tree in Figure 10. 

 

In this case, utilities must include the cost zSI of sending the 

inspector to the viaduct. We assume that zSI is the sum of the 

cost of the inspector’s work and the RUC stemming from the 

temporary downtime that is necessary to perform the 

inspection, for a total monetary loss of zSI = € 250,000. Notice 

that all the costs we use in this application are just a preliminary 

estimate of the real costs and the aim of this work is just to show 

how to apply the rational framework to a real-life case study. 

However, once the true costs will be available, the results will 

be updated without changing the decision problem and its 

solution process. 
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Figure 10. Multi-stage decision tree of the problem. 

 

As the Reader can see in the decision tree, only the action 

Send an inspector SI(1) leads to a second stage. After the 

inspection of the bridge, the inspector is required to report their 

judgment S̃ on the state of the bridge to the manager. Based on 

the result of the inspection, the inspector can classify the 

structure as undamaged Ũ or as damaged D̃. This new source 

of information is incorporated in the Bayesian inference and the 

posterior probability of states U and D is reassessed. In the 

same way, we incorporate the probability of misjudgment of 

the inspector because unfortunately, the inspector’s judgment S̃ 

is not the true state S of the viaduct but is just an uncertain 

estimation of it. 

We encode the probability that the inspector identifies 

correctly the state of the bridge or not in the confusion matrix 

P(S̃|S) [8] represented in (21). 

P(S̃|S) = [
P(Ũ|U) P(Ũ|D)

P(D̃|U) P(D̃|D)
] . (21) 

The values of the components of the matrix depend on the 

experience and the skill of the inspector. For this particular 

case, we use the same confusion matrix presented in [8], where 

is defined a confusion matrix for a bridge-inspection purpose. 

They assumed that when the true state of the bridge is 

undamaged U, the inspector judgment is correct in 80% of 

cases, while it is not correct in 20% of cases. In contrast, if the 

bridge is damaged D, the inspector’s report is right in 99% of 

cases, while it is wrong in 1% of cases. Consequently, the 

values of the confusion matrix are 

P(S̃|S) = [
0.80 0.01

0.20 0.99
] . (22) 

The second stage is tackled only in the case that at the first stage 

the optimal action is send an inspector. This is a multi-stage 

decision problem, and we can solve it by applying the backward 

induction principle, as explained in [4]. This principle points 

out that the sequence of decisions has to be solved by reversing 

their order in time. Therefore, starting from the stage 2, we 

calculate the posterior probability of the states U and D by 

using the Bayes’ rule as shown in (23). As explained before, in 

this stage we have to take into account the judgment of the 

inspector, and their probability of misclassification. As a result, 

we calculate the posterior probability of the state S at stage 2, 

given the judgment of the inspector S̃, by multiplying the 

correspondent component of the confusion matrix to the 

likelihood functions. 

P(S|S̃,y) = 
p(y|S)∙P(S̃|S)∙P(S)

p(S̃,y)
, (23) 

p(S̃,y) = p(y|U)∙P(S̃|U)∙P(U) + p(y|D)∙P(S̃|D)∙P(D). (24) 

Then, we must identify the optimal action at the second stage. 

Two available actions at stage 2: do nothing DN(2) and close the 

bridge CB(2). 

The optimal decision is the one characterized by the maximum 

expected utility, which means the minimum absolute value of 

u, which is negative because we are considering only costs. The 

expected utilities of actions do nothing and close the bridge at 

stage 2 are then calculated by combining the probability of the 

different states of the structure with the utility of the related 

outcomes, as shown in (25). 

u(DN
(2)

,S̃,y) = U(zU + zSI)∙P(U|S,̃y)+ 

+ U(zD + zSI)∙P(D|S̃,y),

u(CB
(2)

,S̃,y) = U(zCB + zSI).

(25) 

As a result, the maximum expected utility at stage 2 is the 

maximum value between the expected utilities just calculated: 

u(2)(S̃,y)= max{U(DN
(2)

,S̃,y), U(CB
(2)

,S̃,y)} . (26) 

Now we can move on and identify the optimal action on the 

first stage, based on the information coming from the 

monitoring system and the results of the second stage. As in 

stage 2, first we assess the probability of the two mutually 

exclusive and exhaustive states U and D through the Bayesian 

Inference, second, we choose which action to undertake by 

applying the expected utility theory. The process is the same as 

we presented for stage 2. The only difference is that this time, 

for the actions do nothing and close the bridge, we do not have 

the report of the inspector; therefore, we just have to apply 

Bayes’ rule as written in (3) and (4) for assessing the posterior 

DN(1) 
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 P(U|y,Ũ) 
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probability of the states. As far as the expected utility of the 

action send an inspector SI(1) is concerned, the two arrows that 

start from the chance node regards the chance that the inspector 

judges the bridge as undamaged Ũ or damaged D̃. The 

probabilities that the inspector’s response is S̃ = Ũ or S̃ = D̃ is: 

P(S̃|y) = P(S̃|U)∙P(U|y) + P(S̃|D)∙P(D|y). (27) 

In order to clarify the meaning of (27), note that the inspector 

will provide S̃ = Ũ either if he identifies the right state when the 

state is actually ‘undamaged’ U or if he makes a mistake when 

the bridge state is ‘damaged’ D. Equation (26) is depicted in 

Figure 11. 

 

 
Figure 11. Probabilities of having a judgment either S̃ = Ũ or S̃ = 

D̃, given a value of elongation y, for the multi-stage decision 

problem. 

 

Then we compute the expected utilities of actions do nothing 

DN(1), send inspector SI(1), and close the bridge CB(1) at the first 

stage by using the rules of expected utility theory: 

u(DN
(1)

,y)= U(zU) ∙ P(U|y) + U(zD) ∙ P(D|y),

u(CB
(1)

,y) = U(zCB),

u(SI
(1)

,y) = u(2)(Ũ,y) ∙ P(Ũ|y) + u(2)(D̃,y) ∙ P(D̃|y).

(28) 

The optimal action at stage 1 is the one with the maximum 

expected utility between u(DN(1),y), u(CB(1),y), and u(SI(1),y). 

In this manuscript, we present the results for prism 8N2S. 

Figure 12a and Figure 12b show the expected utility functions 

defined in (25) and (26), for S̃ = Ũ and S̃ = D̃, respectively. Since 

the optimal action is the one characterized by the maximum 

value of expected utility and this value is a function of the 

damage indicator y, we have drawn in bold the function with 

the maximum value for each value of y. A decision threshold is 

defined as the value of the damage indicator where expected 

utility functions of different actions, call them A and B, cross 

each other. In this case, if the damage indicator is lower of the 

decision threshold, the optimal action is A, if the damage 

indicator is higher, the optimal action is B. At the second stage, 

the two decision thresholds are: 

{
y̅(2) = – 6.18 mm year

-1

day
-1

    if    S̃ = Ũ,

�̿�(2) = – 5.38 mm year
-1

day
-1

    if    S̃ = D̃.
(29) 

Therefore, the optimal classifier at the second stage 2 is: 

aopt

(2)
(S̃,y) = {

DN
(2)

     y ≤ y̅(2)(S̃),

CB
(2)

     y > y̅(2)(S̃).
(30) 

 

  
 

 
Figure 12. Posterior probabilities for Ũ (a) and D̃ (b); expected utilities for Ũ (c) and D̃ (d) involved in stage 2 of the multi-stage 

decision problem. 
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P(U|Ũ, y)

P(D|Ũ, y)
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Finally, the maximum expected utility is the maximum among 

u(DN(1),y), u(SI(1),y), and u(CB(1),y). Fig. 13a depicts the three 

expected utilities as a function of the damage indicator y along 

with the maximum expected utility (MAX). We can easily 

recognize in the expected utility graph two thresholds, one, y̅(1) 

= –5.46 mm year–1 day–1, that separates DN(1) from SI(1), and the 

other, y̿(1) = –5.89 mm year–1 day–1 separating SI(1) from CB(1). 

{
y̅(1) = – 5.46 mm year

-1

day
-1

     separates DN(1) from SI(1),

y̿
(1)

 = – 5.89 mm year
-1

day
-1

     separates SI(1) from CB(1).
(31) 

In this specific case, the optimal action depends on the output 

of the monitoring system y through: 

aopt

(1)(y) = {

DN
(1)        y ≤ y̅(1),

SI
(1)           y̅(1) < y ≤ y̿

(1)
,

CB
(1)         y > y̿

(1)
.

(32) 

The expected utilities corresponding to the three actions 

available, ‘do nothing’ DN(1), ‘send inspector’ SI(1) and ‘close 

the bridge’ CB(1) are shown in Figure 14a. 

As far as the first stage is concerned, Figure 13 shows the same 

concept represented in Figure 14: the level of alarm 

(represented with a different pattern and a different light of the 

street lamp), corresponding to the optimal action, depends on 

how much the bridge deflection departs from a linear trend. If 

the deflection remains in the dotted area, the optimal action is 

do nothing, while if it departs from a linear trend and falls in 

the bold striped or light striped areas, the optimal action will be 

send an inspector or close the bridge, respectively. 

 

 
Figure 13. Optimal action for Colle Isarco management based 

on the of the vertical displacements (blue line). 

 Discussion 

The Reader can note that, at the first stage (Figure 14a), when 

the observation y is greater than threshold y̅u
(1) (lower in 

magnitude), doing nothing DN(1) is the optimal choice, whereas 

when the observation y is lower than threshold y̿u
(1) (greater in 

magnitude), closing the bridge CB(1) is preferable. The domain 

of y between the two thresholds y̅u
(1) and y̿u

(1) is where sending 

an inspector SI(1) is the best choice. The expected utility of 

action DN(1) and CB(1) does not depend on the confusion matrix 

P(S̃|S) of (19), and is therefore independent of the inspector. 

However, both y̅(1) and y̿u
(1) depend on the expected utility of 

SI(1), which depends on P(S̃|S). So, in order to understand the 

impact of P(S̃|S) and the effectiveness of the monitoring system, 

we discuss below three additional cases. In the first two cases, 

the probabilities P(S̃|S) are changed; in the last case, we 

changed the likelihood functions of the two possible structural 

states U and D. 

 

The perfect inspector. We repeat the analysis of the multi-stage 

decision problem above, but assuming that inspector is 

extremely skilled and experienced, to the point they always 

identifies the right bridge state. Therefore, their confusion 

matrix is: 

Ppi(S̃|S)= [
1.00 0.00

0.00 1.00
] . (33) 

In other words, we assume the inspector never misclassifies the 

bridge state. Figure 14b shows the expected utilities of the 

actions DN(1), SI(1) and CB(1) obtained in the case of a perfect 

inspector. The decision thresholds in this case resulted in y̅u,pi
(1) 

= –5.35 mm year–1 day–1 and y̿u,pi
(1) = –6.05 mm year–1 day–1. It 

should be noticed that, by improving the reliability of the 

judgment provided by the inspector, the domain where ‘send 

inspector’ SI(1) is the optimal choice widens. Although the 

inspector is unconditionally correct, due to the inspection cost 

there is still a domain y < y̿u,pi
(1) in which the action ‘close the 

bridge’ CB(1) is optimal. This means that, if y < y̿u,pi
(1), the 

probability of damage is so high that taking the chance to verify 

the actual state of the bridge is not worth the cost of the 

inspector zSI. 

 

The ‘chimpanzee’ inspector. The opposite situation of the case 

above is an inspector incompetent to the point they are unable 

to provide any useful information on the state of the bridge. 

Imagine, absurdly, that the inspector, rather being a thinking 

individual, is a chimpanzee who reports the bridge state 

randomly, regardless of the actual state (sadly, a behavior 

sometime closely approximated by real-life human inspectors). 

In this case, the outcome if the inspection is a state drawn 

randomly based on the following confusion matrix: 

Pnii(S̃|S)= [
0.50 0.50

0.50 0.50
] . (34) 

We can alternatively imagine that the inspector (human or 

chimp) assesses the structural state based on a coin flip, rather 

of actually performing the inspection. Figure 14c shows the 

expected utilities of the actions DN(1), SI(1) and CB(1) obtained. 

It can be noticed that, because action SI(1) bring no benefit but 

has a cost, its expected utility is always lower than the expected 

utility of one of the other actions, and therefore there is no 

domain where SI(1) is optimal. This is a complicated way to say 

that obviously there is no rationale in sending a chimp (or a 

human of equivalent intellectual breath) to inspect a bridge. In 

this case there will be only two possible optimal actions DN(1) 

and CB(1) and the sole threshold that separates the two domains 

is, not surprisingly, exactly the same one calculated for the 

single-stage decision problem, �̅�u=–5.65 mm year–1 day–1 

 

High accuracy SHM. Finally, we investigate the effects of the 

monitoring system accuracy. We assume that, thanks to better 

sensors or an improved data analysis process, the likelihood 

functions p(y|U) and p(y|D) of the two structural states 

‘undamaged’ U and ‘damaged’ D are sharper. We assumed new 

values of the standard deviations σy|U= 0.366 mm year–1 day–1 

and yD= 0.548 mm year–1 day–1 while we employed the same 

other conditions as described in Section 5.2. The results are 
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shown in Figure 14d. It should be noted that, by improving the 

reliability of the information provided by the monitoring 

system, we could reduce the domain where ‘send inspector’ 

SI(1) is the optimal choice. Indeed, the thresholds in this case 

resulted in y̅u,nii
(1) = –2.45 mm year–1 day–1 and y̿u,nii

(1) = –2.75 

mm year–1 day–1. This result emphasizes that, if human 

inspection is an option that is available but that we wish to 

avoid, then we necessarily have to use a better monitoring 

system or perform a better data analysis process in order to 

increase the information provided by the measurement y. 

 

  
 

  
Figure 14. Expected utilities of the actions available at stage 1 of the multi-stage decision problem; (a) the inspector performs with 

confusion matrix as in (22); (b) perfect inspector; (c) chimp inspector; (d) inspector’s confusion matrix as in (22) and accurate 

monitoring system. 

 

6 CONCLUSIONS 

We have outlined a rational framework for making decision in 

bridge management based on the information from SHM. 

Deciding based on SHM is properly a two-step process, which 

includes (1) judging of the state of the structure based on the 

monitoring observations (the data recorded by the sensors), and 

(2) choosing the optimal action based on the uncertain 

knowledge of the state. Rational judgment under uncertain 

information is encoded in Bayes’ theorem. Rational decision 

under uncertain state is described by von Neumann-

Morgenstern’s Expected Utility Theory (EUT).  

Solving the problem of SHM-based decision effectively 

consists of setting a direct map between the domain of the SHM 

observations and the portfolio of the possible actions. This map 

is a classifier that, given a set of observations, automatically 

provides the optimal action to the decision maker. A notable 

case is when the observations can be reduced to a single 

indicator rather than a vector. In this case, the regions where 

the generic action is optimal are segments in the domain of the 

indicator and solving the decision problem effectively means to 

identify the thresholds that separates these regions.  

The case study of Colle Isarco Viaduct has been introduced 

to illustrate with a practical example the way how this map 

should be formulated. This a critical infrastructural link in the 

European Alpine region, instrumented with a monitoring 

system, which consists of a robotized topographic system for 

displacements measurements, fiber optic sensors for the 

uniaxial measurement of local strain, and resistive 

thermometers for measuring the temperature field of the 

concrete box girders. The data are analyzed and compensated 

respect to the temperature in real time in order to extract the 

state parameters that characterize the bridge behavior. 

Particularly, the performance indicator chosen for making is the 

variation in the deflection drift (i.e., the vertical acceleration) 

estimated the half-joints, estimated over a time span of 14 days. 

With the aid of this case study, we have initially formalized 

the solution for a single-stage decision problem. In this case it 

is assumed that the decision maker can only choose between 

two options: ‘do nothing’ or ‘close the bridge’. Here the sole 

threshold that separates the two optimal-action domains is 

calculated as the value of observed vertical acceleration 

whereby the expected utility is identical for the two actions.  

We have then analyzed a multi-stage problem, where at the 

first stage the manager has also a chance of ‘sending an 

inspector’ and make decision at a second stage based on the 

inspector’s evaluation. This problem is solved using the 

principle of backward induction, i.e. by calculating the 

maximum expected utilities at the terminal decision nodes, and 

the propagating backwards to the nodes upstream. The utility 

of option depends, among the rest, on the capacity of the 

inspection to identify the right bridge state, encoded in the 
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inspector confusion matrix. We discussed how the inspector’s 

skill and experience should rationally affect the decision at 

stage one.  

By examine the process of decision based on SHM, we can 

easily recognize the components that drive the decision maker 

choice. These are: (1) the likelihood of the possible structural 

states, given the monitoring observations; (2) the probability of 

the states perceived a priori by the decision maker; (3) the 

expected consequences of the realization of each state; (4) the 

way these consequences are weighted by the decision maker in 

terms of utility. Interestingly, of all these items, only (1) is 

linked to the technical features of the monitoring process, 

sensor measurements and data interpretation. The remaining 

items encode the management policy and the socio-economic 

impact of actions, or simply reflect the subjective perception of 

the individual in charge of the decision. 
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ABSTRACT: Structural Health Monitoring is becoming a major tool for physical asset management. The reduction of costs on 
sensors, communication technology and data storage, is helping the development of SHM in different areas of Civil Engineering 
under different loading effects. Some examples of applications on bridges, buildings and ports under the effect of operational 
conditions, blast and earthquake are presented to describe the benefits of the technologies. Technological difficulties encounter in 
these applications are shown and challenges are presented. In buildings I present the ambient effects of temperature and humidity 
on the response and modal properties, and the nonlinear response under transient loads like earthquakes and blast. In wharf 
structures the effects of mass loading, water level and temperature and earthquake are presented. This leads to a discussion on 
sensor technology for massive implementations considering cost, sensitivity and robustness. Special attention is given to promote 
the business case, to change from SHM research to a standard procedure for professional maintenance of civil engineering 
structures. As today we are not there yet for a black box use of the technology, but we should think in this direction. The 
presentation finishes with comments on how to increase the use of SHM as a standard tool by the profession. 

KEY WORDS: SHMII-10; SHM, earthquake, blast, ports, mines 

1 INTRODUCTION 
Structural Health Monitoring is a need that urban developers 
and economics are already think off. They expect the civil 
engineering community to develop infrastructure that can 
identify its state of health and inform the stakeholders and 
community to act. In some cases, they expect that the structures 
can even heal themselves. It is not that we are not able to 
comply with this objective, may be not the last one, but we are 
not there yet. We have studied several structures on the lab and 
in the field, but most likely these structures are monitored for 
research purpose or are just instrumented with non-autonomous 
system for later analysis. We cannot deny that there are several 
companies already offering the service of structure health 
monitoring. Many of those are really fulfilling the clients need, 
particularly when they focus on the specific question that 
worries the client. Clearly specified scenarios are more easily 
handled. Examples of this type of situation is monitoring 
settlements or deformations in foundations. Displacements and 
cracking on walls, slabs, columns or beams. Dangerous or 
annoying deformations and vibrations on slabs in theaters, 
cinemas or classrooms. Many of this type of structure health 
monitoring is already quite developed but researchers and some 
practitioners are looking forward trying to predict not simple or 
specific questions, but a global understanding of the state of 
health of a structure. 

2 ARE WE THERE YET?  
Structure Health Monitoring has been around for quite some 
time now. Key requirements for its applications are: 

a. Knowledge of the structure or system to be monitored. 
b. A clear understanding of the possible damage 

scenarios. 
c. Limits states to be monitored. 

d. The needed message to react. 
e. Definition of sensors able to stream data and their 

location. 
f. Local and remote processing system 
g. Local and remote communication system. 

The reduction on the cost of sensor, computers, storage and 
communications, particularly internet, help SHM to become a 
real option. 

It started with very clearly specified problems, for example, 
is this bridge overloaded during use? To answer this question, 
sensors could be installed on their support or in some key places 
of its main elements to monitor directly loading and cracking, 
if is a concrete structure. We could monitor these parameters 
for example for the level of loading and size of the crack. With 
this information we can answer when this bridge has passed 
certain predefined limits under different performance criteria, 
service, damage initiation, life safety and collapse.  

But the objective could be more open: for this building, 
bridge or dam determined all possible changes of states in the 
response or characteristics parameters that could indicate 
passing a limit state that needs action. 

Many techniques have been proposed to perform this global 
task. I recommend the general documents developed by (Ruben 
Boroschek and Santos 2020; Brincker and Ventura 2015; 
Oliveira et al. 2016; Peeters and Ventura 2003; Rainieri and 
Fabbrocino 2014) as good references for the experimental 
techniques and example of applications in real structures. 

So, we have seen that bridges are starting to be instrumented, 
but what about buildings, dams, ports and other critical 
infrastructure? The answer is rarely. They could be 
instrumented but not necessarily online or analyze continuously 
and automatically.  So, are we there yet? No, we are not there 
yet, but we are developing the tools that will be needed to solve 
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the more global issues. We can see that we are closer to 
understanding the problem in bridges and buildings. We need 
to do a lot more on complete industrial infrastructure, dams and 
others.  

3 WHY WE HAVE SO FEW INSTRUMENTED 
STRUCTURES?  

I think the key issue is not the will of the researchers and some 
professionals that do understand this technology and it is not 
necessarily the stakeholder. My experience is that the 
contractor and the structure engineer of the projects sometimes 
are the first to show some reluctance. Their main concerns are 
related to claims and the time they must spend explaining 
stakeholders why their design structure does not behave like the 
model? Are there perceived vibrations on the structure 
dangerous? After an earthquake or other extreme loading, 
cracks could appear, or other minor damage could appear that 
now add a new step on the evaluation process, they must 
understand the recorded data and establish the relation with the 
damage. Any conflicts must be solved by the designer, and this 
is not generally pay for appropriately. Their perception is that 
is a more risk than a benefit for them, unless a clear 
understanding of the consequences is clearly set between the 
parties. 

Some countries like the United States have been able to 
instrument many buildings and other infrastructure with 
appropriate rules that will not compromise, or pressure 
permanently the designer or contractor.  

We should recognize that we are not able to answer all the 
questions that clients have, so why he is going to instrument an 
only have liability based on this instrumentation. We cannot 
assure that we will have the possibility of detecting change state 
unless we invest enough money on sensors, cables and 
maintenance and still, we cannot guarantee that we will be able 
to detect all state changes. This is another situation that needs 
to be tackled. 

In relation to the number and the cost of sensors and cables 
to have a full understanding of the response of a structure and 
its state of health, professionals and researchers would like to 
have as much as sensors as we can. This translates immediately 
too high initial, maintenance and operation cost. Also, the 
impact on architectural components because of cables and 
location of instruments should be considered.  

This situation has push researchers to look for low-cost and 
wireless sensors. For bridges wireless systems are already a 
reality that is economic and reliable, (Jo et al. 2013; Moreu, 
Kim, and Spencer 2017), for buildings this is not so. Still there 
are communication errors between sensors, if the building is 
too tall, with thick walls and slabs.  

To reduce the cost of sensors MEMs are an excellent option, 
available now in analog or digital format with a 20-bit 
resolution that can monitor ambient and operational vibration.  

Different from typical wireless communications there is a 
new trend trying to synchronize asynchronous recording of 
independent digital systems using time optimizations or 
structural properties, (Ceylan, Turan, and Hızal 2020; Lu et al. 
2021; Zhang, Moutinho, and Magalhães 2020; Zhu and Au 
2018). If this is successful, then the high initial and 
maintenance cost of cables will be reduced and hopefully 
eradicate. 

Aside from the traditional sensors: accelerometers, 
geophones, displacement meters, strain gauges been them 
electrical or optical there is a new option base on computer 
vision.  

There are many different computer vision techniques. They 
rely on fix or moving camera, sophisticated as automated UAV 
or just the simple cellular phone or web cameras. This 
technique has been tested and proven quite successfully. The 
key techniques are based on correlation, pixel tracking or 
virtual sensing, video filtering and magnification, (Akbar, 
Qidwai, and Jahanshahi 2019; Chen et al. 2015; Hoskere et al. 
2019; Wadhwa et al. 2013; Yang et al. 2017, 2019) .  

The wireless systems, and the computer vision can help reach 
the objective of having a reliable and economic monitoring 
system.  

4 WHICH QUESTION WE CAN ANSWER WITH 
STRUCTURE HEALTH MONITORING?  

There are key questions that we expect to answer after 
implementing SHM in Civil structures. My answer to where we 
are now are the following. 

 
I. Can we detect changes of state in the civil system? 

Yes, if it is detectable, with a few well-located not 
necessarily dense networks of sensors. In general, this 
is not too costly and easily implanted.   

II. Can we locate the cause of the change of state? 
Sometimes. It will depend on the number of sensors, 
their location and good knowledge of the structure 
characteristics. Calibrated numerical models will help 
or needed. 

III. Can we detect the size/magnitude of the effect that 
cause the change? Sometimes, with a lot of sensors 
and quite good knowledge of the structure 
characteristics. Well located sensors at predefined 
scenarios and good numerical models are needed. 

IV. Can we know the remaining life of the system? 
Generally, no because civil structures are unique, even 
if their drawing are all the same. The variations in 
construction, soil, maintenances and used does not 
allow establishing the minimum statistics and 
knowledge to determine remaining life. 

Some example of the difficulties that we find are presented 
below for buildings and port structures. 

5 BUILDINGS UNDER EARTHQUAKE AND BLAST 
In Chile we have some buildings that incorporated Structure 
Health Monitor for more than 12 years. Previously we used to 
monitor structure based on the traditional recording systems, 
storing locally or maybe remotely but processing asynchronous 
with the response. The first building with Structure Health 
Monitoring was instrumented in 2009, (Ruben Boroschek and 
Soto 2012). This building is part of the Engineering School of 
the University of Chile, Figure 1. The building consists of nine 
stories, structured with shear walls and has an office and 
classroom use.  

Eight high resolution sensors connected to a low-resolution 
recorder (16 bits) by cables was used for instrumentation due 
to limited budget, Figure 2. Continuous 15 minutes recordings 
at 200 samples per second are obtained and analyzed 
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automatically. Due to the high dynamic range of the sensors, 
we can record strong motion earthquakes and ambient 
vibrations. Due to the 16-bit limitations and low density of 
sensors the identification and tracking of modal properties 
using standard technique have several difficulties that were 
overcome by complementary assisted models base on observed 
variations of modal frequency with ambient external 
temperature (W. González, Boroschek, and Bilbao 2021; W. M. 
González and Boroschek 2020). 

 

 
Figure 1. Engineering School Administration Building. 

 
The SHM system has been in operation with less than 2% 

downtime. We have recorded more than 1900 earthquakes, 
most of them small, but one very large that caused damage to 
the structure. Figure 3, presents the evolution of natural 
frequencies before and after the damaging 2010 earthquake. It 
can be easily seen that the event in February 2010 cause a drop 
on the frequencies, close to 20%. This drop was caused by shear 
damage of the main structural walls. No repairs were needed to 
continue operations in the building. Nevertheless, the building 
was later remodeled for new office use and the cracks were just 
plastered and painted. This building has been operating since 
the 1960s and has being exposed to several strong shaking 
during its lifetime. 

 
Figure 2. Engineering School Administration Building. 
Instrumentation 

In the frequency evolution presented in Figure 3 we can 
clearly see important environmental and earthquakes affects. 
Details of the analysis of the damage and identification 
techniques including environmental effects can be review in (R. 
Boroschek, Tamayo, and Aguilar 2014; R.L. Boroschek and 
Carreno 2011; Ruben L. Boroschek and Bilbao 2019).  

 
Figure 3. Engineering School Administration Building. 
Frequency evolution with time. 

In this structure structural health monitoring consists of 
several steps: recording, statistical analysis of raw data, data 
cleansing, identification and feature extraction, normalization, 
tracking, and feature detection. In this structure the 
identification procedure is SSI COV and modal parameters 
from each time window are selected using OPTICS clustering, 
PCA is used for normalization, for tracking we use normalize 
and non-normalized series. For non-normalized data we have 
used temperature assistant modeling (Gonzalez et al 2021) and 
neural networks (Ferrada Lagos et al. 2021). Both methods 
have given us excellent results allowing us to understand not 
only the evolution of the modal properties but also to quantify 
the effect of different environmental conditions on the 
response. 

 
Figure 4. Engineering School Administration Building. 
Effect of soil saturation on modal frequency. 

For example, analysis of the modal series using to 
environmental conditions like temperature, rain effects, sun 
position and radiation has given us information on which 
parameters affect most the structure. For this structure, the 
critical parameter is temperature. Temperature can change the 
frequencies 2% or 3% in a day without any damage, (because 
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the buildings is in a semi-arid area the temperature fluctuations 
are normally between 10 to 30 degrees). But temperature 
effects are not directly correlated, there is a time lag between 
the change in temperature and the modal change. This time lag 
has been observed in other structures (Zonno et al. 2017; Zonno 
and Aguilar 2019). For this building, the time lag depends on 
the time of the year or more properly the position of the sun in 
relation to the critical structural elements that are in the 
perimeter of the structure ((Ferrada Lagos et al. 2021). 

Rain is also an important effect. Every time it rains enough 
to dampen the soil then the building-soil system stiffens, and 
we have a modal frequency change of nearly 6%, Figure 4. This 
behavior has been reproduced on the laboratory confirming this 
characteristics, (L. González, Boroschek, and Verdugo 2009).  

 
Figure 5. Engineering School Administration Building. 
Modal period variation with earthquake amplitude. Blue 
before 2010 earthquake damage. Red after earthquake 
damage. 

Earthquakes have a different effect. Because we have 
recorded more than 1900 earthquake, we can evaluate the 
change on model properties as a function of response 
amplitude. Figure 5 presents in blue dots the identified the 
predominant period of the structure for each earthquake before 
the damage that occur in 2010, in red dots, we present the 
building period identified from earthquake after the earthquake 
damage. If we focus on the periods after the damaging event, 
red points, we see a pattern of lengthening of the period with 
increasing earthquake response. Without any damage in the 
building, the period shows a nonlinear elastic type of relation 
with amplitude. This non damage lengthening is approximately 
slightly less than 20%. This is important because if we want to 
develop an alerting system that will give the stakeholders 
reliable information on the structure health, we need to 
understand the environmental and earthquake effects on the 
changes of the response parameters that are not related to 
damage and those that are related to damage but do not need an 
emergency reaction. 

6 WHARF STRUCTURE  
An extreme example of environmental effects on the modal 
parameters and response characteristics was observed in two 
wharf structures that we monitor continuously for two years, 
Figure 6. In these structures we install accelerometers under the 
deck. The accelerometers were connected to a central recording 
unit. The system monitored the modal properties and its 
variations due to mass loading, ambient temperature, tide, 

impact loading due to berthing and earthquakes. For this 
structure we use SSI COV for the identification of the modal 
properties. One of the identified modal frequencies and ambient 
temperature are shown in Figure 7.  

 
Figure 6. Monitored Wharf Structure 

As expected, the frequency variations are not related to 
ambient temperature only, actually they are the effect of several 
conditions. See water level changes several meters, this affects 
the inertial mass of the system and the damping but also affects 
the temperature of the structure. In this case for example, in 
summertime we have an air temperature of 25 degrees and a 
water temperature of 11-13 degrees Celsius. This means that 
the segment of the piles unwater are cooler than those above 
sea level. Additionally, due to the operation of the wharf, 
sometimes they are some boats attached to the structure, this 
generates a stiffening effect. Also, there is loading on top of the 
structure, like containers or trucks changing the mass of the 
system. 

 
Figure 7. Monitored Wharf Structure. Blue modal frequency, 
green ambient temperature. 

These extreme conditions can change the period of the 
system on more than 10%, they are naturally occurring, and 
they are not an indication of damage. To train the SHM system, 
we needed to monitor for at least one to two months to start 
classifying normal parameters under normal operational 
conditions.  

The system operated for two years informing the owners after 
each earthquake that occur in the area. Nearly 10 earthquakes 
were detected and more than 400 impacts due to berthing in the 
two-year period. Some of earthquakes had magnitude 6 and no 
damage was identified. In order give confident answer to the 
stakeholders under these highly changing operational 
conditions, we took the strategy of having a good statistical 
response information, but also focus on the pre-earthquake and 
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after earthquake response. For example, we focus the analysis 
of properties half an hour before the earthquake and half an 
hour later. This strategy proved successful, comparing with the 
long history of response but focusing on the short memory of 
the system give us better information. The statistical limits and 
the history of the effects of temperature, water level and mass 
loading was used as a background information to give the 
appropriate response.  

7 EARTHQUAKES ON BLAST  
Another experience where environmental effects are extreme 

and affected the identifiability of damage was a building 
structure located close to a mine blasting area. In this building, 
located in the high Andes, the blast loads occur every two days 
and were sometimes 1 kilometer away and other times 
extremely close, 20 meters away. More detail can be found in 
(R. Boroschek, Villalpando, and Peña 2019). In this case the 
mine operator wanted to know if the structure was damaged 
after each blast. To give the information on the damage state 
we had 20 minutes to obtain the recorded data, process the 
information, locate the most probable area of damage and 
submit a report. With this information the client could perform 
repairs if it were possible to do it quickly or to stop the 
operation. This procedure was carried once every two day for 
two years. The only way to accomplish the needs of the client 
was to instrument the structure, adapt our SHM software and 
communication system so it can handle all the information, 
quickly, in a robust and precise manner. This was accomplished 
to such a level that the production of the mine increased due to 
the existence of the monitoring system. They were able to use 
a higher blast load than preestablished and increase their 
production because they knew the level of damage was under 
control.   

 
 

 
Figure 8. General View of Snow on Building Area. 

To achieve this objective, we first performed a very dense 
ambient vibration monitoring. Some of the identification 
was done with the structure covered with snow and other 
without the snow, Figure 8. A structural model was 
developed and updated according to the data under different 
ambient and boundary conditions. Because we are in the 
high Andes sometimes, we have very low temperatures and 
high levels of snow on the roof, nearly two meters, and in 
others, temperature was high temperature without any 
presence of snow. These conditions changed the modal and 
response parameters. To include these in a single model that 
could be run in a very short time was difficult, so we 

develop several models of the structures. Each a modified 
version of a basic case, Figure 10. For each model we 
developed fragility curves and a performance base analysis, 
Figure 11. We consider for the analysis the blast demands 
recorded at the site. The results were a series of performance 
criteria for damage, based on level of vibration, interstory 
drift and element response, among others, Figure 12.  
 

 
Figure 9. Stability Diagram of Ambient Vibrations SSI – 
Cov. 

 

 
Figure 10. Typical numerical structural model. 

One of the key issues on the model is to recognize that the 
frequency content of the blast, Figure 13, excites very high 
modes, particularly local element vibrating modes, beams, 
slabs, columns and diagonals of the structure. To capture the 
dynamic properties of the elements, the modeling was very 
detail and incorporated small finite elements. 

Once we have the calibrated set of models, we define the 
sensors layout that will monitor the global response of the 
system. We selected some sensors with high dynamic range to 
capture the ambient and blast accelerations, other just high 
amplitude range to capture the blast loads. All sensors had a 
sensing frequency band at least from zero 200 Hertz. For the 
high sensitivity and large dynamic range, a 24-bit recording 
system was provided. For the high amplitude range we used 
digital sensors, with a 16 bits resolution.  
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Figure 11. Fragility curve for reference demands for a given 
model variant. 

 

 
Figure 12. Location of high demands for one set of blast 
demands. 

There we have more than 60 channels of data. We tried to put 
some strain gauges, to cover some critical damage scenarios, 
but at the end it was not possible due to architectural and 
operational limitation.  

The system had several redundant systems, not only on the 
sensors but also on the communication and analysis system. We 
could not fail, so redundancy and robustness were a key issue 
on the numbers of sensors and their location. The 
communication system was such that we can receive the data 
from the blast on a local server and then sent it to the cloud to 
do the all the computations online. The numerical models were 
in the computers, some of them virtual. As soon as the blast 
occur the input motions, due to ground level vibrations were 
inputted to the set of models and run in parallel. Using the 
continuous ambient monitoring vibrations, we evaluate the 
global change of state, Figure 14. Modal Tracking of Structure 
under Snow and Mass Loading.Figure 14. If there was a change 
of state considering the modal properties 30 minutes before and 
5 minutes after each blast, we had the first indicator that 
damage could have occurred. The set of a numerical model 
responses were also analyzed, and the highest utilization factors 
and localization of possible damage elements were identified. 
A report was automatically generated indicating exactly the 
location of the most probable damage. The report also included 
the first 100 elements that were identified as critical with their 
location in plan. They were order and color coded appropriately 
and included in the report. The performance level of the 
structure and in the case of possible damage the elements and 
their location for easy inspection was sent automatically to the 

client. All this procedure was performed in 20 minutes. The 
client had a crew on the site that did the inspection and in case 
needed some repairs. 

 
Figure 13. Time Frequency decomposition of blast 
sequence. 

We must remember that we are in a changing environment, 
so we have a change of temperature over 20 degrees, variation 
on of snow mass and the usage mass loading on the structure. 
All these changes were considered on the performance levels 
that we set up for triggering the alarm and the inspection 
procedures. The most critical and difficult aspect to handle was 
the snow accumulation on the roof, so after several tries, we 
decided that the best practice was to remove this snow every 
time it accumulates more than 50 centimeters on the roof. There 
was a crew just in charge of this task during the two years of 
the project.  

After the first month of operation, we were able to better 
understand the path and characteristics of the blast waves that 
reach the structure through the ground. We are not considering 
the pressure loading on the building that due to its location it 
was not a predominant hazard. After a few blasts we started to 
understand which time delay trigger sequence and kind of 
explosive generated more risk to the structure. This allowed us 
to work with the blast designer to change its sequence, so the 
different incoming blast waves do not increase the probability 
of damage on the structure. It was a great benefit to have this 
interaction between the different groups.  

 
Figure 14. Modal Tracking of Structure under Snow and 
Mass Loading. 

This procedure has been used in other locations and 
conditions, given excellent results. We are currently designing 
the monitoring system of a very large building, again for 
earthquake and blast to operate again for nearly two years. 
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8 LIMITATIONS  
Despite the success in some complex structures, we also must 
face some situations where it is not feasible due to economic or 
technical restrictions to monitor the structure, for example a 
Molybdenum roaster that uses buckling restrained braces for 
earthquake vibration control, Figure 15. The client wanted to 
monitor if any of these braces had any deterioration after a 
severe earthquake or due to corrosion. After different 
evaluations it turned out that initial and maintenance cost of the 
possible monitoring systems was too high for the benefits so 
SHM was rejected.  

Base on the ideas of (Cawley 2018) I want to list some 
reasons I think we do not have more structural health monitored 
structures. Aside from the liability issues, that worries the 
contractor and the designer, there are other issues that we 
should consider. I think the can be summarize in two factors: 
limits technical human resources and not black box systems 
yet. 

We must recognize that SHM is a relative new subject and 
the number of researchers, technicians and engineers that can 
apply it in a real project, in a reasonable time and with a 
reasonable budget is very limited. So, we have a limited human 
resource to develop so they can install, analyze, operate and 
maintain these types of systems. The more automatic we could 
do these processes then we can expand its use, but for the 
moment this is not possible. SHM systems are not black boxes 
that can be used by non-trained-expert people. To have the 
trained professional we would need as least standard courses at 
the Master level in many universities. This professional should 
be part of a system that allow the interaction of different 
technical capabilities: structural, electronic and software 
engineers is the basic.  

We do not have black boxes because all our structures are 
unique not only by design but also because of the way they were 
constructed and maintained. Trying to determine what to 
measure? and how to measure it? needs complex knowledge 
and in general it is done by highly trained technician or 
researcher.  

Civil structures are in general nonlinear. Could be nonlinear 
elastic or inelastic. If the nonlinearity depends on the action 
characteristics and this action has a high occurrence rate, then 
some learning strategies can be applied to establish 
performance limits. On the contrary if the nonlinearities are not 
frequent and can vary substantially then it can be difficult to 
establish limits. In general, these limits must be defined by an 
experienced user.  

Structural have a high sensitivity to environmental conditions 
that are not simple to parametrize. It changes from structure to 
structure. To understand the relation between the environment 
and the specific structure, we need time and analysis in the 
monitored structure.  

One of the key issues for the stakeholders is to know if the 
system will give the answer to what they are looking for. This 
can only be achieved if a clear question is posed and a clear 
understanding of the structure behavior exist. The relation of 
the measured response and intrinsic structural characteristics 
with the environment and the loading, must be understood to 
set performance limits and this in general takes time and a lot 
of analysis. Depending on budget and technical limitations the 
number of sensors that can be place could not be enough to 

properly capture the change of state that is needed. We need to 
have global and local sensors for appropriate scenarios of 
damage so the probability of detecting a change of state, POD, 
is worth all the effort.  

A structure can undergo many changes that do not require an 
alarm or are indicative of damage to the system. Understanding 
this is again a matter of time, analysis and experience. 

The size of the civil infrastructure can increase the number of 
elements, supports and operational conditions which leads to 
more global and local scenarios damages. These conditions 
could mean more sensors, cables, recording systems and 
analysis strategies to have a reasonable POD.  

Even if we could detect damage, because each structure is 
unique, it is very difficult to establish its remaining operational 
life or the possibility stablishing allowable operational 
conditions in each damage stage.  

But not all the limitations are related to technical issues. 
There are limitations with stakeholders that should know and 
trusting the technology. We have very few business cases that 
they can look at and get the needed confidence.  

Also, a clear distinction between classical monitoring, 
nondestructive testing and SHM is needed. The continuous 
monitoring and analysis are a different strategy and sometimes 
for the client the maintenance cost for long periods of time is 
discouraging. 

 
Figure 15. Complex industrial structure. 

The lack of professional agreed guidelines and standards 
creates difficulties for the SHM developer, the owner’s 
reviewers and the stakeholders on what is possible to do and 
how, and the real benefits that can be reached with a reasonable 
amount of money and technical assistance. Standards will help 
stablished what can be done and cannot be done with the 
current technologies.  

In the past years we have seen some failures of structure 
health monitoring strategies due to incorrect applications of the 
techniques, sensor selection and installation and analysis 
procedures. A guideline could help contribute to control this 
situation and have a healthy grow of this industry. 

The low probability of detection or of occurrence is also an 
issue that must be recognized to develop the business. If the 
change of state associated with a damage has low POD unless 
an intensive local and global monitoring is used, then it could 
be too expensive and discouraging for the client. 

Also, if the consequences of the damage are not important, 
not critical or with a low probability then the stakeholder could 
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be reluctant to implement it. A clear example of low probability 
of occurrence of exceeding a limit state is a strong earthquake 
scenario with a 500-year return period. If this is the demand 
which structures will show a cost/benefit? In Chile after the 
Mw 8.8 earthquake, the 6th largest of the world less than 3% of 
the buildings suffered severe damage, this is good news for the 
earthquake engineering design but indicate that SHM is useful 
but specially for critical infrastructure and investments. 

9 CONCLUSIONS  
Structure health monitoring is already here sensors are cheap, 
the Internet allows us to communicate easily with low cost and 
robustness. We have developed algorithms to analyze and 
identify changes of states that can relate to damage or 
deterioration of the structure. SHM is not massively apply yet, 
but we have signs that if we are able to reduce the costs of the 
instrumentation and the maintenance of the technology, 
package most of the processes in simple and flexible enough 
toolboxes, we increase the number of technicians and 
professional using the technology then we can give the answers 
that the community is already waiting for. 
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ABSTRACT: The paper discusses the main characteristics of some relevant cable structures and demonstrates that generally 
damage occurring in cables can only be assessed using local measurements, including the installed force and mechanical 
properties. A review of techniques for assessment of force and mechanical properties is then made illustrated with examples from 
previous experience.  A specific focus is given to emerging methods for characterization of those properties based on wave 
decomposition and propagation characteristics to enhance their potential in the identification of damage.  

KEY WORDS: Cable structures; Bridges; Damage detection; Vibration measurements; Wave propagation; Structural Health 
Monitoring; Dynamic Testing. 

1 INTRODUCTION 
Cable supported structures are among the ones with most 
complex structural behaviour, given the variety of applications 
involving combinations of members with stiffness of different 
orders of magnitude, usually with a great number of cables, 
which can be tensioned at different stress levels, resulting 
therefore in different degrees of geometric nonlinearity. The 
flexibility of cable structures, combined with the typical low 
damping, are in the origin of a significant proneness to 
vibrations induced by environmental and operational loads, 
which may lead to the occurrence of damage. This is 
particularly relevant in long span bridges. Cable-stayed and 
suspension bridges have been widely constructed in Europe 
since the 1960s, integrating today vast networks of 
transportation infrastructures. In many of those structures an 
accelerated deterioration has been observed caused by higher 
than expected traffic demands and sometimes by the 
malfunctioning of innovative components, resulting in partial 
failures, localized damage, vibrations and excessive 
deformations, in many cases requiring earlier than predicted 
retrofitting [1-4].  

Regarding overhead transmission lines (OHL), a high level 
of standardization has been reached in their design which 
employs today extremely large spans. However, limitations in 
monitoring the condition of active lines explain a still 
considerable lack of knowledge regarding their structural 
behaviour and therefore it is not uncommon the occurrence of 
damage in conductors, insulators, as well as in towers, with the 
consequent disturbances in the distribution of electricity and 
significant economic repercussions.  

Despite the stated complexity of behavior and the recognized 
difficulty in assessing the condition of these structures, there is 
evidence of the insufficiency of the existing inspection and 
maintenance plans in guaranteeing the good performance of 
cable supported structures. It should be mentioned however that 
until very recently the continuous unattended remote 
monitoring of structures was not possible or cost-effective [1], 
and visual inspection played a major role in the management of 

long span bridges, complemented with programmed actions or 
specific measurements [5], the same occurring for transmission 
lines where specific devices have been available for a few 
decades enabling the temporary and limited monitoring of 
active lines. The evolution in computational power and data 
transmission led to a considerable increase of capacity and thus 
monitoring systems measuring variable numbers of quantities 
became a common practice and an integrated component of 
bridge construction and management [6-9]. However, even 
today, cables are very scarcely instrumented and the monitoring 
of their behavior is often outside the scope of implemented 
monitoring systems. This is also a consequence of the difficulty 
in obtaining information on the condition of members that exist 
in a high number (stay cables and hangers) from a necessarily 
limited number of sensors, and it is also due to the actual 
difficulty in extracting information of relevance regarding the 
cable condition from existing assessment techniques. 

Focusing specifically on the particular characteristics of 
cables and on the characteristics of their damaged condition, 
this paper explores the potential of existing instrumentation and 
monitoring techniques in the assessment of the condition of 
cables from cable-supported bridges and from transmission 
lines. This discussion is supported with particular case studies 
from the author’s experience.  

2 CABLE STRUCTURES: SOME PARTICULARITIES 
To understand the behaviour of a cable structure and to assess 
the corresponding condition, it is necessary to characterise the 
importance of nonlinearities and the range of relevant dynamic 
effects. It is also necessary to understand how a damage 
condition translates into measurable information. This section 
addresses these aspects by identifying the range of variation of 
relevant cable and structure properties and their influence on 
the cable condition considering different applications. 

Cable structures are generally formed by an association of 
two different substructures, here designated as primary and 
secondary sub-systems. The primary sub-system (the deck and 
towers, in the case of a bridge) is the part of the structure 
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characterised by higher stiffness and massiveness, while the 
secondary sub-system, represented by the supporting cables, 
has a much smaller stiffness and mass. The two sub-systems 
interact, leading to a complex dynamic behaviour.  Depending 
on the relative importance of the cable-structure sub-systems, 
different static and dynamic characteristics can be found which 
are of different nature for cable-stayed, suspension bridges and 
even for transmission lines. 

 Cable-stayed bridges  

In cable-stayed bridges, the span, together with the 
characteristics of deck and towers, govern the structure 
dynamics and although, from the construction point of view, 
geometric nonlinearity is relevant, it can generally be assumed, 
at least for the short and medium spans, no greater than 500 m, 
that the structure behaves linearly about the dead load 
configuration. Regarding the cables, these are tensioned to at 
least 25 % to 30% the ultimate resistance, what contributes to 
their classification as highly tensioned members and to their 
frequent treatment as tensioned strings. In reality, very long and 
very short cables depart from this consideration as will be 
discussed in the next section. 

A second distinctive characteristic of cable-stayed bridges is 
the great number of stay cables, in the case of the bridges of the 
so-called second generation, in opposition to the small number 
of cables of former cable-stayed bridges. This leads to a high 
redundancy, which is certainly beneficial from the point of 
view of structural safety, but can eventually bring unfavourable 
energy transfer between the structure and the cables in their 
response to dynamic loads resulting in important cable 
vibrations. This characteristic is well illustrated with the case 
of the Guadiana cable-stayed bridge, located in Portugal, with 
a central span of 324 m (Figure 1), consisting of a prestressed 
concrete deck suspended from 128 stay cables spaced at 9 m at 
the deck anchorages. 

 

 
 
 

Figure 1. International Guadiana Bridge (1991). 
 

The fundamental vibration mode of this bridge has a natural 
frequency of 0.391 Hz, and the first cable modes have 
frequencies in the range of 0.781 Hz to 2.969 Hz [10,11]. From 
an ambient vibration test based on records of acceleration 
measured along the deck, singular values of the power spectra 
have been obtained, which are represented in Figure 2, together 
with a colour map of the frequency content of the measured 
acceleration during the test. Superimposed to this colour map 
are marks with the first natural frequency of all stay cables. This 
superposition well evidences the frequency ranges where 
resonance effects could occur considering only first order 
modes. Moreover, the colour map can be divided into two 
areas, one corresponding to the setups 1 to 12, and the other 
corresponding to the setups 13 to 30. The numbering of the 

setups follows the temporal sequence of data acquisition during 
one day of measurements. For the second region, 
corresponding to the second part of the day, a stronger response 
is observed in the first two vibration modes, which coincides 
with the increase of the wind velocity. Besides that, some new 
vibration modes appear in the interval of 0.5 Hz to 1 Hz, which 
are consistent with the frequency of some of the longest cables. 
Indeed, during that part of the day very important vibrations 
were observed in many of the cables, with particular relevance 
to the four longest cables and some of the shortest cables. The 
fact that the colour map was obtained from deck measurements 
evidences this transfer of energy from the cables to the deck, 
which can also occur in the opposite sense, for example as a 
result of the excitation of the deck by traffic loads. Although no 
relevant vibrations were normally observed in the deck, some 
of the shortest cables vibrated strongly when the traffic on the 
bridge was more intense and at least one strand from a cable 
was found broken 25 years after the construction of the bridge. 

This specific accident was widely covered in the news in 
2016 as the strand was observed hanging from the top 
anchorage, but in many cases, especially when external 
sheathing is used, no visual information exists and the question 
is whether the monitoring of the bridge or of that particular 
cable would enable the detection of such rupture. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2. Singular values of the deck acceleration records. 
Colour map of singular values and first natural frequencies of 
stay cables. 

 
To respond to this question, an exercise is made using the 

numerical model of the Guadiana Bridge, where the area of one 
of the 4th longest cables in the central span is reduced to 97% 
and 91% of the initial area, corresponding to the loss of one and 
four strands, respectively. The forces in the stay cables and the 
natural frequencies of the bridge, and the corresponding 
deviations to the undamaged condition are calculated and 
represented in Figures 3 and 4, respectively. 

The analysis of these figures shows that the loss of one strand 
in one cable leads to a variation of force in that cable of 3%, 
which can hardly be detected from vibration measurement, as 
this percentage is within the measurement error interval. As for 
the other cables, force variation is lower than 1%. Figure 3 also 
shows that a greater section loss of about 10% (4 out 37 strands) 
leads to a variation of cable force of 10%, which can be 

 36.0      135.0                                               324.0                                     135.0                36.0  
                                                                666.0 
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detected from vibration measurement of the force in that cable. 
It can also be concluded that no relevant force variation occurs 
for the other cables, including the adjacent cables. 
 

 
Figure 3. Force distribution in stay cables of Guadiana Bridge 
for undamaged and damaged condition of one stay cable. 
Relative difference to undamaged condition. 

 
Figure 4. Natural frequencies of Guadiana Bridge for 
undamaged and damaged condition of one stay cable. Relative 
difference to undamaged condition. 

 
Regarding the natural frequencies of the bridge, the analysis 

of Figure 4 shows that even for a 10% loss of the cable area, 
these change less than 0.2%. Therefore, the global monitoring 
of the bridge would not enable the identification of the cable 
loss of 10% of the area. 

It is of interest to repeat this exercise considering a cable-
stayed bridge of the so-called first generation, where stay 
cables are employed in a small number. The cable-stayed 
bridge at Figueira da Foz, in Portugal, is an example of such 
bridges. The bridge, represented in Figure 5 has a main span of 
225 m suspended from a total of 12 cables continuous over 
saddles on the towers and anchored at 30 m distance on the 
deck. A short simply supported span of 30 m at the central part 
of the bridge renders this structure extremely flexible and 
results in a small degree of redundancy.  

Compared to the Guadiana Bridge, the Figueira da Foz 
Bridge exhibits a similar interval of natural frequencies, with a 
first vertical vibration mode at 0.50 Hz. As only three different 
cable lengths are involved, a narrower interval of potential 
resonance in the first cable mode exists, corresponding to the 
range of 1.2 Hz to 2.2 Hz. 
In order to understand how cable damage translates into the 
structural behavior, the installed force is represented in Figure 

6 for the original condition without damage, and also 
considering 5% and 10% reduction of the section of a medium 
length cable (cable 5, see Figure 5) of the central span. The 
relative deviations of force are also represented. The resulting 
natural frequencies for the three conditions are represented in 
Figure 7 together with the deviations to the undamaged 
condition.  

 
  
 

Figure 5. Figueira da Foz Bridge (1984). 

 
Figure 6. Force distribution in stay cables of Figueira da Foz 
Bidge for undamaged and damaged condition of one stay cable. 
Relative difference to undamaged condition. 

 
Figure 7. Natural frequencies of Figueira da Foz Bridge for 
undamaged and damaged condition of one stay cable. Relative 
difference to undamaged condition. 

 
Figure 6 shows that, compared to the Guadiana Bridge, the 

damage in the medium length stay cable leads to a lower 
variation of the force in this cable, reaching 5% for a 10% loss 
of the section, although affecting slightly more the adjacent 
cables. The local measurement of force would likely and hardly 
enable to detect a cable loss of 10% by comparison with results 
from a previous measurement. As for the natural frequencies, it 
can be observed in Figure 7 that the variations observed with 
respect to the undamaged condition are within 1% and therefore 
would not be identifiable from the monitoring of the bridge 
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deck and towers. It remains as a conclusion that the monitoring 
of bridge frequencies does not provide sufficient evidence of 
cable damage. As for the measurement of cable force using 
vibration measurement, it can be concluded that cable losses of 
at least 5%, in the Guadiana Bridge, and 10% in the Figueira da 
Foz Bridges respectively would be needed to be detectable by 
comparison to a previous measurement. An even more dramatic 
reduction of 10% of the section of all cables has been simulated 
for the Figueira da Foz Bridge. The variation of force and 
frequency is represented in Figures 6 and 7 and helps 
consolidating the conclusion that a redistribution of force with 
a maximum of 6% for the longest cables would be detectable 
from force measurement at the cables, and again natural 
frequencies would suffer variations no greater than 4%, being 
of lower magnitude for deck modes, and therefore not allowing 
the detection of cable damage. On the contrary, a generalised 
reduction in the cable section of 10% would result in a 
maximum vertical displacement of 0.06 m at mid-span, which 
allows to emphasize the importance of combining static and 
dynamic measurements in the identification of damage in 
structures with a lower degree of redundancy. 

 Suspension bridges 

Suspension bridges are usually characterised by a very low 
stiffness and long span. Another characteristic of these bridges 
is that the main cables work with relatively low stress. 
Consequently, they possess very low natural frequencies, in 
some cases very close to the limit sensitivity of the force 
balance type accelerometers typically used in identification 
tests [12]. Although geometric nonlinearity is of greater 
importance for these structures than for cable-stayed bridges, it 
is still a common approach to assume linearity of behavior 
about the dead load configuration. In these bridges hangers 
have varying length and an approximately constant tension, 
therefore varying natural frequencies. Given their function, the 
installed force is lower than in cables from cable-stayed bridges 
and so their diameter is also smaller. The range of hanger 
fundamental natural frequencies may be wide considering the 
length varies from a few meters at the mid span to a length 
similar to the tower height above the deck, although resonances 
in fundamental modes of the bridge are less likely than in in the 
case of cable-stayed bridges. As an example, reference is made 
to the 25th April suspension bridge, in Lisbon, with a main span 
of 1013 m, whose fundamental horizontal and vertical vibration 
modes have natural frequencies of 0.07 Hz and 0.116 Hz, 
respectively [13], and whose hanger fundamental frequencies 
vary from about 0.75 Hz to 39 Hz.  The latter interval suggests 
the potential for vortex-shedding vibrations of some hangers, 
aspect that has indeed been an issue in several suspension 
bridges.  

Regarding the main cables, the in-plane and out-of-plane 
vibrations are of different nature in view of the restrictions 
introduced by the hangers. So, vertical in-plane modes 
necessarily involve the combined participation of the main 
cables and the deck, leading to natural frequencies that are 
slightly higher than those of the cable-only tensioned at the 
same force. Horizontal vibration modes, on the contrary, are a 
lot more complex, as they can include lateral deck displacement 
only, cable displacement only, with different combinations of 
the two edge cables configurations (in-phase, in opposition of 
phase, …), and certainly combinations of deck and cables 

modal displacements.  This characteristic results in a very 
complex identification problem, as many natural frequencies 
are present and very lowly spaced. In the case of the 25th April 
Bridge, for example, about 50 natural frequencies exist in the 
interval below 0.50 Hz.  

Considering the discussed aspects, identifying the force in 
the main cables becomes a difficult problem if using the 
vibration method applied directly to the main cables. The 
technique of extracting the force from in-plane cable 
measurements would not be applicable, given the deck 
participation in the global in-plane response. On the contrary, 
local vibration modes identified from horizontal measurements 
may be used in force estimation, but this requires simultaneous 
deck measurements to enable a clear separation between local 
and global cable vibration modes, and also several 
instrumentation sections along the cable. This can be 
exemplified with the representation of some calculated 
vibration modes of the 25th April Bridge [14]. The first 
horizontal mode shown in Figure 8 involves simultaneous 
vibration of the deck and cables in the central span and cannot 
be used to identify the cable force. On the contrary, a half span 
cable mode is observable, which could be used to identify force 
provided that the modal configuration would be clearly 
identified from various measurements along the cable. Care 
should be taken however regarding the possible superposition 
of very closely spaced frequencies associated with different 
combination of the local modes of the upstream and 
downstream cables, as also shown in Figure 8. 

 

 

 

 
Figure 8. Some horizontal vibration modes of 25th April Bridge. 
Representation of deck (solid line) and main cable (symbols, 
upstream and downstream) modal displacements. 

 
A second alternative regarding the identification of force in 

the main cable consists in summing up the force identified in 
the hangers, which could be again obtained from vibration 
measurement, and introduced as input in analytical formulae 
relating cable tension with chord length, distributed force and 
sag. In this case, some difficulty might be felt in the estimation 
of force in the shortest hangers. 

As for the identification of damage, studies have been made 
on an analytical basis [15] evidencing that the reduction of the 
cross-section of the main cable would be more easily observed 
in symmetric than in anti-symmetric modes. However, given 
the length of the cable and the localized nature of typical 
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damage, it has been concluded again by the author that 
relatively small and localized damage, for example leading to a 
10% reduction of the cross-section, would not lead to 
measurable variations of natural frequency, even of the local 
cable modes. In this regard, mention is made to the possibility 
of exploring distributed cable measurements enabled by fibre 
optic sensors to identify sections with curvature change due to 
localized damage. This is an ongoing investigation within a 
research project by the author [16]. 

 Transmission lines 

Transmission lines are probably the most complex structures to 
assess, considering the difficulty in measurement of a line in 
tension, but also the complex dynamic behaviour resulting from 
their geometric and material nonlinearity and the very lowly 
tensioned cable supported on flexible towers. This is further 
enhanced by the wide range of frequencies associated with the 
various associated vibrating phenomena.  

In effect, cables from transmission lines have very low 
fundamental frequencies, significant sag and high Irvine 
parameters [17], which result in multiple cross-overs and in the 
non-validity of the vibration string formula to assess force. On 
the contrary, simplified formulae incorporating only geometric 
nonlinear effects may be easily used to assess force and the 
corresponding variation, especially as a consequence of the 
thermal changes associated with the transport of electricity. It 
is stressed that the measurement of temperature and 
deformations at one or more sections along the cables using 
fibre optic sensors constitutes an important tool for the 
management of electric lines, as the current approach is to make 
an analytical-based estimation of temperature that may 
significantly differ from the site information. As for the 
dynamic behaviour, cables from transmission lines may exhibit 
very high amplitude vibrations at very low frequencies if 
affected by galloping due to ice accretion, for example, or by 
interference effects from adjacent cables, but also very small 
amplitude vibrations at very high frequencies, reaching 100 Hz, 
in this case, due to vortex-induced vibrations, here designated 
Aeolian vibrations. While the first two vibration types are 
relatively rare and induce relatively large stress cycles (which 
are nevertheless below the fatigue relevant stresses, if 
appropriately designed), Aeolian vibrations are extremely 
frequent and are in the origin of fatigue problems that result in 
broken wires close by the cable supports and damper clamps, 
broken insulators and, in the limit, in the breakage of the cables. 
In effect, while the cables from cable-stayed bridges exhibit 
vortex-induced vibrations for typical mean wind velocities of 
10 m/s to 20 m/s (10-minute averaged), the cables from 
transmission lines exhibit Aeolian Vibrations for wind 
velocities of 2 m/s to 10 m/s, what is a result of their small 
diameter. Since these vibrations are associated with frequencies 
of 20 Hz to 100 Hz, their experimental assessment requires high 
sampling frequencies. 

This aspect is illustrated with the measurements made on a 
de-activated span of a transmission line with a 595 m length 
[18]. The scheme of the SHM system installed in the line is 
represented in Figure 9 and includes instrumentation of the top 
of one tower (P) with two accelerometers (longitudinal and 
transversal to the line) and with one sonic anemometer, and the 
instrumentation of one conductor with accelerometers in two 
sections (A and C), in-plane and out-of-plane, and with fibre 

optic sensors to measure strains and temperature in 5 sections 
(A to E). 

 
Figure 9. Instrumentation of transmission line: scheme of 
monitoring system. 
 

With short interruptions due to maintenance and power 
shortage, the monitoring system was active for two years and 
collected data continuously between April 2017 and April 
2019. In particular, from August 2018 to April 2019, 
Stockbridge dampers were installed in the line, and so it was 
possible to assess and compare the response of the conductor 
with and without a vibration mitigation system. 

The colour maps presented in Figure 10 show the frequency 
content of the vertical acceleration of the conductor at section 
A during the two-year measurement period, where it can be 
observed that the frequency content ranges from 0 to 50Hz, 
with the dominant contribution in the range 10Hz to 50Hz. 
Figure 10 also presents a detailed frequency analysis of the 
same records in the range from 0 to 10.4 Hz, where faint closely 
spaced bands evidence the numerous cable modes and the two 
more pronounced bands with the frequency of about to 1.7Hz 
and 3.6Hz evidence interaction effects with the tower 
frequencies. 

The evidence of Aeolian Vibrations in this transmission line 
is shown in Figure 11 where the 10-minute RMS values of the 
acceleration recorded in the conductor at the sections A and C 
(see Figure 9), in-plane and out-of-plane, are plotted against the 
mean 10-minute wind velocity for the dominant wind 
directional sector with 30° angle, before and after installation 
of Stockbridge dampers. In these plots, the quadratic 
dependency of the conductor response with the wind velocity 
reflects the buffeting response, with a maximum RMS value of 
about 1 m/s2 for a maximum mean wind velocity of about 18 
m/s. This response is not relevantly attenuated by the presence 
of the Stockbridge dampers. On the contrary, high RMS 
amplitudes, reaching 3 m/s2 can be observed for mean wind 
velocity in the range of 2 m/s to 5 m/s and these are attenuated 
more than 3 times by the presence of the Stockbridge dampers. 
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Figure 10. Colour map of in-plane acceleration spectra at 
section A  for 1-hour records from April 2017 to April 2019. 
Representation in the range 0-125 Hz (top) and 0-10.4 Hz 
(bottom). 

 
Figure 11. Rms values of acceleration of conductor vs mean 
wind velocity, before (left) and after (right) installation of 
Stockbridge dampers. 

Since the wind velocity range of 2m/s to 5 m/s occurs every 
day, Aeolian vibrations are very frequently present in 
transmission lines. In the present line, it was concluded that 
they would occur for about 30% of the daytime. It is therefore 
necessary to assess the fatigue resistance of the cables and to 
ensure that dampers are added to guarantee the design service 
life. A specific procedure has been developed by CIGRÉ for 
this purpose [19], which provides an estimation of the lifetime 
of a line from the measurement of vibration cycles and the 
construction of stress variation histograms. The 
characterization of the line condition is then based on the 
instrumentation using an autonomous device mounted on the 
cable close by the fixation which comprehends an LVDT 
transducer, a battery and a memory disk. Due to battery and 
memory limitations, this device is normally programmed to 
record the relative displacement of the cable during 10s on 
every period of 15 minutes for three months, and the cable 
lifetime is estimated from the extrapolation of the data 
collected. The application to the transmission line conductor 
above described using both accelerations and strains [20] has 

shown that this short duration measurement may lead to 
unconservative estimates of the cable lifetime.  

3 TECHNIQUES FOR IDENTIFICATION OF DAMAGE 
IN CABLES 

From the previous section, it could be concluded that small 
amounts of damage in cables can very hardly be identified from 
the variation of global parameters of the structure, as natural 
frequencies and vibration modes, and instead needs to be 
addressed on a more local basis, for example using force 
variations.  

This section discusses different techniques to assess force 
from vibration measurements and introduces a new method to 
characterize damage incorporating the characterization of the 
bending stiffness and shear coefficient. 

 Vibrating chord and derivate methods  

In the original vibrating chord theory, the natural frequency of 
a cable is related to the installed tension by an explicit formula 
depending on the distributed mass and the free length of the 
cable. The validity of the application of this formula has been 
established for relatively long highly tensioned cables as long 
as the corresponding first 5 natural frequencies vary linearly 
with their order [21]. The simplicity of this methodology has 
led to a wide application in construction and inspection surveys 
[10,22,23]. With some improvements, this methodology has 
also been applied to more complex cases, involving for 
example very long sagged cables, short stiff cables, low 
tensioned cables and cables anchored on flexible supports. For 
these cases, specific formulae based on simplified analytical 
solutions have been used [24, 25], as well as numerical 
formulations allowing the identification of various cable 
parameters from the measurement of sets of natural frequencies 
and particular assumptions respecting the boundary conditions 
[26-29].  

Nevertheless, it is noted that, while these formulations 
adequately represent the dynamic characteristics of cables for 
ranges of dispersive behaviour, there remains uncertainty for 
the definition of some parameters. These are, namely, the exact 
degree of constraint at the anchorages, the bending stiffness 
(that depends itself on the cable deformation and tension), and 
eventually, the exact cable length. It is therefore highly relevant 
to define all estimates of cable force by confidence intervals, 
considering the particular uncertainties of the problem under 
analysis and the intervals of variation of the various quantities 
involved in the cable estimation.  

At the same time, and given that experimental techniques 
have immensely improved in recent years, it is presently 
possible to obtain very accurate estimates of cable frequencies 
for many vibration modes other than the first two. This allows 
the simultaneous identification of force and some of the 
uncertain governing parameters, using optimisation criteria and 
curve-fitting techniques [22,28,29].  

On another perspective, considering also the progress in the 
numerical modelling of complex structures, finite element 
models have been combined with experimental testing and 
identification techniques to address simultaneously the 
problems of non-ideal support and unknown bending stiffness 
[30]. This was the case with the assessment of the force at 
different cables of the London 2012 Olympic stadium roof, 
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which involved cables with spans of 5 m to 35 m in length, with 
diameters of 25 m to 80 mm and with varying stress levels [31]. 
Figure 12 shows schematically the disposition of these cables. 
The relative length of the sockets of the radial cables was one 
of the aspects that deserved a specific consideration in terms of 
demanding an adequate model of the end constraints. Figure 13 
shows different numerical models that were defined and 
adjusted based on the measured natural frequencies and the 
validation of the final adjusted model was made from the 
identification of vibrations modes as shown in Figure14. 

 
Figure 12. Partial representation of assessed cables at the 2012 
London Olympic stadium roof [31]. 

 

 

 
Figure 13. Example of assessment of force in cable with 
complex supports: Different numerical models. 

 
Figure 14. Experimental validation of numerical model from 
mode shape identification [31]. 

In a similar exercise, different propositions have been made 
by other authors to use identified mode shapes and the position 
of their nodes to determine an equivalent free length of the 
cable [32,33] and improve the characterisation of end 
conditions. In this particular aspect and when short cables are 
the target of the analysis, reference is made to the interest in 
exploring a varying length according to the vibration mode 
order, considering that the different participation of different 
order modes in the global response may be associated with 
different end constraints. 

This aspect can be illustrated for the cables of a cable-stayed 
bridge in Madeira Island that is described in [30]. With a central 
span of 92 m and two side spans of 46 m (Figure 15), the 
viaduct was the object of an inspection and force was assessed 
in all cables, which have lengths of 18 m to 49 m.  

 
Figure 15. Viaduct of Comboio, Madeira Island. 

For some of the cables, it was observed that the numerical 
fitting of a finite element model using the measured natural 
frequencies implied that different lengths needed to be used. 
Iterative variations of the cable length, even including bending 
stiffness effects, have then been simulated to better 
approximate the measured frequencies. A pattern was observed 
consisting in a first measured frequency systematically higher 
than the numerical and higher-order frequencies systematically 
lower than corresponding numerical values for the matched 
force, for each length tested. This can be observed for an 
intermediate cable with calculated and identified natural 
frequencies systematized in Table 1. It was concluded that 
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neoprene guides inside the pipes could constrain vibration and 
act as simple supports. The modelling of that condition, with 
results designated by (3) in Table 1, indicates that it is only 
valid for the first frequency (considering the highest 
contribution in terms of deformation). For higher-order modes, 
the non-consideration of this inner support should apply. 

Table 1. Study of length and EI influence on cable frequency 

Mode no. 
Natural frequency (Hz) 

EI=0, L 
(1)  

EI=31Ist, L 
(2) Exp. EI=31Ist, L’  

(3) 
1 4,229 4,2478 4,4434 4,4159 

2 8,4577 8,4948 8,4277 8,8311 
3 12,689 12,743 12,7539 13,248 
4 16,924 16,993 16,8262 17,667 

L=33,49 m; m=50,85 kg/m; No. strands: 37; Area: 51,8cm2; 
E=196,5GPa; T=4080kN; =4,0e-3; L’= 32.82 m 

 

 Vibration propagation methods 

In addition to the many studies conducted for the assessment of 
cable force based on modal approaches, a new line of research 
is gaining importance in recent years focusing on the 
decomposition of the vibration modes in their wave 
components and on the consideration of their independency on 
the end constraints to improve the estimation of force [34].  
More recently, the variation of these wave components as a 
consequence of damage has been explored in the perspective of 
the detection and identification of cable damage [35]. The idea 
is that, if a localised excitation is applied at a given cable 
section, longitudinal and transverse waves will be generated 
which will propagate along the cable. Two distinct 
methodologies are presented in the literature to identify these 
waves: the one described in [34] demands the instrumentation 
of at least five sections (to fully characterize the complex 
boundary conditions of the considered segment) [35]. The 
second methodology [36] only requires two sensors and, by 
means of an wavelet transform, extracts these properties from 
the direct non-reflected propagation waves from the impact 
location, eliminating the effect of non-ideal conditions at the 
interfaces. Given the practical applicability, this methodology 
has been used in one-dimensional media such as beams or rails 
[35].  

The properties of reflected waves due to discontinuities 
associated with cracks and wire breaks have also been used in 
the context of guided ultrasonic wave propagations methods 
employed in the identification of damage in cables from 
suspension bridges [37] and transmission lines [38]. 

 New approach for damage assessment in cables  

Focusing on the propagation of transverse waves and on the 
relation between the velocity of propagation and the 
characteristics of the propagating means, as force, bending 
stiffness and shear coefficients, a new approach to detect 
damage is being developed, which takes advantage of modern 
instrumentation and of the capacity to sample at very high 
frequencies [39, 40]. 

The developed method consists on the direct measurement of 
the velocity of propagation of transverse waves between two 
relatively close sections of a cable generated from an impulse. 

The technique can be illustrated with the scheme of Figure 16 
and was first applied to a cable from a small cable-stayed bridge 
with a length of 9.1 m, formed from a solid bar with a diameter 
of 28.6 mm made of stainless steel [39].   

Figure 16. New technique to identify cable properties from the 
measurement of the velocity of propagation of transverse 
waves. Application to a cable from a small cable-stayed bridge. 

The application of a time-frequency analysis based on the 
wavelet transform to the records collected at the sections S1 
and S2 enables to identify the time arrival of each frequency 
wave, as illustrated by the scalogram of Figure 17, and 
therefore the determination of the group velocity, which is a 
function of the cable properties and installed force and has 
dispersive properties, as illustrated by the experimentally built 
relation also shown in Figure 17. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

 

Figure 17.  Assessment of dispersion relations in a cable: 
scalogram of the response at S1 (top); experimental and fitted 
dispersion relation. 

dS1,S2dS0,S1

S0 S1 S2
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As can be observed in Figure 17, although the relevant 
natural frequencies of the cable are below 10 Hz, the velocity 
of propagation can reach about 2000 m/s at a frequency of 10 
kHz. To accurately characterize the velocity of propagation, it 
is necessary to sample at very high frequencies, at least 2 kHz. 
Besides that, the need to determine the dispersive relation at 
such a wide frequency amplitude is due to the fact that this 
relation has an asymptote that is deduced in [30] for the 
Timoshenko beam and that can be expressed as a function of 
the section properties 

√𝑐𝑡
2 + 𝐺𝐴𝐾 𝜇⁄     (1) 

where ct is the taut string velocity of propagation, 𝑐𝑡 = √𝑇 𝜇⁄ , 
T is the installed force,  is the distributed mass of the cable, G 
is the distortion modulus, A is the cross-section area, and K is 
the shear coefficient of the cross-section. 

The fitting of the experimentally obtained dispersive relation 
can therefore provide an estimation of the quantities T, EI and 
K, assuming the distributed mass of the cable is known. 

The studies developed in [39] and the application developed 
in [40] evidence that the fitted dispersive relations have 
different sensitivities to the different parameters to identify. 
The installed force, for example, is only sensitive in the low 
frequency range, where the frequency resolution is relatively 
poor due to the short duration of the records associated with an 
impact excitation. This compromises the accuracy of the 
identification of force and demands for combined identification 
using the identified group velocity and the natural frequencies 
used in the vibrating chord derived formula. On the contrary, 
the flexural stiffness and the shear rigidity are very sensitive in 
the high-frequency range and therefore it is expected that high-
quality estimates of these parameters can be obtained. 
Moreover, this suggests that these parameters constitute 
damage-sensitive features. Going back to the initial sections of 
this paper, it is noted that the breaking of a wire in a multi-wire 
section does not greatly alter the installed axial force, as there 
is redistribution of stresses to adjacent wires but changes the 
local stiffness properties of the cable section are more evident.  

To summarise, assuming a suitable analytical or numerical 
model for the cable, the experimentally calculated velocities of 
wave propagation can be used in the inverse problem of 
estimating cable parameters, such as the axial force and the 
bending or shear stiffness. The latter possibility is of paramount 
importance since local evaluations of these properties are not 
possible using traditional techniques, but research is needed to 
validate the results achieved with site experiments. 

4 CONCLUSIONS 

The paper focuses on the characteristics of cables from 
different cable structures and introduces some sensitivity 
studies that enable to demonstrate that a small percentage of 
cable damage is generally not translated into parameters that 
are easily observable in global characteristics of the structure, 
as natural frequencies and vibration modes but instead are 
normally associated with slight variations of force, requiring, 
therefore, local measurements to be assessed. A review is then 
presented of techniques available to identify forces, and the 
limitations of the most common techniques regarding 
uncertainty in the definition of boundary conditions are 

discussed. Reference is then made to a new generation of 
methods that are based on the decomposition and propagation 
of waves, which enable in particular the identification of 
mechanical characteristics, as the flexural and shear stiffness, 
quantities that may constitute damage-sensitive features. 
Although validation of such techniques is still needed, these 
open new perspectives in the assessment of cable damage. 
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ABSTRACT: In the past decade, much attention has been paid to the research, development, and application of structural health 
monitoring worldwide. Sensors based on the fiber Bragg grating (FBG) technology have the special potentials of being lightweight 
and small in size, inert and corrosion-resistant, immune to electromagnetic interference (EMI), easily multiplexed, and 
multifunctional (they may measure strain, temperature, pressure, vibration and so on), which make them promising candidates for 
the structural health monitoring.  

This presentation serves as a tutorial to introduce the optical fiber sensors developed by our research group, in particular FBG 
sensors for structural health monitoring, presenting their operating principles, types, major components, and merits. In addition, a 
new acquisition device demodulating electrical and optical signals has been developed. Finally, the state-of-the-art of FBG sensors 
applications and new devices for structural health monitoring in practical projects will also be introduced.  

 
KEY WORDS: Structure health monitoring; infrastructure; sensing technology; FBG; signal processing; system identification.

1 INTRODUCTION  
With the extensive utilization of key infrastructures, such as 
long-span bridges, large-scale space structures, and high-rise 
buildings, in various engineering applications, the need of 
accurate and robust structural health monitoring (SHM) 
techniques for them has been the major topic of many research 
efforts striving to enhance the safety and reliability, while 
reducing the operation and maintenance costs of the 
infrastructures [1]. Recent advances in sensing, 
communication, and storage technologies have also enabled the 
use of broad-scale SHM system in the infrastructures. The so-
called SHM, formally defined by Housner et al [2]. in the late 
20th century, refers to the use of in-situ, continuous, or regular 
measurement and analyses of key structural and environmental 
parameters under operating conditions for the purpose of 
warning impending abnormal states or accidents at an early 
stage to avoid casualties as well as giving maintenance and 
rehabilitation advice [2]. In general, a typical SHM system 
includes three major components: a sensor system, a data 
processing system (including the data acquisition, 
transmission, and storage), and a health evaluation system 
(including the diagnostic algorithm and information 
management) [3]. The SHM systems are generally envisaged 
to: validating the modification to an existing structure; 
assessing the safety and performance of structures affected by 
external works; tracking a long term movement or degradation 
of materials in critical structures; providing a feedback loop to 
design; estimating the fatigue life; checking the novel systems 
of construction and new structural forms; evaluating the post-
earthquake structural integrity; enhancing the effectiveness of 
resources as construction declines and maintenance needs 
increase; catering for the move towards performance-based 
design philosophy; etc. [4].  

 
 

   Over the last decade, the developments in this most rapidly 
increasing research field have attracted special interests to the 
scientists and engineers. Successful implementations of long-
term SHM systems to infrastructures have been widely reported 
in the literature [5]. Typical examples are mostly on long-span 
bridges, such as the Confederation Bridge in Canada [6], the 
A14 Huntingdon Railway Viaduct in United Kingdom [7], the 
Akashi Kaikyo Bridge in Japan[8], the Tuas Second Link 
between Singapore and Malaysia[9], the Great Belt Bridge in 
Demark [10], the Saint-Jean Bridge in France [11], the Tsing 
Ma Bridge in Hong Kong of China [12], the Sunshine Skyway 
Bridge in United States [13], the Europabrucke bridge in 
Austria [1], the Sutong Bridge in mainland of China [14]. Some 
other experiences in a number of real-world applications of 
SHM were also widely reported. For example, the two high-
rise buildings in United States [15], the new Circle Line Stage 
3 subway in Singapore [16], the Marco Polo tension leg 
platform in United States [17], the Canton Tower in mainland 
of China [18], the San Siro Meazza stadium in Italy [19]. Far 
too many applications exist to mention them all in this paper. 
With the widespread implementation of SHM technology, its 
real-time and long-term role is gradually revealed. For instance, 
the monitored vibration amplitude in the Akashi Kaikyo Bridge 
was found only about one-third of the calculated value using 
the wind-resistant design standard. Through the gust response 
analysis and field monitoring data of natural winds, it was 
found that the actual value for spatial correlation in the natural 
wind was lower in the low-frequency region than the spatial 
correlation assumed in the wind-resistant design standard [8]. 
This provides a good basis for the revision of wind-resistant 
design standards. Peeters and Roeck [20] conducted a study 
devoted to monitoring the effect of changing environmental 
conditions on structural vibration properties on the Z24 Bridge 
in Switzerland. It was observed that the first four vibration 
frequencies varied by 14% ~ 18% during the ten months. 
Without a doubt, the SHM system can offer valuable 
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information in evaluating structural durability, reliability and 
integrity, and in ensuring optimal maintenance planning and 
safe infrastructure operations. Directions in the SHM are being 
identified as advanced sensing (smart, bio-inspired, nanometer, 
wireless, and remote sensing, etc.); massive data management 
and storage; efficient data mining, fusion, diagnostic and 
identification methods, and presentation of timely and reliable 
information to infrastructure managers for the decision making 
on maintenance [21]. 

2 FBG SENSORS AND DATA ACQUISITION SYSTEM 
Conventional sensors and corresponding data acquisition 
system are usually infeasible to apply to large infrastructures 
for long-term monitoring, which make the advanced sensor and 
acquisition system become one of the major focuses of the 
SHM research [22][23]. Particular examples developed in the 
RCSHMC are novel fiber optic sensors (FOS), global 
positioning system (GPS), piezoelectric transducers (PZT), and 
data synchronous acquisition system (DSAS). 

 Fiber Bragg grating strain sensor  

The schematic diagram of a FBG strain sensor is presented in 
Figure 1, which consists of a fiber Bragg grating, two gripper 
tubes, and two mounting supports [24]. The fiber on both sides 
of an FBG is packaged with the epoxy resin in two gripper 
tubes, which are installed on the mounting supports by the 
adhesive or solder. Since the FBG area is not in contact with 
the epoxy resin, the FBG strain sensor eliminates multi-peaks 
of reflective light from the FBG induced by the non-uniform 
bonding distribution of epoxy resin. When the thickness of the 
glue is less than the diameter of an optical fiber, the stress 
transferring loss between the epoxy resin and fiber can be 
neglected, as it has been discussed in detail, and the 
deformation of gripper tube and FBG are written by 

 
 

Δ𝐿𝑠 =
𝑃𝑠𝐿𝑠

𝐸𝑠𝐴𝑠

 , Δ𝐿𝑓 =
𝑃𝑓𝐿𝑓

𝐸𝑓𝐴𝑓

  

 

 
(1) 

where 𝐸𝑠,𝐸𝑓, 𝐴𝑠 and 𝐴𝑓 are the Young’s modulus and sectional 
area of gripper tube and fiber, the distance between two 
mounting supports and the length of fiber are 𝐿 and 𝐿𝑓, and 𝑃𝑠 
and 𝑃𝑓 are the internal tension forces in the fiber and the gripper 
tubes, respectively.  
   Since values of tension forces are constant throughout the 
sensor structure, 𝑃𝑠  equals to 𝑃𝑓 . Therefore, the strain ratio 
between the gripper tube and fiber can be expressed as follows 
 
 𝜀𝑠

𝜀𝑓

=
Δ𝐿𝑠/𝐿𝑠 

Δ𝐿𝑓/𝐿𝑓

=
𝐸𝑓𝐴𝑓

𝐸𝑠𝐴𝑠

      

 

 
(2) 

   Table 1 presents the mechanical properties of the FBG strain 
sensor. The strain ratio is obtained by substituting the 
parameter values into Eq. (2) as  
 
 𝜀𝑠

𝜀𝑓

= 0.0084     

 

 
(3) 

Table 1. Mechanical properties of the optical fiber. 
Component Young’s modulus[Pa] Diameter[mm] 

Fiber core(𝐸𝑓) 72 × 109 0.125 
Gripper tube(𝐸𝑠) 210 × 109 0.8 

 
 

 
Figure 1. Schematic diagram of FBG strain sensor packaged by 
two gripper tubes. 

   It is drawn from Eq. (3) that the strain of the gripper tube can 
be neglected in contrast with the strain of fiber in the above 
sensor construction. The fiber between two gripper tubes bears 
nearly the whole deformation between two mounting supports. 
For an FBG with the central wavelength of 1550 nm, the 
relation between the shift of the central wavelength of FBG and 
the strain of the sensor can be written by 
 
 

𝜀 =
𝐿𝑓

𝐿
𝜀𝑓 =

𝐿𝑓ΔλFBG

1.2𝐿
 

 

 
(4) 

   The strain sensitivity of the sensor is determined by the ratio 
of the distance between two mounting supports 𝐿  and the 
length of fiber between two gripper tubes 𝐿𝑓, as shown in Eq. 
(4). For the case that 𝐿  is bigger than 𝐿𝑓 , the sensor has a 
mechanical structure of strain sensitivity amplification. A 
suitable strain sensitivity of FBG strain sensor can be obtained 
by adjusting the ratio between 𝐿𝑓 and 𝐿. 
   To characterize the working performance of FBG strain 
sensor in the dissimilar host material with the different Young’s 
modulus, a series of calibration tests of FBG strain sensor were 
conducted on the steel and plastic plates, of which the Young’s 
modulus were 2.1 × 105 MPa and 3 × 103 MPa respectively. 
An FBG strain sensor and a strain gauge were mounted directly 
on the plates within the cyanoacrylate adhesive. The tensile 
tests in the steel and plastic plates were then carried out in the 
material testing system. Experimental strain sensitivities of 
FBG strain sensor in the steel and plastic plates are 0.501 με/pm 
and 0.487 με/pm, respectively. The experimental values agree 
well with the calculated strain sensitivity of the FBG sensor. In 
addition, the strain transferring loss in the plastic plate is very 
small and can be neglected. Results prove that the FBG strain 
sensor works well on the host materials with the low Young’s 
modulus, such as plastic.  
   Reliability is an important aspect of any sensor, especially in 
terms of long-term monitoring of civil structures, such as dams 
with 50 ~ 100 years of service life. In order to investigate the 
reliability of the FBG strain sensor, a standard steel plate, on 
which the small scale FBG strain sensor was mounted by the 
epoxy, was used as a test structure with a continuous 
deformation loaded by a material test machine (MTS810) in 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure 

67 

Figure 2, which applied axial force from 0 to 10 kN at a 
constant frequency with 20 Hz. The maximum and minimum 
wavelength values of the FBG strain sensor were kept constant 
during the fatigue test with 45,000 cycles. The minor shift of 
wavelength peak, which is only 40 pm, can be neglected for the 
thermal expansion of the sample plate and the micro variation 
of force actuated by the MTS machine. The results demonstrate 
that the behavior of FBG strain sensors is steady and repeatable 
in the reliability test. 
 

 
Figure 2. Fatigue reliability test set-up of FBG strain sensor. 

 

 FBG temperature sensor 

It is known that the wavelength shift of reflected light is 
influenced by both strain and temperature. For a bare FBG 
without any packaging, the sensitivity from strain, which is 
about 1.2 pm/με, is usually much higher than the temperature, 
which is about 10.8 𝑝𝑚/°𝐶 at 𝜆𝐵 = 1510 − 1590 𝑛𝑚. In the 
design of the FBG temperature sensor, several novel techniques 
are presented availably to eliminate the adverse effect of strain 
and remarkably improve the thermal sensitivity.  
   For the FBG temperature sensor to be attractive for practical 
application, the outer shape of the sensor housing is of 
significance. Figure 3 shows the examples of FBG temperature 
sensors with enhanced and non-enhanced sensitivities, which 
were packaged by a stainless-steel tube and cube, respectively. 
For the purpose of sensor calibration, the FBG sensor was 
totally immersed in the epoxy resin. By controlling the 
temperature of the epoxy resin, the Bragg wavelength changes 
of the FBG temperature sensor accordingly are measured. 
Thus, the FBG temperature sensor can be calibrated by 
comparing it with the measured temperature difference. The 
FBG temperature sensor shows a rapid slope of its 𝜆𝐵(𝑇) 
characteristics in Figure 4. The temperature sensitivity 
is𝜕𝜆𝐵/𝜕𝑇 = 26.89 𝑝𝑚/°𝐶, and is approximately three times 
larger than the theoretical value of a bare fiber Bragg grating, 
which is typically 𝜕𝜆𝐵/𝜕𝑇 = 10.8 𝑝𝑚/°𝐶 at the wavelength 
range of 𝜆𝐵  =1510-1590 nm. Considering the wavelength 
accuracy of the demodulation system is 1 pm, the measurement 
accuracy of tube-packaged FBG temperature sensor exceeds 
0.1°𝐶. 

 
Figure 3. Temperature sensing characteristics of FBG 
temperature sensors with enhanced sensitivities. 

 
Figure 4. Temperature sensing characteristics of FBG 
temperature sensors with non-enhanced sensitivities. 

 

 Polytypic and synchronous data acquisition device 

In the field of SHM, more and more kinds of sensors have been 
applied to sense many physical measurements, such as the FBG 
for the strain and electric sensors for the acceleration, pressure, 
displacement, inclination, and so on. A critical demand for a 
general-purpose data acquisition device to synchronously 
measure a great amount of polytypic sensors has been proposed 
to satisfy requirements of data processing, calculation, and 
structure analysis in some SHM projects. The general 
requirements for an ideal general-purpose data acquisition 
device are as follows:  
• high resolution with a large measurement range and high 

stability of wavelength measurement for the FBG 
interrogation;  

• high precision measurement and multiplicity of sensor 
types;  

• good synchronization of data sampling for both optical and 
electrical sensors;  

• robustness in the harsh environment. 
A polytypic and synchronous data acquisition device system 
has been developed to measure the FBG sensors and electric 
signals, including voltage, current, and digital I/O, which have 
covered most types of electric sensors. Figure 5 shows a 
schematic diagram of polytypic and synchronous and 
synchronous data acquisition device. 
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Figure 5. Schematic diagram of polytypic and synchronous data 
acquisition device. 

   This polytypic and synchronous data acquisition device 
showed in Figure 6, is featured with the following 
characteristics as listed in Table 2.  
(a) A high-power, low-noise swept laser source for the FBG 
demodulation. Using a swept laser source instead of a 
broadband source yields many advantages such as greater 
distances to the FBG sensors (tens of kilometers) and multi-
channel functionality (up to 45), wide tuning range (80 
nanometers) with more than 100 sensors per fiber, a narrow 
source that provides better repeatability and accuracy (sub 
picometer), fast laser scanning for dynamic measurements (up 
to KHz), real-time built-in Calibration that means no periodic 
recalibration required. 

 
Figure 6. Polytypic and synchronous data acquisition device. 

Table 2. The specifications of polytypic and synchronous data 
acquisition device. 

 iFBG-S15 

Sampling Rate 2 Hz 
Resolution 1 pm 
Protocol TCP/IP 

Bandwidth 80 nm 
FBG channels 15 

Electric sensor channels 48 
 
(b) A synchronous data acquisition mechanism for polytypic 
signals. In this system, the signals from FBG and electric 
sensors passes through FBG demodulation module, voltage 
module, current module, and digital I/O module, respectively, 
which are controlled by FPGA (Field Programmable Gata 
Array), as it is shown in Figure 5. The FPGA, which minimize 
reliability concerns with true parallel execution and 
deterministic hardware dedicated to every task, acts as not only 
the analog signals input unit to sense both FBG and electric 
sensors but also the synchronous timer with a 40MHz clock to 
trigger the signals sampling synchronously. 

(c) An embedded hardware and real-time operating system with 
industrial stability. The real-time controller contains an 
industrial processor that reliably and deterministically executes 
the data communication from the FPGA to host PC and offers 
multi-rate control for data acquisition. 
 

 Basic theories and methods 

Although aforementioned sensors have been successfully 
applied to infrastructures to monitor relative displacements, 
cracks, and weight in motion as well as to measure strain and 
temperature, a clear understanding of their operation principle, 
basic performance, data structure, etc., are essential to the 
monitoring data analysis and interpretations. 

2.4.1 Strain distribution along the fiber of embedded OFSs 

Conventionally, the values measured by the OFSs were 
assumed to be actual structural strains [25]. In fact, the strain 
measured by an OFS is different from the actual host structure 
strain because of the difference between the optical fiber core 
modulus and the modulus of the fiber coating or the adhesive. 
Such a strain difference depends on the detailed packing 
measures of OFSs, for instance, the direct surfaced bonded, 
tube-or-plate packaged integration, or clamping integration. No 
matter how the OFSs are packaged or integrated, the fiber core 
is brittle and has to be protected by the adhesives or a coating 
layer to avoid fiber breakage and to ascertain its long-term 
stability. Such protections result in an inconsistency between 
the fiber strain and structural strain. The discrepancies, 
however, are neglected in many applications of OFSs by simply 
assuming that the fiber strain is consistent with the host 
structural strain [26][27]. Such an assumption gives acceptable 
measurement results for the OFSs with a long gauge length, in 
which the peak host strain can be fully transferred into the fiber 
strain, but cannot provide good measurement strains for the 
short gauge OFSs, for instance, the FBG sensors, in which the 
effect of bonded fiber length on the strain transfer between the 
fiber and host structure is significant [28]. It is, thus, of primary 
importance to reveal the real relationship between the strain 
sensed by an OFS and the actual strain of the host material. 
Many researchers have made efforts in this field and obtained 
notable achievements. Pak [29] analyzed the strain transfer of 
a coated optical fiber embedded in a host composite, which is 
strained by a far-field longitudinal shear stress parallel to the 
optical fiber. In this case, the maximum shear transfer occurs 
when the shear modulus of coating is the geometric mean of 
shear moduli of the fiber and host material. Ansari and Libo 
[30] developed a simple model for evaluating the strain transfer 
percentage from the surrounding matrix to a length of optical 
fiber embedded in it under the assumption that the strain at the 
middle of the bonded fiber is equal to that of the host structure 
at the same position. Experiments were performed with a 
white-light fiber-optic interferometer to confirm the theoretical 
results. Li et al. [31] considered the coating as an ideal 
elastoplastic material and deduced the strain transfer 
coefficients when the host material experiences the tensile 
stress and compression stress, respectively. Galiotis 
[28]designed a polydiacetylene single fiber in an epoxy resin 
host material subjected to the tensile strain along the fiber 
direction and measured the strains at all points along the length 
of fiber by the method of resonance Raman. They found that 
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the axial strain in the fiber rises from a finite value at the end 
of fiber to a fairly constant value at the central portion of fiber, 
and that the axial strain at the midpoint of fiber is lower than 
that applied to the host material, which can be approximately 
explained by the shear-lag model of Cox [32].  
   Recently, Li et al. [33] derived the strain distribution along 
the fiber at a given x coordinate as follows 
 

𝜀𝑔(𝑥) = 𝜀𝑚(1 −
cosh (𝑘𝑥)

cosh (𝑘𝐿)
) 

 
(5) 

   Eq. (5) is the governing equation that describes the strain 
distribution along the fiber. The effects of the Young’s moduli 
of fiber and the middle layer, as well as the effects of the radii 
of fiber and the middle layer, on the strain transfer, are all 
included. Figure 7 shows the strain transfer rate along an optical 
fiber and demonstrates that the strain sensed by the fiber at the 
midpoint is not equal to the strain in the host material as 
previously assumed by Ansari and Libo [30]. For detailed 
derivation of Eq. (5), interested readers may consult Li et al. 
[33]. 

 
Figure 7. Distribution of normal strain in fiber along length (Li 
et al. [35]) 

2.4.2 Average STR of OFS and critical adherence length 

   The strain measured by an OFS, is the average strain over the 
gauge length of fiber. Average STR (ASTR) can be expressed 
in the following form 
 

 �̅� =
𝜀�̅�(𝑥)

𝜀𝑚

=
2 ∫ 𝜀𝑔(𝑥)

𝐿

0

2𝐿𝜀𝑚

= 1 −
sinh (𝑘𝐿)

𝑘𝑙𝑐𝑜𝑠ℎ(𝑘𝐿)
 

 
(6) 

   Eq. (6) indicates that the STRs near the center of fiber 
approach unity and varies within the fiber gauge length. 
However, only a short portion of FBG sensor is usually bonded 
and the bonded length cannot be too short to avoid multiple-
peak reflection and light spectrum expansion of FBGs. Critical 
adherence length (CAL) is thus defined as the minimum length 
to be bonded so that the STRs 
 𝐶𝐴𝐿 = 𝑙𝑐 = 9.24/𝑘 (7) 
where 𝑙𝑐 is only computed over the half gauge length. 
   The critical adherence length means that an OFS can be 
bonded over a longer portion, and the effective gauge length is 
located in the middle. For the case of OFS shown in Figure 7, 
its CAL is 99.78 mm. This implies that the STRs along the 
middle half-length of fiber are larger than 0.9 as long as the 
minimum bonded fiber length is beyond 99.78 mm. The CAL 
indicates that an FBG can be bonded over a longer length, for 
instance 80 mm, to locate the FBG just in the middle of adhered 
length for the efficient strain transferring. 

2.4.3 Influence of the host material  

Many experiments and interrelated investigations have 
revealed that the effects of host material properties on the strain 
transfer cannot be ignored because of local enhancement 
especially when the stiffness of host materials is much lower 
than that of fiber. In authors’ previous investigations [35][36], 
an improved strain transfer model is developed considering the 
influence of host material. An additional assumption is that the 
normal stress and the shear stress are both existent in some 
range of host materials and the influencing radius is equal to 
four times the external radius of interlayer. The derivation is 
similar to the simple model and the final solution is in the same 
form as in Eq. (5) with the only exception that the shear lag 
parameter, k, takes a different expression as follows, 
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(8) 

 

2.4.4 Strain transferring for multi-layered concentric model 

In many cases, there are several middle layers between the fiber 
and host material, for instance, the fiber is first coated with an 
adhesive that solidifies quickly, and then bonded to the 
structure by the epoxy that solidifies slowly to ensure a uniform 
stress distribution. One typical case is to bond the fiber to a 
structure by directly applying adhesives on the fiber coating, 
and the coating and the adhesive form two separate layers 
between the fiber and host material. In some sensing 
applications, specialized coatings are required to enhance an 
optical fiber’s measurement sensitivity and to accommodate the 
host structure. The OFSs may be coated in this way with two 
different layers of coatings to employ their advantages of 
mechanical properties. 
   A multiple layer model with various middle layers is 
analyzed in a similar way as aforementioned. 𝑟𝑖  is the outer 
radius of the ith layer ( i =1~n), 𝑟𝑔 is the outer radius of the fiber 
layer, 𝑟𝑚  is the inner radius of host materials (i.e. the outer 
radius of the (n+1)th layer), 𝐺𝑖 is the shear modulus of the ith 
layer (i =2~n), and 𝐺𝑐 is the shear modulus of the 1st layer. The 
strain lag parameter 𝑘𝑚, similar to the formerly discussed case, 
is determined by the Young’s moduli of fiber and the middle 
layers, and the diameters of fiber and the middle layers as 

 
𝑘𝑚

   2 =
2

𝑟𝑔
  2𝐸𝑔{∑

1
𝐺𝑖

ln (
𝑟𝑖

𝑟𝑖−1 
) +

1
𝐺𝑐

ln (
𝑟𝑖

𝑟𝑔
)𝑛

𝑖=2 }
  

(9) 

 

2.4.5 Strain transferring for surface-bonded OFSs 

Apart from embedded FBG sensors, the bonded FBG sensors 
are used more frequently. Because of the asymmetry of the 
bonded sensors system, the theoretical analysis is difficult. The 
research methods have concentrated on the computer 
simulation with the finite element model (FEM) mostly. Betz 
et al. [37] studied strain transferring of patch bonded FBG 
sensors with the finite element analysis and experiments. The 
fiber is first placed on a backing patch and this patch is simply 
glued to the surface of a structure. The thickness and the 
modulus of backing material are varied in the model. When the 
structure is strained with 0.3% parallel to the direction of fiber 
axis, the strain level in the fiber core is found to vary between 
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0.26%~0.28%. It is concluded that the structural strain has not 
been completely transferred due to the fiber due to the presence 
of backing patch, and that the degree to which the strain is 
transferred depends on the thickness and Young’s modulus of 
backing. Lin et al. (2005) investigated three packaging methods 
of FBG sensors and found that strain transmission rates 
decreased with the increase in thickness of steel tube. Their 
experiments showed, however, that the thickness and Young’s 
modulus of the glues had little influence on the strain 
transmission. 
Li et al. [38] and Zhou et al. [39] found also that the strain 
transmission loss was small when the substrate is thick and stiff 
as compared to the bonding layer and the FBG. However, it 
becomes large when the substrate is thin and made by low 
modulus materials. Wan et al. [40] studied the strain transfer 
with the stiff adhesive case with a 3D-FEM for a surface-
mounted strain sensor verified it by experiments. They found 
that the bond length and the bottom thickness were dominant 
factors besides the side width and top thickness. Jahani and 
Nobari [41] demonstrated that both Young’s and shear moduli 
of adhesive were frequency dependent on dynamic testing 
because adhesive materials show the viscoelastic behavior. 

 Signal processing and data fusion 

With a great amount of long-term SHM systems designed and 
implemented in worldwide on infrastructures, a vast ocean of 
information relevant to the structural responses and behavior 
are continuously obtained in real time [42][43]. The 
measurement data are valuable in detecting structural 
anomalies and damage at an early stage to ensure operational 
safety, and providing authentic information for timely 
assessment after disasters and extreme events. In view of this, 
the intelligent information processing technology, which is a 
process of transforming the incomplete, imprecise, inconsistent 
and uncertain information into complete, precise, consistent 
and certain information, should be developed. 

 

2.5.1 Signal de-noising method 

In on-site monitoring, one of the main factors which disturb the 
reliability and accuracy of results is the noise signals 
encountered. The noise embedded in useful signals, sometimes 
even very heavy, could disturb the reliability and accuracy of 
measurement and thus places a fundamental limit on detecting 
small defects. Thereby, the noise reduction should be treated as 
essential processing in the SHM. 
   The wavelet transform (WT), due to it capable of revealing 
some hidden aspects of the data that other signal analysis 
techniques fail to detect, has become a potential tool in recent 
years [44]. To get over the disadvantages of the traditional 
hard- and soft-thresholding method in the WT-based denoise 
method, Yi et al. [45] proposed an improved thresholding 
technique called the sigmoid function-based thresholding 
scheme. Figure 8 illustrates the comparison with the soft, hard, 
and sigmoid function-based thresholding scheme. Numerical 
and experimental results have demonstrated that this technique 
can remove small coefficients and shrink large coefficients 
using its non-linear characteristics to reproduce peaks and 
discontinuities as accurately as possible without sacrificing 
visual smoothness. Considering that the GPS multipath signal 
exhibit the same pattern between consecutive days, Yi and Li 

[46] designed an integrated method based on the adaptive noise 
canceling (ANC) principles and discrete wavelet denoise 
method. On the site, experimental data analysis results 
indicated that the error of standard deviation of the GPS signal 
could be reduced to less than 5%. In addition, Yi et al. [47] 
carried a study on how to use the GPS receiver and 
accelerometer data to accurately extract the static and quasi-
static displacements of bridge induced by ambient effects. To 
eliminate the disadvantages of two separate units, based on the 
characteristics of bias terms derived from the GPS and 
accelerometer respectively, a wavelet based multi-step filtering 
method by combining the merits of the continuous wavelet 
transform (CWT) with the discrete stationary wavelet 
transform (SWT) is proposed, as shown in Figure 9. 
Experimental results showed that the frequencies and absolute 
displacements of the bridge could be accurately extracted by 
this method. 

 
Figure 8. Comparison ofj soft, hard and sigmoid function-

based thresholding scheme [45]. 

 

 
Figure 9. Flowchart of the proposed multi-step filtering method 
[47]. 

2.5.2 Data fusion technique 

To reduce the uncertainty, imprecision and low reliability, the 
multi-sensor data fusion technique had better to be adopted. 
Jiao and Li [48] proposed an improved data fusion method 
based on the consensus algorithm for a multi-sensor system. In 
this method, the relation matrix is innovatively blurred to avoid 
the subjective error in determining the threshold value. Lai et 
al. [49] presented a multi-rate Kalman filtering data fusion 
method for the displacement and acceleration data based on the 
Wiener process acceleration model, which exploits the inherent 
redundancy in the displacement transducer and accelerometer 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure 

71 

information so as to improve the accuracy of vibration test data. 
Despite the vibration-based structural damage detection 
methods have attracted considerable attention over the past 
decade, the robust and reliable methods capable of detecting, 
locating, and estimating damage whilst being insensitive to 
changes in environmental and operating conditions have yet to 
be agreed upon. Li et al. [50] developed an analytical approach 
for the seismic ground motions by applying the CWT, which 
focuses on the energy input to the structure. A scale model with 
a three-story reinforced concrete frame-share wall structure is 
made and tested on a shaking table to investigate the relation 
between the dynamic properties of structures and energy 
accumulation and its change rates during the earthquake. The 
results showed that the proposed approach was able to provide 
a deep insight into the identity of transient signals through the 
time-frequency maps of time-variant spectral decomposition. 
Considering that the wavelet packet transform (WPT) has the 
ability to clearly reflect the damage characteristics of structural 
response signals and the artificial neural network (ANN) is 
capable of learning in an unsupervised manner, and of forming 
new classes when the structural exhibits change, Yi et al. [51] 
proposed a multi-stage structural damage diagnosis method by 
using the WPT and ANN based on the “energy-damage” 
theory, in which, the wavelet packet component energy is first 
extracted to be damage sensitive feature and then adopted as 
the input into an improved back propagation (BP) neural 
network model for damage diagnosis in a step by step mode. 
The numerical results of damage diagnosis indicated that the 
method was computationally efficient and able to detect the 
existence of different damage patterns. 

3 TYPICAL INFRASTRUCTURE APPLICATIONS 
It has been shown that advances in sensing systems, signal 
processing, communications, and data-mining technology are 
providing a new way for the inspection and monitoring of 
infrastructure safety. The following typical examples 
demonstrate some successful implementations of long-term 
SHM systems on different infrastructures carried out by the 
RCSHMC. 
A sophisticated software system for structure health monitoring 
should satisfy the following demands:  
• sampling data continuously in real-time 
• Compatibility with different type of sensors 
• Steady data storage methods for static and dynamic data 
• Auto-warning functions 
• Automatic data analysis 
A special software architecture, named with DUT-SHM, 
integrated by state machine and event-driven architecture and 
featured with the functions of modularization and 
multithreading, was designed for the demands of structure 
health monitoring. Based on the DUT-SHM architecture, the 
software system of structure health monitoring composed of the 
following software modules:  
(1) Data acquisition engine which functioned as data 
transferring based on the FIFO mechanism between real-time 
device and FPGA module;  
(2) Network communication engine which submit the control 
command from the host PC to real-time device and receive the 
data vice versa;  

(3) Data storage engine which save data in real-time according 
to the different demands and data types;  
(4) Data display engine, which not only display the data by the 
chart and the 3D real-time model, but also provide several ways 
to send the warning information including the Email and the 
short messages;  
 (5) Data analysis engine for data automatic processing in a 
regular time;  
 (6) Debug engine which served as the log writer and system 
monitor for system error and state.  
Figure 10 shows the software interface of structure health 
monitoring system for Dalian gymnasium. 

 
Figure 10. The software interface of structure health monitoring 
system for Dalian gymnasium. 

 Large-span structures 

Recent years in China, a large number of long-span special 
structures have been built such as bridges, airport terminals, 
and gymnasiums, along with the development of special 
structure techniques and materials. These structures, other than 
suffering from natural hazards like earthquake and storm, are 
supposed to be subjected to vibrations caused by human factors 
(thousands of people jumping with the rhythm of music, for 
example). Nonetheless, aesthetically appealing from an 
architectural point of view, more recent structures are much 
lighter, with relatively low first natural frequency and 
significant motion amplitudes [19]. Huge casualties and 
financial loss would come about if the structure becomes 
invalid or even collapses. It is now more and more urgent to 
conduct a real-time monitoring system and damage diagnosis 
on the long-span special structures [52]. A big amount of data 
collected by the SHM system in real time, through certain 
damage algorithm, will offer a chance to estimate the security 
of structure and find out location of damage [38]. 
   Sports center of Dalian in China, which covers an area of 820 
thousand-square meters and composes of ten venues; it is a 
comprehensive center of facilities of fitness and recreation for 
the Dalian citizens and has the capability of hosting major 
sporting events. The major buildings including the gymnasium, 
stadium, natatorium, and media center, which are typical long-
span special structures, were equipped with the real-time SHM 
system to survey the variation of key physical parameters of 
structures and provide the real-time alert of structural safety. 
The overall floorage of Dalian gymnasium is about 81000m2, 
which allows for 18000 spectator capacity with a total height 
of 41 m. The roof structure of which the maximum span is 
145.4 m is suspendome structure and shaped like a spheroid. 
These rings are designed for the prestressed cable system which 
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is consisted of ring cable, radial cable, and strut, while the strut 
made of circular steel tubes adopts the hinged joint, and cast 
steel joint is applied between the cable system and strut. The 
location of maximum stress was found out based on the FE 
model results from the ANSYS software as it is shown in 
Figure 11. More than 200 FBG sensors were installed on the 
cable anchor, the truss, and the strut to monitor the cable force, 
the stress, and the compression stress, respectively. The 24 
inclinometers were mounted on the base of the cable anchor to 
monitor the angular variation. The 30 accelerometers with three 
dimensions were fixed on the surface of truss joints to survey 
the dynamic characteristics of the roof structure. Figure 12 
shows the pictures of sensors installed on the roof structure of 
the gymnasium. 
   Proper prestress on the radial cable can enlarge the stiffness 
of the cable system such that the structure would have the 
ability to undertake external load. Radial cable was tensioned 
during the construction of the prestressed cable. The whole 
process was divided into 4 stages: 10%, 50%, 70%, and 105% 
of designed value, respectively. In consideration of the quantity 
of equipment, each stage was carried out group by group to 
ensure the uniformity of tension. The tension construction 
lasted for 9 days in the process of which the above system was 
used to monitor the structure. Parts of monitoring results are 
listed as followed. 
(a) Monitoring results of ring cable. The time-history of C10 
cable tension during stretching process is shown in Figure 13. 
During the first stretching process, the tension of C10 increased 
from 80 kN to 359 kN. There was a mutation in the process 
which was caused by the temperature change of sensor as a 
result of which the temperature compensation was necessary 
for the sensors. 

 
Figure 11. Dalian Gymnasium FE model. 

 
(a) FBG sensers. 

 
(b) Inclinometer. 

 
Figure 12. Pictures of sensors installed on structure of 
gymnasium 

(b) Monitoring results of the strut. The stress time-history of 
Z1-2 strut in the second stage of cable tensioning is given out 
in Figure 14. In the process of the first stretching stage, the strut 
pressure stress has increased by 12MPa and 5 Mpa during the 
second stage, because the first stage prestress was directly 
applied to the radial cable connected with the strut Z1-2 and the 
second stage prestress was applied to the adjacent radial cable. 
As a result, the effect of interaction between contiguous cables 
on strut was significant. 

 
Figure 13. Time-history of C10 cable during prestressing 

process. 
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Figure 14. Stress time-history of Z1-2 strut in second stage of 

cable tensioning. 

 
Figure 15. Inclination timer-history of #34 support in second 
stage of cable tensing. 

(c) Monitoring results of inclination. The inclination of 34# 
support increased from -0.888° to -0.851°, which was within 
the limit ±1.5°, indicating that the structure was under safe 
condition, as is shown in Figure 15. 
(d) Long-term monitoring results. The FBG sensors were 
installed on the key chord members. Figure 16 shows the strain 
variation of parts of chord members from late August to early 
December in 2013. There was nearly no strain variation from 
August to October. When it came to November and December, 
the strain was enlarged due to the weight of equipment installed 
for the concerts and drastically falls in temperature which 
caused the structural shrinkage inducing the change of strain. 

 
Figure 16. Strain variation from August to December 2013. 

(e) Monitoring results of load tests on roof structure. On 
October 26th, 28th and 29th in 2013, there were load tests 
carried out on the roof structure divided into three stages. 20t, 
35t, and 60t were applied separately, Figure 17. Using the 3D 
model displaying method, the distribution of strain on the 
whole roof structure is shown in Figure 18, which indicates that 
the load application only effected local structure while the 
entire roof was still under safe condition. 

 
Figure 17. Time history of three different times loads 

 
Figure 18. Real-time 3D model display of the 3rd load test 

 Large-scale offshore structure  

3.2.1 Monopile offshore platform  

The FBG sensors were applied to the strain monitoring of oil 
production offshore platform No.CB271, located in the Bohai 
Sea of China. At the bottom of the central pillar, three bare FBG 
sensors were placed as a strain rosette on the surface of the 
pillar, and an FBG temperature sensor was placed close to those 
strain sensors for temperature compensation. One year later, 
after this offshore platform had been built in the sea area of oil 
extraction, the FBG sensors installed at the bottom of the 
central pillar were working well as expected and did not show 
any significant reduction of sensing performance. However, the 
strain gauges placed near the FBG sensors failed to operate due 
to the detrimental corrosion of seawater. In this aspect, the FBG 
sensors demonstrated distinct advantages for the long-term 
health monitoring of ocean structures because of their 
reliability and durability. 
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Figure 19. Platform picture and boat collision position. 

   Supplying boat collision is one of the most critical accidents 
that can affect the structural safety of offshore platform and the 
integrity of fixed installation [53]. It is, therefore, significant to 
monitor the real-time strain variation of ship collision. A strain 
course induced by an impaction of ship with hundred-tons 
weight was recorded by the FBG sensors in July, 20, 2004. 
Figure 19 exhibits a position of ship collision in this offshore 
platform, and Table 3 presents the maximum strain measured 
by the FBG strain sensors in three different directions. For the 
sensors located at the direct backside of the impaction, the 
maximum strains measured by FBG sensors are negative as 
shown in Figure 20. The vertical strain measured by the 3# 
sensor is apparently greater than the horizontal one by the 1# 
sensor since the ship struck the pillar horizontally. 
   The directions of these FBG sensors placed by a strain rosette 
are 𝛼1=0°, 𝛼2=45°and 𝛼3=90°respectively. From the principle 
of a standard textbook [54], it can be got: 𝜀𝑥=-19.1με，𝜀𝑦=-
26.7με，𝛾𝑥𝑦=-5.8με. The maximum principal strain is -27.7με 
and its direction is 251.3°. For this strain was in the range of 
platform linear elasticity, this boat collision did not bring any 
potential damage to the ocean platform. 

Table 3. Sensors specifications 

Name  Position Wavelength Max Strain(𝜇𝜀) 
1# 0° 1530nm 6.7 
2# 45° 1540nm 9.1 
3# 90° 1550nm 9.2 

 
 

 
Figure 20. Strain course induced by ship impact. 

   Ocean wave is another critical factor that can influence the 
structural health of an ocean platform. The strain variation of 

offshore platform in the Bohai Sea induced by normal ocean 
wave loads was monitored by these FBG strain sensors, as 
shown in Figure 21. In the course of strain measurement, these 
FBG sensors monitored an abnormal process of ocean current 
impaction, which lasted about 20 seconds, as shown in Figure 
22. The intensity of this ocean current was apparently greater 
than the normal ocean wave presented ahead. Comparing the 
maximum strain of ship collision with the ocean wave, the 
intensity of later was not much less than the former. The 
influence of ocean wave impaction cannot be negligible during 
the period of oil ocean platform operation. 

 
Figure 21. Strain course induced by normal wave 

 
Figure 22. Strain course induced by abnormal wave. 

3.2.2 Offshore jacket platform 

An oil production offshore jacket platform in the Bohai Sea of 
China was instrumented with 40 FBG sensors and monitored 
for the piles loading under the condition of platform 
construction and operation, as it is shown in Figure 23 and 
Figure 24. The aim of this study was to provide a realistic 
assessment of integrity of the foundation piles for future use. 
The stress loads in the pile heads were transferred from the total 
weight of the upper structure of platform through the six piles. 
The weight variation of the upper structure of platform would 
cause the elastic deformation of six upright piles and be 
monitored in real-time by the FBG strain sensors installed in 
the surface of piles. To eliminate the stress bias influenced by 
the buckling stress and the eccentricity of piles, every 4 FBG 
strain sensors were mounted on each pile evenly along the pile 
hoop as it is shown in Figure 24. In addition, one FBG 
temperature sensor was installed in each pile to compensate the 
stress shift of temperature variation. 
   After the sensors and the demodulation system installation, a 
calibration test for the system commissioning was carried out 
to investigate the effectiveness of SHM system. A series of 
lifting tasks were executed in one and a half hours by the run-
operator of platform to convey the equipment of drilling from 
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the transportation ship to the platform. The whole process of 
lifting tasks was monitored in real-time by the SHM system, 
and the loading result agreed well with the record provided by 
the crane, as it is shown in Figure 25 and Figure 26. It can be 
seen that there were seven wave crests in Figure 27, which 
happened in the pile B3 and apparently induced by the cargo 
lifting and discharging process of crane. The Figure 28 presents 
the variation of total weight of upper structure of platform in 
two months monitored by the SHM system. It can be drawn that 
this offshore platform was under safe condition for that the 
maximum load of the upper structure platform and the pile 
heads were separately about 73% and 40% to 70% of the total 
weight which was much less than the alert load that is 85% of 
the total weight. 

 
Figure 23. Offshore jacket platform. 

 
Figure 24. Position of FBG sensors on piles of platform 

 

 
Figure 25. Crane record of lifting tasks. 

 
Figure 26. FBG sensors record. 

 
Figure 27. FBG record of loads variation on pile B3 

 
Figure 28. Variation of total weight of the upper structure 

   In this project, the SHM system based in the FBG sensors 
exhibits its unique advantages in the field of offshore 
engineering ranging from its long-term durability, good 
reliability, immunity to EMI, and well flexibility of installation. 
Some further work should still be conducted to overcome the 
shortcomings of FBG sensors exposed in this project, such as 
the strain bias induced by the effect of temperature variation, 
anti-corrosion measures, and small optical signal identification. 
 

4 CONCLUSIONS 
The SHM is a topic that has gained significant high attention in 
the last decades. This paper explores the recent technology and 
methodology developments in the field of SHM and their 
application to large-scale infrastructures carried out by the 
faculty members at Dalian University of Technology. Along 
with a huge volume of literature published relating to the SHM 
around the world and our research work, the existing problems 
and promising research efforts in this field appears to be 
reached some consensus, which are as follows: 
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• Development of reliable SHM system including the 

distributed and embedded sensing (the MEMS & nano-
engineered sensors, Wireless sensors, Ultrasonic/guided 
wave sensors, Bio-inspired sensors and actuators, etc.), 
communication system (the robust, low-cost wireless 
systems, economic land links system, efficient data 
compression, and preprocessing techniques, optimal 
network layout method, etc.), data management and 
storage equipment (the elaborate database system, 
effective security measures, etc.). 

• Development of efficient data analysis methods for vast 
amounts of monitoring data including the data-driven 
structural condition evaluation based on a wired or 
wireless system, nature-inspired intelligent computational 
methods for the data mining, damage detection and system 
identification by use of the real-world monitoring data, 
reliability-based structural condition/safety assessment 
with uncertainties, novel analytical models for structural 
feature extraction, etc. 

• Development of standardization of SHM principles and 
best-practices including rational roadmap towards a 
globally harmonized approach to the SHM code and 
standard development, trends in the research community 
aiming towards field deployment of SHM to operational 
structures, learning from other sectors outside of civil and 
hydraulic engineering, consideration for the SHM to be 
incorporated at the design stage, etc. 
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ABSTRACT: Long-span bridges constitute one of the most important lifelines in the countries where they are constructed since 
they shorten the route of transportation by providing passage through large waterways such as rivers, channels, dams and sea. Due 
to its geographical location, Turkey is a transit country between Asia and Europe. As the long-span bridges are subject to heavy 
traffic and seismic hazard in Turkey, great importance is attached to the monitoring of their structural health and also performing 
their maintenance in a timely and cost-effective manner. These bridges pose maintenance challenges due to their sizes. Because 
of their high towers and hard-to-access cables in general, the most reliable method of monitoring the structural condition of such 
bridges under service is to build structural health monitoring (SHM) systems. In this study, SHM systems of long-span bridges in 
Turkey, which are among the largest bridges across the world, were described. Characteristics of these systems utilized in the 
bridges were explained in detail. In addition, the SHM data acquired on the Second Bosphorus Bridge (the Fatih Sultan Mehmet 
Bridge) during a recent offshore event, the Silivri Earthquake (Mw 5.8), 26th September of 2019, were analyzed. The findings were 
validated with experimental research presented in the literature and the comparison indicated a good agreement to identify the 
bridges’ dynamic characteristics. Finally, the problems encountered in SHM systems due to the characteristics of the bridges were 
explained and recommendations were provided for future applications. 

KEY WORDS: SHM system; long-span bridges; monitoring objectives; extreme loads. 

1 INTRODUCTION 
Among all structures, long-span cable-supported bridges are 
the most critical links of the transportation network in a city. 
They significantly contribute to economic, cultural growth and 
also are one of the most prestigious structures of any region. 
Comparing to other structures, the long-span bridges are not a 
budget-friendly component of a transportation system. 
Moreover, the cost of maintenance, management and safety are 
also rather high to some extent. Since the design specifications 
are lacking, most of the bridges are vulnerable to various 
extreme effects and environmental conditions. According to 
ASCE [1], approximately one in ten of the population of 
bridges in the U.S. is deemed either functionally obsolete or 
structurally deficient. Therefore, substantial investments 
options are considered by bridge authorities to avoid serious 
accidents and provide surveillance, evaluation and assessment 
of bridges are necessary before and after construction. Besides, 
bridge investigations are generally scheduled every 2 and 6 
years, periodically, to assess bridge conditions [2]. However, 
inspections might be subjective and are still rare. For this 
reason, an advanced technological tool of Structural Health 
Monitoring (SHM) system offers an integrated solution to the 
increasing need for a robust and frequent implementation. 
Owing to the SHM system, the functional and structural 
performance of bridges under extreme events such as 
earthquake, heavy traffic, strong wind and marathon (human-
induced) loads can be evaluated, and the essential measures can 
be taken immediately. Moreover, depending on the 
developments in sensor and information technology, the 
capability of the SHM systems to track the changes in the 
structural response of bridges can be improved. 

Hence, ambient vibration tests of long-span bridges have 
become a common research area in the world [3-5]. A 
permanent SHM system is ideally utilized due to its superiority 
in the ability to detect any anomalies. However, ambient 
vibration test can also be conducted with a temporary system 
and dynamic properties can be obtained to verify and update 
for finite element (FE) models. Comprehensive studies carried 
out for different types of long-span bridges in the world such as 
Vincent Thomas Bridge [6], Vasco de Gama Bridge [7], 
Hakucho Bridge [8], Humber Bridge [9] by performing 
ambient vibration tests. In addition, the SHM systems can be 
employed as a practical tool for maintenance, life cycle 
assessment and reliability of long-span bridges [10, 11]. 

This study provides an overview of the SHM systems for the 
long-span bridges in Turkey and is organized as follows: this 
section represents the introduction which includes a detailed 
literature review for the SHM system of long-span cable-
supported bridges. In order to emphasize the importance of the 
SHM systems for the long-span bridges, the seismicity of 
Turkey is also presented in the first section. It is followed by 
section 2; the general description of the geometry and 
component details with the installed SHM system of the long-
span bridges. In section 3, the earthquake response of Fatih 
Sultan Mehmet Bridge is investigated by analysing the SHM 
data recorded during an offshore earthquake event. The 
concluding section (Section 4) represents a commentary of the 
results of the analysis and provides insight into current 
challenges and future recommendations of the SHM systems 
on the long-span cable-supported bridges. 

Structural health monitoring systems of long span bridges in Turkey and lessons 

learned from applications 
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 Literature review: the long-span cable-supported 

bridges with SHM systems 

One of the most detailed literature researches of the SHM 
system was carried out by Doebling et al. and Sohn et al. [12-
14]. The primary objectives of the SHM system were presented 
[15, 16] as tracking the response of structures under different 
loading conditions, assessing the structural performance of 
structures as well as damage or deterioration exposure and 
managing inspection and maintenance. Another review study 
was conducted by Chang et al. [17], and they introduced the 
SHM system as an innovative global tool in which damage can 
easily be detected. However, this novel method has certain 
limits for identifying the extent of the damage. Therefore, the 
necessity of technological advancements in SHM systems such 
as the design of structural health evaluation systems and sensor 
were addressed and recognized as reliable performance 
estimations by Jan-Ming and Ni [18]. An integrated SHM 
system was represented by Wong [19] offering real case 
applications of long-span bridges in Hong Kong. According to 
the research, an SHM system has the capability of not only 
capturing a bridge’s response under different loading 
conditions but also providing the remedial measure against 
damage. For some researchers, Tsing-Ma Suspension Bridge is 
a good example in terms of identifying modal parameters which 
comprehensive field measurements and numerical researches 
were carried out by Xu et al. [5] and Chen et al. [20]. They 
proposed a system identification method for long-span 

suspension bridges under extreme wind event. Grimmelsman 
[21] focused on the experimental characterization of the towers 
of cable-supported long-span bridges by ambient vibration 
testing. The challenges and unsolved issues for experimentally 
determining the dynamic properties of a long-span suspension 
bridge were addressed. Kromanis [2] reviewed recent methods 
and applications of smartphones for bridge monitoring by 
providing a case study. 

There are numerous studies of SHM systems for long-span 
bridges and some of the representative ones from different 
regions such as the U.S., Europe, Canada, China, and Hong 
Kong [18, 19, 22-27]. The SHM system in various aspects 
including management, maintenance, life cycle performance, 
and vulnerability etc. had been also widely studied [10, 11, 28-
31]. 

Due to the strategic location of Istanbul, separated by the 
Bosphorus Strait, long-span bridges are critical links of service 
between the two continents of Asia and Europe. Besides the 
first examples of the existing First and Second Bosphorus 
Bridges (The Fatih Sultan Mehmet Bridge), to meet all the 
needs regarding transportation service, more attempts are 
continuously being made as the Third Bosphorus Bridge (The 
Yavuz Sultan Selim Bridge) constructed over the Bosphorus in 
Istanbul and the Osman Gazi Bridge located on Izmit Bay 
which is rather close to Istanbul, and the Canakkale 1915 
Bridge is now under construction over the Dardanelles. General 
locations of the bridges in the Marmara region are shown in 
Figure 1. 

 

 
Figure 1. General views from the bridges in the Marmara region.
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The public concern arising from the destructive Kocaeli and 
Düzce Earthquake in 1999 led to the bridge authorities provide 
necessary structural health and safety measures of these crucial 
transportation links even if there was no special interest in 
continuous monitoring of the bridges before the event. As the 
responsible authority for the bridges in Turkey, General 
Directorate of Turkish State Highways (KGM) [32] first 
focused on developing an SHM system for the First and Second 
Bosphorus Bridges in order to record and interpret the 
responses for taking remedial precautions after extreme events. 

Because of the lack of an SHM system on these bridges in 
the earlier years of construction, only a limited number of 
studies and research projects were reported in the literature 
before the 2000s. The pioneering studies on these bridges were 
conducted in order to establish a basis of constructing the SHM 
system and specify the dynamic characteristics under critical 
loading and environmental conditions. Regarding these studies, 
the experimental results particularly from ambient vibration 

tests were related to calibrating models by using the measured 
dynamic parameters. 

Apart from these five cable-supported long-span bridges in 
the Marmara region, the Nissibi and the Agin cable-stayed 
bridges located in eastern Turkey also have an advanced SHM 
system applied. A view and the location of the Nissibi cable-
stayed bridge are shown in Figures 2 and 3. 

There are few studies conducted on the Nissibi cable-stayed 
bridge. Bayraktar et al. [33] studied static and dynamic field 
load testing of the long-span Nissibi cable-stayed bridge. 
Bayraktar et al. [34] researched on the raw data taken from the 
fixed SHM system on the bridge. The data was collected during 
the Adıyaman-Samsat earthquakes on March 2nd, 2017. 

To the best of the authors’ knowledge, there is no published 
research paper about the Agin cable-stayed bridge. A view and 
the location of the Agin cable-stayed bridge are shown in 
Figures 4 and 5.

 

 
Figure 2. View of the Nissibi cable-stayed bridge. 

 

 
Figure 3. The location of the Nissibi cable-stayed bridge. 
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Figure 4. View of the Agin cable-stayed bridge. 

 
Figure 5. The location of the Agin cable-stayed bridge.

1.1.1 Literature review: The First Boshporus Bridge 
The first experimental investigations for the First Bosphorus 
Bridge were made after it was opened to service in 1973. These 
were primarily focused on determining modal vibration 
characteristics by ambient and forced vibration tests [35, 36]. 
However, these were the first system identification studies with 
a limited number of sensors. Accordingly, three different types 
of accelerometers were employed on the bridge for wind 
loading and the force vibration test was achieved by two 
shakers welded on the deck mid-span and the quarter span of 
the bridge. 

The following study was carried out by Erdik and Uckan 
[37], and the findings were similar to those from the previous. 
The next comprehensive experimental researches for the First 
Bosphorus Bridge were achieved by Brownjohn et al. [38]. The 
experimental and numerical model results are compared, and a 
relatively good agreement obtained in terms of the spectral 
density and transfer function under wind and traffic loads. 

In the light of initial studies in the literature, an SHM system 
for the First Bosphorus Bridge was established in 1993. The 
first system formed of three different subsystems: (1) sensor 
system (2) data acquisition system and (3) data recording/ 
monitoring system. The sensor system with 28 channels 
consists of accelerometers, seismometers, and wind speed/ 
direction meters. Employing the installed SHM system on the 
Bosphorus Bridge, another ambient vibration test was 
conducted to compare the experimentally obtained results with 

the previous experimental end theoretical studies [39]. A good 
agreement between the results achieved in the comparative 
research. 

Recent related researches of the First Bosphorus Bridge for 
SHM systems were conducted by Apaydin and Erdik [40], 
Erdik and Apaydin [41], and Kosar [42]. Several 
implementations for the monitoring of the bridge were 
presented in these studies. Bas [43] carried out research about 
structural identification (St-Id) for performance prediction of 
long-span bridges. The experimental study was carried out with 
SHM data provided during a strong wind event. The model (the 
First Bosphorus Bridge) verification was performed based on 
the discrepancy between the experimental results and the FE 
model. 

Soyöz et al. [44] also studied model identification of the First 
Bosphorus Bridge during hanger replacement by using in-situ 
ambient vibration data that was taken at certain stages to 
provide a better understanding of the dynamic behaviour of the 
bridge. The SHM data were taken out various time window 
before, during, and the replacement from an inclined 
arrangement to a vertical one. They reported that the inclined 
hanger arrangement results in a stiffer deck as it leads to higher 
modal frequencies. 

The bridge authorities at KGM decided to improve the 
existing SHM system on the bridge for a continuous 
functioning service. Therefore, the SHM system of the First 
Bosphorus Bridge was developed to obtain and record critical 
responses of the bridge under daily and extreme events by 
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employing sensors and real-time data acquisition elements. 
These sensors include accelerometers, tiltmeters, force 
transducers, strain gauges, laser displacement, Global 
Positioning System (GPS), thermocouples and weather 
stations. After certain early installation tests on its SHM 
system, the quantity and location of the sensors were wisely 
decided.  In total, 168 sensors, using 258 channels, placed at 
key positions on the bridge with the consideration of general 
structural characteristics of the structure. Since it is a newly 
designed SHM system, there is limited number of studies in the 
literature [45-47]. 

1.1.2 Literature review: The Second Boshporus Bridge 
After the construction of the Second Bosphorus Bridge (Fatih 
Sultan Mehmet Bridge), the experimental investigation related 
to monitoring was performed by Brownjohn et al. [48, 49], and 
Dumanoglu and Severn [50]. Their interest was to extract the 
modal characteristics of natural frequencies, mode shapes and 
modal damping ratio of the bridge by utilizing the data recorded 
from the critical points of the deck and the tower under wind 
and traffic loading. In addition, a comparative study was also 
performed to validate the results of the two-dimensional (2-D) 
numerical model and those from the vibration test. Although 
lateral modes were not able to be determined due to the low 
response of the bridge, vertical and torsional modes were 
calculated accurately in their studies. 

After the primary studies with the initial SHM system, a new 
monitoring system was designed for the Fatih Sultan Mehmet 
Bridge (FSM) by installing 32 tri-axial accelerometers on the 
critical points of the bridge properly [40]. Additionally, 
seismometers, displacement meters, Global Positioning System 
(GPS) sensors, anemometers and thermometers were also 
deployed to monitor wind, traffic, earthquake and thermal 
effects on the bridge. Utilizing various types of sensors, the first 
permanent SHM system demonstrated relatively better 
performance compared to the previous studies. The three-
dimensional (3-D) FE model of the bridge was developed, and 
model properties were investigated by Apaydin [51]. Based on 
the spectral analysis of the obtained data, vertical, lateral and 
torsional vibration frequencies and corresponding mode shapes 
of the bridge were extracted to compare with those from the 
modal analysis results of the FE model. The comparison 
indicated a good agreement and the installed SHM system was 
improved afterwards the study. Using the current SHM system, 
a recent experimental study was carried out to explore the 
vibration characteristics of the bridge under heavy block traffic 
and without traffic condition [52]. The study results showed 
that the heavy traffic load causes a higher vibration response 
than no–traffic condition and modal characteristics of the 
bridge were observed to be affected by the traffic load. 

Apart from conventional SHM system, wireless monitoring 
systems became popular due to rapid improvements in 
telemetry technology. After pioneering studies introduced by 
Straser and Kiremidjian [53, 54], several researchers focused 
on the continuous development of the wireless monitoring 
system [55-57]. The following studies had been carried out by 
researchers who performed validation tests on prototype 
structural wireless monitoring systems of bridges and other 
types of structures [58-60]. The results supported that the 
wireless monitoring systems were found to be more feasible, 
reliable and cost-effective than traditional wired systems. 

These primary studies led to various researchers carry out new 
studies on the Second Bridge by establishing a new wireless 
monitoring platform instead of a traditional wired system of the 
bridge [41, 61]. The results from modal analyses were validated 
employing the newly designed SHM system. 

As mentioned in a vast majority of literature research, the 
main objectives of the SHM for long-span bridges are to 
observe their loading exposure and response in real-time, 
estimate their operational performance under different 
conditions of service loads, verify or update design procedure 
and assumptions, detect damage or deterioration, and guide 
their maintenance or repair work [15, 62, 63]. To reach these 
objectives, a complete understanding of the behaviour and 
performance of the entire bridge is required [64]. As 
complementary for a better understanding the behaviour of the 
bridge, numerous investigations related to seismic analysis and 
FE modelling issues were performed [41, 46, 51, 65-71]. 

1.1.3 Literature review: Experienced extreme loads on the 
bridges 

The first extreme event for the First Bosphorus Bridge is the 
strong wind on April 18th, 2012. This event was studied by 
several researchers published [43, 47, 72]. They examined and 
compared the results with those obtained from a normal 
weather condition. The results revealed that the period of the 
bridge increased during the extreme wind event. According to 
nondestructive test results after an extreme wind event in 2012, 
the Bridge authorities decided on a hanger replacement 
operation in 2015 due to insufficient force capacity of the 
inclined hangers. Bas et al. [73] studied to determine the effects 
of hanger element replacement on the structural response of the 
First Bosphorus Bridge under the multi-support earthquake 
(Mp-Sp) motion. The FE models were validated through the 
SHM data which was recorded earlier during the extreme wind 
event in 2012. 

Apart from the wind effect, the First Bosphorus Bridge 
experiences every year caused by runners during the marathon 
being held by Istanbul Marathon Organization in Istanbul. In 
order to investigate the response, the SHM data recorded during 
the marathon on September 17th, 2010 were processed by 
KGM. The results of the report proved the bridge was excited 
in the vertical direction. The movement capacity of 1.07 m was 
reached at the expansion joints causing increased movement of 
the tower saddle in a longitudinal direction due to the dynamic 
loading of the runners. According to the interpretations of the 
results, KGM decided to enhance the tracking and alerting 
system further. This improved system depends on the 
thresholds that alarm the bridge authority while enabling 
allowable traffic on the bridge. 

Another extreme event was monitored for the FSM Bridge 
due to truckers’ protest on September 19th, 2013. During this 
event, one side of the bridge was fully subjected to heavy truck 
loading whereas there was no truck on the opposite side. 
Although the bridge is expected to be loaded by such an 
unusual event, the data analysis revealed no excessive 
movements in a transverse and vertical direction under this 
loading compared to the daily traffic effect. As a result, it was 
concluded from this experience that the bridge had the ability 
to continue its operational performance under such an irregular 
truck loading case [74]. 
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In general, the lessons learned from the extreme events are to 
establish more sophisticated operational performance principle 
for this kind of extreme events. In addition, these events might 
lead to the implementation of various damping devices (viscous 
damper, etc.) so that the vibration effects can be reduced. 

 The Seismicity of Turkey 

Turkey is located in one of the world’s most active seismic 
region of the Alpide belt. In this study, five long-span bridges 
built in the Marmara region are on the North Anatolian Fault 
(NAF) zone with a high seismic hazard. The NAF is a 1,400-
kilometer-long fault zone that has exhibited a systematic 
progression from east to west causing catastrophic earthquake 
events in history. Also, two cable-stayed bridges, The Nissibi 

and the Agin cable-stayed bridge had to be designed to 
withstand strong earthquakes due to the seismicity of the East 
Anatolian Fault (EAF) zone. All of the bridges studied in this 
research are situated in the extremely active fault zone. The 
active fault map of Turkey [75] is shown in Figure 6. The long-
span bridge stock is also indicated as elliptic on the map. 

The latest earthquake hazard map came into force in January 
2019 as shown in Figure 7. Unlike the previous hazard map of 
Turkey (the 1996 earthquake zonation map), the largest map 
spectral acceleration values (PGA) are presented instead of the 
earthquake zones. Four different levels of earthquake ground 
motion are specified in the 2018 Turkish Seismic Code [76]. 
These are defined in return periods, and the corresponding 
probabilities of exceeding the associated ground motion level. 

 

 
Figure 6. Active fault map of Turkey [75]. 

 
Figure 7. Seismic hazard map of Turkey [76].
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Since Istanbul city is densely populated and also located in a 
highly active fault region, careful evaluation and monitoring of 
the dynamic characteristics of the most vulnerable 
infrastructures such as long-span bridges are vital. Istanbul is 
the largest city in Turkey situated along both sides of the 
Bosporus Strait and the Marmara Sea in Europe and Asia, and 
the area has experienced destructive earthquakes throughout 
history. Within the historical period, 46 destructive earthquakes 
are estimated to have been generated from the NAF zone, with 
most of these earthquakes’ epicenters were in the Marmara 
region [77, 78]. 

Rising seismic risk awareness after two catastrophic events; 
1999 Kocaeli Mw 7.4 and Düzce Mw 7.2 earthquakes led to 
conduct comprehensive researches on the seismic hazard of the 
region and the results were reported by Akinci et al. [79] and 
Spence et al. [80]. Le Pichon et al. [81] also studied an 
earthquake scenario and predicted the results from two active 
fault line located 20-30 km south-west (Central Marmara 
Basin, CMB) and south of central Istanbul (North Boundary 
Fault, NBF). 

Detailed seismic hazard studies done in recent years reported 
in consensus that Istanbul is likely to have a strong earthquake 
in the near future. The probability of having an earthquake 
magnitude 7 or above in the Marmara Sea is about 65% within 
the next 30 years [82-86]. 

Substantial findings and results were published on 
earthquake loss estimation in Istanbul by Ansal et al. [87]. They 
determined important parameters for simulation of ground 
motion based on various numbers of researches conducted for 
the Kocaeli (1999) earthquake. The results showed that the 

CMB fault segment is more critical due to its higher excitation 
level in terms of loss estimation. Okay et al. [88] also presented 
critical earthquake parameters and stated that the CMB 
segment has not raptured since 1766 and it is an imminent 
threat to the Marmara region. On contrary, Ergintav et al. [89] 
concluded their study by reporting the Princes’ Island segment 
in the Marmara Sea is most likely to generate the next M>7 
earthquakes along the Sea of Marmara segment of the NAF. 
Locations of the bridges and fault segment are shown in Figure 
8. 

Recent research was conducted by Woessner et al. [90] and 
the main goal of the study was to construct a reference hazard 
model for Europe and Turkey. They reported that the mean 
peak ground acceleration (PGA) at the 10 % probability of 
exceedance in 50 years shows the highest seismic hazard 
estimates (PGA ≥ 0.25 g) along the North Anatolian Fault Zone 
(NAFZ), with values up to 0.75 g, in the northern Aegean and 
the Marmara Sea. 

Apart from the high seismic hazard in the region, the seismic 
response of long-period structures (e.g. long-span bridges) 
essentially controlled by long-period wave propagation that can 
travel through the surface for long distances. This can cause 
resonant vibrations in such structures, even if the epicenter is 
hundreds of kilometers away. Consequently, long-period 
structures are also vulnerable to strong ground motions 
occurring in far-fields. SHM data can clearly show that long-
period structures, such as long-span bridges, are critically 
susceptible to this kind of seismic excitation. Cakti and Safak 
[92] studied and presented two examples of this well-known 
phenomenon.

 

 
Figure 8. Active fault map and approximate coordinates of the bridges [91].

2 THE DESIGN CONSIDERATIONS OF SHM SYSTEM 
AND GENERAL DESCRIPTION OF THE BRIDGES 

In this section, a general monitoring strategy for the long-span 
cable-supported bridges in Turkey is developed and presented 
according to the literature review on long-span bridges with 
SHM systems and an assessment of the certain bridge 
characteristics. Although every long-span bridge has individual 

characteristics to be considered as designing an SHM system, 
the main objectives mentioned below are common: (1) safety 
and stability of failure, (2) safety at conditional limit states, (3) 
serviceability and durability, and (4) utility and functionality. 

According to the recommendations of KGM, the followings 
are the main monitoring objectives: (1) rapid reporting of the 
bridge’s operational condition right after extreme events, (2) 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure 

86 

indicating the structural condition of the bridge by following 
certain structural parameters as fatigue, deformation and stress 
variation. (3) confirming the geometry and performance of the 
bridge for future extreme events. The extreme events 
considered for the SHM system design are: (1) extreme 
earthquakes, (2) strong winds and typhoons, (3) extreme traffic 
conditions (heavy truck loading), (4) marathons (human-
induced loading), and (5) extreme thermal loading. 

The next step after establishing the main monitoring 
objectives is to specify certain elements and structural 
components to be monitored as stated in the following: (1) 
hanger load variation, (2) deck expansion, (3) bridge response 
(of the tower, deck, cable and hanger), (4) deck fatigue (due to 
traffic effect), (5) environmental input due to wind and thermal 
loading, (6) general geometry using the GPS system. The main 
issues for developing a certain sensor system depend on the 
type of sensors, the number of sensors, the sensitivity of sensors 
etc. 

The main objective of the SHM systems is to track critical 
responses and determine whether they exceed a threshold value 
for the design limits. For this, the threshold is determined for 
every component of the bridge. When the threshold is 
exceeded, an alert is sent, the data are obtained and processed, 
and the monitoring system generates a preliminary report for 
the bridge authority. The SHM system has also different 
monitoring objectives provided by various monitoring system 
components: (1) verification monitoring, (2) operational 
monitoring, and (3) condition monitoring. Therefore, the 
sensors can be grouped according to their monitoring 
objectives. These objectives and the recommendations 
proposed by Aktan et al. [22]. 

The durability of the SHM system of the bridge is a quite 
critical issue and requires special design considerations initially 
and preventive maintenance periodically. The maintenance 
strategy is presented in Table 1 with the objectives and the 
corresponding actions. 

Table 1. General maintenance strategy of SHM system [94, 95, 
96]. 

Maintenance Construction, inspections and checks 
Preventive 
maintenance 

Checking system operation at 
different locations 

 Sensor testing 
 Cleaning of the system 
 Checking of the systems component 

fixings 
 Replacement of filters 
 Maintenance of connections when 

required 
Curative 
maintenance 

Remote technical assistance to 
identify the problem 

 Postage of the equipment if 
replacement is easily performed 
remotely 

Technical assistance Daily remote connection to the 
system to check its operation, and 
notification of any malfunction 

 Technical support for the use of the 
software 

 Follow up of updated software 
versions 

 The 15 July Martyrs Bridge (The First Bosphorus 

Bridge) 

The original idea of building a bridge to cross the Bosphorus 
Strait dates to ancient times in history. However, the first 
decision to construct a long-span bridge to link Asia to Europe 
was made in 1957. The structural model was designed by the 
British company Freeman Fox & Partners in 1968. The bridge 
was commissioned on the 50th anniversary of the Republic of 
Turkey that is only three years later after its construction started 
in 1970. The first Bosphorus Bridge was the fourth longest 
bridge in the world when the construction was completed in 
1973. The bridge was also the longest suspension bridge in 
Europe with its main span until the Humber Bridge completion 
in 1981. Currently, the bridge is the 35th longest suspension 
bridge in the world. The first Bosphorus Bridge is still a 
prominent infrastructure system in the transportation network 
of Istanbul that links two continents and metropolitan area of 
the region. 

The First Bosphorus Bridge is a steel suspension bridge 
having eight lanes which consist of three standard lanes, one 
emergency and one pedestrian lanes serving each direction. As 
shown in Figure 9, the Bosphorus Bridge is a gravity-anchored 
long-span suspension bridge with steel towers and an 
aerodynamic box section deck. The characteristics of the deck 
and the towers with a tapered box section are the fundamental 
features of a modern bridge. Similar to one of the first modern 
long-span bridges built in Europe such as the Humber and the 
Severn Bridge, the aerodynamic box section is used for deck 
employing its well-known advantages: (1) the ease of 
maintenance than the traditional truss system, (2) reduction on 
the wind effect by 1/3, and (3) having less material to provide 
lighter and an economic solution. 

The bridge’s main span length is 1074 m and has two 
approach viaducts. One of the viaducts with the length of 231 
m referred to as Ortaköy is located in the European side, and 
the other one is called Beylerbeyi, is located on the Asian side 
with the length of 255 m which both sides of the approaches 
have five and four spans, respectively. The main span is 
suspended with hangers; whereas the viaducts are supported at 
the base with columns of various heights instead of the hanger 
elements. They are also simply supported on the ground close 
to the anchorages. The width of the deck is 33.40 m, and its 
height is about 3.00 m. 

The elevation of the towers has a height of 165 m from sea 
level to saddle as demonstrated in Figure 9. The suspender 
components such as hangers, backstay and main cables, are 
crucial elements for long-span cable-supported bridges. The 
equivalent diameter for the hanger cable with an inclined 
pattern is 0.06 m, and the diameters for the main and backstay 
cables are approximately 0.58 and 0.60 m, respectively. 
Additionally, the approach span of the bridge consists of a rigid 
superstructure including a continuous rectangular box section, 
supported by cross beams, and circular box columns. 

All the structural elements of the towers, the main deck, the 
portal beams and the approach span are reinforced with the 
bracing plates and diaphragms [47]. Despite it has reliable 
retrofitting applications, the operation of the bridge remains to 
be critical due to more than five billion vehicles pass, annually. 
Considering the commercial vehicles such as trucks are 
detoured to the Fatih Sultan Mehmet Bridge (the Second 
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Bosphorus Bridge), the First Bosphorus Bridge is in service 
only for cars and buses. Also, pedestrians are not allowed to use 
the bridge today, whereas they were in the first three years after 
it was opened. Exceptionally, the annual Intercontinental 
Istanbul Eurasia Marathon is being held every October and the 
bridge also experiences an overwhelming amount of foot 
loading as well during no vehicular traffic. 

Certain characteristics of the bridge need to be classified to 
install an SHM system effectively. Especially the bridges in 
function as the Bosphorus Bridge and Fatih Sultan Mehmet 
Bridge experience various loading patterns. Accordingly, the 
primary elements and incidents of the bridges to be strictly 
monitored are almost identical and can be summarized as; 
hanger load variation, expansion joint movement, deck fatigue, 
tower displacement at the saddle. 

The early researches regarding the establishment of a health 
monitoring system were carried out by Petrovski et al. [35], 
Tezcan et al. [36], Erdik and Uckan [37], and Brownjohn et al. 
[38]. After all, these primary studies adopting a temporary 
SHM system with portable types of sensors concluded the 
importance of a permanent SHM system. For this reason, a 
permanent SHM system consisting of three subsystems of a 
sensor, data acquisition and recording station were installed on 
the bridge in 1993 [43]. 

 

 
Figure 9. General layout and dimensions of the first Bosphorus 
bridge [93]. 

The quantity and corresponding sensor types installed on the 
bridge along with their fundamental specifications are listed in 
Table 2. The locations of the sensors are presented 
schematically in Figure 10. The First Bosphorus Bridge has 
inclined hanger elements instead of a typical vertical hanger 
arrangement as depicted in Figure 9. Due to this different 
configuration, hanger elements and stool plates are equipped 
with 14 strain gauges and 12 force transducers, and 6 
accelerometers for vibration monitoring [95, 96]. 

 

 
Figure 10. Sensor arrangement of the SHM system of the First 
Bosphorus Bridge. 

The data acquisition components consist of site supervisor 
software, backup computers, and data acquisition hardware. 
The site supervisor is located in the KGM monitoring building 
and includes a server tower, optical junction box, power supply, 
power switch, ADSL router, UPS etc. The site supervisor 
software functions for as the following: (1) collect the live data 
from the backup computer on the bridge, (2) analyze data to 
check if thresholds are exceeded, (3) analyze data to track a 
possible seismic activity, (3) store continuous statistical data, 
(4) store dynamic files in case of exceedance of a threshold, (5) 
generate automatic seismic reports, (6) perform rain-flow 
counting on selected channels, (7) allow the creation of virtual 
channels defined as being a combination of real physical 
channels on data acquisition unit, (8) provide data analysis 
functionalities on recorded data. The backup computer is 
located in the Asian-side tower and has the following functions: 
(1) collect measured data of all of the acquisition system of the 
installation, (2) apply anti-aliasing filtering, (3) re-sample 
signals to their burst record frequency, (4) store the processed 
data, (5) provide storage capacities in case of failure of 
communication with supervisor, (6) allow for the autonomy of 
acquisition in case of a power failure, (7) prove information on 
the status of the acquisition components, (8) provide the 
possibility to manually reboot the acquisition units [43, 47]. 
The data from each sensor are acquired and stored on the 
backup computer. After the storage process of the data, the 
supervisor computer retrieves, processes, and display them via 
the SHM software. The monitoring system interface on the 
supervisor computer is also shown in Figure 11. It presents 
details for measurements and alerts, modifies threshold and 
storage parameters, detects earthquakes and creates automatic 
reports [95, 96]. 
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Table 2. Types, specifications and quantity of the sensors of 
SHM system of the Bosphorus Bridge [95, 96]. 
Sensor Type Specifications Quantity 
Force 
transducer 

Measuring range (mm): ±1.50 mm 12 
Repeatability (mm/m): 0.30 × 10−3  
Linearity (mm/m): 0.30 × 10-3  
Operating temperature: −10 to 80°C  

Accelerometer Measuring range (g): ±2.00 19 
Sensitivity (mV/g): 2000  
−3 dB frequency cutoff (Hz): 300  
Shock survival (0.1 ms, 1/2 sine) (g): 2000  

Tiltmeter Measuring range (°): ±14.50 15 
Resolution (Arc second): 1.00  
−3 dB frequency cutoff (Hz): 5.00  
Shock survival (0.5 ms, 1/2 sine) (g): 1000  

Strain gauge Resistance tolerance (%): ±0.30 70 
Gauge factor: approx. 2.00  
Operation temperature (°C)  
For static: −70 to 200  
For dynamic: −200 to 200  

Weather 
station 

Wind speed range (mph): 0–130 6 
Threshold sensitivity (mph): 2.40  
Pitch (cm): 29.4 cm air passage/revolution  
Operation temperature (°C): −50 to +50  

Laser 
displacement 

Measuring range (mm): 200–2000 8 
Resolution (mm): 1–3  
Max. measuring freq. (Hz): 10  
Operation temperature (°C): −20 to +70  

Thermocouple J type thermocouple 33 
Accuracy (%): ±0.10  
Fixed on copper or steel collar  

GPS Precision (mm): 0.2 5 
Humidity (%): up to 95  
Sampling rate (Hz): 1.0 Hz  
Operation temperature (°C): −40 to +65  

Total  168 
 

 
Figure 11. The main screen of the SHM software interface for 
the first Bosphorus Bridge [96]. 

The monitoring system also has threshold levels for each 
sensor. Once a channel exceeds the threshold level, the desired 
number of inputs needs to be registered before an alert is 
declared. A sample presentation of threshold tracking is shown 
in Figure 12. The alert file is created when an alert is stated, 

and the pre-trigger duration of data is added to the file (the blue 
line in Figure 12). For this instance, the pre-trigger time is 2.0 
seconds. Although the signal goes down the threshold, the 
channel will either continue to record the data for the entire 
duration or until the channel overpasses the threshold one more 
time as depicted in Figure 12 as the green line, along this line, 
five more data above the threshold are needed to reset the 
record duration progression. The data are added to the same 
alert file in case another alert is registered during the first alert 
file is being recorded [96]. 

 

 
Figure 12. An example illustration for the data recorded before 
and after an alert on a channel [96]. 

 The Fatih Sultan Mehmet Bridge (The Second 

Bosphorus Bridge) 

After the decision of building a new beltway (O-2) in Istanbul 
called Trans-European Motorway (TEM), building a second 
long-span bridge over the Bosphorus Strait became a vital 
necessity. Thereafter, the second bridge project was assigned to 
the British firm Freeman Fox and Partners to be prepared. The 
construction of the bridge was completed in 1988 and it was the 
5th longest suspension bridge in the world; it is now ranked 31st. 
The Second Bosphorus Bridge located on the north side of the 
First Bosphorus Bridge and named after the 15th -
century Ottoman Sultan; Mehmed the Conqueror, who 
conquered the Byzantine capital, Constantinople (Istanbul) in 
1453. 

The Fatih Sultan Mehmet (FSM) Bridge is a steel long-span 
suspension bridge. The towers of the bridge are supported at 
the ground level. Since the ends of the deck are on the level of 
the tower base, the bridge has no approach span. The main span 
length of the bridge is 1090 m and the deck with aerodynamic 
box section has a width and height of 39.40 and 3.00 m, 
respectively. The tower of the bridge is a rectangular box 
section and the total height of the tower is 110 m. The mid-span 
deck is 64 m high from the mean sea level. The total length of 
the bridge with the side span length of 210 m at the sides is 
1510 m (Figure 13). It is worth emphasizing that the bridge is 
subjected to various heavy traffic loads considering the TEM 
highway is the only route allowed for truck and other heavy 
vehicles. 
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Figure 13. General layout, dimensions and the SHM system of 
the FSM Bridge [47]. 

A permanent SHM system was first installed on the FSM 
Bridge in 2001 after the studies carried out by Apaydin [51], 
Apaydin and Erdik [40] as well as the primary monitoring 
studies [48-50] are mentioned in the literature (Section 1). 
Figure 13 displays the general sensor configuration of the SHM 
system on the FSM Bridge. The SHM system consists of 12 
accelerometers, 4 displacement meters, 2 seismometers, 2 GPS, 
1 weather station and 1 thermometer (Table 3). 

The accelerometers are capable of tracking the response of 
the bridge in different directions. The ‘SEISLOG’ data 
acquisition system is employed, and the data collected from 64 
channels with 12–24 bits resolution are also monitored by two 
parallel PC systems. Besides, the SHM system has two 
different AC/DC converter boards [94]. Considering the FSM 
Bridge is located on the TEM (Trans-European Motorway), the 
bridge is subjected to heavy truck loading. Even though it is 
only allowed during a certain time period in a day, the bridge 
is still exposed to various loading conditions. Due to these 
considerations, the traffic load is heavier than the First 
Bosphorus Bridge. Since the design specifications require high 
expansion joint movement capacity, all displacement sensors 
on the bridge are deployed at the expansion joints. 

Four seismometers are installed on the support points of 
back-stay anchorages and tower legs which are at the ground 
level having bedrock properties. KGM conducted a preliminary 
study aimed at improving the permanently installed SHM 
system for the FSM Bridge. The schematic configuration of the 
new planned SHM system is shown in Figure 14. Notably, 
cable elements, expansion joints and anchorage points are all 
considered as new sensors. 

 
 
 
 
 
 

Table 3. Sensor properties of the SHM system of the FSM 
Bridge [47]. 
Sensor Type Specifications Quantity 
Accelerometer Trigger criteria and level 12 

Measuring range (g): ±0.59  
Frequency range (Hz): 0–50  
Filter: 50 Hz Butterworth filter  

Seismometer Natural frequency (Hz): 0.5–1.0 2 
Component: Lateral, vertical waterproof  

Displacement 
meter 

Capacity (cm): 50 4 
Resolution (cm): 0.01  
Located at the expansion joints  

GPS Position update: up to 10/sec 2 
 Position latency: 30 ms  
Data acquisition Two parallel PC system 1 

A/D converter  
1–128 channels  
12–24 bit resolution  
200 kHz sampling rate  

Total  21 

 
Figure 14. The new planned SHM system for the FSM Bridge. 

 The Yavuz Sultan Selim Bridge (The Third Bosphorus 

Bridge) 

The Third Bosphorus Bridge named as the Yavuz Sultan Selim 
(YSS) Bridge in honor of Ottoman Sultan Selim I. is a hybrid 
cable-stayed-suspension structural system for rail and motor 
vehicle transit over the Bosphorus Strait. The construction of 
the Third Bosphorus Bridge was started in 2013 and it was 
opened to service in 2016. It is located 5.0 km north of the First 
Bosphorus Bridge at the entrance of the Bosphorus strait and 
quite near to the Black Sea. The YSS Bridge is one of the widest 
suspension bridges with around 59 m deck and was the second 
tallest bridges in the world when it’s first built with the 322 m 
structural height after the Millau Viaduct in France; it is now 
ranked 4th. 

It is designed as four lanes for the motorway and one lane for 
the railway in each direction. Accordingly, the bridge is the 
world’s longest suspension bridge that has a railway system 
with a 1408 m main span length. The YSS Bridge has a 
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transition part that is overlapped at a certain point for the stay 
cables and hanger cables. The general description of the bridge 
is depicted in Figure 15. The triangular hollow section towers 
are designed as reinforced concrete while the other elements 
are made of structural steel. The aerodynamic steel deck with a 
height of 5.50 m is a strengthened box section by the internal 
truss elements and diaphragms. The diameter of the main cable 
and back-stay cables is 0.68 and 0.70 m, respectively. These 
diameter range from 0.071 to 0.132 m for the hanger and from 
0.160 to 0.240 m for the stay cables. 

The YSS Bridge is expected to serve at least 135.000 vehicles 
daily, in each direction. It’s designed to be in use as a new route 
for heavy vehicles, so the bridge is exposed to a heavy truck 
load. Due to its wide deck and high towers, the bridge was 
designed as rigid while the stay cables contribute to the rigidity 
of the structure. Hanger and cable-stayed stress variation at the 
transition part, tower strain variation and displacement at the 
saddle, and deck torsional rotation are considered to be general 
structural characteristics for the SHM. 

According to the experiences gained from the First 
Bosphorus Bridge and the FSM in the matter of optimum 
design and installation of SHM, the detailed report on the main 
objectives, requirements and monitoring parameters of the 
SHM system to be installed on the YSS was prepared by the 
KGM in 2014 [98]. The locations of sensors to be employed on 
the bridge are given on the bridge layout as shown in Figure 15. 
Tri-axial (3D ACC), biaxial (2D ACC), and uniaxial (1D ACC) 
accelerometers, GPS sensors, biaxial tiltmeters, strain-gauges, 
displacements, wind sensors, weather stations, and temperature 
sensors are used in the SHM system considering the dynamic 
characteristics and the critical points of the bridge. 

 
Figure 15. General layout, dimensions and the SHM system of 
the YSS Bridge [98]. 

As depicted in Figure 15, the deck width is about 59 m and a 
transition section overlapping the hanger and cable-stayed 
elements. Since stress-strain history and vibration of the hanger 
and cable-stayed elements are critical for long-span bridges, 
strain gauges and force transducers are installed on these 
elements to track the responses. Strain gauges are mounted at 

the tower top-saddle of the bridge in order to monitor high load 
and stresses concentration. In addition, the deck is more 
vulnerable to torsional rotation and tilting due to its wide deck. 
Therefore, accelerometers and tiltmeters are mounted at two 
corners of the deck. Additional sensors and channels are 
planned to be included in the SHM system after the behaviour 
of the bridge under the extreme loading events. Furthermore, 
the need for a general monitoring center for the SHM system 
was also stated in the report. Since the YSS Bridge is newly 
opened to traffic, only sensor types and corresponding 
quantities were presented in Table 4. 

Table 4. Sensor types and quantities of the YSS [98]. 

Sensor type Quantity 
3D Accelerometer 18 
2D Accelerometer 56 
1D Accelerometer 2 
2D Tiltmeter (Inclinometers 5 
Wind sensor (speed, direction) 5 
Weather station (speed, direction, T, P, RH) 1 
Displacement meter 22 
Temperature sensor  12 
GPS 5 
Total 126 

 The Osman Gazi Bridge (Izmit Bay Bridge) 

The Osman Gazi Bridge (OGB) is the first long-span 
suspension bridge constructed at the narrowest point of the 
Izmit Bay which is at the eastern side of the Marmara Sea, 
relatively close to the city of Istanbul. The OGB is designed to 
be a critical transportation network for Istanbul and Izmir 
Motorway to shorten the distance and time travelled between 
the cities on the route. The bridge’s construction was started in 
2013 and it opened to traffic in the same year as the YSS bridge 
in 2016. It is the sixth-longest suspension bridge in the world 
by its main span length of 1550 m. 

The general arrangement of the bridge is depicted in Figure 
16. The bridge layout consists of two side spans with a length 
of 566 m and one main span. In addition, there are also two 
transition spans of 120 m at the anchorage blocks at the end of 
each side span on the bridge. The total span length of the bridge 
is 2922 m. The towers are supported by concrete foundations 
submerged into the sea and the total height of the towers is 
252 m. In the place of the supporters at the ground, the 
approach span of the bridge is also suspended with the hangers. 

The bridge deck has an aerodynamic box section strengthen 
by the internal truss elements and diaphragm. The deck was 
designed as three standard traffic lanes on each side, and its 
width and height are 30.10 and 4.75 m, respectively. The 
general structural characteristics such as main cable, hanger 
and pavement temperature, deck stress-strain history, hanger 
and main cable stress variation, top tower and deck mid-span 
displacement are the vital components for the SHM system to 
be developed. 

Critically, one of the active fault segments of the NAF closely 
intersects the bridge. In addition, the bridge is critically 
vulnerable to the far-field effect of large earthquakes in case of 
rapture on the NAF. Besides, unfavourable environmental 
effects are rather high due to the location of the bridge is the 
main basis for the heavy chemical industry of Turkey. Due to 
these adverse conditions of the bridge, a preliminary SHM 
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system that meets all requirements for monitoring the bridge 
was mounted. 

 
Figure 16. General layout and dimensions of the Osman Gazi 
Bridge [97]. 

An SHM system for the OGB was designed before it was 
opened to service just as the Yavuz Sultan Selim Bridge. 
Similarly to the sophisticated SHM system for the long-span 
bridges in Japan and Hong Kong, such as the Akashi Kaikyo 
Bridge in Japan and the Tsing Ma Bridge in Hong Kong, the 
SHM system of the OGB Bridge has six different functions and 
objectives stated in the following: (1) detailed wind monitoring 
(DWM) (2) road condition monitoring (RCM), (3) Dynamics 
monitoring (DM), (4) General structural temperature 
monitoring (GSTM), (5) General stress/strain state monitoring 
(GSSM), (6) Fatigue stress state monitoring (FSSM) [97]. 

386 sensors in total are used to provide a better understanding 
of the response of the bridge to extreme events and 

environmental ageing effects on the bridge. The sensors types 
and quantities are listed in Table 5. 

Table 5. Sensor types and quantities of the OGB [47, 97]. 

Sensor type Quantity 
Weather station 4 
Steel temperature sensor 84 
Hanger temperature sensor 6 
2D accelerometer 32 
3D accelerometer 17 
Air temperature sensor 3 
Sonic distance sensor 8 
Static inclinometer 3 
Dynamic inclinometer 2 
Humidity sensor (external) 16 
Force transducer (LVDT) 12 
Rain gauge 2 
Road wear 1 
Fibre optic strain measurement 160 
Main cable surface temperature sensor 6 
Pavement temperature sensor 6 
WIM station 2 
GPS 8 
Load measuring pin 2 
Mono-strand loadcell 8 
Pyranometer 4 
Total 386 
 
The locations of the sensors are illustrated in Figure 17. Since 

sensor arrangement is symmetric according to the bridge 
symmetry axes in the longitudinal and horizontal directions at 
the deck mid-span, the sensors are only displayed on the half 
part of the bridge elevation depicted.

 

 

 
Figure 17. Sensor arrangement of the SHM system of the OGB Bridge [97]. The Canakkale 1915 Bridge (Dardanelles).
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Due to its strategic location, the Canakkale 1915 Bridge is 
decided to construct (named in honor of Turkey’s historic 
victory in the region during World War I) to provide a 
substantial link to East Thrace to the Aegean and the Western 
Mediterranean over the Dardanelles strait. Besides, the bridge 
is also a critical connection between Istanbul and the Marmara 
region as a matter of the fact that most of the population of 
Turkey is concentrated in the state. A new highway project of 
Malkara-Canakkale is planned to be completed at the same time 
as the Canakkale 1915 Bridge. The construction was started on 
the 18th of March 2017 and it is expected to be finished in 2022. 

This project has vital importance for connecting two cities; 
Istanbul to Canakkale and a region; Northern Aegean. This new 
connection including the suspension bridge project also 
provides an effective solution to link to many harbors, railways 
and air transportation systems between Aegean and Marmara 
regions that are the most important locations of Turkey because 
of the population density. 

It is to be the longest mid-span suspension bridge in the world 
by surpassing the Akashi Kaikyō Bridge in Japan, with a length 
of 2023 m when its construction ended. The bridge tower is 
designed as an H-Shape, rectangular hollow section towers 
with a total height of 315 m from the mean sea level. The tower 
feet are cast on the sea bottom at 40 m below from sea level. 
As shown in Figure 18, the dimensions of the base and top 
tower sections are 11.00 m x 10.50 m and 8.00 m x 7.50 m, 
respectively. The deck with a height of 3.50 m and a width of 
45.06 m. is to be formed as an orthotropic steel deck and it 
consists of three lanes for each direction. The side spans (each 
770 m) of the bridge connect the approach viaducts supported 
at the base for each side with the length of 385 and 680 m on 
the European and Asian side, respectively. The general layout 
of the Bridge is illustrated in Figure 19. 

General advantages are upon the bridge’s completion can be 
summarized as follow: 

• One of the original objectives of “Vision 2023” will 
be attained, 

• Motorway integration of Western Turkey will be 
realized, 

• A new alternative to the Bosphorus to ease the heavy 
transit traffic load, 

• The industrial, economic, and social bonds in the 
region will gain momentum such as in Europe, and the 
Balkans, especially the countries as Greece and 
Bulgaria, 

• Therefore, domestic and international tourism will be 
empowered, 

• Transportation time and costs will be reduced in 
logistics. Therefore, the efficiency of foreign trade 
will be increased, 

• Project will provide employment not only during the 
construction but also operation, 

• A monumental project in Canakkale will be crowned 
by matching the city’s prominence and dynamics. 

 
Figure 18. The tower elevation of the Canakkale 1915 Bridge 
[99]. 

 
Figure 19. General layout of the Canakkale 1915 Bridge [99]. 

Table 6. Sensor types and quantities of the SHM system on the 
Canakkale 1915 Bridge [100]. 
Sensor tag Sensor name Quantity 
ACC1 Uniaxial accelerometer 18 
ACC2 Biaxial accelerometer 28 
ACC3 Triaxial accelerometer 57 
AIR-TEMP Air temperature 4 
AS-TEMP Asphalt temperature 8 
BAR Barometric pressure 4 
BUFFER Sensor in the buffer 2 
CAB-TEMP Cable Thermometer 4 
CL Clearance-sonic distance sensor 2 
DAMPER Sensor in the damper 4 
CORR Corrosion sensor 36 
DAU Data acquisition unit 34 
DISP Displacement sensor 64 
D-SG Dynamic strain gauge 508 
GPS GPS receiver 26 
HUM Humidity 4 
INC Biaxial inclinometer 74 
PY Pyrometer 2 
LOC Load Cell 16 
RWMS Road Weather Measurement Station 4 
S-SG Static strain gague 88 
SS Seismic Station 2 
S-TEMP Steel temperature 52 
WIMS Weight in motion system 2 
WS Weather station 6 
Total  1049 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure 

93 

The sensor locations of the planned SHM system for the 
Canakkale 1915 Bridge is presented in Figure 20 with the 
configuration of various sensors on the bridge’s longitudinal 
layout, deck, and towers. The SHM system is presented in 
Table 6 planned as the most sophisticated one in Turkey in 
terms of the variety and quantity of the sensors. 

 
 
 
 
 
 

 
(a) 

 
(b) 

 
(c) 

Figure 20. The sensor locations of the planned SHM system for the Canakkale 1915 Bridge (a) the bridge’s layout (b) deck cross 
section (c) tower front view [100].
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 Nissibi Cable-Stayed Bridge, Adıyaman 

The Nissibi cable-stayed bridge was constructed on the Atatürk 
Dam Reservoir across the Euphrates River in Southeastern 
Anatolia at the 125th of Diyarbakır-Adıyaman state highway. It 
was opened to traffic in May 2015. Before the construction of 
the bridge, the traffic between Adıyaman and Diyarbakır had to 
be diverted in the south to the route D.885-E99 over Şanlıurfa 
or the passage was being provided by the ferry with very 
limited service across the reservoir lake. Therefore, it was 
decided to be built in 2012 in order to contribute to the socio-
economic development of the region and to eliminate the 
grievances of the local people as well as the high historical and 
cultural tourism potential of the region. Owing to the bridge, 
the commuting time on the Diyarbakır-Adıyaman highway has 
been dramatically reduced. 

The bridge has four-lane and the main and total length are 
400 m and 610 m, respectively. With these records, it is 
currently the longest cable-stayed bridge in Turkey. The side 
spans of the prestressed concrete box section deck consist of 2 
x 105 m length and 24.50 m width. The main span of the 
bridge’s deck designed to be 22.90 m wide and 2.70 m height 
orthotropic steel box section. The plan of the bridge and 
sections are shown in Figures 21 and 22. The material 
properties of main span steel and prestressed concrete deck are 
S355 and C40/50, respectively. In addition, the reinforcing bars 
in the concrete deck (side spans) is 500 MPa and its post-
tension tendons were designed to be 1860 MPa. The deck is 

carried by 80 cables in total and supported by lead rubber 
bearings (LRB) built on the pylons, side span piers and 
abutments to reduce earthquake load. Also, dilatation joints are 
used at the beginning and end of the deck to decrease the 
pounding effect. 

The two inverse Y pylons on both sides made up of concrete 
with a compressive strength of C50/60 and have a height of 
96.78 m from the top of the footing to the top of the pylon. The 
pylon foundations consist of 50 m x 20 m x 5 m rectangular 
spread footings whereas the typical pier foundation was built 
on a 13.3 m x 6 m x 1.5 m spread footing and the abutment 
foundation consists of a 28.7 m x 12.2 m x 1.5 m spread footing. 
The cables are positioned as a modified fan system. The cable 
sizes vary the force in the stay cable and a typical cable consist 
of 7 wire and a 1.524 cm galvanized strand. The bridge was 
designed by the probability of exceedance of the design 
earthquake within a period of 50 years was considered as 2% 
(2475 years). In addition, the wind velocity was taken into 
account as 120 km/h [34]. 

The bridge monitoring system consists of 29 sensors located 
on the foundations, deck, pylons, and cables including load cell, 
accelerometers (high sensitive force balanced 3D 
accelerometer, ± 2 g), wind speed (with a range of 0–60 m/sec), 
solar radiation, air temperature and humidity [103]. Locations 
and the sensors as well as the bridge structural fixed monitoring 
system are shown in Figure 23. The sensor types and quantities 
of the Nissibi cable-stayed bridges are shown in Table 7. 

 

 
(a) 

 

 
(b) 

Figure 21. The Nissibi cable-stayed bridge (a) longitudinal elevation (b) plan view [101, 102]. 
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(a) 

 

 
(b) 

 

 
(c) 

Figure 22. Cross sections (a) cross-section for side span deck (b) cross-section for main span deck (c) pylon cross-section [101, 
102]. 

Table 7. Sensor types and quantities of the SHM system on the Nissibi cable-stayed bridges [103]. 

Sensor tag Sensor name Sensors Channels 
W 3D Ultrasonic wind 2  
H Air humidity 1  
AT Air temperature 1  
S Solar radiation (Luminosity) 1  
A3 3D Accelerometer  7 6 
A1 1D Accelerometer  1 2 
CA 2D Cable accelerometers (Force, Vibration) 8 1 
T-LC Transmitter for cable load cell 8 1 
Total  29 21 
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Figure 23. Sensor arrangement of the SHM system for the Nissibi cable-stayed bridge [103].

 Agin Cable-Stayed Bridge, Elazig 

Agin (Karamagara) cable-stayed bridge is part of a local 
provincial road that crosses the reservoir lake on the Keban 
Dam. The route connects Elazıg and Arapgir, Turkey. The 520 
m long cable-stayed bridge has a span configuration of 
120+280+120 m supported by two steel pylons as tall as 55 m. 
The pylons are erected on existing concrete piers. The main 
deck is composed of an orthotropic steel box section with a 
width of 13 m and supported by stay cables in a central plane. 
The general layout of the bridge is shown in Figure 24 [104]. 

 
The Agin cable-stayed bridge is also one of the projects in 

eastern Turkey where a sophisticated structural health 
monitoring system has been applied. The SHM system consists 
of 40 sensors located on the abutments, deck, pylons, and 
cables including accelerometers, wind sensors, solar radiation, 
air temperature and humidity, solar radiation [103]. The 
location of the sensors is shown in Figure 25. The sensor types 
and quantities of the Agin cable-stayed bridges are presented in 
Table 8.

 
Figure 24. General layout of the Agin cable-stayed bridge (a) longitudinal elevation (b) deck cross-section (c) tower elevation 
[104]. 
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Figure 25. Sensor arrangement of the SHM system for the Agin cable-stayed bridge [103]. 

Table 8. Sensor types and quantities of the SHM system on the Agin cable-stayed bridges [103]. 

Sensor tag Sensor name Sensors Channels 
W 3D Ultrasonic wind 2 6 
H Air humidity 2 2 

AT Air temperature 2 2 
S Solar radiation (Luminosity) 1 1 

A3 3D Accelerometer  8 24 
CA 2D Cable accelerometers (Force, Vibration) 8 16 
ST Structural temperature 10 10 
V Video Cameras 3 3 
D Longitudinal displacement of bearings 2 2 
U Uplift of bearings (displacement) 2 2 

Total   40 68 

3 USING DATA RECORDED BY SHM: EARTHQUAKE 
RESPONSE OF FATIH SULTAN MEHMET BRIDGE 

An offshore event, the Silivri earthquake occurred on 26th 
September of 2019 with a magnitude of Mw 5.8 at the depth of 
7 km on the CMB (the Kumburgaz segment) of the NAF at the 
coordinate of 40.8823N – 28.2095E. The earthquake was felt 
in many cities in the Marmara region and even slight damage 
was observed in some counties of Istanbul city. In addition, the 
event was one of the most significant strong ground motions 
that the region experienced after the 1999 Kocaeli and Düzce 
earthquakes, Mw 7.4, and Mw 7.2 respectively. 

The wealth of information about the dynamic characteristics 
of the FSM Bridge makes it significantly suitable for 
researchers to carry out ambient vibration tests to evaluate the 
current SHM system on the structure. Therefore, the data 
collected from the SHM system during the Silivri earthquake 
were analysed. The analyses were carried out for only three 

different sensors placed in the deck and tower as shown in 
Figure 26 as reference points. The sensors in the deck were 
placed in 42 m and 358 m away from the mid-span of the bridge 
towards the European side whereas the sensor on the tower tip 
was situated on the Asian side. The selected sensors on the deck 
recorded three components of data such as vertical (V), 
longitudinal (L), and transversal (T) except for the sensor on 
the tower tip has only two components of L and T. The 
sampling rate of data is 100 Hz and the uncorrected 
acceleration data are approximately 27 minutes. 

According to the recorded data information, the record 
starting time is 10:57:30 (UTC) while the earthquake started at 
10:59:25 (UTC). Therefore, approximately the first two 
minutes of the data can be evaluated as only traffic exposure. 
The data are divided into three ranges in order to evaluate 
different responses before (only traffic), during (earthquake), 
and after the earthquake exposure. The bridge was open to the 
traffic in each range. The data processing methods are vital in 
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order to remove unwanted noise component of an uncorrected 
data. A MATLAB computing program was used for data 
processing [105]. Each range of the data preprocessed by 
implementing the de-trending (baseline correction, DC 
component subtraction), bandpass filtering and averaging with 
windowing including a 50% overlap (Figure 27). A standard 
fourth-order Butterworth band-pass filter with the first corner 
frequency of 0.05 Hz and the second corner frequency of 5.0 
Hz was performed. This was decided according to the modal 
frequency of the bridge from the numerical analyses in the 
literature vary from 0.05 Hz to 5.0 Hz [52]. 

Bas [43] carried out very comprehensive research on 
averaging and overlapping percentage and stated that the most 

suitable window function and the most effective overlapping 
percentage were determined as Hanning or Hamming window 
function and 50% overlapping percentage. In this study, 
Hamming windowing function was utilized with 50% as 
recommended. The windowing functions were implemented as 
200-second-wide data for each range, which is suitable for the 
frequency range of interest and guarantees a sufficient 
frequency resolution [61]. The processed data were then 
analysed in the frequency domain (by a Fast Fourier Transform, 
FFT) for three different ranges and components of the data 
collected from two sensors in the deck and the one from the 
tower tip. 

 
 

 
Figure 26. The sensor configuration for the analysis. 
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Figure 27. The flow chart of the preprocessing and FFT.

The FFT results presented in Figure 28 indicate that the 
vertical modes were very well defined and easy to identify for 
both reference points sensors located on the deck.
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Figure 28. Vertical response at deck - Station: 5T79Z (a) before range, (b) during range, (c) after range. 

Table 9 summarizes the 12 vertical deck modes in the range 
of 0-1 Hz, obtained from the vertical deck accelerations for 
both stations 5T79 and 5G03. The results revealed a clear 
response for all vertical modes in each window function could 
be reached and they are in excellent agreement with Brownjohn 

et al. [49]. The values that were not able to be read clearly in 
the frequency domain left empty. In addition, no big difference 
observed between the before, during, and after ranges of the 
data.
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Table 9. Vertical deck modes; experimental results and comparison. 

Mode Type and 
symmetry 

Experimental frequency (Hz) Experimental frequency 
(Hz) 

(Brownjohn et al. [49]) 
Station: 5T79 Station: 5G03 

Before During After Before During After 
Vertical asymmetric 0.122 - 0.125 0.122 0.103 0.125 0.125 
V symmetric 0.153 0.146 0.153 0.152 - - 0.155 
V symmetric 0.201 0.195 0.204 0.207 0.195 0.204 0.208 
Vertical asymmetric 0.244 0.244 0.241 0.244 0.244 0.244 0.244 
V symmetric 0.311 0.317 0.314 0.311 0.317 0.314 0.317 
Vertical asymmetric 0.391 0.391 0.391 - - - 0.389 
V symmetric 0.464 0.441 0.464 0.457 - 0.464 0.470 
Vertical asymmetric 0.537 0.543 0.546 0.543 0.543 0.546 0.555 
V symmetric 0.634 0.677 0.634 0.641  0.635 0.645 
Vertical asymmetric 0.745 0.726 0.723 0.745 0.726 0.723 0.741 
V symmetric - 0.848 - 0.831 0.824 - 0.839 
Vertical asymmetric 0.915 0.927 0.921 - - - 0.942 

In the case of lateral deck modes, a strong response was 
observed around 0.3 Hz (L4 in Table 10) although it was 
challenging to obtain lower frequencies since the signal 
consists of traffic and earthquake load which generates a 
dynamic lateral and torsional response simultaneously. The 
lowest clearly identifiable mode L1 is 0.077 Hz (first natural 
frequency) from Brownjohn et al. [49] study was realized with 
the results from station 5G03 for after range. 

The experimental modes for T3 are clearly torsional and they 
are all in good agreement except during range due to traffic and 

earthquake loading (Table 11). In addition, it can also be seen 
that both the vertical and transversal components of motion at 
about 0.3 Hz is a strong indication that this was the first 
torsional deck mode which also stated by Picozzi et al. [61]. 

Table 12 summarizes the identifiable modes up to 1 Hz for 
the north pylon of the Asian tower. Some proportion of 
measured tower modes also participates with deck modes. The 
frequency shift can clearly observe for torsional deck and 
lateral tower modes in the during range (Tables 11, and 12).

Table 10. Lateral deck modes; experimental results and comparison. 

Mode 
Experimental frequency (Hz) Experimental frequency 

(Hz) 
(Brownjohn et al. [49]) 

Station: 5T79 Station: 5G03 
Before During After Before During After 

L1 0.055 0.092 0.067 0.067 0.055 0.073 0.077 
L2 0.122 0.170 0.262 - 0.238 0.244 0.239 
L3 0.171 - 0.256 0.250 0.299 0.259 0.250 
L4 0.299 0.299 0.299 0.320 0.342 0.299 0.287 
L5 0.580 0.580 0.314 0.580 0.555 0.348 0.315 

Table 11. Torsional deck modes; experimental results and comparison. 

Mode Mode type and symmetry 
Experimental frequency (Hz) Experimental frequency 

(Hz) 
(Brownjohn et al. [49]) 

Station: 5T79 Station: 5G03 
Before During After Before During After 

T1 T symmetric 0.310 0.238 0.241 0.281 0.018 0.244 0.296 
T2 T asymmetric 0.372 0.342 0.324 0.378 0.226 0.311 0.352 
T3 T symmetric 0.506 0.421 0.534 0.494 0.342 0.534 0.529 
T4 T asymmetric 0.708 0.543 0.635 0.634 0.445 0.592 0.692 
T5 T symmetric 0.861 0.703 0.821 0.922 0.543 0.823 0.867 

Table 12. Torsional deck modes; experimental results and comparison. 

Mode Mode type and symmetry 
Experimental frequency (Hz) Experimental frequency (Hz) 

(Brownjohn et al. [49]) Station: 2792 
Before During After 

TL1 tower + deck 0.281 0.299 0.281 0.287 
TL2 tower + deck 0.299 0.445 0.299 0.295 
TL3 tower + deck 0.445 0.476 0.436 0.432 
TL4 tower + deck 0.457 0.519 0.476 0.464 
TL5 tower + deck 0.494 0.537 0.513 0.503 
TL6 tower  0.519 0.694 0.537 0.520 
TL7 tower  0.628 0.771 0.659 0.620 
TL8 tower  0.665 0.818 0.693 0.673 
TL9 tower  0.696 0.89 0.775 0.691 
TL10 tower  0.769 0.974 0.818 0.753 
TL11 tower  0.818 1.22 0.888 0.802 
TL12 tower + deck 0.891 1.31 0.958 0.866 
TL13 tower  0.976 1.42 0.970 0.937 
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The strongest longitudinal tower modes occur above 1 Hz 
while some participation lower vertical deck modes can also be 
detected (Table 13). The participation of the towers in most of 
the lowest vertical deck modes ranges between 0.15 Hz and 
0.29 Hz (Table 9). 

Table 13. Longitudinal tower modes; experimental results and 
comparison. 

Mode 

Experimental frequency (Hz) Experimental 
frequency 

(Hz) 
(Brownjohn 
et al. [49]) 

Station: 2792 

Before During After 

T1 1.135 1.147 1.126 1.154 
T2 1.270 1.280 1.278 1.265 
T3 1.287 1.355 1.355 1.284 
T4 1.404 1.406 1.413 1.420 
T5 1.574 1.575 1.575 1.538 
T6 1.691 1.692 1.691 1.580 

4 CONCLUSION 
According to design issues of an SHM system, the most crucial 
step is to characterize the monitoring objectives of the bridge 
as well as the essential information to assist the bridge owners 
to make better decisions for the safety, serviceability and 
operation of the bridge. These decisions are made according to 
the dynamic characteristics of the bridge such as natural 
frequencies, mode shapes, and damping ratios which are 
estimated by the modal analysis method. Thus, determining 
these key features of the bridge is substantial. This is realized 
by the collaboration of the SHM designer and bridge designer 
along with the engineers who are in charge of inspection, 
operation and maintenance of the bridge. 

In order to achieve these objectives, the official authority for 
long-span bridges in Turkey (KGM) continuously provides an 
improving service by updating and redefining monitoring 
parameters. Based on these parameters, an optimum 
configuration for the new sensors can be planned. With the help 
of lessons learned from extreme events in the past, KGM offers 
quite challenging applications on the bridges in order to 
develop the performance criteria of the structure. Recently, 
KGM has been working on building a comprehensive SHM 
center for every long-span bridge in Turkey and synchronizing 
them to the earthquake early warning system. 

Regarding the long-span bridges that were recently 
constructed in the Marmara Region namely the Yavuz Sultan 
Selim (YSS), and the Osman Gazi Bridges (OGB), 
experimental monitoring of these bridges have not been fully 
completed and made available by the bridge authorities so far 
due to the fact that they were recently opened to traffic, no 
worthwhile incidents were to be reported for these bridges, 
however, the details of a preliminary report on the SHM 
systems of the bridges and general considerations were 
presented in this research. 

This study is to present a comprehensive overview of the 
SHM systems on long-span bridges in Turkey. The significant 
findings of this study are presented in two parts: (1) the benefits 
of the SHM systems in Turkey (2) the analysis results of the 
recorded SHM data on the FSM bridge. 

(1) the benefits of the SHM systems in Turkey: 
Extreme events such as marathon, truckers’ protest, strong 

wind, and earthquake in which the bridges are exposed cause a 

visible shaking of the bridges. In these events, the closure of 
the bridges to traffic, even for a short time, is especially critical 
for such cities, as they are located in the critical links of the 
transportation network of metropolitan Istanbul. The benefits 
of the SHM system on the bridges located in the region are 
explained owing to real-life experiences as follows; 
− For a precautionary measure, the authorities closed the 

First Bosphorus Bridge to the traffic for a short period of 
time due to the strong wind event on 18th April 2012. The 
closure made a tremendous impact on the public and it 
took great coverage in the press. However, owing to the 
SHM system on the bridge, the instant structural condition 
of the bridge obtained, and the public was able to be 
informed by the government officials’. 

− On September 17th, 2010 an overwhelming amount of foot 
loading caused visible vibrations on the First Bosphorus 
Bridge during Intercontinental Istanbul Marathon. The 
bridge was being monitored by the SHM systems and 
remained structurally safe during the event. Although the 
event caused short-term concern among the runners, the 
media was soon informed by the authorities based on the 
results obtained by the SHM system. The results were 
validated by the field observation. 

− During the excavation hauliers’ demonstration on 19th 
September 2013, the FSM bridge’s structural response 
was also able to be monitored for about 7 minutes, as their 
bridge crossing time. Although this unusual event found 
great coverage in the media, the information gathered 
from the SHM system located on the bridge made it 
possible for the government officials to comfort the 
public. 

In such extreme events, without interrupting the traffic due to 
the sudden change in the structure response, the structural 
safety of the bridges would be inspected by performing fast 
analyzes, and thus, the functionality and safety of the bridges 
in a metropolitan region such as Istanbul would be provided by 
the SHM systems. 

(2) Analysis results of the recorded SHM data on the FSM 
bridge: 

− The results revealed a decent agreement with analytical 
and experimental results in the literature [40, 41, 50, 61]. 
The vertical modes of the deck are clearly defined 
whereas the lateral modes are found to very weak in the 
low frequencies due to its wide deck [49]. The lateral 
tower modes are found to be stronger than the deck 
modes. Even though a certain shift was observed at the 
frequency values between “before” and “during” ranges it 
subsequently improved by implementing the windowing 
function at a proper time domain. Although a well-
organized data preprocessing method was employed, 
unwanted noise still couldn’t be fully eliminated from the 
data. Therefore, the data collected during no traffic case 
might be analyzed in order to carry out ambient vibration 
test for a future study. Thus, the missing values in the 
lateral and vertical modes might be finally fulfilled. 

− Considering the results gathered from the recorded data 
due to the event on 26th September of 2019, the Silivri 
earthquake (Mw 5.8), it is understood that any event in the 
future could be monitored by the authorities to evaluate 
the bridges’ structural health in realtime to provide a rapid 
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decision-making process for the authorities. Therefore, it 
is believed that the expected Istanbul earthquake response 
can also be recorded by the SHM systems installed on the 
bridges, and the consequences of severe earthquake await 
the region can be examined with the records obtained. 

As a conclusion, it is believed that this study will contribute 
to innovative efforts of the SHM systems for stakeholders in 
general and provide a comprehensive literature review for 
researchers as well. 
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ABSTRACT:   Some recent work on Bayesian finite element (FE) model updating of civil/structural systems performed in our 

lab at UC San Diego is summarized in this paper. The FE model updating problem is formulated and its application is illustrated 

for various civil structures (concrete gravity dam, reinforced concrete bridge column, steel miter gate). (1) The topics of Bayesian 

model updating, and identifiability analysis of nonlinear FE models are discussed with the Pine Flat concrete gravity dam as 

illustration example. The non-identifiability of FE model parameters poses challenges in the model updating process. This is 

demonstrated using the dam model where the sensitivity and identifiability analysis results are used to eliminate the non-

identifiable parameters in the model updating process. (2) FE model updating of a full-scale reinforced-concrete bridge column 

subjected to seismic tests at the UC San Diego large outdoor shake table is performed and the results obtained are summarized. 

The material and damping parameters of the bridge column FE model are estimated/updated using the input-output data collected 

during the shake table tests. (3) FE model updating of a miter gate system subjected to hydrostatic loading is performed using 

numerically simulated strain measurement data to estimate the loss of contact between the gate and the wall quoin blocks, a 

primary damage mode in miter gate systems. 

KEYWORDS: Finite element; Model updating; Bayesian inference; Structural health monitoring; Identifiability; Sensitivity; 

Shake table; Gravity dam; Bridge column; Miter gate. 

1 INTRODUCTION 

Model updating is a crucial aspect of structural health 

monitoring and damage prognosis of civil structural systems. 

The goal is to update a mathematical model of the system of 

interest to match the structural response measurement data 

accounting for various real world uncertainties [1]. Model 

updating is performed to bring the mathematical model closer 

to the real system. The updated model acts as the digital twin 

of the real system and can be interrogated for damage in the 

case of extreme loading (e.g., earthquakes) or progressive 

damage. For civil structures, the mathematical models are 

typically finite element (FE) models. Hence, the process of 

model calibration is typically referred to as FE model updating 

in the civil engineering literature.  

The FE model of the system of interest needs to be first 

developed based on design drawings (including 

nominal/specified material properties) with explicitly 

formulated assumptions and hypotheses. The developed FE 

models typically contain parameters that are unknown or 

known with various degrees of uncertainty, combinedly 

referred to as unknown parameters in this paper. FE model 

updating is a process of estimating/updating/learning the 

unknown parameters of the FE model using measurement data.  

Linear FE models have long been used in civil engineering 

and are typically updated using changes in modal properties 

before and after a potentially damaging event (e.g., earthquake) 

or before and after a time window during which progressive 

damage has taken place – a process known as linear FE model 

updating [2, 3]. The parameters of linear FE models are 

estimated such that the modal properties of the FE model match 

the modal properties of the real system after the major event. In 

this approach, the FE model updating is performed in the modal 

domain. Another approach is to update linear/nonlinear FE 

models (i.e., estimate their unknown parameters) in the time 

domain [4, 5] – this paper focuses on this approach. With FE 

model updating in the time domain, it is possible to update the 

model using the measurement data collected during the 

potentially damaging event. FE model updating of mechanics-

based linear/nonlinear FE models of three different civil 

structures using simulated or experimental data is discussed in 

this paper. 

Some recent work in Bayesian FE model updating is presented 

in this paper. Three application examples are discussed: (1) A 

2D mechanics-based nonlinear FE model of Pine Flat concrete 

gravity dam in which the material parameters are updated using 

simulated data [4], (2) a nonlinear FE model of a bridge column 

tested on the UC San Diego large outdoor shake table for which 

the linear elastic parameters are updated using shake table test 

data [6], and (3) a linear FE model of a miter gate in which the 

loss of contact parameter is estimated using numerically 

simulated data [7]. Challenges encountered while using the FE 

model updating framework on each application example are 

discussed. Techniques used to overcome some of these 

challenges are also briefly summarized.  

2 FE MODEL UPDATING 

The objective of FE model updating is to estimate/update/learn 

the unknown parameters of the FE model of a system of interest 

using input-output (response) measurement data on the system. 

Let 
n

k 
uu  and 

n

k 
yy  denote the measurement input and 

output at a discrete time step k . Assuming the measurements 

are obtained for N  time steps, the measurement data set is 

  ( )1: 1:1:
, ,k k N Nk N=

u y u y . Let ( )1: ;
n

k k  yh u θ  denote the 

output response of a FE model h  of the system at time step k  

when subjected to the input time history 1:ku . 
n

 θθ  

represents the unknown parameter vector of the FE model. Any 

time-invariant unknown parameter of the FE model h  can be 

included in θ .  
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The output measurement ky  and FE response ( )1: ;k kh u θ  of 

civil structures do not match due to numerous sources of real-

world uncertainty. These include: 

(1) Aleatory uncertainty in the measured input and output 

due to sensor and measurement noise/error. 

(2) Uncertainty due to unmeasured/partially measured 

input. 

(3) Uncertainty about the structure/form of the model, i.e., 

the selected model class cannot represent the real-world 

system.  

(4) Uncertainty about the parameters of the model for a 

given structure/form of the model. 

FE model updating aims to estimate the unknown parameters 

θ  of the FE model h  using measurement data ( )1: 1:,N Nu y

while accounting for all these sources of uncertainty. The 

Bayesian paradigm is best suited for this purpose [1]. Three 

ingredients are needed for Bayesian FE model updating: (1) 

prior knowledge about the unknown parameter vector θ , 

encoded in the prior probability distribution ( )p θ , (2) the 

measurement data 1: 1:( , )N Nu y , and (3) a model of the 

measurement process, also known as the measurement model, 

needed to construct the likelihood function. In Bayesian FE 

model updating, the posterior/updated probability distribution 

1: 1:( | , )N Np θ u y  must be obtained utilizing these three 

ingredients. This generic Bayesian parameter estimation 

problem can be solved in a batch mode or a recursive mode [8].  

 Measurement Equation 

The measurement equation is essentially a joint physical-

statistical model that relates model parameters to 

measurements. At time step k , the following measurement 

equation is typically used:  

 ( );1:

measured output error/noiseFEresponse

k k k k= +y h u θ w   (1) 

where 
n

k 
yw  is the measurement error/noise vector at time 

step k  denoting the discrepancy between the measurement 

output ky  and FE response ( );1:k kh u θ . The error/noise 

vectors at different time steps ( )1 2, ,..., Nw w w  are assumed 

statistically independent and identically distributed with the 

random vector kw  modeled as zero-mean Gaussian with 

independent components, i.e.,  

 

2
1

2
2

1

2

0 0

0 0
~ ,  

0 0

k
n

n
n n











    
  
 =  
  
  
   

y

y
y y

w 0 R   (2) 

where 
2
i  denotes the variance of the discrepancy between 

measured and FE predicted output responses at the 
thi  output 

measurement channel.  

 Batch Bayesian FE Model Updating  

In the batch mode, the posterior 1: 1:( | , )N Np θ u y  is obtained 

in one go accounting for all the measurement data 1: 1:( , )N Nu y  

using the following implementation of Bayes’ theorem:  

 

priorlikelihood
posterior

1: 1:
1: 1:

1: 1:

( | , ) ( )
( | , )

( | )

N N
N N

N N

p p
p

p


=

y u θ θ
θ u y

y u
  (3) 

Using the measurement equation defined in Eqs. (1) and (2), 

the likelihood function 1: 1:( | , )N Np y u θ  is given by 

1:

1

( | , )
N

k k

k

p
=

 y u θ , where ( )( )1: ;1:( | , ) ,k k k kp =y u θ h u θ R . 

Determining analytically (in explicit form) the posterior 

1: 1:( | , )N Np θ u y  for various priors ( )p θ  is most often 

impossible. Simulation-based approaches can be used to 

generate samples from 1: 1:( | , )N Np θ u y  denoted as target 

probability distribution. The simulation-based approaches 

available include rejection sampling, importance sampling, 

Markov chain Monte Carlo (MCMC) sampling, and 

Transitional Markov chain Monte Carlo (TMCMC) sampling. 

In this paper, TMCMC sampling [9, 10] is used to sample from 

the posterior distribution 1: 1:( | , )N Np θ u y  of all unknown 

parameters. 

 Recursive Bayesian FE Model Updating 

In the recursive mode, Bayesian updating is performed at 

each time step k  from the first to the last time step N  [8]. At 

any time step k , the distribution 1: 1 1: 1( | , )k kp − −θ u y  is updated 

to 1: 1:( | , )k kp θ u y  accounting for the measurement ( , )k ku y .  A 

state-space representation (state and measurement equations) 

of the problem is required for FE model updating in the 

recursive mode. The following discrete-time state-space 

representation is considered: 

 

( );

1 1

1:

State equation:

Measurement equation:

k k k

k k k k k

− −= +

= +

θ θ v

y h u θ w
  (4) 

where kv  and kw  denote the process noise and measurement 

noise, respectively. In the context of parameter estimation, the 

process noise is artificial, and its variance controls the 

convergence and tracking performance of the estimation 

process. In this representation, the unknown parameter vector 

θ  at each time step k  is denoted by kθ . In recursive Bayesian 

estimation, at each time step k , the distribution 

1: 1 1: 1( | , )k kp − −θ u y  is updated to 1: 1:( | , )k kp θ u y  using the 

prediction and update steps sequentially, i.e.,    
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1: 1 1: 1

from state equation

1 1 1: 1 1: 1 1

1: 1:

from measurement equation

1: 1: 1 1: 1

1:

Prediction step : ( | , )

( | ) ( | , )

Update step: ( | , )

( | , ) ( | , )

( |

k k k

k k k k k k

k k k

k k k k k k

k

p

p p d

p

p p

p

− −

− − − − −

− −

= 


=



θ u y

θ θ θ u y θ

θ u y

y θ u θ u y

y u 1: 1, )k k−y

  (5) 

 Solving Eq. (5) at each time step to analytically (in explicit 

form) obtain 1: 1:( | , )k kp θ u y  is most often impossible. Particle 

filters and nonlinear variants of the Kalman filter (e.g., 

extended Kalman filter, unscented Kalman filter) can be used 

to approximately obtain/sample 1: 1:( | , )k kp θ u y  at each time 

step [8]. 

   In this paper, the unscented Kalman filter (UKF) [11] is 

used to solve the FE model updating problem in the recursive 

mode. At time step k , ( )~ ,k kv 0 Q  and ( )~ ,k kw 0 R , 

where kQ  and kR  are the process and measurement noise 

covariances, respectively. Therefore, 1( | )k kp − =θ θ  

( )1 1,k k− −θ Q  and ( )( )1: ;1:( | , ) ,k k k kk k kp =y θ u h u θ R   

in Eq. (5). The prior distribution is ( ) ( )0|0 0|0
ˆ ˆ,p = θθ

θ θ P  and 

updated distribution at time step k  is 

( ) ( )1: 1: | |
ˆ ˆ| , ,k k k k k k kp = θθ

θ u y θ P , where |
ˆ

k kθ  and |
ˆ

k k
θθ

P  are the 

updated mean vector and covariance matrix, respectively. 

3 APPLICATION EXAMPLES 

 Concrete gravity dam 

Pine Flat concrete gravity dam located in the seismic region of 

Fresno, California (Figure 1a) is used as first testbed structure. 

The 560m wide dam consists of thirty-six 15.2m wide and one 

12.2m wide monoliths. In this paper, a 2D nonlinear FE model 

of the dam (Figure 1b) is developed in the FE software 

framework OpenSees by modeling the tallest monolith as a 

plane section assuming plane strain condition. The boundary 

conditions at the bottom of the dam are assumed fixed. The 

hydrostatic load from the water in the reservoir is applied as a 

triangular load pattern and the additional hydrodynamic effects 

of the reservoir on the dam are included using Westergaard 

masses. The cap plasticity model, a classical 3D non-smooth 

multi-surface plasticity model, is used as the constitutive law 

for plain concrete. The cap plasticity model is characterized by 

a set of eleven time-invariant material parameters (i.e., material 

constants). Two of these parameters, the shear modulus ( )G  

and bulk modulus ( )K , are the linear elastic parameters, while 

the other nine parameters ( ), , , , , , ,  and T X R D W     

govern the nonlinear concrete material behavior. In this 

example, the eleven time-invariant parameters of the cap 

plasticity material model define the unknown parameter vector 

θ , i.e.,   11 1, , , , , , , , , ,
T

G K X D W R T    = θ  . 

 

Figure 1. (a) Pine Flat concrete gravity dam and (b) 2D 

nonlinear FE model of the dam.  

For the data simulation (generation of measurement data), the 

2D FE model of the dam characterized by a realistic set of 

material parameter values (calibrated from the Colorado 

concrete test data [12]) is subjected to the first 20 sec of the 

3600 horizontal component of the 1994 Northridge earthquake 

(M6.7) recorded at Sylmar Hospital station. The set of material 

parameter values used in the data simulation phase are taken as 
true
θ . Then, the absolute acceleration and relative displacement 

response time histories at locations A-G (Figure 1b) are 

obtained from the dynamic seismic response analysis. These 

response data are taken as the true measured responses and are 

polluted with Gaussian white noise to simulate the 

measurement noise. These noisy output responses are used as 

the output measurement data 1:Ny . The seismic input is also 

polluted with additive Gaussian white noise to simulate the 

input measurement noise. This polluted input is used as the 

input measurement data 1:Nu . 

FE model updating of the testbed structure is performed 

using the UKF algorithm [4] utilizing the simulated input-

output measurement data. The time histories of the posterior 

mean estimates ( |
ˆ ,  1, 2,...,k k k N=θ ), normalized to their 

corresponding true values (
true
θ ), are shown in Figure 2. The 

mean estimates of the linear elastic parameters G  and K  and 

the nonlinear parameter T  converge to their corresponding true 

values. However, the posterior mean estimates of parameters 

, , , , , ,  andX D W R     do not converge or converge to 

incorrect values owing to the issue of non-identifiability.  

By performing sensitivity and identifiability analysis [4], it 

was determined that parameters , , , ,and D W    are not 

influent/identifiable parameters. Thus, such parameters can be 

fixed anywhere in their range of uncertainty in the FE model 

updating process. Unscented Kalman filtering is again 

performed considering only , , , , , and G K X R T  as unknown 

parameters. By eliminating the non-influent parameters from 

the FE model updating, the estimates of all influent parameters 

(Figure 3) converge with parameters , , , ,  and G K X R T  

converging to their corresponding true values, while parameter 
  converges to a non-true value (due to structural non-

identifiability [4]).  
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Figure 2. Time histories of the posterior mean estimates of the 

unknown parameters obtained using UKF. 

 

Figure 3. Time histories of the posterior mean estimates of the 

unknown influent parameters obtained using UKF.  

 Bridge column 

A full-scale reinforced-concrete bridge column (Figure 4) was 

tested on the large high-performance outdoor shake table 

(LHPOST) at UC San Diego [13]. In this paper, the measured 

(during the shake table test) input-output data corresponding to 

the first earthquake excitation (EQ1) is used to update a FE 

model of the bridge column developed in OpenSees. The 24ft 

long bridge column is modeled using two nonlinear fiber-

section Euler-Bernoulli force-based beam-column elements 

with three Gauss-Lobatto integration points (monitored cross-

sections) along the length of each element (Figure 5). Each 

element cross-section is discretized into longitudinal fibers. 

The uniaxial Popovics material model is used for modeling the 

confined and unconfined concrete behavior at the fiber level 

and the Giuffre-Menegotto-Pinto steel material model is used 

for modeling the longitudinal steel fibers (i.e., steel longitudinal 

reinforcement). The effects of nonlinear geometry are 

accounted for by using the corotational formulation. The 

damping properties beyond the hysteretic energy dissipated 

through inelastic material action are modeled using Rayleigh 

damping (proportional to the mass matrix and tangent stiffness 

matrix at the last converged step of analysis). The boundary 

condition of the column at its base is approximated as fixed and 

the inertial effect of the superstructure is lumped at the top node 

of the column. 

The measured column base acceleration (EQ1) is used as 

input data 1:Nu  in the model updating. The absolute 

acceleration and relative (to the base) displacement time history 

measured at the top of the column (which coincides with the 

center of mass of the superstructure as per design) are used as 

output data 1:Ny  in the model updating. During the shake table 

seismic test EQ1, it was observed that the column remained 

essentially linear elastic with no observable damage [13]. 

 

Figure 4. Bridge column tested on the large outdoor high-

performance (LHPOST) shake table at UC San Diego. 

The measured column base acceleration (EQ1) is used as 

input data 1:Nu  in model updating. The absolute acceleration 

and relative displacement (relative to the base) time history 

measurements at the top of the column (which coincides with 

the center of mass of the superstructure as per design) are used 

as output data 1:Ny  for model updating. During EQ1 excitation, 

it was observed that the column response was essentially linear 

elastic with no observable damage, except for hairline cracks 

(less than 0.1mm wide) at the bottom of the column [13]. 

Therefore, only the parameters that govern the linear elastic 

behavior of the column (Young’s modulus of concrete cE  and 

of steel sE ; Rayleigh damping parameters 1 2 and a a ) along 

with the tensile strength of concrete, parameter ctf , are 

assumed unknown and estimated using the measured input-

output data; thus,   5 1
1 2, , , ,

T

c s ctE E a a f = θ . The prior 

probability distribution of parameters θ , ( )p θ , is constructed 

making use of the parameter values reported in [13] (referred 

to as the PEER parameter values) – obtained from material tests 
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and white noise tests. The FE model updating is performed in 

batch mode. The TMCMC algorithm is used to sample the 

target posterior probability distribution 1: 1:( | , )N Np θ u y .  

 

Figure 5. FE model (using beam-column elements) of the 

bridge column developed in OpenSees. 

The FE predicted acceleration and relative displacement 

responses of the bridge column obtained using the parameter 

values reported in the PEER report (i.e., before FE model 

updating) and using the sample mean values of the posterior 

TMCMC samples (i.e., after FE model updating) are compared 

with the corresponding experimentally measured responses in 

Figure 6 and 7. The FE response time histories predicted using 

the PEER parameter values (i.e., before FE model updating) 

match poorly the corresponding experimental responses, while 

the responses predicted using the sample mean of the posterior 

samples (i.e., after FE model updating) match the experimental 

responses extremely well. The predictive capabilities of the 

updated FE model when subjected to subsequent input 

excitations (EQ 2 -10) are yet to be studied, which is beyond 

the scope of this paper. For more details about this application 

example, refer to [6]. 

 

Figure 6. Comparison of Experimental and FE predicted 

response time histories before FE model updating. 

 

Figure 7. Comparison of Experimental and FE predicted 

response time histories after FE model updating. 

 Miter gate 

Miter gates are the most common type of navigation locks in 

the United States. One of the consequences of deterioration in 

miter gates is the formation of a bearing gap that occurs 

between the contact blocks that interface the lock walls and the 

miter gate [14]. This gap typically occurs at the bottom of the 

gate (Figure 8b) and cannot be directly observed/measured 

since the gate is submerged underwater. The extent of the loss 

of contact at the bottom of the gate is referred to as gap length 

and is estimated using the FE model updating framework in this 

paper. The Greenup miter gate/lock (Figure 8a) located on the 

Ohio river is used as testbed structure. This structure is 

instrumented with strain gauges at various locations on the gate 

(Figure 8b). A mechanics-based, linear elastic, detailed FE 

model (made of 3D shell elements) of the gate was developed 

using the ABAQUS software (Figure 8b).   

 

Figure 8. (a) Greenup miter gate and (b) FE model of the gate.  

Miter gate structures typically experience everyday loading 

from water on both sides of the gate (upstream and 

downstream). To simulate the measurement data, upstream and 

downstream hydrostatic loads are applied to the FE model (with 

a 45inch gap length) and the strain measurements are recorded 

(at the location of the strain gauges deployed on the gate in the 

real world). The up-and-down-stream hydrostatic loading 

represents the input data u  and the simulated strain 
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measurements provide the output data y  in the FE model 

updating. The unknown parameter is  θ gaplength=  .  

The FE model updating is performed in batch mode to estimate 

the gaplength . The TMCMC algorithm is used to sample the 

target posterior distribution (θ | , )p u y . The prior and posterior 

distributions of gaplength  are shown in Figure 9 with a drastic 

reduction in uncertainty from the FE model updating. The 

support of the posterior distribution also encloses the true gap 

length (45inch).  

 

Figure 9. Prior and posterior probability distributions of the 

gap length vs its true value.  

4 CONCLUSIONS 

An overview of a Bayesian FE model updating framework is 

presented and applied to three different civil structures. 

Identifiability issues with some parameters were encountered 

when the model updating framework was applied to a concrete 

gravity dam. Sensitivity and identifiability analysis results were 

used to determine the identifiable parameters. To validate the 

model updating framework, the FE model updating of a bridge 

column was considered. A very good match was observed 

between the updated FE model response and the experimentally 

measured response for the first (EQ1) of a sequence of shake 

table seismic tests. The predictive capabilities of the updated 

FE model when subjected to the subsequent shake table seismic 

tests (EQ 2 -10) are the object of ongoing studies. The model 

updating framework is also applied to a miter gate system 

considering a full-scale detailed FE model to infer the extent of 

the loss of contact between the wall and gate quoin blocks. The 

TMCMC algorithm which exploits parallel computing is used 

for the FE model updating of such computationally expensive 

FE models of civil structures.  
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ABSTRACT: Railway bridge KW51 in Leuven, Belgium, has been continuously monitored since October 2018. During the 

monitoring, the bridge was retrofitted to resolve a construction error that was noticed during inspection. The aim of the 

measurements is twofold. First, the strain measurements on the bridge deck are used to validate virtual strain sensing, which can 

be embedded in continuous fatigue monitoring to assess the stress cycles under train loading in critical details which are not 

measured. Second, it is investigated to what extent continuous monitoring of the modal characteristics of the bridge enables 

detecting changes in the structure that could potentially be attributed to damage. In this case, the retrofitting results in an actual 

state transition, which, as shown, can be identified from the natural frequency data. This paper summarizes the first results and 

describes future challenges.  

KEY WORDS: Structural health monitoring, System identification, Virtual sensing, Railway bridge KW51. 

1 INTRODUCTION 

Railway bridge KW51, shown in Figure 1, is located on railway 

line L36N between Leuven and Brussels, Belgium, where it 

enables the crossing of the canal Leuven-Mechelen. The 

bridge, of the type bowstring, has a length of 115 m and a width 

of 12.4 m. 

 
Figure 1. Railway bridge KW51.  

The railway bridge consists of two ballasted tracks, both 

characterized by a curve radius of about 1120 m. A maximum 

speed of 160 km/h is imposed. A monitoring system was 

installed on the bridge in September 2018. The measurement 

setup, which is briefly recapitulated in Section 2, is described 

in detail in [1]. 

In the period from 15 May to 27 September 2019, the bridge 

was retrofitted to resolve a construction error that was noticed 

during inspection. The retrofit consisted of strengthening the 

connections of the diagonals to the arches and the bridge deck. 

For every diagonal, a steel box was welded around the original 

bolted connection at the intersection with the arches and the 

bridge deck (see also [1]). 

The measurements were originally set up to validate the 

application of virtual sensing for continuous fatigue monitoring 

of steel railway bridges. The first results obtained from the 

virtual sensing are presented in Section 3. In addition to the 

strain measurements that serve the virtual sensing, continuous 

acceleration measurements on the bridge deck and the arches 

are performed. Those measurements are used to extract the 

natural frequencies of the structure on an hourly basis, which 

are then processed by means of machine learning techniques to 

detect changes which could potentially be attributed to damage. 

The results of the damage detection are presented in Section 4. 

Finally, Section 5 concludes the paper. 

The data used throughout this paper are available for 

download at [2]. 

2 MEASUREMENT SETUP 

A monitoring system was installed on the bridge in September 

2018. The following quantities are measured: 

- Six accelerations on the bridge deck in the lateral and 

vertical direction. 

- Six accelerations on the arches in the lateral direction. 

- Eight uniaxial strains on the bridge deck along the 

longitudinal direction. 

- Four uniaxial strains on two braces connecting the 

arches and the bridge deck (2 times 2). 

- Two biaxial strains on one rail of both tracks.  

- Two uniaxial displacements at the abutments of the 

bridge side Leuven, along the longitudinal direction. 

- The surface temperature and the relative humidity at 

one point below the bridge deck. 

The measurements are performed by means of a National 

Instruments (NI) data acquisition system. The data acquisition 

hardware is installed in a steel cabinet that is mounted on one 

of the transverse girders below the bridge deck. The reader is 

referred to [1] for a detailed description of the monitoring 

system. 

In addition to the measurements at the bridge site, additional 

environmental data are collected at the Vliet Building from the 

KU Leuven Building Physics Section. This building is located 
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on the KU Leuven campus, at a distance of about 5 km from 

the railway bridge. The environmental data are provided on an 

hourly basis and include air temperature, relative humidity, 

vapor pressure, solar radiation, rain, wind speed, and wind 

direction. 

Finally, a second independent vibration monitoring system 

consisting of 80 fiber Bragg grating (FBG) strain measu-

rements is present on the railway bridge [3]. The monitoring 

covers a shorter time period. These data are not considered 

here. 

3 VIRTUAL SENSING 

Fatigue is an important design driver for steel railway bridges 

like railway bridge KW51. Once a structure has been built, in 

situ strain measurements allow verifying assumptions made in 

the design, including the response under dynamic loading and 

the number of load cycles imposed to the structure. Moreover, 

continuous stress cycle counting can be used to track the fatigue 

accumulation in critical points over time. Due to economical 

and practical constraints, the stresses required for the fatigue 

assessment cannot be measured at all physical locations. To 

overcome this limitation, virtual sensing can be adopted for 

model-based extrapolation of the measured response (accele-

rations, strains, etc.) to other points of interest on the structure.  

In the presented case, the strain measurements obtained from 

4 uniaxial strain gauges on the bridge deck are combined with 

a detailed finite element (FE) model of the railway bridge 

(Figure 2) to extrapolate the strains towards other locations on 

the bridge deck. For validation purposes, the locations 

considered in this work coincide with the 4 remaining uniaxial 

strain gauges on the bridge deck. The validation consists of 1) 

comparing the measured with the predicted strain amplitudes 

and 2) comparing the corresponding fatigue damage accu-

mulation obtained after Rain Flow counting the stress time 

histories and successively applying the Palmgren-Miner 

rule [4].  

 

 
Figure 2. 3D view of the FE model. 

In the adopted approach for virtual strain sensing, it is 

assumed that the strain response of the bridge to dynamic 

loading during a train passage is essentially quasi-static. In 

addition, train-bridge interaction is disregarded and linear 

behavior of the superstructure is assumed. The axle positions 

are first estimated from the strain measurements on the rails by 

means of a peak picking procedure. This allows identifying the 

train speed and the axle locations at each instant in time during 

the train passage. Notice that this step does not involve the FE 

model of the structure. Next, the (time-independent) axle loads 

are estimated from the strain measurements on the bridge deck 

and the FE model. Once the axle loads are obtained, the strain 

extrapolation towards unmeasured locations is performed, 

which again involves the FE model of the structure.  

It is found that the virtual strain sensing is complicated by the 

non-linear behavior of the pot bearings at side Leuven, which 

is due to friction. This issue is resolved by isolating the non-

linearity in the virtual sensing, resulting in a two-step approach 

[5]. The displacement measurements at the bearings are first 

used in combination with the FE model to correct the strain 

measurements at the bridge deck, which then correspond to the 

case of pinned supports. The corrected strains are then used to 

estimate the axle loads. Those are finally used in combination 

with the displacement measurements at the bearings to predict 

the strains at unmeasured locations. As an example, Figure 3 

compares the measured and the estimated strains for one of the 

strain gauges on the bridge deck. A very good agreement 

between the measured and the predicted strains is observed. 

 

 
Figure 3. Comparison of the measured (blue) and predicted 

(red) strain signals during a train passage on 28/10/2019, at 

17:55:20 UTC, for strain gauge sg2324AB on the bridge deck. 

 

 Future work involves 1) the application of the presented 

approach for virtual sensing for the full time period of the 

monitoring, which corresponds to a very large number of train 

passages, and 2) further investigation of the non-linear support 

behavior and the development of alternative techniques to 

account for this non-linear behavior in the virtual sensing.  

4 DAMAGE DETECTION 

Tracking the natural frequencies of a structure in operational 

conditions has frequently been proposed in the literature as a 

way to detect potential damage in an early stage. It is hereby 

assumed that damage will result in a stiffness reduction, which 

will lead to a decrease of the natural frequencies of the global 

vibration modes of the structure. The damage detection process 

is complicated by 1) inherent uncertainty in the natural frequen-

cy data, mostly stemming from identification errors in the 

operational modal analysis, and 2) sensitivity of the natural 

frequencies to changes in the environmental and operational 

conditions of the structure. It is common practice to adopt so-

called machine learning techniques to remove the influence of 

changing environmental and operational conditions, as such 

enhancing the damage detection by reducing the number of 

false-positives and false-negatives. Two commonly adopted 

techniques are linear regression and linear principal component 

analysis (PCA).  

The presence of actual damage in a structure that is being 

monitored is rare. Many damage approaches have been applied 

to the Z24 benchmark problem, where long-term monitoring 

was performed on a highway bridge prior to progressive  
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Figure 4. Evolution of the normalized RMS model misfit for linear regression (blue) and linear PCA (red) after 24 hour averaging. 

Results corresponding to a steel surface temperature below 2∘C have been excluded. 

 

damage tests [6]. Several approaches succeed in identifying the 

damage present in this case. The damage induced in some of 

the progressive damage tests is rather large, however. The 

detection of more subtle structural changes (in an early stage) 

remains a challenge. In addition, it is desirable to develop 

validation cases which consider different types of structures 

and other types of damage. 

In this paper, the use of natural frequency data to monitor the 

health of railway bridge KW51 is investigated. A comparison 

is made between standard linear regression and linear PCA. It 

is investigated to what extent these techniques enable removing 

variations in the natural frequency data that are due to changes 

in environmental conditions, and, as such detecting the actual 

changes in the structural behavior that are introduced by 

damage or, in this case, by the retrofit. Although both 

techniques succeed in identifying the actual retrofitting, it can 

be concluded that linear PCA outperforms linear regression 

(Figure 4). This is due to the fact that linear PCA enables 

accounting for environmental variables which are not measured 

and therefore not accounted for in the linear regression. 

In addition to the aforementioned analysis, the calibrated FE 

model shown in Figure 2 is adopted to simulate a number of 

more subtle structural changes. This enables a more extensive 

comparison of damage detection methods. For each of the 

considered damage scenarios, a ROC-curve analysis is 

performed in order to assess the success rate of both linear 

regression and linear PCA. As for the actual retrofit, it is again 

found that linear PCA outperforms linear regression, 

Furthermore, it is shown that averaging the model misfit over a 

sufficiently large number of a time windows is crucial to 

increase the damage detection capacity and to enable the 

detection of small structural modifications that result in 

relatively small natural frequency shifts. 

5 CONCLUSIONS 

This paper presents the first results of an ongoing monitoring 

campaign on railway bridge KW51 in Leuven, Belgium. The 

monitoring data are adopted to validate the use of virtual strain 

sensing for fatigue damage monitoring of steel railway bridges. 

In addition, the natural frequency data, which are obtained on 

an hourly basis, are adopted to validate vibration-based damage 

detection. The considered case is unique, in the sense that it 

involves a structure that is monitored before, during, and after 

a retrofitting to resolve a construction error that was noticed 

during inspection. 

The data are available for download to everybody who 

wishes to use them for validation of damage detection methods. 
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ABSTRACT: To ensure the safety and longevity of infrastructure, on-site inspections are required by federal law [1].  Based on 
current modalities, there is a gap between the knowledge (experiences, bias, and dynamicity vs preprogrammed and static) that 
each inspector (human or UAV) possesses. The aim of this work is to use eye-tracking to capture and examine the process of 
salient feature detection and implicit human perception during the visual inspection (VI) and structural health monitoring (SHM) 
processes. This study focuses on eye-tracking metric analysis by understanding gaze pattern and pupillary responses to anticipate 
visual attention of the observer. Eye-tracking data can accurately track what human is looking at, and which part of a structure 
they are specifically focusing on. In general, human gaze anticipation can be predicted based on fixation count, fixation length, 
saccadic movement and pupil gradient induced by an eye response. These eye tracking metrics will be useful in learning how a 
human eye behaves during VI / SHM processes. To this end, we conducted a pilot study for data collection and analysis on crack 
damage detection to understand human cognition for infrastructure monitoring. We investigated which of the eye tracking metrics 
in literature are useful for crack damage detection in attempt to better inspect infrastructure and its surrounding environment. 
By enabling a sense-making UAV through AI support, this method will facilitate information sharing and sense-making during 
the inspection process. 

KEY WORDS: Eye-tracking; Fixation; Visual inspection; Structural health monitoring; Human bias; Gaze anticipation; Human 
intent. 

1 INTRODUCTION 
The ability of an autonomous system to understand something 
about a human’s intent is important to the success of many 
systems that involve both humans and autonomous agents. Eye 
movements can inform what a person is paying attention to, 
what they spent most of their time on, and how they move 
between different elements in a visual scene [2–4]. In the past, 
many researchers have carried the work of understanding 
human actions and recognizing implicit behavior [5,6], 
however inferring what a human is thinking and its decision 
making abilities has not thoroughly investigated. For example, 
when a human inspector scans a large dam or other 
infrastructure such as a bridge etc., for damages, they look at 
the structure dynamically in attempt to identify potential 
defects. While this is occurring, the inspectors are not aware of 
the electrical signals which cause the contractions in their eye 
muscles (squinting) and neck (turning) [7]. The human brain 
actively transmits signals to the sensory system through 
neurons and compensates for any new information using 
feedback control and commonsense reasoning. While this is 
something a human can do within blink of an eye, we must 
know the metrics that are responsible for sense-making and/or 
decision-making if we are to understand the process more fully 
for the purposes of quantifying human biases and / or 
controlling intelligent, automated systems in the future. 

In normal viewing context, we need to know if the person is 
searching for anything, checking any object’s state [4], or if 
they are just focusing on a specific area. For a human inspector 
to assess a structure’s damage, it is important to first understand 
what can potentially be categorized as a damage and how to 
understand the difference between damage and undamaged 
categories. Eye tracking is an important technique as it allows 
researchers to quantify the dynamics of eye movements in 
visual behavior. The two most important types of eye 
movements are fixations and saccades which  tell us about 

human attention to a visual scene [8]. This is particularly useful 
for uncovering patterns and understanding eye movements in 
natural tasks to see how people coordinate actions in real-life 
tasks; this in turn reveals cognitive/perceptual processes and/or 
limitations. 

Commonsense knowledge such “animals can’t drive” or 
“parents are always older than children” or “rain makes the 
road slippery”, helps humans through their daily life routine 
[9]. We acquire it imperceptibly the day we were born and take 
it for granted [10]. This commonsense knowledge and 
reasoning are often used by human experts even when they are 
trying to solve narrow and domain-specific tasks. These are 
learned by us during our lifetime through experience and 
curiosity; for the most of it, we are unaware of this reasoning 
and how this knowledge is represented internally. In contrast to 
humans, machines do not acquire commonsense reasoning 
naturally overtime. While machines are very competent at 
specified problem-solving, they are brittle because they cannot 
understand unusual data [11] or adapt to flexible 
environments.. 

Recently, there has been significant advancement in eye 
tracking technology and it is becoming more affordable, 
accurate and easy to use [12]. Many companies and researchers 
have turned their focus to this idea of cognitive thought-process 
and how that compliments decision making for many diverse 
applications. Google, one of the biggest internet-related 
product and service technology makers, announced their new 
project “Google glass” [13]. The product is a wearable, voice 
and motion-controlled device that displays information in 
user’s field of vision as well as allows augmented reality (AR) 
experience providing relevant information to the observer 
wearing the glasses.  

Considering these advancements, the objective of this study 
is to examine human eye gaze patterns and observe how the 
human brain compensates for any new /unexpected information 
using eye-tracking-enabled feed-back control and sense-
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making. Therefore, this work will address the following 
research questions. 

1. What are the salient inputs for eye tracking 
observations—wearable or screen based—during the 
visual inspection process? 

2. What senses (metrics) are engaged during an inspection? 
3. What are the possible diagnostic biases (light conditions, 

viewing angle, occlusion) in an observation? 
4. How can we predict biases and reduce them in visual 

inspection practice? 
Most of the literature on eye-tracking technology is limited 

to medical and neuroscience studies which focus on behavioral 
science and medical applications. Considering visual 
inspection and structural health monitoring, research related to 
significant studies concerning eye-tracking during the 
inspection process have not been carried out. Several papers 
related to eye-tracking, human bias and eye-tracking metrics 
will be discussed in detail in section 2. In this work we propose 
to use an eye-tracking device for learning human eye behavior 
and get to know the metrics that are important and are engaged 
during infrastructure inspection. Presently, there are three 
inspection modalities: 1) inspectors are sent into the field to 
walk around infrastructure, take notes, and make sketches 
[introduces bias and safety concerns]; 2) UAVs are given 
condition-agnostic flight paths to capture images of a structure 
[lacks decision-making skills for dynamic imaging such as 
zooming]; 3) a remote inspector flies the drone without 
collaboration between the inspector and the UAV [both 
operated using limited information] [14]. Based on 
these modalities, there is a gap between the 
knowledge (experiences, bias, and dynamicity vs 
preprogrammed and static) that each inspector (human or 
UAV) possesses. The focus of our work is to study the eye-
tracking metrics, understand their significance while making 
engineering judgment, and compensate for diagnostic bias in 
an observation. Eventually this information can be used to 
inform intelligent, autonomous inspection agents. 

The rest of the paper is organized as follows: Section 2 
discusses the literature of eye-tracking technology, its metrics 
and possible bias in eye movements; Section 3 discusses the 
overall procedure and device used for eye-tracking; Section 4 
discusses the experimental analysis with a focus on design 
procedure, metric analyses, and results; Section 5 is the 
conclusion with discussion and future work for this exploratory 
study. 

2 LITERATURE REVIEW 
Eye tracking is a process of measuring the motion of eyes 
relative to head position. In the past, it has been used 
extensively in psychology, cognitive linguistics and product 
design [15]. Recent developments in the eye tracking industry 
have enabled researchers to study efficient and accurate 
assessment of human visual attention. Eye movements can help 
understand the gaze pattern of an individual by showing where 
an individual is looking, the duration, and the pattern in which 
their attention switches from one location to another. Many 
studies have been conducted using either screen based [5,16–
18] or wearable devices [3,6] for collecting eye-tracking data 
and performing analyses for human intent prediction. Several 
researchers have explored the use of eye-tracking technology 

to minimize hazard recognition and examining workers activity 
for construction sites [19,20]. Helmert et al. [21] used eye-
tracking to analyze consumer behavior regarding visually 
suboptimal food items by altering design and colors, attention, 
cognitive process, and purchase decision making. 

In industry, it is important to evaluate a person’s performance 
and this often includes measures of reaction time and accuracy 
such as how fast and how well a task is performed by the 
individual. In aviation, eye tracking is used to measure 
psychophysiological events in order to detect fatigue or high 
mental workload. Under those circumstances,  researchers are 
able to examine precursors to motion sickness and hypoxia, as 
well as they can use this information for assessing display 
improvements [22,23]. Similarly, there was another study [4] 
which addressed inferring human attention, intentions, and 
tasks from video data. An RGB-D video dataset was used to 
predict human attention and infer task intentions using a 
hierarchical graph model with 3D pose estimation data. In 
dynamic environments such as driving or walking down the 
street, it is important to be aware of pedestrian crossing or 
searching for a specific location and/or looking at road signs. 
Using eye-tracking to identify these critical visual tasks can 
prove to be very significant especially in outdoor, dynamic 
environments [24,25]. 

With the advent of computer vision and neural networks, eye 
movement data has been used for training models for predicting 
human behavior and helping in inspection tasks. Jang et al. and 
Hwang et al. [5,6] proposed a method for identification of 
human implicit visual intention based on the eye movements 
and pupillary analysis data for augmented cognition. The model 
was used to distinguish between task-free and task-oriented 
human intent using support vector machine (SVM). Xiao et al. 
[26] proposed salient object detection based on eye tracking 
data to detect area of interest in an image and perform semantic 
segmentation. Additionally, a similar approach was used to 
perform “no-entry” sign detection using K-mean clustering 
using eye fixations data [27]. The authors studied the role of 
fixation points and fixation duration in training a system to 
detect feature points based on clusters rather than focusing on 
all the pixels of an image. 

In addition to these, many online stores are using eye-
tracking data for analyzing consumer market trends to learn 
about people’s behavior during online shopping. Eye tracking 
data can be greatly useful to observe shopper experience, 
optimize the shopper journey and increase the likelihood of 
customers engaging with  advertisements [28]. Considering 
visual inspection of infrastructure, research in non-adjacent 
fields such as marketing will provide insights into how we can 
use these methods for optimizing an inspector’s “journey” and 
increase the likelihood of them detecting damage. To 
understand eye tracking data, one must be familiar with the eye-
tracking metrics under consideration depending upon the type 
of analysis; thus, the following section provides an introduction 
to this topic. 

 Eye-tracking metrics 
Some of the most common eye tracking metrics based on eye 
movements and pupillary responses are described below [29]: 

Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure

118



• Fixation: A moment in time when the gaze is relatively 
stable and/or stationary when looking at something. These 
occur continuously at the rate of 3-4/sec and can last from 
200~300 msec depending on the individual’s interest. 
Fixations have several characteristics that are informative 
such as fixation location, fixation duration, fixation count, 
and time to first fixation. 

• Saccade: The period when eyes are in motion (quick and 
continuous) from one fixation to another and they are 
extremely rapid lasting 40~50 msec on average. Saccades 
are usually voluntary and have their own characteristics 
such as directionality and amplitude. 

• Gaze path: The trail of the fixations in chronological order 
that represents an individual’s eye movement pattern. 

• Pupil dilation: The widening of the pupil that allows more 
light to pass through retina in low light conditions. This 
can change depending on an individual’s mood or interest 
and it is an indication of person’s cognitive effort and/or 
perception of importance. 

Eye-gaze data is generally studied to understand the 
participant’s characteristics that helps in quantifying, 
differentiating and potentially predicting behaviors and 
outcomes. These metrics contain information that can be used 
to make inferences about processes or cognitive states and/or 
inputs related to decision-making and judgment. In addition to 
these eye movements, there are several other metrics that can 
be significant in analyzing eye-gaze information like visit 
metrics, gaze points and fixation points, and mapping score 
which will be discussed Section 4.3 in detail. 

 Bias induced by eye movements 
If a person is looking at an image or a scene in real world, they 
are guaranteed to have a bias of some sorts which depends on 
their perception of importance. Bias can be introduced in eye-
tracking measurements due to a variety of reasons regardless of 
individual’s intent and should be quantified so any adverse 
effects can be minimized. These biases can appear while 
performing an inspection and can affect decision-making 
and/or engineering judgement [30]. The most prominent biases 
that can manifest in an inspection are attentional bias, fixation 
bias, cognitive bias, implicit bias, and negativity bias. 

Attentional bias involves the tendency to pay elevated 
attention to certain stimuli or things with increased saliency 
while ignoring other stimuli [31]. Attentional bias can have a 
dramatic impact on an individual’s perception and can lead to 
inaccurate decision-making. Fixation bias may occur when an 
individual is looking at a specific area for a long period of time. 
This type of bias is associated with increase in interest or 
difficulty in extracting information that is fixated. Most of 
times, fixation bias can result from when an observer looks at 
the center scene first and has the tendency to look-straight 
forward without any information or perception of importance 
[32]. 

Cognitive bias, implicit bias, and negativity bias are all 
related with to perception and can affect individual behavior 
and sense-making. A cognitive bias is an error in thinking 
which affects decisions and judgments under uncertainty that 
could lead to irrational choices or recommendations [33,34]. I 
Implicit bias on the hand, relates to unconscious associations 

and stereotypes an individual regards toward certain stimuli 
without realizing [30]. Lastly, negativity bias tends to give 
more importance to negative stimuli on one’s psychological 
state even when they are insignificant and trivial [35]. 

 
Figure 1. Overall design flow of eye-tracking 

3 METHODOLOGY 
The aim of this study is to determine which eye-tracking 
metrics are important in decision-making and engineering 
judgment and understand the reasoning behind the black box of 
cognition. To this end, we will perform exploratory study for 
collection of preliminary data to develop intuition of human 
interaction within a damaged infrastructure environment. Fig. 
1. explains the overall framework of the design process for 
feature extraction and performing metrics analyses. 

 Device for measuring eye movement 
For the measurement of human eye movement and the pupillary 
response for a given visual stimulus or visual scene, we used 
commercial wearable device Glasses 3 by Tobii technology for 
eye-tracking [36]. The Glasses 3 are shown in Fig. 2. and their 
technical specifications are mentioned in Table 1. Glasses 3 are 
significant in getting the information about the human gaze 
patterns and pupil variations to study cognitive intent about a 
specific task. In this study, we are trying to learn about human 
intent while doing damage detection on a structure for 
identifying and quantifying any potential damage. 

The traditional metrics for analyzing eye movements are 
based on fixation, saccades and pupil diameter however Tobii 
pro Lab [37] software in addition to these, calculates interval 
and event metrics, visits and glance metrics on an area of 
interest (AOI). Table 2. discusses the metrics that Tobii pro Lab 
helps us analyze by providing quantitative measures for 
performance evaluation based on eye-gaze data. 

4 RESULTS AND ANALYSIS 

 Experimental design setup 
The experiment was conducted using wearable eye tracker in 
an outdoor environment on a parking garage wall as a stimulus 
located at The Pennsylvania State University, USA. For the sa- 

                          Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure

119



 
Figure 2. Tobii glasses 3 eye tracking system [36] 

ke of this preliminary study, the data was collected from two 
participants whose eye movements were analyzed while 
looking at this structure. Their average age was 23 years and 
participants had self-reported non-impaired vision. The 
dimensions of the wall structure are 7.5 x 3 feet and a thickness 
of 9 inches with crack damages as shown in Fig. 3. 

The wall structure has three main cracks in total as annotated 
in Fig. 3 from mild to high intensity level. On the left, the green 
colored crack is mild traversing in vertical direction from top 
to bottom; in the middle, the yellow color crack has with 
medium intensity as it is short and wide; and on the right, the 
high intensity crack has relatively large size and depth 
compared to other damage on the structure. The participants 
were asked to visit the wall and try to inspect the structure as to 
mimic the inspector behavior for any potential damages. The 
size of the visual stimulus was kept small to avoid any 
unfavorable movements in the pupillary responses. 

 Experimental results 
In the present study, eye movements and pupillary responses 
were measured using Tobii glasses 3 wearable eye tracking 
system and the analysis were performed using Pro Lab software 
for performance evaluation. The scan path and heat map of the 
two participants (see Fig. 4 and 5, respectively) show the 
participant’s fixations and total time duration for which the 
fixations were made by the participant over the test structure. 

Table 1. Technical specifications of Glasses 3 eye tracker 

Characteristics Technical specifications 

Eye tracking • Technique: Corneal reflection, dark 
pupil, stereo geometry 

• Binocular tracking 
Data rate • 100 Hz 
Calibration 
procedure 

• One point 

Glasses • Lenses: Hot Mirror glass (IR 
reflective coating) 

• Eye Tracking IR Illuminators: 8 per 
eye 

• Scene camera video format and 
resolution: H.264, 1920x1080 pixels 
at 25 fps. 

• Scene camera recording angle/visual 
angle: 95° horizontal, 63° vertical 

 
The heatmap is the result of the correlation of two persons with 
respect to their different gaze patterns and understanding of the 
damage. 

 
Figure 3. Test stimulus damage locations (Red: intense, 

Yellow: medium. Green: mild) 

Table 2. Types of quantitative metrics for eye-tracking 

Quantitative measures Definitions 

AOI fixation metrics 
Fixation duration The total time for which an individual has fixated the gaze for an AOI 
Average fixation duration The average duration of the fixations within each AOI 
Fixation count The total number of fixations made within the AOIs 
Time to first fixation The time taken to make first fixation with the AOI 

AOI visit metrics 
Visit counts The number of visits that are made within the AOI 
Visit duration The total time an individual has visit an AOI 
Average visit duration The average duration of the visits within each AOI 

Eye movement type The type of eye movement classified by the fixation filter for gaze data i.e., fixation, 
saccade or unclassified 

Pupil diameter The estimated size of the pupils when viewing a stimulus 
Mapped gaze point The combined assisted and manually assisted gaze point coordinates 
Assisted mapping gaze point score Similarity score of the assisted mapping gaze points 
Scan path Spatial arrangement of the sequence of fixations during visualization of the stimuli 
Heat map Display heat map of an image where the fixation values are represented as color-coded, 

the highest point colored in red (default color) represents high fixation count 
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(a)                                                                                                      (b) 

Figure 4. Heatmaps of the test stimuli accumulating fixations across two participants 

 
(a) 

 
(b) 

Figure 5. Scanpath of two participants in different colors (Fixations are represented in circles with their number of 
order while the size of circle is proportional to fixation duration).
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The heats maps showed the aggregated fixations of the two 
participants on the images that are used to map the eye 
movements information (see Fig. 4). The two images are taken 
at different perspective from different locations to accumulate 
the behavior of the participants and inform visual attention. 
Similarly, the gaze path (see Fig. 5) showed the order of the 
participants fixations where they started and what was the trail 
for catching crack damages on the test structure. The gaze paths 
of both individuals are different in inspecting the test stimuli 
showing how they see the damages while scanning the wall. 

Participant 1 seems to scan the structure catching the mild 
crack first and then moving to the top middle looking at the 
mild crack and as he scans the structure towards right, he 
focused on the intense crack for quite long duration compared 
to other two cracks as shown in Fig. 5(a & b). In addition, 
participant 1’s gaze path showed a detailed inspection looking 
at crack textures as well showing his level of attention and 
detailing. In contrast, participant 2 first took some seconds to 
focus on the initial point of attention (the most intense crack) 
and subsequently diverting the attention to other parts of the 
structure. From the scan path as shown in Fig. 5(a & b), it looks 
like the intense crack caught all the attention showing longer 
period of fixation at the top and middle of the intense crack. 
Moreover, additional analysis was conducted by incorporating 
different types of filters and how eye tracking metrics 
individually changes for the two participants considering 
pupillary responses and other eye metrics that will be discussed 
in Section 4.3. 

 Metric analyses and discussion 
In this study, we have considered eye tracking metrics such as 
fixation count, fixation duration, visit count, visit duration, 
pupil gradient and gaze point score to analyze for individual 
responses. For better analysis purpose, we label the damage 
AOIs into four categories dividing the cracks into different 
classes. The AOI selection and visualization was done in the as 

shown in the Fig. 6. It should be noted that the cracks were 
labeled into 4 categories to analyze each AOI individually for 
every participant and understand the pattern of their visual 
attention. Based on these four AOI, participants eye 
movements were examined considering fixation and visit 
movements. 

Figure 7 showed fixation count and total time of fixation for 
each AOI of both participants. The number of fixations shows 
that participant 1 is looking at crack 4 more times and for longer 
periods of duration than participant 2, while spending less time 
on the other cracks with an average of 1.24 msec. Interestingly, 
participant 2 did not spending any time at all on cracks 1-3 As 
these cracks are less intense, this justifies the concept that more 
intense damage leads to more attention while doing 
infrastructure inspection. Figure 8 showed visit count and total 
visit duration per AOI of the participants. Likewise, participant 
1 is paying some visits to the damage AOI to make sure damage 
intent and classify it as damages proportional to the fixations. 
On contrary, participant 2 only paid 6 visits to the crack 4 AOI 
and had a shorter of visit time. It can be deduced from these 
results that participant 1 is spending more time and is doing 
keen scanning for damage detection while participant 2 is 
taking less time but more focus on the big cracks and therefore, 
overlooking minor crack damages that could be important as 
well. 

In addition to fixations, visits, and saccadic eye movements, 
pupillary responses are also important to understand the 
cognitive signals that are passing through brain and body in 
hundredth of a seconds before making any head and/or body 
motion. Pupil response is another significant metric that 
indicates the importance whether a person is focusing on any 
point on the test structure. Humans have the tendency of 
leaning backward or forward when focusing on or looking at 
any object and this can be measured by comparing the pupil 
gradient variation in time. Fig. 9 shows the pupillary response 
curve for the two participants and how their pupil is dilated over 

 
Figure 6. AOI labeling on visual stimuli for damage category
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Figure 7. Comparison of fixation count Vs. total fixation 

duration per AOI 

 
Figure 8. Comparison of visit count Vs. total visit duration 

per AOI 

over time when doing normal inspection. From the pupillary 
response, participant 1 is looking at the test structure with a 
great deal of attention and variation as the pupil size changes 
over time. Participant 2 however did not have as much pupil 
size variation and appeared to be more even in their inspection. 
An interesting deduction that can be made based on eye 
tracking literature in other fields [38] is that participant 1 looks 
more nervous and stressed—they could be a novice expert. 
They appear to be looking thoroughly at each of the damages 
with longer fixation times in comparison to participant 2. 
Conversely, participant 2 could be seen as calmer and more 
relaxed with not much change in eye movements; this could be 
because they are an expert and visual attention is mainly 
concerned with critical damages. Alternatively, in the two 
individual’s behavior could be argued in reverse. The novice 
could be only focusing on the major damages while the more 
seasoned expert is examining the structure in a more holistic 
sense to understand behaviors that could pose threat or lead to 
major damages in the future. 

Finally, the last metric under consideration is gaze samples 
and their correlation with eye tracking that can assist in 

automatic gaze tracking and can help to train new inspectors by 
showing the eye movements of experts. Glasses 3 produces eye 
gaze data samples that can be mapped automatically on a 
snapshot to a coordinate system relative to wearable eye 
tracker. To get the meaningful results for numerical and 
statistical analysis, the gaze data must be mapped on to AOIs 
and into new coordinate system of the snapshot with its origin 
fixed in the environment around the participant. It is of great 
importance to understand the aggregation of both eyes and their 
correlation to captured data. The normal distribution of gaze 
points in real world to eye tracking system are shown in Fig. 
10. The average mapping score of participant-1 with respect to 
gaze samples is high—80~85% average, compared to 
participant-2 whose average confidence score is 70~80%. The 
result showed participant 1 to be more sensitive while 
participant 2 with less sensitivity that could lead to reliability. 

5 CONCLUSION 
Eye movements and pupillary responses are crucial in 

scientific studies where human physiology and cognitive 
responses are important. In this study, we analyze eye-tracking

 
Figure 9. Representative curves for pupil size variation (dash line 

indicates the reference pupil size at time to first fixation) 

 
Figure 10. Eye-tracking gaze point distribution 
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metrics based on human-gaze data and how they correspond to 
visual attention during any task. An outdoor experiment was 
conducted for crack damage detection to examine how 
individuals undergo inspection and study their behavior. It is 
observed from the preliminary data that damage detection is 
somehow proportional to the extent of damage that grabs an 
inspector’s attention while in some cases, it might cause other 
potential damages to be overlooked because of its damage 
severity. Moreover, a person spends more time on looking large 
cracks leading to longer fixations and increasing time of 
interest for a specific damage. On the contrary, longer fixations 
can be associated with difficulty in extracting relative 
information. Differences in this perception will be examined in 
a future study. 

In conclusion, fixations, visits counts and pupil gradient in 
aggregation can provide information about an individual’s 
behavior with implicit intent prediction. Thus, eye-tracking 
study can be useful in training inspectors with less experience 
how to perform efficient and timely inspection. This study 
serves as the preliminary data for future work related for 
automating models for inspectors detecting damages using eye-
tracking. In the future, we intend to increase the number of 
participants for increased datasets and conduct an indoor and 
outdoor study for performance evaluation and behavioral 
changes subject to environmental effects. 
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ABSTRACT: The assessment of the condition of operating structural systems relies on our success to track their behavior “as is”. 
This is becoming increasingly feasible via the concept of digital twinning, or virtualization, where information on the system’s 
behavior is made available by means of observations – typically extracted via use of monitoring technologies. This work outlines 
a virtualization framework for systems lying beyond the conventional assumption of linear time invariance (LTI) systems. We 
discuss the potential and limitations of purely data-driven schemes for nonlinear and non-stationary systems and the benefits 
stemming from i) incorporating “structure” into the modeling process and ii) coupling physics-based reduced order models with 
data, in order to deliver representations that are adept in treating the inherent nonlinearity or non-stationarity. We finally discuss 
use of these models with Bayesian filters in support of diagnostics and prognostics for engineered systems. 

KEY WORDS: Structural Health Monitoring; Reduced Order Modeling; Dynamic Virtualization; Nonlinear Systems; Non-
stationary Systems; Parametric System identification; Hybrid Models; Grey-box Models. 

 

1 INTRODUCTION 
The task of virtualization refers to the delivery of adequate 
virtual models of "as-is" structural systems. Such models may 
reflect different granularities but ought to sufficiently capture 
the response observed for the reference system. Measurements 
of the latter are often captured via use of monitoring 
technologies ([1], [2], [3]). In furnishing such a digital twin of 
a monitored structure, it is necessary to integrate the knowledge 
stemming from physics-based representations, which rely on 
adequate capturing of the underlying mechanics and dynamics. 
In this work, we summarize some of the efforts of the authors 
toward development of a framework that attempts to assimilate 
models with data for virtualization of nonlinear systems, in 
support of diagnostics and prognostics for engineered systems. 

The first ingredient of this framework, pertains to structural 
models; these have been extensively employed to serve a 
multiplicity of engineering purposes including (i) optimizing 
structural design; (ii) obtaining a better understanding of 
structural performance; (iii) predicting structural behavior in 
the short and long-term; (iv) diagnosing damage and 
deterioration. The process of creating computer-based 
simulation models of structural response, and structural 
dynamic in particular, is now ubiquitous across diverse fields 
of engineering. In this regard, advancements achieved in the 
field of numerical modeling, particularly in the realm of Finite 
Element (FE) methods, have delivered a significant tool for 
emulating structural response, even for complex phenomena 
such as nonlinearities, energy dissipation, fracture, impact and 
contact ([4], [5]). However, the derivation of an adequate 
system model, i.e., “virtualization”, is no longer a question of 
computing power and algorithmic capabilities. Instead, this 
challenge now rests in the task of developing trust in the 

employed models through the process of verification and 
validation (V&V).  

The virtualization task becomes more complex when 
considering that structural systems are inherently characterized 
by various sources of uncertainties. A first source may be 
attributed to the properties of the structure itself, which might 
be partially or completely unknown, or subject to variability of 
the acting Environmental and Operational Parameters (EOPs) 
([7], [8], [9]), weathering effects, and possible damage ([10], 
[11]). A second source of uncertainty relates to behavior that 
extends beyond the linear time-invariant (LTI) system 
assumption. One such instance is nonlinearity, which often 
manifests in components of the system, where energy is 
dissipated (joints, damping elements, etc.) [6], or arises due to 
geometric nonlinearities (large displacements, instabilities) 
[12].  When the LTI assumption is relaxed, the system model 
should reflect such inherent nonlinearity, as well as its 
dependence on the system properties, while further accounting 
for the excitation characteristics (e.g. wind, wave, traffic, 
earthquake loads). 

The process of virtualization may be achieved via two main 
paths, namely the purely data-driven and the model-based path. 
In a purely data-driven setting, the inference of models is 
exclusively attained on the basis of measured response 
information. In a model-based approach, a structural model, 
capturing the underlying mechanics is included in the loop. A 
model can naturally be exploited as a self-standing simulator, 
which is able to deliver prediction of the response under some 
assumed information on the acting loads (inputs). However, we 
here are concerned with the case where structural models, that 
are adept in capturing complexities (nonlinearity/non-
stationarity) are fused with data, possibly allowing for 
calibration and/or updating of their overall form and defining 

Data-informed virtualization of non-stationary and nonlinear systems 
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parameters. We will refer to this regime as a hybrid scheme, or 
grey box model, since this relies on synergy of models (white 
box) with data (black box). 

In the first class of purely data-driven models, the goal is to 
rid oneself of the dependence on a structural model and its 
numerous accompanying assumptions (geometry, material, 
connectivity, hysteresis assumptions, etc). Such models are 
required to capture the true system behavior, be this linear, 
nonlinear or non-stationary, as well as any dependence on EOP 
variability (e.g. temperature, humidity, traffic) [14], [19], [21]. 
While data-driven models are particularly successful to what 
concerns the task of damage detection, they are often not as 
potent for higher-end SHM tasks, as for example the more 
detailed characterization of damage (localization, 
quantification), or the task of remaining life prognosis. Model-
based schemes offer a mans to remedying this deficiency by 
including a model of the system in the loop.  

In this study, we overview both classes and elaborate on how 
these two classes may be exploited for tasks of different 
complexity. We explain the potential, but also the limitations 
of purely data driven representations (Section 2) and further 
elaborate on the necessary ingredient for achieving fusion of 
data and models into a hybrid model construct, namely the task 
of model order reduction (MOR) (Section 3). We finally 
discuss exploitation of such schemes (Section 4) and outline 
further prospects for capitalizing on the synergy of data with 
models. 

2 PURELY DATA-DRIVEN MODELS 
As aforementioned, a model that delivers a virtualization of an 
actual operating system should be bestowed with the bifold 
capacity of capturing both the inherent dynamics, which may 
involve nonlinear or non-stationary effects, as well as the 
dependence on slower evolving influences such as those more 
typically related to variability of environmental and operational 
parameters (EOPs). Figure 1 offers a representation of such a 
framework that aims to operate across these two scales. 

 

Figure 1.  Illustration of the forward and inverse problem 
formulations. 

 Modeling Short-term Dynamics 

In purely data-driven dynamical models the main objective lies 

in inferring time-series models of the dynamics via 

measurements of the response and/or the excitation (input), 

when this is feasible. While possibilities exist to formulate such 

models also via non-parametric representations (Power 

Spectral Density, Frequency Response Function), we here 

focus on the rather more convenient parametric representations, 

which come with the benefit of imposing “structure” onto the 

underlying response; in the sense that the particular choice of a 

parametric model defines – to a certain extent - the expected 

dynamics. This is beneficial when some prior knowledge of the 

nature of the underlying dynamics is available (e.g. linear vs. 

nonlinear vs. time varying response). Many of these parametric 

expressions are compactly captured via the so-called linear-in-

the-parameters regressive time-series model of equation (1). 

This describes a broad suite of time-series models, which 

capture the dynamic response of the structure   y t  , 

defined over the normalized discrete time 1,2, ,t n= , and 

differ in terms of the formulation of the regression vector and 

the vector of regressed variables: 

   ( )2( [ ]) [ ] · ,  [ 0] ,T

w
y t t w t w t NID = +  z  (1) 

where  ( [ ]) nt  z  is the regression vector, ] [ zn
t z  is the 

vector of regressed variables,  n   is the parameter vector 
and  [ ]w t  is a Normally and Identically Distributed (NID) 
innovations term of mean zero and variance 2

w  . The vector of 
regressed variables  [ ]tz  may contain previous values of the 

dynamic response   y t , excitation inputs   x t  and innovations 
 [ ]w t , according to the model type. 

A few important examples of such models are summarized in 
Table 1.  Further options exist for expressing such a condensed 
parametric representation, as for instance via use of the 
Discrete Wavelet Transform [20]. 

 Modeling Long-term dependence on EOPs 

Such parametric models of the dynamics are adept in capturing 

the short-term dynamic response, even beyond the LTI range, 

however, lack a broad flexibility in incorporating fluctuations 

of the dynamics at different scales, as those stemming from 

variable EOPs. For instance, temperature variations affect 

structural stiffness and, by consequence, the structural 

dynamics (natural frequencies, damping). EOPs may be tackled 
via either i) projection schemes, which attempt to remove EOP 
influence from structural response  [16],[17], or ii) dependence 
models, which construct a functional relationship between 
measured response features (e.g. modal properties) and EOPs 
([18],[22],[23]).  

The short-term dynamics model of equation (1), comprises a 

fixed parameter vector θ, which cannot reflect such long-term 

variability. Although to some extent, LPV and FS-TAR models 

indeed account for time-dependence via the scheduling variable 

β[t], they impose a deterministic evolution of the parametric 

model’s coefficient (parameters). A typical example of such a 

scheduling variable is the azimuth of the rotor for the case of 

representation of the dynamics of rotational components. In 

order to account for the EOP variability more flexibly, a second 

scale of dependence need be accounted for, which permits the 

parameter vector θ to vary in appropriate scales. Below we 

present different methods to such an end. 

2.2.1 The SP-TARMA model for time-varying systems 
Smoothness priors Time-varying AutoRegressive Moving 

Average (SP-TARMA) models employ a stochastic structure 

upon the time evolution of the coefficient vector θ via so-called 

stochastic smoothness (or smoothness priors) constraints [24].  
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Table 1. Modeling Dynamics in the Short Term via Linear-in-the-Parameters Regressive Time-Series Models. 

Model Form Parameters Application 
AutoRegressive (AR) 
[25] ·( [ ]) [ ] [ 1   2   ··  [ ] [ ] [ ]] T

at t y t y t y t n= = − − − z z  an  AR order linear ambient 
response 

AutoRegressive 
Moving Average 
(ARMA) [25] 

( [ ]) [ ] [ [ ] 1]1  ··· ]   ··· [ [ ] [ ]T

a ct t y t y t n w t w t n= = − − − − z z  an  AR order 

cn  MA order 
linear ambient 
response 

AutoRegressive with 
eXogenous input 
(ARX) [25] 

( [ ]) [ ] [ [ ] 1  [ ] [ ] [ ]]1 ··· ···T T T

a bt t y t y t n t t n= = − − − − z z x x  an  AR order 

bn  X order 

linear response, 
known input   x t  

Non-linear AR (NAR) 
models [47] 

1 2

1   2   ···     

     ···  

[ ] [ [ ] [ ] [ ]]

( [ ]) [ ( [ ]) ( [ ]) ( [ ])] 

T

a

T

n

t y t y t y t n

t g t g t g t

= − − −

=

z

z z z z
 

an  AR order 

( [ ])g tz  
nonlinear 
functions 

nonlinear 
response, 
unknown input 

Non-linear AR with 
eXgenous input 
(NARX) [47] 

 

1 2

[ ] [ 1], , [ ],

(

,

( [ ]) [ [ ]) ( [

, [ ]

     ···   ]) ( [ ])]

[ ]a b

T

n

t y t y t n x t x t n

t g t g t g t

= −  −  −

=

z

z z z z

T

 

an  AR order 

bn  X order 

( [ ])ig tz  
nonlinear 
functions 

nonlinear 
response, known 
input   x t  

Linear Parameter  
Varying  AR (LPV-
AR) [26] 

1 2

1   2   ···   

  [   ·

[ ] [ [ ] [ ] [ ]]

( [ ]) [ ] [ ( ]) ( [ ]) ( [ ]) ]··  

T

a

T

b b bp

t y t y t y t n

t t g t g t g t  

= − − −

= 

z

z z
 

 β[t] scheduling variable, Kronecker product 

an  AR order 
 ( [ ])bjg t  

functional 
expansion basis 
p expansion basis 
order 

non-stationary, 
time-varying 
response 

Functional Series 
Time-dependent AR 
(FS-TAR) [32] 

*a special case of the LPV-AR model, where the scheduling 
variable is time, i.e., β[t] ≡ t  

non-stationary, 
time-varying 
response 

More specifically, a TARMA model of order AR/MA order 

equal to n  is given by the following equation:  

 1 1
2

[ ] [ ] [ ] [ ] [ ] [ ],    

w[ ] ~ NID(0, [ ])

a cn n

i i

i i

w

y t a t y t i w t t wc t i

t t

= =

+ − = + −   (2) 

where t  designates discrete time, [ ]w t  is residual sequence, 

assumed to be normally identically distributed (NID) with zero 

mean and time-varying variance 2[ ],w t  and [ ], [ ]i ia t c t  are the 

time-varying AR and MA parameters, respectively.  

Smoothness Priors models employ stochastic difference 

equations to modulate the AR and MA parameters [33]: 

 
2

2

(1 ) [ ] [ ], [ ] ~ NID(0, [ ])

(1 ) [ ] [ ], [ ] ~ NID(0, [ ])
i i a

i i c

i a a w

i c c w

B a t w t w t t

B c t w t w t t









− =

− =
 (3)       

where B is the backshift operator ( [ ] [ ]B x t x t = − ),  
designates the difference equation order, and [ ], [ ]ai ciw t w t  zero-
mean, uncorrelated, mutually uncorrelated and also uncross-
correlated with [ ]w t , Gaussian sequences with time-dependent 
variance, which along with the order of the difference equation 
constraints,  , control the smoothness of the evolution of the 
parameters. The interested reader is referred to [27], [28] for an 
academic example illustrating the parameter estimation 
procedure and the functionality of the stochastic smoothness 
constraints, while in [29] and [30] it is explained how the 
TARMA structure is brought into state space form, allowing 

for recursive parameter estimation of the TARMA model by 
means of a Kalman Filter (KF). One step further, in [31] we 
propose a relaxation of the SP constraint equations by replacing 
the standard backshift operator B  with unknow prior 
coefficients, yielding this a nonlinear estimation problem, 
which is solved by means of an Unscented Kalman Filter 
(UKF). 

Example Applications 

 
Figure 2. An illustration of the forward and inverse problem 
formulations. 

Consider a simple non-stationary system, as the one pictured 

in Figure 2, which is reused from the work of Poulimenos and 

Fassois [32] and has been analyzed in detail in [33]. The system 

comprises a chain of masses connected with the time-varying 

springs, whose value is modified with respect to the original 

example in [32], in order to reflect EOP variability occurring in 

a longer time scale: 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure 

130 

 
  ( )

( ) ( )( )

,0 ,1 ,1

,2 ,2 3

 sin 2 /

sin 2 / 1 0.2sin 2 / , 1,2

i i i i

i i

k t k k t P

k t P t P i



 

= + +

 + =

 (4) 

with ,1 ,2, i iP P reflecting short-term operational variability (

1,1 1,2 2,1 2,2170 , 85 , 142 , 94P s P s P s P s= = = = ), e.g. the centrifugal 
effect on wind turbine rotors operating at different rotational 
speeds, and 3 7200P s= , chosen to reflect the long-term 
variability due to varying environmental conditions (e.g. mean 
wind speed). The full details of the configuration of this model 
are found in  [33]. The system is simulated to obtain a 
simulation time of 2 hours under zero mean Gaussian and white 
noise excitation, implemented as a base displacement r(t). We 
further assume availability of a single measurement, namely the 
acceleration response of m2. The outlined SP-TARMA 
framework, for inferring the system’s time dependent 
frequencies and damping parameters, is plotted in Figure 3 
(black dots). These are in turn used to formulate a modal state 
space equation of the system’s response, which is coupled with 
the measured acceleration ( ) ( )2my t x t= by means of an 
Augmented Kalman Filer (AKF) step [34], [35]. The 
description of the AKF lies outside the scope of this review 
work. However, it suffices to explain that once a dynamic 
model of a system is derived, then as long as this can be cast in 
state space form, a Bayesian filter can be used to couple that 
state (process) equation with limited observations of the system 
outputs, in order to deliver improved estimates of the system’s 
i) states (even in unmeasured locations), ii) inputs and/or iii) 
parameters via appropriate schemes and under specific 
conditions/limitations. The interested reader is referred to the 
thorough treatise on this topic delivered by members of the 
authoring team in [14].  

Use of the AKF in this example, after modal ID by means of 
the SP-TARMA model, furnishes a data-informed 
virtualization of the system by delivering an estimate of both 
the response of the system in unmeasured locations (Figure 4 
top), as well as an estimate of the unmeasured input to the 
system (Figure 4 bottom).  In this computation, it is further 
necessary to have derived a prior estimate of the mode shapes, 
which are assumed identified at an initial configuration of the 
system and are maintained invariant during the estimation.  

 
Figure 3. SP-TARMA estimated (red dots) vs actual 
(continuous lines) natural frequencies (figure reproduced from  
[33]). 

 

 
Figure 4. (top) estimated vs actual response x1(t) (unmeasured 
DOF); (bottom) estimated vs actual input r(t) for a 10 min (left) 
and 20s (right) time-frame (figure reused from  [33]). 

2.2.2 Polynomial Chaos Expansions as Dependence Models 
As a further alternative, the representation of the variability due 
to EOPs, which we assume concatenated in an EOP vector ξ 
may be tackled by means of stochastic regression methods, 
such Gaussian Process Regression (GPR) or Polynomial Chaos 
Expansion (PCE). In these schemes, we consider invariance of 
the EOPs, during a period of time T = N ⋅ fs. This period of 
pseudo-constant dynamics can be defined via stationarity tests, 
as described in [36], [40]. The linear regression model of 
equation (1) is then complemented as follows: 

 
  ( )
( ) ( )

2 · , ( [ ]) [ ]  ] 0,[ T

wy t t w t w t NID = + 

=

 

  

z
 (5) 

where is used to denote the stochastic regression model. 
When PCE is used, the random output variable vector θ is 
expressed via expansion on polynomial chaos basis functions, 
which are orthonormal to the probability space of the system’s 
random input vector ξ, which here denotes the EOP vector. 

 ( ) ( ) ( ) ( )
1

p

j
j

 
=

= =   
j d

 (6) 

where 
j  are unknown deterministic coefficients of projection, 

( )jd  is the vector of multi-indices of the multivariate 

polynomial basis, and ( ) ( )j
 

d
 are the PC functions 

orthonormal to the probability density function of the inputs 
( )p  , which can be associated with a family of orthogonal 

polynomials (Table 2). A list of the most common probability 
density functions along with the corresponding orthogonal 
polynomials and the relations for their construction may be 
found in [37], while a relaxation of this framework is also 
possible for admitting custom distributions [38], [39]. Finally, 
p designates the dimension of the functional subspace, which 

for practical reasons need to be truncated. 
 

Table 2. Wiener-Askey polynomial chaos and their underlying 
random variables. 

PDF Support Polynomials 
Normal (Gaussian) (-∞, ∞) Hermite 

Gamma [0, ∞) Laguerre 
Beta [0,1] Jacobi 

Uniform [-1, 1] Legendre 

Example Applications 
Examples of application of such a dependence models are 

offered in [24], [29] and [18], where we present cases of 

stationary and non-stationary structural systems subjected to 

ambient excitation, which are susceptible to changes of the 
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environmental conditions. In this case, we may use expansion 

of a given output variable, such as the system’s natural 

frequencies on a PC basis constructed to be orthogonal to the 

experimentally estimated PDF of temperature data. In this way, 

an indication is obtained on the sensitivity of the natural 

frequencies of the structure to the manner in which stochasticity 

related to environmental conditions propagates through the 

structural system, thereby achieving a virtualization of the 

dynamics of the system. We have demonstrated this framework 

extensively on monitoring data from actual scale structures, 

such as the Z24 bridge [18] and monitored (onshore) wind 

turbine structures [24], [29]. 

2.2.3 Gaussian Process Regression for Dependence Models 
In the case of GP regression, the model of Equation 5, now 
considered for not a scalar but an n-dimensional response 
vector   ny t  is expressed as: 

 
  ( )

( ) ( ) ( ) ( )

 · ,   0,

,

( [ ]) [ ] [ ]

   0,

Tt t t t NID

NID





= + 

= = + 

y ε ε Σ

W u u Σ

 

   

z

f
 (7) 

where we now replaced the NID innovations (residual 
sequence) vector with the notation  ( ) nt ε , while the vector 
of parameters is now assumed to follow a Gaussian Process 
(GP) regression on the EOP vector q , and determined by 

the coefficient matrix 1 2  , d p

p

 =  W w Ww w , 

the GPR basis ( ) pf , and the parameter covariance matrix 
p p



Σ .  
As further elaborated upon in [41], the GP time-series model 

is characterized by the conditional multivariate normal PDFs 

 
( )
( )

] 

 

( [ ]| , ) [ ]| [ ,

( | , ) ( | ),

Tp t t t

p





= 

= 

y y Σ

W Σ

  

   f
 (8) 

where { , , }  W Σ Σ  denotes the set of hyperparameters 

of the GP time-series model, while ( ), | x xx μ Σ  indicates a 
(multivariate) normal distribution of the random variable x with 
mean 

xμ  and covariance matrix
xΣ . Inference with respect to 

the response vector, the model parameters and the 
hyperparameters may be accomplished by means of different 
estimation schemes, further elaborated upon in our previous 
work [41], such as the maximum likelihood method, typically 
solved via utilization of an Expectation-Maximization (EM) 
algorithm. 

Example Application 
We present here the example, elaborated upon in [42], which 
pertains to a numerical example of a 40 m aluminum wind 
turbine blade, as depicted in Figure 5. The blade response is 
simulated in the flap-wise direction. The studied blade is 
depicted in Figure 2 while its main structural properties are 
summarized in Table 1. The lift and drag forces are calculated 
based on a NACA 64-618 airfoil [43], while the blade structure 
is approximated via 4 Euler-Bernoulli beam elements in a 
cantilever configuration, with proportional damping. 

 

Figure 5. (a) lateral blade view, with distributed aerodynamic 
forces fa(t, x) and wind speed vw(t); (b) discrete model of the 
blade with the translational and rotational DOFs (figure 
adapted from [42]). 

EOP dependence is here assumed on the variables of 
temperature and wind speed. The temperature effect is linked 
to a change in the modulus of elasticity, represented as a linear 
function of the temperature. The aeroelastic model is run to 
produce the response of the blade in 10 minutes intervals 
sampled at 40 Hz, for given wind excitation and temperature 
conditions. A whole year of temperature and wind speed 
variations are simulated according to average values measured 
in north-central Switzerland, as obtained from the Federal 
Office of Meteorology and Climatology and The Swiss Wind 
Power Data Website. The acceleration response histories at the 
deflection DOFs (qi, i = 1, 3, 5, 7) re-sampled to 16 Hz are then 
retained as simulated measurements. 

Moreover, we simulate conditions of extreme weather, under 
which though the structure remain in a healthy state, as well as 
instances of structural damage. The purpose is to understand 
whether the original virtualization of the health system can be 
employed to achieve SHM tasks, such as the task of robust 
damage detection. The challenge in this case stems from the 
system’s non-stationarity, as well as from the influence of the 
acting EOPs, which results in the masking of damage, thus, 
prohibiting reliable diagnostics. The complete list of simulated 
scenarios is offered in Figure 6.  

 

Figure 6. Assumed scenarios of EOP variability and damage. 

Damage is introduced in the form of local stiffness reduction 
in the first beam element of the FEM model. This is linearly 
decreased to 75% of the original stiffness over a period of two 
weeks. In addition, two more weeks are further simulated under 
a constant assumption of this 25% stiffness reduction. This 
damage scenario is assumed to take place in the month of April. 
As an added challenge, a week of extreme weather is simulated 
with outlier (higher) temperatures and wind speeds considered 
acting on the healthy blade. The goal is to train a GP Vector 
Autoregressive (GP-VAR) model to deliver a virtualization of 
the healthy system, operating across variable EOPs and to use 
this for reliably picking up system change, in terms of damage 
(issuing of a red alarm). 
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Figure 7. GPR-VAR damage detection results for the healthy, 
damaged and extreme weather conditions (figure adapted from 
[42]). 

In order to achieve the SHM task of damage detection problem, 
we adopt a Bayesian damage detection test [44]: 
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where 
u  is the probability of the test signal given EOP 

conditions ( )| , hu up Y  and hyper-parameter estimates for 

the healthy state . ( )ˆ| uup Y  is the probability of the test 

signal 
uY given a VAR model with ML parameter estimates û

and ρlim is the damage detection threshold. We further enhance 
the detection process via inclusion of a confidence state, which 
essentially quantifies our confidence in the model estimates, or 
in other words the consistency of the EOP conditions 

u with 
respect to the empirical distribution of the training data 

 : 

 ( )|  

 
up a reliable decision

else unreliable decision

  



 
 (10) 

Based on the plotting of the results in Figure 7, the test statistic 
(horizontal axis) steadily increases under extreme weather and 
under damage. On the other hand, the confidence test prompts 
a warning (yellow alert) of unreliable prediction for the extreme 
weather condition dataset. This alleviates a false alarm, leaving 
a red alert to be prompted only for the case of damage.  

3 STRUCTURAL MODEL IN THE LOOP  
Purely data driven approaches have proven particularly 
successful when it comes to lower complexity SHM tasks, i.e., 
those occupying the lower steps of Rytter’s hierarchy [45], e.g. 
detection [46] or even localization, provided a network of 
sensors is installed [17]. However, the more advanced 
diagnostic task of damage quantification and the task of 

prognosis in terms of residual capacity or remaining useful life, 
are almost impossible to achieve without infusion of some 
additional knowledge of the structure. This can be furnished via 
use of a numerical (engineering) model of the system. 
Naturally, such numerical models, typically delivered as Finite 
Element Model (FEM) representations, tend to be 
computationally expensive; a trait which is detrimental for 
inverse problems, such as those required for digital twins and 
virtualization, where the goal is to update a model or infer its 
parameters so that it can best capture a true system. In order to 
facilitate such hybrid formulations, where data at hand needs to 
be coupled to an available structural model, two main paths can 
be followed: i) surrogate models, which are exclusively trained 
on Full Order Model (FOM) simulations of the system 
response, and ii) Reduced Order Models (ROMs), which are 
able to retain the underlying physics in their formulation, albeit 
doing so in a lower dimensional space. 

 

 

Figure 8.  Illustration of the metamodeling process, where the 
aim lies in substituting a full order, and typically 
computationally intensive numerical model, via a reduced 
order (surrogate) representation of the dynamic response. 

 Surrogate models trained on FOM simulations  

In this case, the task is similar to what was previously described 
for the case of purely data driven models that are inferred from 
data, with the difference that now in place of data, forward 
simulations of the FOM are used. The purpose lies in replacing 
the computation of the FOM via a cheaper computation of a 
dynamic Quantity of Interest (QoI), e.g. acceleration, strain or 
displacement at a critical degree of freedom. Furthermore, in 
this case, the parameter vector θ reflects the different 
configurations of the FOM in terms of structural parameters 
(geometry, materials) as well as characteristics of the acting 
excitation (e.g, earthquake or wind loads). 

We previously overviewed the PCE tool used for treatment 

of stochasticity and further discussed the potential to combine 

this with parametric representations of dynamic systems for 

accounting for EOP variability. Within the metamodeling 

context, let us now overview a PCE-based methodology for 

reduced order modeling of dynamic FOMs and let us do so for 

the more challenging case of nonlinear systems. Consider a 

structural system represented by a numerical model  that is 

characterized by a number of input parameters relating to the 

properties of the modeled structure (mechanical and/or 

geometric). It is assumed that 
sM  of these parameters are 

subject to uncertainty and that they may be described by 

independent random variables gathered in a random vector

11 2[ , , , ]S M  =  T
.  It is further considered that the set of 
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excitation signals used for the dynamic loading of the 

numerical model may be parameterized by a small number of 

random variables 1 2[ , , , ]
S SS XX M M M M  + + +=  T

. 

The response of the numerical model to a given input 

excitation is then also a random variable: 

 ( )[ , ] [1, ], [2, ], , [ , ],X X X Sy t x x x t=       (11)  

with [ , ]Xx t   denoting the excitation input signal, [ , ]y t   the 

corresponding numerical model response signal, and 

[ , ] S X=  T T T  the M − dimensional ( )S XM M M= +  

complete vector of input random variables with known joint 

probability density function (PDF) ( )f  .  

In order to approximate the dynamic nonlinear FOM 

response [ , ]y t   for every realization of the parameter vector 

 , a metamodeling method based on Polynomial Chaos 

Nonlinear AutoRegressive with eXogenous input (PC-NARX) 

models was introduced in Spiridonakos and Chatzi [47]. The 

devised PC-NARX model is given as: 

 ( ) ( )
1

[ ] [ ] [ ]
n

i i

i

y t g t w t



=

=  +  z  (12)  

which reflects the NARX model structure, offered in Table 1, 

but further expresses the NARX coefficient vector as function 

of the FOM parameters vector, ( )i  , by means of the 

following polynomial chaos representation, similarly to 

Equation 6. 

 , ( )
1

( ) ( )i i j j

j

 


=

=  
d  (13)  

 
The PC-NARX model is then fully parametrized in terms of 

a finite number ( )n p   of the coefficients of projection ,i j , 

The determination of this coefficients is accomplished via 

minimization of either the Simulation Error (SE) criterion or 

the Prediction Error (PE) criterion. When intending to utilize 

the metamodel as a full simulator, the PE error criterion should 

be minimized. The nonlinear regressor terms ( [ ])ig tz  are 

selected in accordance to the physics of the problem at hand. 

The details of the implementation are elaborated in [27], [47]. 

Example Application 
This process is demonstrated on construction of a metamodel 

representation for a FE model of a 5-storey steel shear-type 

frame subjected to earthquake excitation (Figure 9). The 

metamodel aims to predict a dynamic QoI, namely the top floor 

horizontal velocity of the frame for a given earthquake input. 

Material nonlinearity is assumed, characterized by a bilinear 

stress-strain curve. The details of the structure are outlined in 

[27].   

The metamodel is parametrized in terms of material 

parameters, such as the steel's Young modulus 

~ (180,220)E , as well as the stochastic ground motion 

model parameters mid , ,aI  and 5 95D −
, which follow the 

distributions indicated in Figure 9. The parametrization of 

earthquake records is accomplished by following the 

framework proposed by Rezaeian and Der Kiureghian [48]. 
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Figure 9. The five-storey shear frame model and its 
parametrization (figure adapted from [27]). 

The metamodel is derived via training on 100 FOM 
simulations entailing a corresponding number of input random 
vector realizations ( 1,2, ,100)k k =   sampled via a Latin 
Hypercube Sampling scheme. For each forward run of the 
FOM, the shear frame is excited by a seismic motion with a 
Peak Ground Acceleration (PGA) value ranging in the interval 
of 0.25 to 0.72 g. The described PC-NARX method is 
employed in both 1 step-ahead prediction and simulation mode 
for recovering the top velocity response of the FOM under an 
earthquake excitation, which was not included in the training 
set, namely the El Centro earthquake. The results are plotted in 
Figure 10. 

 
Figure 10. Dynamic response of the shear frame FE model and 
the corresponding PC-NARX one-step-ahead predictions and 
simulation response signals for the El Centro earthquake 
(figure adapted from [27]). 

 
The results reveal the potential of this metamodel in 

accurately reproducing the dynamic response of interest, with 
sufficient accuracy, equal to 0.0074% for the normalized 1-
step-ahead PE error and, more importantly, 0.1735% for the 
normalized SE error. This calculation is delivered 100 times 
faster than the FOM simulation. This model can be used for 
real-time estimation purposes in the context of applications, 
where real-time estimation is of the essence, such as control or 
online diagnostics.   
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 ML-based dynamic metamodels 

The PCE framework suffers when the dimensionality of the 
problem increases, e.g. for higher order systems, where several 
modes participate in the response. As a remedy to this, the 
alternative of utilizing a Machine Learning (ML) approach, 
relying on use of an Autoencoder (AE) framework as a 
dynamic metamodel is explored next. As illustrated in Figure 
11 and elaborated in [49], the AE attempts to extract Nonlinear 
Normal Mode (NNM)-like quantities in an attempt to form a 
reduction basis. The AE-extracted NNMs, result in a lower 
dimensional set of dynamic variables, which are then fed into a 
recurrent neural network (RNN) which simulates the response 
of reduced order variables to a given (unseen) excitation. The 
decoder structure of the AE is then utilized to recover the 
response in full order coordinates.  

Autoencoder (AE) neural networks are often employed in 
problems relating to dimensionality reduction or de-noising 

problems [50]. They comprise a deep neural network 
architecture with a so-called bottleneck layer, which reflects the 
reduced variable vector Z. Via minimization of a cost function, 
the AE forces the data through the bottleneck layer and delivers 
a lower dimensional representation, while attempting to 
recover the original inputs through use of the decoder. As 
supported in previous works by Dervilis et al. [51] and Worden 
and Green [53], the lower dimensional manifold extracted by 
the autoencoder can be considered to approximate the NNMs 
of the nonlinear system. We exploit this assumption and further 
utilize an LSTM (an evolution of an RNN) as a statistical 
regression method, which predicts the dynamic response within 
the reduced NNM space as a function of the acting exogenous 
input vector F. 

The reduction framework is tested on a simulated shear 
frame, which simulates a 3D two story building, whose joints 
are modeled with Bouc-Wen type nonlinear links. The structure 
is described in detail in Vlachas et al. [52].

 

 
Figure 11. A machine learning based method of model order reduction exploiting Autoencoders and LSTMs 

The hysteretic equation governing the nonlinear joint response 
is offered below:  

      
1

1
max,   ( )n n

w
A

z Ax x z zwz x z ith 
 

−
= − − =

+
 (14) 

where x denotes the displacement of the link, z the hysteretic 
parameter and A controls the hysteresis amplitude. Parameters 
w, β and γ influence the smoothness and essential shape of the 
hysteresis loop. 

The FOM is in this case simulated for a specific configuration 
of parameters, which implies that in this case we are not 
constructing a parametrized ROM, although this could be 
feasible by using a Conditional Variational AE structure [54]. 
The ROM is here used to reduce a specific and computationally 
involved numerical model, so that we may predict response 

under new (unseen) input excitations. The frame is simulated 
under harmonic excitation and the overall performance of the 
ROM closely approximates the FOM response, as 
demonstrated in Figure 13 for 4 characteristic DOFs (out of the 
total of 108 DOFs of the system). The mean squared PE error 
of the ROM, averaged across all DOFs is 4.5×10-4, while the 
normalized man square error with respect to the signal power 
is equal to 2.1×10-2. The computational time to simulate 5 
seconds of response was 0.82s for the ROM as opposed to 7.3s 
for the FOM. 

 Physics-based parametrized ROMs 

While the previous formulations address the challenge of 
reflecting nonlinear traits in a system’s nonlinear response, 
these come with the drawback of eliminating the underlying 
physical representation. This structure is valuable when 
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seeking to further estimate response quantities, as for example 
strains in critical system components. In tackling such a 
challenge, ROM representations, which allow for direct linkage 
to the original FOM DOFs can be used. 

 
Figure 12. 108 degree of freedom nonlinear shear frame. The 
joints feature Bouc-Wen type hysteretic links. i) Nodal force 
application points for section 3.2 are indicated via red arrows, 
while ii) the assumed ground motion direction for Section 3.3 
is indicated via a blue arrow. 

 
Figure 13. ROM Predicted response (orange) versus actual 
FOM response (blue) under a new input excitation for 4 
characteristic DOFs of the full model. 

In [52] we introduce a parametric ROM (pROM) scheme for 
simulating nonlinear structural systems, where nonlinearity is 
tied to phenomena such as plasticity and hysteresis. The 
framework relies on principles of Model Order Reduction 
(MOR) demonstrated in the works of Farhat et al.  [56], [57], 
and Meyer and Rixen [55]. The developed pROM is able to 
express dependency in terms of parameters, such as structural 
characteristics or the temporal and spectral characteristics of 
the acting loads. The ROM formulation relies on utilization of 
Proper Orthogonal Decomposition (POD) on appropriately 
constructed snapshots of the dynamic response. The POD is 
used to extract a reduced basis of the system, which allows 
transition from the FOM representation to a ROM of lower 
dimension. To achieve this, the displacement response of the 
FOM is expressed as:  

 ( ) ( ) ( )FOM ROMt t=u V p u  (15)  

where p  is the vector of parametric dependency, 
FOMu  and 

ROMu  denote the FOM and ROM displacement response 
respectively and n rV  represent the projection basis 
obtained through POD; n designated the FOM dimension, 
while r n corresponds to the ROM dimension. Thereafter, 

the ROM representation is obtained by means of a Galerkin 
projection on the FOM equations of motion as follows: 
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where n nM is the mass matrix of the system, ng  is the 
vector of nonlinear, state-dependent restoring forces and 

nf is the external excitation vector. Subscript r denotes the 
corresponding matrices and vectors of reduced dimension, 
obtained via the POD projection.  

To reproduce the response of the system in an `unseen' 
configuration, i.e., a set of parameters that have not been 
included in the training, interpolation techniques are employed. 
The added feature of the variant we propose, termed the 
Coefficients Interpolation pROM (CpROM), is illustrated in 
Figure 14. Unlike already established local bases interpolation 
methods, the dependence of the FOM on the parameter vector 
is carried out at a level that is separate to that of the snapshot 
procedure via extraction of an additional set of reduction 
coefficient Ξi. 

 
Figure 14. Graphical description of the CpROM approach. The 
green surface represents the Grassmann Manifold (M) and the 
circular points denoted by Vi; i = 1; 2; 3 the training samples. 
The representation is inspired from [58]. 

The resulting CpROM allows for rapid computation, while 
maintaining a physics-based representation, which is 
particularly critical for prognostic tasks and virtual sensing 
(inference of response QoIs, including strains, in unmeasured 
locations). Its performance is demonstrated on the example 
structure of Figure 12, with the difference that in this case, we 
aim to construct a ROM that applies over a diverse set of 
parameters. The parameter set includes the hysteresis 
amplitude A and the hysteresis shape parameter zmax of 
Equation 14. The excitation is assumed to be ground motion in 
the form of Gaussian noise. The ground shaking is assumed to 
lie within the horizontal xy plane, at an angle of pi/4 with 
respect to the x axis, as indicated in Figure 12.  Figure 15 
illustrates the performance of the CpROM in reproducing  the 
FOM response in the nonlinear joint of the structure that 
experiences the largest displacement.  The RMS error for the 
restoring forces consistently lies below 3.5% across different 
parameter sets. The framework can be coupled to hyper-
reduction schemes and clustering methods for further 
enhancing the computational efficiency of the method [57]. In 
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this case, although the size of the problem is relatively small to 
demonstrate the reduction potential, the derived ROMs retain 
only 8 reduced modes to achieve the aforementioned level of 
precision, while producing a 6-times faster evaluation by 
additionally employing a hyper-reduction strategy, namely the 
Discrete) Empirical Interpolation Method [59]. 

 
Figure 15. CpROM performance in simulating the nonlinear 
hysteretic response of the shear frame of Figure 12. 

4 HYBRID MODELS – FUSION OF PHYSICS BASED 
MODELS WITH DATA 

The fusion of reduced order models, e.g. pROMs, with 
measurement data that are obtained from the response of actual 
operating systems, can be accomplished via adoption of a 
Bayesian filtering scheme; a framework that is particularly 
attractive for real-time (or near real-time)  estimation. To such 
an end, the modelled dynamics need be typically expressed in 
a stochastic discrete-time state-space form, as described below: 

 1 1 1 1( , , )
( , , )

k k k k k

k k k k k

− − − −= +

= +

x G x p θ v

y H x p θ w
 (17)  

in which the vector valued function ( )•G is a parametrized, 

with respect to θ , predictor of the latent state vector kx , and 

( )•H is an observer of the predictions ky  at sensing locations.  

 
Figure 16. The concept of virtual sensing, i.e., estimating 
response in unmeasured locations of a monitored structure via 
use of a model and a Bayesian filter setting  
(figure inspired from [65]. 

Such a representation allows for the recursive assimilation of 
measurement data into the modelled dynamics by means of 
Bayesian filtering approaches, which rely on Sequential Monte 
Carlo (SMC) samplers. This portion of the work of the 
authoring team has been elaborated extensively in previous 
works, where we point the interested reader [60], [61], [62], 
[64]. This allows for estimating the system’s response in 

unmeasured locations (virtual sensing/state estimation), as well 
as offers potential for inference of the input (unmeasured 
loads/input estimation), or potentially uncertain parameters of 
the system (parameter estimation) in a near real-time setting (. 
The speed of the estimation directly depends on the 
computational seed of the employed mode, which explains the 
need for efficient reduction strategies. Within this context, the 
coupling of parametrized nonlinear dynamics for Wind Turbine 
(WT) blades, while using only sparse vibration measurements, 
has been demonstrated in [65], for real-time virtual strain 
sensing. The reduction principle in this case relies in utilization 
of a reduction basis that is enhanced with modal derivatives. 
Estimated quantities, such as strains or displacement in 
unmeasured locations (Figure 17), can in turn be used for 
evaluation of indicators such as e.g. fatigue accumulation, 
which serve for prognosis of reliability of Remaining Useful 
Life (RUL). 

 
Figure 17. Time history of the tip displacement of the blade. 
green: reference ABAQUS simulation (assumed as ground 
truth measurement); black: UKF estimation in the unmeasured 
locations (tip) via coupling of a nonlinear reduced-order model 
with measurements in sparse blade positions by means of a 
UKF algorithm [65]. 

5 CONCLUSIONS 
This work attempts to present an end-to-end approach for 
dynamic virtualization of nonlinear and non-stationary systems 
within the context of SHM. Firstly, we present the potential of 
inferring purely data-driven models (Section 2), which 
encompass information of the underlying governing dynamics, 
while further accounting for influences of EOP variability. This 
can be achieved via use of suitable parametric models which 
incorporate nonlinear, non-stationary or time-varying traits and 
which are fitted to reflect the monitored system’s dynamics 
across diverse temporal scales. While such models are adept in 
satisfying diagnostic tasks on the lower levels of the SHM 
hierarchy, e.g. detection and localization, they are not as 
successful in higher-end tasks, e.g. virtual sensing or prognosis. 
In satisfying such a goal, a model of the system is often 
necessary for offering complementary information on the 
monitored system. The complementary utilization of data and 
models results in formation of hybrid, or grey-box, models of 
the operating system. In coupling data with structural models, 
the process of reduction is necessary for furnishing models that 
can be computed possibly on the fly, as data flows in. We 
demonstrate options to such a reduction in Section 3 initiating 
with i) ML-based models, trained on realizations of a detailed 
FOM, and ii) parametric physics-based models, able to operate 
on a reduced mapping of the original FOM, while further 
expressing parametric dependence. In Section 4, we discuss 
how fusion of data with models may be achieved via use of 
Bayesian filters for the purpose of virtual sensing and/or 
estimation of condition indicators (e.g. fatigue accumulation). 
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In future work, we elaborate on development of schemes, 
which benefit from the fusion of some prior known model 
structure with an ML-based discrepancy term for recovery of 
the unknown system dynamics.  
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ABSTRACT: This work proposes an approach to damage assessment and selection of an optimal maintenance strategy taking into 

account the decision maker's behavioral risk profile using Expected Utility Theory. In such cases where decisions are influenced 

by the biases and heuristics of the decision-maker or are otherwise risk-weighted, the outcomes may be non-unique and subjective. 

For the framework introduced, it is assumed that the state of the structure is completely defined by state parameters(s) that are 

assumed to be unknown and must be inferred probabilistically using sensor data. The specific set of maintenance strategies are 

already predefined for a given structure, and each of these maintenance strategies is associated with a corresponding discrete state 

label. Therefore, the maintenance strategies and the state label are uniquely mapped. The primary goal of this paper is to select an 

optimal maintenance strategy and discretely label the structural state using probabilistically inferred state parameter(s) and 

accounting for the decision-maker's risk perception. An individual’s risk perception is their valuation about the consequence of 

making a decision and is influenced by their biases and heuristics. The framework developed is applied to structural health 

monitoring (SHM) of miter gate structure. 

KEYWORDS: Behavioral psychology; Bayesian decision theory; Expected utility theory; Optimal maintenance decision; Miter 

gates. 

1 INTRODUCTION 

The goal of structural health monitoring (SHM) [1] is to 

continuously monitor the current state of the structure based on 

appropriate analysis of in-situ acquired sensor data in order to 

make informed decisions about the structure’s performance, 

maintenance, safety, or other related objectives. This goal is 

achieved by integrating multiple objectives, including optimal 

SHM system design, in-situ data acquisition, feature extraction, 

statistical inference of the state parameters, in order to make 

actionable decisions.  

Several contributions [2,3,4,5] have been made in the area 

focusing on engineering decision-making under uncertainty 

and risk. In this paper, we target risk-informed decision-making 

in SHM. The approach herein incorporates a layer of human 

psychology on selecting appropriate maintenance strategies 

that not only depend on the posterior distribution of 

unmeasurable state parameters but also consider the behavioral 

risk-profile of the decision-maker. As a part of investigating 

and designing an appropriate SHM system, an organization is 

assumed to provide a list of maintenance strategies designed 

considering various limits states. The set of a maintenance 

strategy is assigned corresponding discrete state-

labels/rating/indices that map to various degrees of damage 

relating to limit states. For instance, the U.S. Army Corps of 

Engineers (USACE) rates miter gate structures by considering 

an operational conditional assessment (OCA) rating protocol 

consisting of five discrete damage labels: A (excellent), B 

(good), C (fair), D (poor), F (failing), and CF (complete 

failure). These ratings are generally commensurate with the 

increased overall damage state of the miter gate [6].  

To present an application of the proposed framework, we use 

the miter gate as an example structure. The USACE spends 

billions of dollars in maintaining and operating the inland 

waterways infrastructure, which includes lock systems that use 

miter gates in their fundamental operation. Unscheduled 

shutdowns of these assets and/or dewatering for inspection or 

repair is very costly [6]. The potential for SHM to help facilitate 

maintenance and operations appears highly promising. For the 

miter gates that comprise a typical lock system, the state 

parameter of interest is a measure of the loss of boundary 

contact between the miter gate itself and its supporting wall 

quoin block at the bottom of the gate, which is underwater. The 

presence of gaps in this contact surface induces stress 

concentration and possible catastrophic failure under cyclic 

loading. This paper aims at developing an SHM decision-

making framework where a countable number of maintenance 

actions (each associated with a discrete rating) are to be 

proposed and executed, all the while accounting for the 

continuous and uncertain nature of the state parameter and risk 

perception of the decision-maker. We do this by using 

Expected Utility Theory [7,8] to choose a maintenance strategy 

on an economic basis that minimizes the cost/regret of choosing 

which maintenance strategy to select from the available options 

given the posterior distribution of the inferred state parameter 

that is indicative of the degree of damage. The posterior 

distribution of the gap length is inferred from measurable but 

noisy sensor data using Bayesian inference. Since the gap 

length is probabilistically inferred, the Expected Utility Theory 

framework allows us to weigh on all of its possible realizations 

in order to choose an economically optimal decision. 

Choosing a particular maintenance strategy for a given true 

structural state will have an associated consequence cost. For 

example, when the gate is newly deployed, the decision of not 

performing any maintenance leads to a more desirable 

consequence (minimal expenditure). Although the 

consequence cost for a set of maintenance actions can be 

approximately decided by the operating organization, the actual 

maintenance performed is affected by the biases and heuristics 

of an inspection engineer [9]. This decision-making scenario 

under uncertainty motivates us to model and investigate the 

effect of behavioral biases on decision-making. We model the 

behavioral skewness of an individual by modeling their utility 

vs. wealth (or loss) function. An individual’s utility gives their 

evaluation of the consequence/outcome of an action which may 

be different from the real economic (“currency”) cost. For 

instance, a risk-averse decision-maker aims at losing less (or 

The role of risk profile in state determination of structures 

Mayank Chadha1, Mukesh K. Ramancha2, Manuel A. Vega3, Joel P. Conte4, and Michael D. Todd5 
1,2,3,4,5Department of Structural Eng., University of California, San Diego, 9500 Gilman Drive, La Jolla CA 92093, USA 

machadha@ucsd.edu1, mramancha@ucsd.edu2, mvegaloo@ucsd.edu3, jpconte@eng.ucsd.edu4, mdtodd@eng.ucsd.edu5  

mailto:machadha@ucsd.edu
mailto:mramancha@ucsd.edu
mailto:mvegaloo@ucsd.edu
mailto:jpconte@eng.ucsd.edu
mailto:mdtodd@eng.ucsd.edu


Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure  

140 

gaining more), and his or her perceived value of cost/loss is 

higher than the real currency cost. 

The rest of the paper is arranged as follows. Section 2 

discusses a general decision-making framework. Section 3 

details the demonstration case of the miter gate structure. 

Section 4 describes various consequence cost functions for 

different risk profiles. Section 5 presents the results obtained 

from posterior decision analysis to determine optimal 

maintenance strategies. Finally, Section 6 concludes the paper. 

2 DECISION-MAKING FRAMEWORK 

Consider an SHM decision-making objective (such as choosing 

a maintenance action) that depends on the state parameter(s) 

defined by a random variable Θ, such that 𝜃 ∈ ΩΘ, where 𝜃 is 

a realization of the random variable Θ, and ΩΘ denotes the state 

parameter space. Let 𝜃true ∈ ΩΘ represent the true value(s) of 

the state parameter(s). Since the state parameter is uncertain, in 

the absence of any newly acquired sensor data, it is 

probabilistically defined by its prior probability distribution 

function 𝑓Θ(𝜃). Let Ω𝐷 = {𝑑1, 𝑑2, … , 𝑑𝑛} represent the 

decision-space, where 𝑑𝑖 represents a discrete state label that 

has a corresponding maintenance strategy designed for it.  

The objective is to answer the following question: for a given 

probability distribution of the state parameter(s), what damage 

rating must be assigned to the structure that leads to an 

economically optimal maintenance strategy? As per Expected 

Utility Theory, the optimal decision is the one that minimizes 

the average loss or the expected risk arising as a consequence 

of selecting that maintenance strategy. Let 𝐿(𝑑𝑖 , 𝜃true) define 

the total loss (cost paid “out of pocket”) as a consequence of 

selecting the maintenance corresponding to the label 𝑑𝑖 

estimated for all the possible values of the true state 

parameter(s) 𝜃true ∈ ΩΘ. It is an extrinsic cost arising as a 

consequence of making a decision. The expected cost 

Ψprior(𝑑𝑖) of performing maintenance identified by the label 𝑑𝑖 

is then defined as 

Ψprior(𝑑𝑖) = 𝐸Θ[𝐿(𝑑𝑖 , 𝜃true = 𝜃)]. (1) 

The optimal decision, denoted by 𝑑prior ∈ Ω𝐷 , is obtained as 

𝑑prior = argmin
𝑑𝑖

Ψprior(𝑑𝑖). (2) 

Making a decision using Eq. (2) is referred to as prior 

decision analysis. With the availability of new information 

(sensor readings from the SHM system) obtained by a 

mechanism 𝑧, we can obtain the updated understanding of the 

state parameter(s). We model the sensor measurements 

obtained using system 𝑧 as a random variable 𝑋𝑧 with a 

realization denoted by 𝑥𝑧. Let Ω𝑋𝑧
 represent continuous 

measurement space such that 𝑥𝑧 ∈ Ω𝑋𝑧
. We realize that 

gathering additional information by any mechanism 𝑧 (like an 

SHM system) incurs an intrinsic cost denoted by 𝐶(𝑧). 

Therefore, let 𝐿𝑧(𝑑𝑖 , 𝜃true) = 𝐿(𝑑𝑖 , 𝜃true) + 𝐶(𝑧) denote the 

cost of making a decision 𝑑𝑖 when the true state parameter(s) is 

𝜃true and mechanism 𝑧 is used to acquire new information. 

With the availability of new information, the expected loss, 

denoted by Ψz(𝑑𝑖), becomes 

Ψ𝑧(𝑑𝑖) = 𝐸Θ𝑋𝑧
[𝐿(𝑑𝑖 , 𝜃)] = 𝐸𝑋𝑧

[𝐸Θ|𝑋𝑧
[𝐿𝑧(𝑑𝑖 , 𝜃)]]. (3) 

We define conditional risk 𝑅𝑧(𝑑𝑖; 𝑥𝑧) as 

𝑅𝑧(𝑑𝑖; 𝑥𝑧) = 𝐸Θ|𝑋𝑧
[𝐿𝑧(𝑑𝑖 , 𝜃)]. (4) 

Conditional risk represents the expected loss as a 

consequence of making a decision once we have an updated 

understanding of the system state, mathematically given by the 

posterior distribution of the gap length 𝑓Θ|Xz
(𝜃|𝑥𝑧) conditioned 

on new information 𝑥𝑧 ∈ Ω𝑋𝑧
. The optimal decision 𝑑𝑧(𝑥𝑧) can 

then be obtained as  

𝑑𝑧(𝑥𝑧)  = argmin
𝑑𝑖

𝑅𝑧(𝑑𝑖; 𝑥𝑧). (5) 

Using Eq. (5) to make a decision is called posterior decision 

analysis. 

3 DEMONSTRATION EXAMPLE 

 Application description: miter gate 

As a case study, we consider the Greenup lock and miter gate 

(Fig. 1) located on the Ohio (USA) river and managed by 

USACE.  

 

Figure 1. Greenup locks, miter gates, and its FEM  

We assume that the damage state of the miter gate is 

completely described by the loss of boundary contact between 

the gate and the concrete wall at the bottom of the gate. We 

refer to this single-dimensional scalar state parameter as the 

gap length, denoted by 𝜃 ∈ ΩΘ. The state parameter space is 

bounded by physical constraints such that ΩΘ = [𝜃min, 𝜃max]. 
We assume that 𝜃min = 0 inches (lower bound) represent a 

pristine gate. Based on the suggestions from USACE field 

engineers [10], we consider 𝜃max = 180 inches. Unlike the 

non-binary protocol used by USACE, i.e., (A, B, C, D, F, and 

CF), we use a simple binary labeling system to build our 

framework. The reduced decision space consists of two discrete 

damaged states Ω𝐷 = {𝑑0, 𝑑1}, where 

𝑑0: label indicating that the gate is not critically 

damaged and has acceptable operational capacity 

𝑑1: label indicating that the gate is critically damaged 

and is not safely operational 

 

(6) 

The physical location of the gap appearance is in the part of 

the gate that is always submerged underwater during 

operational conditions. Therefore, the loss of contact length 

cannot be directly observed/measured during operational 

conditions, and it has to be inferred from measurements of 

some other quantities of interest available at distributed 

locations on the structure. The Greenup miter gate is equipped 

with an array of strain gauges, readings of which are recorded 
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in real-time and are used as the set of measurements to infer the 

gap length. We simulate our data acquisition process using a 

detailed high-fidelity finite element model (FEM) of the 

Greenup miter gate (see left part of Fig. 1) previously validated 

in the undamaged condition of the gate with the available actual 

strain sensor readings [10]. 

 Maintenance actions and base consequence costs 

Let 𝑀0 and 𝑀1 represent the actions associated with the labels 

𝑑0 and 𝑑1, respectively. That is if the structure is labeled/rated 

as 𝑑𝑖, then we perform the maintenance 𝑀𝑖 such that 

𝑀0: Do nothing (normal operation) 

𝑀1: Shut down, inspect, and/or repair or replace if 

required based on the inspection results 

 

(7) 

Choosing either 𝑀0 or 𝑀1 will have an associated 

consequence cost depending on what the true state of the gate 

is. For instance, choosing 𝑀0 for a newly constructed gate (with 

the true gap length value being nearly zero) is an optimal 

decision. On the other hand, the same maintenance action 𝑀0 

can lead to catastrophic consequences when the true value of 

gap length is close to 𝜃max (implying a heavily damaged gate). 

Similarly, choosing 𝑀1 for a pristine gate is unnecessary, while 

it may be an optimal decision when the gate is approaching 

critical failure (with a larger value of true gap length). 

Therefore, to consider the economical consequence of deciding 

a maintenance action (or, equivalently choosing the state label), 

the organization needs to estimate the cost of performing 

maintenance for all the possible true degrees of damage defined 

by the state parameter gap length 𝜃true. The organization 

estimates this cost based on a detailed cost analysis of past 

maintenance data and/or their current maintenance policies. For 

the sake of demonstration problem, we assume a linear cost 

function 𝐿(𝑑𝑖 , 𝜃true) for maintenance decision 𝑑𝑖. We define 

the linear cost function by evaluating the consequence cost for 

both the maintenance strategies considering the extreme values 

of true gap length (𝜃true = 𝜃min = 0 inches and 𝜃true =
𝜃max = 180 inches) and linearly interpolating the cost function 

between these boundary points for all the intermediate values 

of 𝜃true. This was done because the extreme values of the gap 

have interpretable physical meaning, and therefore the 

consequence cost can be reasonably evaluated at the extreme 

gap values. The cost  𝐿(𝑑0, 𝜃min) represents the cost of doing 

nothing (or 𝑀0) when the gate is pristine, and hence 

𝐿(𝑑0, 𝜃min) = 0. The cost 𝐿(𝑑0, 𝜃max) quantifies the 

consequence of doing nothing (or 𝑀0) when the gate is 

critically damaged. This is the worst-case scenario that will 

lead to catastrophic losses. We assign 𝐿(𝑑0, 𝜃max) a value of 

unity, randomly scaled to $1M (USA), i.e., 𝐿(𝑑0, 𝜃max) =$1M. 

The cost 𝐿(𝑑1, 𝜃min) denotes the cost of performing 

maintenance 𝑀1 when the gate is pristine. This would lead to 

unnecessary cost due to shutdown and inspection. Finally, the 

cost 𝐿(𝑑1, 𝜃max) represents the cost of performing necessary 

maintenance when the gate is critically damaged. We define the 

extreme costs 𝐿(𝑑1, 𝜃min) and 𝐿(𝑑1, 𝜃max) as a fractional value 

of the worst-cost 𝐿(𝑑0, 𝜃max), such that 

𝐿(𝑑1, 𝜃min) = 15% of 𝐿(𝑑0, 𝜃max) 

𝐿(𝑑1, 𝜃max) = 40% of 𝐿(𝑑0, 𝜃max) 

(8) 

These are reasonable but arbitrary assignments; they affect 

the final result for this specific demonstration, but their values 

don’t affect the framework being presented. Under these 

assignments, the cost functions (see Fig. 2) can be defined as 

 

𝐿(𝑑0, 𝜃true) = (
𝐿(𝑑0, 𝜃max) − 𝐿(𝑑0, 𝜃min)

𝜃max − 𝜃min

) 𝜃true

+ 𝐿(𝑑0, 𝜃min); 

𝐿(𝑑1, 𝜃true) = (
𝐿(𝑑1, 𝜃max) − 𝐿(𝑑1, 𝜃min)

𝜃max − 𝜃min

) 𝜃true

+ 𝐿(𝑑1, 𝜃min). 

 

 

(9) 

 

 

Figure 2. Linear base cost functions.  

Although the base cost is assumed to be linear in this paper, 

it can bear any form (step-function, piecewise function, 

polynomial, or even numerically-defined). The framework 

developed here is generic and can support any such model, just 

as the specific cost values assigned to the function. 

 Bayesian inference of gap length 

The measurements 𝑥𝑧 obtained from the strain gauge array 

are used to infer the gap length 𝜃 using Bayes theorem, such 

that 

𝑓Θ|Xz
(𝜃|𝑥𝑧) =

𝑓𝑋𝑧|Θ(𝑥𝑧|𝜃)𝑓Θ(𝜃)

𝑓𝑋𝑧
(𝑥𝑧)

. 
(10) 

Assuming only basic geometric constraints on the gap length 

and assuming no available knowledge on the gap length value, 

we assume gap the length to be a uniform distribution spanning 

over ΩΘ such that 

𝑓Θ(𝜃) = {
(𝜃max − 𝜃min)−1  for  𝜃 ∈ ΩΘ;
0                             otherwise.

 
(11) 

To model the likelihood function 𝑓𝑋𝑧|Θ(𝑥𝑧|𝜃), we use the 

following measurement model 

𝑥𝑧 = ℎ𝑧(𝜃, ℎup, ℎdown) + 𝑤𝑧  (12) 

Here, 𝑥𝑧 = (𝓍𝑧1, 𝓍𝑧2, … , 𝓍𝑧𝑁𝑠𝑔(𝑧)) ∈ ΩX𝑧
 is a realization of 

the strain measurements, where, 𝓍𝑧𝑖 denotes the observed strain 

value of the 𝑖th strain gauge and 𝑁𝑠𝑔(𝑧) denote the number of 

strain gauges constituting design 𝑧. For a gap length value 𝜃, 

the finite element model ℎ𝑧, when subject to upstream and 

downstream water heads (ℎup, ℎdown), yields 𝑁𝑠𝑔(𝑧) number 

of true strain values, such that ℎ𝑧(𝜃, ℎup, ℎdown) =



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure  

142 

(𝒽𝑧1, 𝒽𝑧2, … , 𝒽𝑧𝑁𝑠𝑔(𝑧)). As per Eq. (12), to simulate the 

observed strain measurement 𝑥𝑧, the assumed true strain values 

ℎ𝑧(𝜃, ℎup, ℎdown) is corrupted with a zero-mean Gaussian 

distributed noise with a realization 𝑤𝑧, such that each strain 

gauge value is drawn from zero-mean Gaussian distributed 

noise with a  𝜎strain standard deviation. This allows us to write 

the likelihood function as 

𝑓𝑋𝑧|Θ(𝑥𝑧|𝜃) = ∏ 𝜙 (
𝓍𝑧𝑖 − 𝒽𝑧𝑖(𝜃, ℎup, ℎdown)

𝜎strain

) .

𝑁sg(𝑧)

𝑖=1

 

 

(13) 

In the equation above, 𝜙(⋅) denotes a Gaussian distribution 

of the 𝑖 −th strain gauge reading 𝓍𝑧𝑖 with the standard deviation  

𝜎strain and the mean value 𝒽𝑧𝑖(𝜃, ℎup, ℎdown). The posterior 

distribution cannot be obtained analytically using Eq. (10) 

because the relationship between the gap length 𝜃 and the strain 

measurements 𝑥𝑧 is highly nonlinear and only available 

numerically through the finite element simulation. We employ 

the transitional Markov chain Monte Carlo (TMCMC) 

algorithm to perform Bayesian inference [11,12]. 

4 DECISION-MAKER’S RISK PROFILE 

 Risk-profiles 

The consequence costs are estimated by the organization based 

on the available data and are approximate. When it comes to 

maintenance decisions guided by the organization's 

maintenance policies or collective experience, we consider the 

real-world scenario where inspection engineers are authorized 

to execute those decisions. These decisions are subjective to the 

engineer's experience and their thought processes, in line with 

the broader policies or guidance provided by the organization. 

Therefore, the maintenance decisions may have different cost 

consequences as defined by the base cost functions. The base 

consequence cost can be modified to include the risk perception 

of the decision-maker. In this section, we propose a spectrum 

of risk-profiles that can be interpreted in two ways: (1) forward 

interpretation: each risk profile represents individual decision-

makers’ behavior; (2) inverse interpretation: each risk profile 

represents a risk-intensity that the organization wants to include 

over the base cost to make a decision. 

We consider three broad types of risk behavior: risk-averter, 

risk-seeker, and risk-neutral. A risk-averter decision-maker has 

a strong desire to not make any incorrect decision that can lead 

to large losses. On the contrary, a risk-seeker is willing to bet 

more and absorb high losses with an expectation of the highest 

possible return. In short, a risk-averter decision-maker tends to 

make a safer/conservative decision settling for a moderate 

reward, whereas, a risk-seeker tend to risk larger losses 

expecting a bigger reward. The risk profile of the decision-

maker can be mathematically modeled by their utility vs. 

wealth (or loss) function, generally known as a utility function. 

An individual's utility gives their evaluation of the 

consequence/outcome of an action. The utility may be different 

from the real dollar cost (or value). Since a risk-averse 

decision-maker aims at losing less (or gaining more), his/her 

perceived value of cost/loss is higher than the real economic 

cost. This leads to an increasing concave-down utility function. 

On the other hand, a risk-seeking decision-maker is willing to 

risk more and hence assign a lower valuation to the real cost, 

leading to an increasing concave-up utility function.  

We mathematically model an individual’s utility by a 

nonlinear logarithmic function parameterized by two variables. 

The base consequence cost 𝐿(𝑑𝑖 , 𝜃true) ranges from 

𝐿(𝑑𝑖 , 𝜃min) and 𝐿(𝑑𝑖 , 𝜃max). Let 𝑙𝑖 denote a value of the loss 

𝐿(𝑑𝑖 , 𝜃min), such that 𝑙𝑖 ∈ [𝐿(𝑑𝑖 , 𝜃min), 𝐿(𝑑𝑖 , 𝜃max)] for 𝑖 ∈
{0,1}. We now define two utility functions 𝑈(𝑑𝑖 , 𝑙𝑖) with the 

constraints 𝑈(𝑑𝑖 , 𝑙𝑖 = 𝐿(𝑑𝑖 , 𝜃min)) = 𝐿(𝑑𝑖 , 𝜃min). This is 

because these costs represent extreme damage scenarios and 

are assumed to be fixed by the organization. It is a reasonable 

assumption since different individuals can often agree with the 

consequence cost decided by the organization at extreme values 

of the gap length. It is this constraint that requires a definition 

of two different utility functions for the decisions 𝑑0 and 𝑑1, 

respectively. To model the utility functions 𝑈(𝑑𝑖 , 𝑙𝑖), we define 

the critical loss 𝑙𝑐𝑖 ∈ [𝐿(𝑑𝑖 , 𝜃min), 𝐿(𝑑𝑖 , 𝜃max)] for 𝑖 ∈ {0,1} as 

the costs at which the utilities are defined as 

𝑈(𝑑𝑖 , 𝑙𝑐𝑖) = 𝛾𝐿(𝑑𝑖 , 𝜃min) + (1 − 𝛾)𝐿(𝑑𝑖 , 𝜃max).  (14) 

In the equation above, 𝛾 ∈ [0,1] represents the fractional 

distance between the extreme costs [𝐿(𝑑𝑖 , 𝜃min), 𝐿(𝑑𝑖 , 𝜃max)]. 
It is one of the quantities that parametrizes the utility function. 

It must be reasonably chosen to be used in Eq. (14) leading to 

a desirable utility function. For each decision 𝑑𝑖, we assume the 

following form of the utility function 

𝑈(𝑑𝑖 , 𝑙𝑖) = 𝑎𝑖 log ((𝑙0 − 𝐿(𝑑𝑖 , 𝜃min))𝑏𝑖 + 1) +

𝐿(𝑑𝑖 , 𝜃min) for 𝑖 ∈ {0,1} 

(15) 

Four constants 𝑎𝑖 and 𝑏𝑖, for 𝑖 ∈ {0,1}, are obtained by using 

the definition of the critical loss in Eq. (14) and solving the 

following simultaneous non-linear equations for each 𝑖 

𝑎𝑖 log ((𝐿(𝑑𝑖 , 𝜃max) − 𝐿(𝑑𝑖 , 𝜃min))𝑏𝑖 + 1)

= 𝐿(𝑑𝑖 , 𝜃max) − 𝐿(𝑑𝑖 , 𝜃min) ; 

𝑎𝑖 log ((𝑙𝑐𝑖 − 𝐿(𝑑𝑖 , 𝜃min))𝑏𝑖 + 1)

= 𝛾(𝐿(𝑑𝑖 , 𝜃max) − 𝐿(𝑑𝑖 , 𝜃min)) 

 

 

(16) 

For the special case of critical length 𝑙𝑐𝑖 = 𝛾𝐿(𝑑𝑖 , 𝜃min) + (1 −
𝛾)𝐿(𝑑𝑖 , 𝜃max), the utility function loses its curvature and 

becomes linear. The utility then reduces to the monetary value, 

i.e., 𝑈(𝑑𝑖 , 𝑙𝑖) = 𝑙𝑖. This reflects a risk-neutral profile.  

    As per the discussion above, it appears that for a given 

individual, we have two different utility functions for each 

decision case 𝑑0 and 𝑑1 parametrized by the pairs (𝛾, 𝑙𝑐0) and 

(𝛾, 𝑙𝑐1). Since the utility functions 𝑈(𝑑0, 𝑙0) and 𝑈(𝑑1, 𝑙1) do 

not seem to be related functionally, this contradicts the 

common sense that an individual with his/her unique risk 

perception should have a unique relationship between their 

utility functions for 𝑑0 and 𝑑1. We define this uniqueness by 

establishing a relationship between 𝑙𝑐0 and 𝑙𝑐1 

𝜉 =
𝑙𝑐0−𝐿(𝑑0,𝜃min)

𝐿(𝑑0,𝜃max)−𝐿(𝑑0,𝜃min) 
=

𝑙𝑐1−𝐿(𝑑1,𝜃min)

𝐿(𝑑1,𝜃max)−𝐿(𝑑1,𝜃min) 
  (17) 

    The quantity 𝜉 ∈ [0,1] is the critical fractional distance. It is 

the unique fractional distance between the extreme costs 

[𝐿(𝑑𝑖 , 𝜃min), 𝐿(𝑑𝑖 , 𝜃max)] for 𝑖 ∈ {0,1} that allows us to 

uniquely parameterize a risk profile by two non-dimensional 

and normalized parameters (𝛾, 𝜉) yielding a set of two unique 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure 

143 

utility functions. From here on, an individual’s risk profile will 

be parametrized by (𝛾, 𝜉) yielding a set of two unique utility 

functions, denoted by 𝑈(𝑑0, 𝑙0; 𝛾, 𝜉) and 𝑈(𝑑1, 𝑙1; 𝛾, 𝜉). Based 

on the parametrizing quantities (𝛾, 𝜉), three broad cases of risk 

profile are classified as 

𝜉 < 𝛾: Risk-averter; 

𝜉 = 𝛾: Risk-neutral; 

𝜉 > 𝛾: Risk-seeker. 

 

(18) 

Figure 3 schematically illustrates the utility vs. loss function for 

various risk profiles. 

 

Figure 3. The schematic diagram of utility vs. loss for various 

risk profiles  

 Risk-intensity modified consequence cost functions 

We obtain the risk-intensity modified consequence cost 

function by substituting the losses 𝑙𝑖 (argument in the utility 

function defined in Eq. (15)) by the base consequence costs 

𝐿(𝑑𝑖 , 𝜃true). This allows us to incorporate the risk perception 

into the decision-making process. Let �̂�(𝑑𝑖 , 𝜃true; 𝛾, 𝜉) denote 

the modified consequence cost of performing the maintenance 

𝑀𝑖 for 𝑖 ∈ {0,1}, such that 

�̂�(𝑑𝑖 , 𝜃true; 𝛾, 𝜉) = 𝑈(𝑑𝑖 , 𝑙𝑖 = 𝐿(𝑑𝑖 , 𝜃true); 𝛾, 𝜉). (19) 

 

In the next section, we present numerical results 

demonstrating decision-making in the miter gate application 

case. 

5 APPLICATION  CASE RESULTS 

We use sensor measurements obtained from the SHM system 

installed on the miter gate. Since SHM is the only information- 

gathering mechanism used in this section, we use the subscript 

SHM to represent associated quantities (unlike the subscript 𝑧 

used in previous sections). Installing an SHM system incurs an 

intrinsic cost 𝐶(SHM). We assume that the intrinsic cost to be 

a fraction of the maximum loss 𝐿(𝑑0, 𝜃max), such that 

𝐶(SHM) = 0.05 𝐿(𝑑0, 𝜃max). The consequence cost of making 

a decision considering an SHM system installed is defined as 

�̂�SHM(𝑑𝑖 , 𝜃true; 𝛾, 𝜉) = �̂�(𝑑𝑖 , 𝜃true; 𝛾, 𝜉) + 𝐶(SHM). (20) 

Let 𝑥SHM denote a realization of the strain measurements 

recorded through the SHM system. Given the posterior 

distribution of the gap length 𝑓Θ|XSHM
(𝜃|𝑥SHM), the extrinsic 

cost of making a decision �̂�(𝑑𝑖 , 𝜃true; 𝛾, 𝜉), and the intrinsic 

cost of information gathering 𝐶(SHM), our goal is to decide 

which maintenance strategy to perform−𝑀0 or 𝑀1 −or, 

equivalently, what label/rating shall be assigned to the miter 

gate, 𝑑0 or 𝑑1? 

For prior decision analysis, we assume a uniform prior 

distribution of the gap length representing a case where no new 

information is available and we don’t know anything about the 

state of the structure (otherwise known as a minimally-

informed or uninformed prior). Prior decision analysis uses a 

risk-modified extrinsic cost �̂�(𝑑𝑖 , 𝜃true; 𝛾, 𝜉). With the 

availability of new information 𝑥SHM ∈ Ω𝑋𝑆𝐻𝑀
 through the 

SHM system, we can update our understanding of the state of 

the structure in the form of the posterior distribution 

𝑓Θ|𝑋SHM
(𝜃|𝑥SHM). However, in the case of posterior decision 

analysis, we use the sum of extrinsic and intrinsic costs 

�̂�SHM(𝑑𝑖 , 𝜃true; 𝛾, 𝜉) defined in Eq. (19). The prior and 

posterior optimal decision for a given risk-profile 

parameterized by (𝛾, 𝜉) is then obtained as: 

𝒹prior(𝛾, 𝜉)  = argmin
𝑑𝑖

𝐸Θ[�̂�(𝑑𝑖 , 𝜃; 𝛾, 𝜉)] ; 

𝒹SHM(𝛾, 𝜉) = argmin
𝑑𝑖

𝐸Θ|𝑋SHM
[�̂�SHM(𝑑𝑖 , 𝜃; 𝛾, 𝜉)]. 

 

(20) 

We parametrically investigate the sensitivity of risk perception 

on decision-making by considering the various risk profiles 

(RP). We define 5 risk-profiles obtained by assuming 𝛾 = 0.8 

and 𝜉 spanning from 0 to 1 in Table 1. 

Table 1. Different risk profiles. 

Risk profile ID 𝛾 𝜉 

Severe risk-averter RP1 0.800 0.250 

Moderate risk-averter RP2 0.800 0.600 

Neutral risk-bearer RP3 0.800 0.800 

Moderate risk-seeker RP4 0.800 0.950 

Severe risk-seeker RP5 0.800 0.999 

 

We consider 4 cases of posterior distributions of gap lengths 

obtained using the finite element model and Bayesian inference 

discussed in Section 3. Figure 4 shows these posterior 

distributions of the gap length with increasing mean values 

covering the entire domain of the gap length values. 

 

Figure 4. Four cases of the posterior distribution of gap length. 

The table below shows optimal decisions obtained using Eq. 

(20) made for each case of the posterior distribution and the risk 

profiles. 
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Table 2. The optimal decision for various risk profiles 

Cases Risk profiles 

RP1 RP2 RP3 RP4 RP5 

 

 

Posterior 

Case 1 𝑑1 𝑑0 𝑑0 𝑑0 𝑑0 

Case 2 𝑑1 𝑑1 𝑑1 𝑑0 𝑑0 

Case 3 𝑑1 𝑑1 𝑑1 𝑑1 𝑑0 

Case 4 𝑑1 𝑑1 𝑑1 𝑑1 𝑑1 

Prior 𝑑1 𝑑1 𝑑1 𝑑1 𝑑0 

 

Based on the results above, we make the following 

observations: 

• We see that as the intensity of the risk-seeking 

behavior increases, or equivalently as the intensity of 

the risk-aversion behavior decreases, the cases with 

the rating 𝑑0 increases. This is in line with the fact that 

the risk-seeker is willing to take his/her chances of 

making an incorrect decision to reduce the inspection 

or maintenance cost that follows with the decision 𝑑1. 

• At an extreme value of the gap (case 4), all the risk 

profiles decide that the gate is damaged (label 𝑑1) and 

appropriate actions are warranted (or maintenance 

𝑀1). 

• Since no new information was available for the prior 

analysis, the decision-making using a uniform prior 

distribution is not useful and indicates that installing 

an SHM system adds to the value of decision-making. 

Making a decision using a uniform prior distribution 

is a matter of uninformed speculation or simply 

guessing. 

6 CONCLUSIONS 

This paper investigates the impact of behavioral biases and risk 

perception of individual decision-makers to determine an 

optimal maintenance strategy and label/rate the state of the 

structure. The risk perception of an individual is modeled by 

their utility vs. loss function that is parameterized by two 

quantities. The base consequence cost of a decision (extrinsic 

cost) is appropriately modified to include the perception of risk 

in the decision-making process.  

When no new information about the structural state is 

available, prior decision analysis is used to select the 

economically optimal maintenance strategy. Prior decision 

analysis requires a prior distribution of gap length and extrinsic 

cost of decision-making. An updated understanding of the 

structure can be obtained when new information is acquired 

through any mechanism (for example, an SHM system). 

Posterior distribution of the state parameter conditioned upon 

newly acquired information can be obtained using Bayesian 

inference. Since acquiring new information bears cost, the sum 

of the extrinsic cost of decision-making and intrinsic cost of 

information gathering is used in posterior decision analysis.  

It is observed that the risk perception of the decision-maker 

arising out of their biases does affect the decision-making 

process. The risk-averse decision-maker is conservative, 

whereas the risk-seeker decision-maker acts urgently only 

when deemed necessary. Finally, the SHM system leads to a 

data-informed decision. Its benefit depends on the intrinsic cost 

of acquiring new information. Therefore, agreeing to pay for 

new information is rationally justified if the reduction in the 

expected losses by utilizing newly acquired information is 

more than the intrinsic cost of the information acquiring 

mechanism. 
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ABSTRACT: Vibration-Based monitoring (VBM) is a process that uses response to vibrations to extract information about the 

structural performance. The use of the response to vibrations induced to environmental or operational sources, such as wind or 

traffic, enables to continuously acquire real-time information that can support management decisions. This characteristic makes 

these methods particularly effective for in emergency situations. The specificities of VBM systems for emergency management, 

together with their value as decision support tools, are described in the paper with reference to seismic and flood emergency 

management. A discussion of a number of issues that hinder the large-scale diffusion of such systems and still need research 

efforts concludes the paper. 

KEY WORDS: vibration-based, emergency management, damage, value of information, decision support 

1 INTRODUCTION 

Vibration-Based Monitoring (VBM) technology uses the 

dynamic structural response to vibrations to extract information 

about the structural state. The basic premise behind VBM 

methods is that changes of stiffness, mass or damping of the 

structure affect its dynamic behavior and thereby can be 

detected through the analysis of its response to vibrations. 

VBM can be used to detect deterioration due to slow 

degradation of the material characteristics such as corrosion or 

fatigue, or damages induced by sudden events such as impacts, 

strong shaking due to earthquakes, scour induced by a flood. 

The requirement is that these damages affect the dynamic 

characteristics of the structure thereby strength reductions 

cannot be detected using these methods unless they are 

accompanied by reductions of stiffness, mass or damping. The 

main advantage of VBM is the global character of the features 

used to detect damage. Differently from Non-Destructive Tests 

(NDTs) that must be performed at the – known - damage 

location, in VBM the global nature of the damage feature 

makes the location of the sensors pretty much independent on 

that of the damage.  

Further to this, VBM methods extract information from the 

response to vibrations induced by environmental or operational 

factors such as wind, micro seismic activity or traffic. This 

enables to continuously acquire real time information about the 

structural state. 

Emergency management of a system is a process that includes 

all the measures to adopt when, due to a disruptive event, the 

functionality of system is reduced with respect to the required 

level. There are specific requirements that differentiate a 

monitoring system meant to support emergency management 

with respect to a system aimed to support, for example, the 

management of maintenance. In the aftermath of a disruption, 

the management of the emergency requires immediate 

information about the structural health of the asset to support 

the decision whether is safe to keep it functional after the 

disruption. Delayed information entail costs related to the 

downtime that is usually prolonged until information about the 

structural condition is available. 

In Figure 1, a sketch of the vibration-based monitoring process 

is reported and the specificities of an emergency management 

monitoring system are highlighted.  

The main characteristics of such a system consists in the need 

of real-time information acquired during the disruption. This is 

only possible if a monitoring system is permanently installed 

on the structure and ready to continuously acquire this 

information when the disruption occurs.  

On this respect, VBM systems are particularly feasible as a 

source of information thanks to their capability to provide real 

time and continuous information.  

Information about the structural state after a disruption is 

traditionally acquired through walk-through visual inspections. 

These operations may take weeks or more to be completed, 

depending on the resources available to perform this task. The 

long duration of the operations to collect information about the 

structural state entails economic and social costs related to the 

loss of functionality.  

The downtime can have a huge impact for structures with 

essential functionalities such as hospitals, military installations, 

fire stations and all emergency management centers that must 

be kept operational during a disruptive event, due to their 

critical role during this phase. In these situations, the benefit 

connected a VBM system scales up due to the possibility of 

supporting a rapid recovery of the functionality or an 

improvement of the inspection schedule. Indeed, monitoring 

information can be used at network level to prioritize 

inspections based on the conditions of the asset.  

Usually, during a disruptive event a number of structures 

must be inspected, and a prioritization based on risk 

considerations enables the optimization of the available 

resources and ultimately a reduction of the downtime and 

relevant costs. For hospitals, this would reduce waiting times 

for patients and ultimately save lives; for power plants and 

transport infrastructures, it enables a sooner recover of a 
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functionality that can be strategic in emergency situations. For 

residential buildings, schools and offices monitoring 

information can help determine whether these buildings can be 

occupied, enabling people to return home, to school or to work 

sooner, greatly reducing social costs. For large facilities, such 

as high-rise buildings or generally structures with a high 

occupancy rate such as for example stadiums and commercial 

centers, information can support a better planning of the 

evacuation operation thereby avoiding further disruptions 

related to incidents these operations may provoke. 

Further to the operations aimed to recover the immediate 

functionality, monitoring information can support also 

operations needed in the phases before and after a disruption in 

order to prepare the structure to optimally withstand the 

disruption (before) and to optimally recover (after) from it. 

 

 

  
Figure 1. Vibration-based monitoring for emergency management

.

In the next section, a discussion on the support to the entire 

process of emergency management that monitoring 

information can provide is carried out. The following Section 3 

will describe the main characteristics of a VBM system and in 

Section 4 the value of information for emergency management, 

aimed to support the design of optimal monitoring systems for 

emergency management purposes, will be described. The 

illustration of needs and challenges of this research topic 

concludes the paper. 

2 ROLE OF INFORMATION IN EMERGENCY 

MANAGEMENT 

Emergency management of a system indicates the management 

of an extraordinary situation that calls for immediate remedial 

actions aimed to reduce the consequences of the loss of 

functionality of the system. The Federal Emergency 

Management Agency (FEMA) defines emergency 

management as a process structured into four phases: 

mitigation, preparedness, response and recovery. The 

definition of these phases reflects the interpretation of 

emergency management as a process that develops before, 

during and after the disruption [1]. The ‘before’ phase precedes 

the disruption and is the period between the moment when the 

structure becomes operational at the required level and the 

occurrence of the disruption. The ‘during’ phase of the 

emergency management process, is intended as the period 

between the moment when the consequences of the disruption 

appear and the start of the recovery phase. The ‘after’ phase 

follows the disruption and is intended as the period during 

which actions for the recovery of the required functionality are 

implemented. Strictly speaking, emergency remedial actions 

are put in place ‘during’ the disruptive event. However, the 
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management of the emergency requires a planning phase 

during which risk reduction actions are implemented (e.g., 

strengthening actions to reduce the system vulnerability) and 

remedial interventions are prepared for their prompt 

implementation after the disruption.  

Optimal management actions can be chosen minimizing the 

relevant risk that depends: on the probability that the disruptive 

event occurs in a given time frame (hazard), on the 

vulnerability of the structure exposed to that event and on the 

consequences of the alternative management actions associated 

with the occurrence of the event.  

The consequences can be either direct or indirect [2,3]. Direct 

consequences result from physical damage of the structure or 

its components (e.g., repair and replacement), from fatalities 

and casualties. Indirect consequences result from the loss of 

functionality of the structure (e.g., traffic interruptions for 

bridges or evacuation for building). The vulnerability depends 

on the state of the structure whereas the hazard describes the 

exposure of the structure to potentially damaging events. Both 

the hazard and the vulnerability are affected by uncertainties 

that propagate on the risk estimation, thereby affecting the 

choice of the optimal management actions.  

The overall goal of structural monitoring is to provide 

information that reduce the uncertainties, thereby improving 

the risk estimation and the choice of the optimal emergency 

management action(s). Namely, monitoring systems can 

provide information about both the hazard and the vulnerability 

associated with a disruptive event. This ultimately improves the 

allocation of resources needed to keep the functionality of the 

system at the required level. The system is herein intended as a 

facility that provides a certain functionality (e.g., a bridge 

provides transportation functionality, a building provides 

residential functionality).  

In the ‘before’ phase, emergency planning takes place to 

build and maintain the capacity of the system to face a 

disruption. In the ‘during’ phase emergency actions are adopted 

to reduce the consequences of the disruption and finally, in the 

‘after’ phase, remedial actions are put in place the recover the 

functionality of the system and its capacity to manage a future 

emergency.  

In the following subsections, the role of monitoring 

information in the different emergency management phases 

will be detailed. 

 Before Event Phase  

This phase corresponds to the normal functionality of the 

system before the disruptive event. During this phase 

operations to build and maintain the capacity of the system to 

manage the emergency are performed. An increased knowledge 

of the actual structural conditions fostered by a VBM system 

can support a more efficient allocation of resources to prepare 

the structure to withstand a future disruption. 

More specifically, information from a VBM system in this 

phase supports decisions relevant to:  

• The need and the prioritization of strengthening 

interventions to increase the structural capacity. 

Information from monitoring system enhance the 

knowledge on the actual structural conditions allowing to 

refine the risk of a future disruption. For example, in regions 

under seismic hazard, fragility curves can be used to 

forecast the losses caused by a seismic event. These curves 

are usually developed assuming that the structure is in the 

‘undamaged’ state when the earthquake occurs. In reality, 

degradation due to several sources, e.g., corrosion, fatigue, 

aging, reduces the structural capacity. The availability of 

monitoring information allows to account for this reduction, 

thereby fostering the optimization of preventative 

interventions on the system capacity [4]. 

• Improve the knowledge relevant to environmental 

conditions that can affect the structural behavior and hinder 

the correct identification of the structural state. For 

example, temperature and humidity can modify the modal 

characteristics of a structures that are often used as damage 

features, that is parameters whose changes are assumed to 

indicate a degradation [5]. Information relevant to the effect 

of such sources enables to reduce the uncertainty of the 

damage features, ultimately leading to an improved 

estimation of risk and to an improved choice of the optimal 

emergency management actions. 

• Insurance coverage for disasters are estimated accounting 

for the uncertainties relevant to both the vulnerability and 

the hazard that affect the problem. The possibility to 

achieve a better knowledge about the actual structural 

condition may lead to improved risk modelling and thus to 

a better claims’ management after a disruption. 

 During Event Phase  

This phase includes the occurrence of the disruptive event and 

its immediate aftermath, until the start of the recovery 

operations. The duration of this phase can greatly change 

depending on the type of event: few seconds (an explosion), 

few minutes (an earthquake), some days (a flood), several 

months (a landslide), years (corrosion related to climate 

change). In this phase, a monitoring system can support 

emergency management in a twofold way: (1) providing real-

time information about the structural health after the event and 

(2) increasing the knowledge about the system performance 

during the disruption. The functionality of healthy structures 

can be immediately recovered reducing both economic and 

societal losses related to human distress. The lessons learnt 

about the structural performance can improve both the risk 

models to manage future disruptions and the design codes for 

both new and existing structures. 

A more detailed list of the benefit provided in this phase by 

a VBM system follows: 

• Prompt adoption of emergency measures (e.g., evacuation, 

traffic reduction, shutting off critical facilities) based on 

early warning alerts provided by the monitoring system, 

that reduces the losses due to the disruption.  

• Increased efficiency of the inspection operations and 

limitation of the restrictions of system functionality (e.g., 

traffic restrictions for bridges, evacuation for buildings) 

with relevant reduction of their consequences. 

• Improvement of the knowledge about the hazard, for 

example sequences of foreshocks, main shock and 

aftershocks in case of earthquakes. 

• Improvement of the knowledge about the structural 

behavior, for example non-linear behavior of structures and 

damage phenomena induced by specific disruptions; effect 

of multiple hazards due for example to the occurrence of a 
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flood on a bridge previously damaged by a seismic event.  

• Improvement of the efficiency of post-disruption survey 

enabling the detection of damage at hidden locations. The 

difficulty of their detection through visual inspections is one 

of the shortcomings of this traditional survey technique that 

can lead to very high costs of the operation. This was the 

case, for example, when the detection of brittle failures in 

welded steel connections of multistorey frames had to be 

carried out after the Northridge earthquake [6] removing all 

the internal cladding. 

• Identification of priorities of inspections between elements 

of the same network, for example bridges on the same 

highway or in a given geographical region.  

 After event Phase 

In this phase, the recovery of the functionality of the system 

takes place and the information from monitoring can enable to 

check the recovery operations and process. Monitoring systems 

can be particularly effective to improve the knowledge and 

validate the performance of innovative repairing or 

strengthening techniques implemented to regain the full 

functionality. This is particularly important for civil structures 

for which laboratory full scale tests are not usually a feasible 

option and thereby innovative strengthening technologies are 

often installed on existing structures without a preventive full-

scale validation.  

3 VIBRATION-BASED MONITORING 

In each of the three phases previously described, VBM can 

extract information about the health of the monitored structure 

from its response to vibrations.  

One of the main advantages of these type of monitoring 

technology is the possibility to acquire such information 

continuously, exploiting operational or environmental sources 

of vibrations. Another major advantage is the possibility to 

detect damage at a global level, using sensors not necessarily 

deployed close to the – unknown – location of damage. These 

two aspects are quite general and hold whatever is the goal of 

the information provided by the monitoring system. 

However, monitoring systems aimed to support emergency 

management must satisfy specific requirements that stem from 

the need to enable prompt decisions regarding the functionality 

of the monitored asset. Evacuate a building, issue traffic 

restrictions for a bridge, shut off a nuclear power plant are only 

some examples of the actions that might need to be 

implemented during a disruption. The decision about the 

implementation of these actions requires not only information 

about the structural condition, but also its immediate 

assessment with respect to predefined performance levels.  

From this need, the main requirements of a VBM emergency 

management system stem, namely:  

• Continuous acquisition of the response to vibrations; 

• Fast processing of monitored data. 

• Prompt assessment of the structural condition 

These requirements are better satisfied if data driven methods 

are preferred to model-based methods for the extraction of 

damage features and if indicators of the structural performance 

for which a performance threshold can be defined and 

computed are adopted. The need to acquire data continuously 

calls for the optimization of data collection and processing 

aimed to reduce the amount, and thereby the cost of data 

management. In the next sub-sections, these aspects will be 

better described. 

 Data driven vs model-based methods 

Different levels of refinement in the identification of damage 

are possible depending on the information collected by the 

monitoring system [7]. Detection, that is the identification of 

the existence of damage, might be possible in principle using a 

single sensor able to capture the frequencies of the natural 

modes more affected by that damage. Localization requires a 

higher number of sensors deployed at several locations along 

the structure. The assessment of damage, that is the estimation 

of its severity, usually requires a finite element model that 

allows to map the responses recorded on the structure to 

specific damage types and scenarios through the physical 

model of the structure [8].  

When management of emergency situations is concerned, the 

need of real time processing of data for the estimation of 

damage indicators leads to prefer data-driven over model-based 

methods for the analysis of recorded. Model-based methods 

entail, not only heavy and time-consuming computations, but 

often also the interaction with an operator which, in emergency 

conditions, may slow down the extraction of the required 

information.  

 Damage indicators  

Several data driven vibration-based damage indicators have 

been proposed in literature. Most of them exploit the 

relationship between a local loss of stiffness and the 

corresponding local variation of modal or operational 

parameters. In References [9] and [10] a comparison of 

different indicators for damage localization is carried out for 

the case study of a bridge highlighting advantages and 

drawbacks of each of them.  

The estimation of modal shapes is today quite reliable thanks 

to the developments of the experimental and operational modal 

analysis techniques.  

The computation of operational shapes from Frequency 

Response Functions is more straightforward therefore more 

feasible to online algorithms for real-time identification of 

damage. One of the drawbacks related to the choice of modal 

or operational shapes derivatives as damage feature consists in 

the fact that the differentiation needed for their computation is 

highly sensitive to noise in recorded responses.  

To overcome this issue, methods that enable to detect local 

variations of curvature through the use of interpolating 

functions [11] or wavelet functions [12] have been proposed. 

These methods do not require the explicit computation of 

curvature to detect its local variations and thereby circumvent 

the problems related to the double differentiation of the 

recorded accelerations. The Interpolation Method for damage 

localization for example uses a smooth function (a cubic spline) 

to interpolate the deflected shapes and defines the damage 

feature in terms of the interpolation error that, due to the so-

called ‘Gibbs phenomenon for splines, sharply increases at the 

locations with a curvature discontinuity. 

The interpolation error 𝐸𝑖 at a given location i is defined as 

the sum over the n modal or operational shapes: 
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 𝐸𝑖 = √∑|�̂�𝑘,𝑖 − 𝑣𝑘,𝑖|
2

𝑛

𝑘=1

 (1) 

where �̂�𝑘,𝑖 is the component of the k-th operational shape 

computed through interpolation at location i and 𝑣𝑘,𝑖 is its 

measured value. The damage indicator 𝛿𝐸𝑖  at location i is 

defined as the difference between the values of the interpolation 

error in the damaged 𝐸𝑖
𝐷 and in the undamaged 𝐸𝑖

𝑈  states: 

 𝛿𝐸𝑖 = 𝐸𝑖
𝐷 − 𝐸𝑖

𝑈 (2) 

The location of damage is identified as the one where the 

maximum variation of the interpolation error with respect to a 

reference condition is found [13]. VBM systems permanently 

installed, as those meant to manage emergency situations, 

provide large amounts of data that enable to retrieve at each 

sensor location the statistical distribution of the damage feature. 

In these cases, a statistical interpolation damage index (SIDI) 

can be defined in terms of the probability of threshold 

exceedance (PTE) computed through the distributions of the 

damage feature in the potentially damaged S and in the 

reference configurations [14]: 

 𝑆𝐼𝐷𝐼(𝑆, 𝐸𝑇) =
𝑃𝑇𝐸(𝑆, 𝐸𝑇) − 𝑃𝐹𝐴(𝐸𝑇)

1 − 𝑃𝐹𝐴(𝐸𝑇)
 (3) 

  

 

Figure 2. Statistical Interpolation Damage Indicator (SIDI) 

The threshold 𝐸𝑇is defined in terms of an accepted 

probability of false alarm (PFA) in the reference configuration 

and thereby depends only on this distribution. An improved 

version of the SIDI, with a higher sensitivity to damage, 

considers a threshold located at the intersection of the two 

distributions (reference and potentially damaged). This 

threshold changes with damage but, for each damage state, 

provides the maximum value of the numerator in Equation (3). 

Furthermore, in order to improve its sensitivity to damage, the 

denominator of the new indicator is defined in terms of the 

probability of missing alarm in the potentially damaged state. 

This probability decreases when damage increases (that is 

when the relevant distribution of the damage feature moves to 

the right) thereby enhancing the sensitivity to damage of the 

Modified SIDI (MSIDI) [15] 

 𝑀𝑆𝐼𝐷𝐼(𝑆) =
𝑃𝑇𝐸(𝑆) − 𝑃𝐹𝐴(𝑆)

1 − 𝑃𝑇𝐸(𝑆)
 (4) 

Differently from the SIDI, bonded between 0 and 1, the 

MSIDI tends to infinite at the increase of damage. 

Other damage indicators, frequently used when seismic 

emergency management is concerned, are based on the 

measurement of displacements and computation of drifts. The 

measurement of displacement is affected by uncertainties that 

stem from the difficulty to extract permanent displacements 

through double integration of the measured accelerations 

through signal processing.  

Despite this difficulty, drifts are still the preferred damage 

features for real time assessment when seismic emergency 

management is concerned. The principal reason for this choice 

is that these parameters can be quickly computed from 

measured quantities (usually accelerations) and performance 

threshold can be preventively defined for them. On the 

contrary, the definition of performance thresholds in terms of 

the modal parameters is still challenging due to their global 

character and to the fact that a unique correspondence between 

their values and the structural limit states is difficult to 

establish.  

Many different damage scenarios, corresponding to different 

reliability levels, may lead to the same variation of the modal 

parameter. Thereby the use of these parameters as damage 

features might not allow the immediate assessment of the 

structural performance. 

 Performance thresholds 

One possibility to define the limit states corresponding to 

predefined performance levels is through the estimation of 

threshold values of the damage features. Their definition must 

be performed in the phase ‘before’ the disruption. This if often 

done through numerical or probabilistic models and is a critical 

part of the condition assessment process. It requires extensive 

engineering judgment supported by nonlinear numerical 

analysis and experimental data [16].  

The advantage is the possibility to carry out an immediate 

assessment of the structural performance based on the 

comparison of damage feature extracted from measurement 

with the performance thresholds previously established. For 

example in Reference [17] threshold values of the interstorey 

drift equal to 0.2%, 0.8% and 1.4%-2.2 % are assumed as limits 

of the immediate occupancy, life safety and collapse prevention 

performance levels for a steel building.  

The first and second thresholds correspond to respectively 

one quarter and one of the building yield level: beyond 0.2% 

movements of the building are detected by occupants below 

( )PTE S

TE
Ef

E

PFA

reference

potentially
damaged
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0.8% no damages are expected. The third and fourth thresholds 

correspond to values of the drift related to extensive damages 

and incipient collapse. 

 Optimization of data management 

The occurrence of a disruptive event can seldom be forecasted. 

When emergency management is concerned, permanent 

monitoring systems must be adopted in order to ensure the 

acquisition of the structural response before, during and after 

the disruption. However, in the before and after phases the 

continuous acquisition of the response to vibrations might not 

be necessary and the frequency of acquisition can be reduced. 

This can also allow to reduce the volume, and the cost of data 

to manage. For example, when seismic monitoring is 

performed, threshold triggered acquisition systems are often 

implemented so that the system starts recording and storing 

data only when acceleration, recorded by a single continuously 

active sensor, exceeds a predefined threshold.  

Another possibility to optimize the acquisition of data 

reducing the high costs of continuous data streaming is the use 

of edge computing solutions to estimate the damage features. 

The main advantage of these systems is the possibility to 

perform a large part of data processing on board the sensors 

thereby reducing the cost of data transmission and storing. This 

requires a re-definition of the damage features accounting for 

the different availability of measurements available to estimate 

it. In References [15] and [18], an extension of the interpolation 

damage feature (clump interpolation error) is proposed to this 

aim. 

4 VALUE OF VBM INFORMATION  

In emergency situations, information provided by monitoring 

is aimed to support decision related to the functionality of the 

structure. In this context, decision makers have to balance 

divergent needs: ensuring the safety of users on one side and 

minimizing economic losses associated with the loss of 

functionality on the other. The knowledge about the structural 

condition provided by the monitoring information can support 

the selection of the optimal action, that is the action that leads 

to the highest expected benefit. However, this knowledge 

comes with the cost of the monitoring system which includes 

the overall acquisition, maintenance, decommissioning cost of 

the devices and cost of data management during the life cycle 

of the system. 

 

Figure 3. Decision tree 

This cost shall be at least balanced by the benefit the 

monitoring information bring in the decision-making process 

once the informed decision is adopted. The difficulty to 

estimate the value of the monitoring information, before 

collecting the information, is probably one of the reasons 

behind their limited diffusion.  

In the last years, the concept of Value of Information (VoI) 

from the pre-posterior Bayesian decision analysis [19], [20] has 

been proposed as a support to decision making related to 

maintenance management [21], [22] and later extended to the 

case of emergency management [23], [24]. 

The VoI is the difference between the expected costs related 

to the choice of the optimal management action, without and 

with the support of the monitoring information. Figure 3 

illustrates the decision tree that describes the problem. The 

upper branch of the decision tree represents the ‘prior analysis’ 

the lower branch represents the ‘pre-posterior’ analysis. The 

term ‘prior’ refers to the fact that the analysis is carried out is 

‘before’ the information is available whereas the term ‘pre-

posterior’ refers to an analysis carried out assuming the 

availability of the information (posterior) but before it is 

available (pre). In other terms, the analysis is carried out for 

forecasted values of the information. For the sake of clarity, a 

simple problem related to the computation of the value of an 

VBM system to manage the emergency due to an event of 

intensity IM is considered herein. 

In the decision tree, squares denote decision nodes and circles 

represent random outcome nodes (e.g., states of nature such as 

damage states DS or failure F or outcomes of the monitoring 

system z). The branches of the outcome nodes are associated 
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each with a probability of occurrence of the outcome. Each 

branch stemming from a decision node indicates an action 

(decision alternative).  

The prior analysis selects the optimal action based on a prior 

knowledge (for example expert opinions or fragility curves). 

The pre-posterior analysis uses forecasted values of the 

monitoring information. For each forecasted value, an optimal 

action is chosen, and the overall cost is computed as expected 

cost over all optimal actions, each weighted by the probability 

of the forecasted information.  

Differently from the prior analysis, the pre-posterior analysis 

requires the probabilistic modelling of the information 

provided by monitoring. In both prior and pre-posterior 

analysis, the optimal action is chosen, over a set of decision 

alternatives, as the one that leads to highest benefit (or 

minimum expected costs). 

The difference between the prior and pre-posterior analysis is 

the availability of the information that enables to update the 

knowledge about the structural state. After the occurrence of a 

disruptive event of intensity IM, the expected cost associated to 

a management action 𝐴𝑘 is computed across the possible 

damage states 𝐷𝑆𝑙  in which the system can be due to the event 

IM, each weighted according to its probability of occurrence 

due to the event IM: 

 𝐸[𝑐(𝐴𝑘)|𝐼𝑀] = ∑ 𝐸[𝑐(𝐴𝑘)|𝐷𝑆𝑙]𝑃(𝐷𝑆𝑙|𝐼𝑀)

𝐿

𝑙=1

 (5) 

In each damage statem 𝐷𝑆𝑙, the expected cost of the action 

𝐸[𝑐(𝐴𝑘)|𝐷𝑆𝑙] depends on the probability that the system 

reaches a given limit state, for example the failure, and can be 

written as: 

 
𝐸[𝑐(𝐴𝑘)|𝐷𝑆𝑙] = 𝑐𝐹(𝐴𝑘)𝑃(𝐹|𝐴𝑘, 𝐷𝑆𝑙)

+ 𝑐𝐹(𝐴𝑘)𝑃(�̅�|𝐴𝑘 , 𝐷𝑆𝑙) 
(6) 

where 𝑃(𝐹|𝐴𝑘, 𝐷𝑆𝑙) and 𝑐𝐹(𝐴𝑘) are respectively the 

probability of the limit state in damage state 𝐷𝑆𝑙   and the cost 

of failure when the action management 𝐴𝑘 is chosen. The 

symbol �̅� indicates the probability that the limit state is not 

reached.  

 

 

 

Figure 4. Conceptual scheme of the VoI analysis  

The optimal management action 𝐴𝑜𝑝𝑡  is the one that leads to 

the lowest expected cost, that is the one that leads to the 

minimum value of 𝐸[𝑐(𝐴𝑘)|𝐼𝑀].  
The expected cost of the optimal management action is: 
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 𝑐1(𝐼𝑀) = 𝐸[𝑐(𝐴𝑜𝑝𝑡)|𝐼𝑀] (7) 

The monitoring system can improve the knowledge of the 

system, providing a better estimate of its state and thereby of 

𝑃(𝐷𝑆𝑙|𝐼𝑀). This leads to an improved estimate of the expected 

cost of the different decision alternatives 𝐴𝑘 and consequently, 

to a better choice of the optimal action. For a given outcome zj 

of the monitoring system, the expected cost of action 𝐴𝑘 has 

still the form of Equation (5), but now the probabilities of the 

damage states are computed accounting for the outcome of the 

monitoring system.  

 𝐸[𝑐(𝐴𝑘)|𝐼𝑀, 𝑧𝑗] = ∑ 𝐸[𝑐(𝐴𝑘)|𝐷𝑆𝑙]𝑃(𝐷𝑆𝑙|𝐼𝑀, 𝑧𝑗)

𝐿

𝑙=1

 (8) 

To each outcome z corresponds an ‘optimal action’ 𝐴𝑜𝑝𝑡,𝑧 

which minimizes the expected cost in Equation (8). The 

expected cost of the optimal action corresponding to 

monitoring outcome 𝑧𝑗 is 𝐸[𝑐(𝐴𝑜𝑝𝑡,𝑧)|𝐼𝑀, 𝑧𝑗]. Each outcome 𝑧𝑗 

has a probability of occurrence 𝑃(𝑧𝑗|𝐼𝑀), hence the final 

expected cost, over the entire spectrum of J possible monitoring 

outcomes is: 

 𝑐0(𝐼𝑀) = ∑ 𝐸[𝑐(𝐴𝑜𝑝𝑡,𝑧)|𝐼𝑀, 𝑧𝑗]

𝐽

𝑗=1

𝑃(𝑧𝑗|𝐼𝑀) (9) 

The VoI(𝐼𝑀) provided by the monitoring system is given by 

the difference between the prior and pre-posterior expected 

costs: 

  VoI(𝐼𝑀) = 𝑐1(𝐼𝑀) − 𝑐0(𝐼𝑀) (10) 

In general, the VoI is estimated over the entire life cycle of 

the monitoring system, thereby accounting for all the events 

that might occur in this period. To this aim equation (10) must 

be integrated over the intensity of the entire spectrum of events: 

 VoI=∫ VoI(𝐼𝑀)𝑑𝐼𝑀
𝐼𝑀

 (11) 

As shown by Equations (5) to (11), to estimate the value of a 

monitoring system several ‘ingredients’ are needed. Figure 4 

reports a conceptual scheme of the process of VoI 

quantification detailing all the ‘ingredients’ involved in the 

process. In the figure, it is clearly shown that the difference 

between the prior and posterior branches of the analysis 

consists in use of the information modelled through the 

likelihood functions. These functions describe the probability 

distribution of the information in the different states that are 

considered in the decision problem.  

The VoI is a metric that can guide the design of a monitoring 

system as a support to address a given decision problem. The 

decision may include several aspects of the monitoring system 

such as: 

• which type of data relevant to the structural capacity or 

demand should be measured (e.g., traffic loads, ground 

acceleration, water flow, structural accelerations, velocities, 

strains); 

• which indicators should be extracted from data (e.g., modal 

parameters, interstorey drifts); 

• how many sensors should be installed (e.g., how many 

stories of a building should be monitored or at how many 

locations should the ground motion be recorded); 

• which locations should be monitored (e.g., at which stories 

put the sensors or at which locations record the ground 

motions. 

In the next sections, some case studies will be illustrated to 

clarify some apsects of the VoI analysis. More details about the 

case studies that will be shortly presented in the following sub-

sections, can be found in the cited references. 

 VoI of vibration-based SHM for seismic emergency 

management of a bridge 

In a seismic prone region, one of the decision that monitoring 

information can support is relevant to traffic restrictions to 

issue in the aftermath of an earthquake [25], [26], [27]. After a 

main shock, bridges might fail due to the traffic loading or due 

to an aftershock. 

 
Figure 5 Prior expected costs and VoI [26] 

 

Only two alternative remedial actions are considered herein: 

close the bridge or leave it open. If the bridge is left open, its 

failure may entail casualties and fatalities whereas, if the bridge 

is closed, its loss of functionality causes costs related to the 

traffic diversion. The main difference between the two cases is 

that, if only the traffic loading is considered as the possible 

cause of the failure, the bridge cannot fail when it is closed, 

thereby only indirect costs are entailed by this action. On the 

contrary, if the cause of failure is an aftershock, both decision 

alternatives (close the bridge or leave it open) entail direct costs 

related to its possible collapse. The results of the analysis are 

reported in Reference [26] for the case that traffic is considered 

as the only possible cause of the bridge failure. In Figure 5a, 

the prior expected costs of the two management actions are 

reported for a single seismic event. The spectral acceleration Sa 

at the period of 1s indicates the severity of the event. The action 

‘close the bridge’ only entails indirect costs, thereby its 

expected cost stays constant at the increase of the event 

severity. On the contrary, the expected cost of the action ‘keep 

the bridge open’, depends on the state of the bridge, thereby it 

increases with Sa. The lower Figure 5b reports the 

corresponding values of the VoI for different levels of precision 
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of the monitoring information, measured by the standard 

deviation D. The VoI decreases with the precision of the 

information but the maximum value of the VoI is always 

achieved for the event that leads to equal prior direct and 

indirect expected costs. The reason for this trend, which is 

general, is that in this situation the decision maker has to choose 

between two actions that entail equal expected costs. This is the 

situation in which they receive the maximum support from the 

information provided by the VBM. 

For a similar reason the maximum VoI is also greatly 

dependent on the ratio between the direct and indirect expected 

costs of the two decision alternatives. In Figure 6, it is reported 

the expected VoI as a function of the ratio between the indirect 

IC and the direct DC costs for different values of the 

information precision 𝜎𝐷. The expected VoI is computed over 

all the possible seismic events of the region where the bridge is 

located, each weighted by its probability of occurrence. When 

the expected cost of one decision alternative exceeds the other 

(e.g., when IC=0 or IC>DC) the decision maker does not need 

the information from the VBM to decide which one is the 

optimal action, e.g., the action that entails the lowest cost. 

Indeed, in these situations, corresponding to values of IC/DC 

outside the range [0, 1] the VoI is zero. 

 
Figure 6 VoI as a function of IC/DC [26] 

As already commented for Figure 5, the maximum value of 

the VoI is reached when the expected costs of the two actions 

are equal. Similar results are obtained in Reference [25] where 

the cause of the bridge failure is assumed to be an aftershock of 

the main disruptive event. The previous results were all 

obtained for a specific bridge in a given seismic region.  

A sensitivity analysis carried out with respect to the hazard 

level, the bridge vulnerability and the reliability of the 

considered limit states has shown that the VoI changes with the 

seismic hazard, with the bridge vulnerability and with the 

difference in the reliability level of the considered limit states 

[27]. If the direct costs are much higher with respect to the 

indirect costs, as is the case in Figure 5a, the VoI is maximum 

for events of medium to low intensity (intersection of the two 

curves). At the increase of the indirect costs, the blue line 

moves up and the events corresponding to the maximum VoI 

become more and more intense.  

This is consistent with the fact that when the cost of closing 

the bridge is very high, a manager in a region of low seismicity 

will not need the information from the monitoring system to 

decide to keep the bridge open. On the contrary, in a region of 

high seismicity, a more refined estimation of the state of the 

system can help the manager to choose the action that actually 

corresponds to the lower expected cost. When the cost of 

closing the bridge is very low, it will be the manager of a region 

of low seismicity that will benefit more from the monitoring 

system since, in this case, the expected cost of the two actions 

will be similar for the events with high probability of 

occurrence in that region. The effect of the increase of the 

bridge vulnerability is an increase of the expected cost of the 

action ‘keep the bridge open’. This leads to a decrease of the 

intensity for which the expected costs of the two actions are the 

same and thereby to an increase of the VoI at the decrease of 

the seismic hazard and vice versa.  

The impact on VoI of the different reliability in the different 

states of the system depends on the fact that, if the reliability in 

different states is similar, a better knowledge of the system state 

becomes not relevant since, whatever the state, the expected 

cost of the action ‘keep the bridge open’ will not change much. 

In this case, the information becomes irrelevant since it does 

not change the choice of the optimal action. On the contrary, 

when the probabilities of failure in different damage states - and 

thereby the costs of each decision alternative - change with the 

damage state, a better knowledge of the latter can improve the 

choice of the action that minimizes the cost [27].  

 Vibration-based monitoring for the management of 

flood emergency 

Bridges with foundations in water are prone to scour erosion 

that can lead to sudden failure due to the capacity reduction of 

the bridge foundation. Traditional methods to monitor scour 

rely on visual inspections, carried out by divers. However, 

beside the problems posed by safety concerns, visual 

inspections during floods are hampered by the water conditions 

that tend to be turbid thus obscuring the view of the foundation. 

To overcome these issues, VBM has been recently proposed as 

a technique to detect the stiffness reduction caused by the 

lowering of the foundation level and subsequent increase of the 

pier free length [28], [29].  

The first modal frequency of the bridge can be chosen as 

monitoring information since scour increases the clear height 

of the scoured pier(s) and thereby changes the flexibility of the 

bridge, affecting its modal frequencies. However, the 

deployment of these monitoring systems can be expensive, 

thereby their benefit should be assessed before the deployment 

of the sensors. In References [30–32], the VoI of VBM for the 

management of the emergency situation caused by the scouring 

of the pier of a two span integral bridge due to a flood is 

investigated.  

In Reference [31], three possible management actions have 

been considered, adding the decision alternative ‘Limit traffic’ 

to the ‘Open’ and ‘Close’ actions considered in the seismic 

emergency management example. In Figure 7, the results 

obtained for the specific case study are reported. Nevertheless, 

they enable some general comments similar to those discussed 

for the case of seismic emergency management. For the 
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considered values of the costs, the maximum VoI corresponds 

to the event (flood intensity) that leads to equal expected costs 

of actions ‘Close’ and ‘Limit’ the traffic.  

This depends mainly on the ratio between direct and indirect 

costs that affects the difference between the costs of the 

different decision alternatives.  

The vulnerability of the bridge is also an important factor 

since it affects the expected costs of the actions ‘keep the bridge 

open’ and ‘limit traffic’, as already shown for the previous case 

study. 

 

 
 

Figure 7 Expected prior costs: (a) Expected prior costs (b) expected prior and pre-posterior costs of the optimal actions (c) VoI. 

(from ref [31]). 

 Vibration-based SHM for emergency management of a 

network of bridges 

Bridges are usually components of infrastructural networks 

whose functionality can be greatly impacted by the 

performance of one element. In the aftermath of a disruptive 

event an improved knowledge of the state of each bridge in the 

network can support the effective management of the 

emergency situation.  

When correlations can be stated between the capacities of 

and/or the demands to the bridges of the network, a limited 

number of bridges can be monitored to optimize the investment 

in the information about the network state [33].  

The VoI in these cases can be used to optimize the choice of 

the bridges that must be monitored in order to manage the 

network in an emergency situation. 

Monitoring can provide information about both the demand 

and the capacity or the demand or the capacity alone. In 

Reference [34] the VoI analysis is employed to study the 

optimal configuration of a monitoring system that provides 

information about the capacity on all the bridges of the simple 

network described in Figure 8. The correlation between the 

capacities of and the demands on the bridges in the network 

enables to update the reliability of the bridges in the considered 

limit states, based on limited monitoring information.  

 

Figure 8 Simulated transportation network (from ref. [34]). 
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In Figure 9 is reported the net VoI for different monitoring 

strategies, which are indicated on the horizontal axis by 3 or 2 

or 1 parameter(s) (corresponding respectively to 3 or 2 or 1 

monitored bridges in the network). Capacity and demand of the 

non-monitored bridges are inferred exploiting the correlation 

within the network. The net VoI is obtained subtracting the cost 

of the monitoring system from the VoI. The two colors, red and 

blue, correspond to the assumption of perfect or no correlation. 

In the case of perfect correlation, the optimal decision 

alternative is to monitor a single bridge whereas, if there is no 

correlation, the best option is to monitor all bridges or only 2 

bridges, provided the bridge (number 1) on the longest path 

(and thereby with the highest impact on the indirect costs) is 

included.  

 
Figure 9. Net VoI for different data acquisition strategies 

(from ref. [34]). 

5 FUTURE RESARCH DEVELOPMENTS 

In this section, future research needs in relation with some of 

the main aspects of VBM for emergency management will be 

discussed. 

 Information modelling and full-scale tests 

In Section 150, the VoI concept has been described remarking 

that the role of the monitoring information consists in providing 

a better knowledge about the system state that enables a better 

risk estimation and choice of the optimal management action. 

The contribution of the monitoring information in the 

estimation of the expected costs is achieved through the 

Bayesian updating of the prior probabilities of the system 

states. Namely, the (posterior) probability of the l-th damage 

state, given the occurrence of the event IM, and the outcome zj 

of the monitoring system, can be estimated through the Bayes 

formula:  

 𝑃(𝐷𝑆𝑙|𝐼𝑀, 𝑧𝑗) =
𝑃(𝑧𝑗|𝐷𝑆𝑙)𝑃(𝐷𝑆𝑙|𝐼𝑀)

𝑃(𝑗, 𝐼𝑀)
 (12) 

where 𝑃(𝐷𝑆𝑙|𝐼𝑀) is the prior probability of the l-th damage 

state, given the event of intensity IM and 𝑃(𝑧𝑗 , 𝐼𝑀) is the total 

probability of the outcome 𝑧𝑗: 

 𝑃(𝑧𝑗 , 𝐼𝑀) = ∑ 𝑃(𝑧𝑗|𝐷𝑆𝑙)𝑃

𝐽

𝑗

(𝐷𝑆𝑙|𝐼𝑀) (13) 

The ‘likelihood functions’ 𝑃(𝑧𝑗|𝐷𝑆𝑙) (l=1, … , L; j=1, … J) 

describe the probability of the outcome 𝑧𝑗 when the system is 

in state 𝐷𝑆𝑙 . They model the monitoring information in the 

different system states.  

These functions should be estimated based on the 

observations made on the system in its different states, using 

the monitoring system. In some cases, this information can be 

retrieved from laboratory tests carried out in different damage 

states. This is the case for example of single structural 

components for which the damage states can be artificially 

generated accelerating the development of corrosion or fatigue. 

In these cases, tests are carried out on a certain number of 

components to collect the information, for example the length 

of a crack in different system states, and from these information 

the relevant probability of detection (POD) [35] are computed. 

For full-scale structure, the experimental evaluation of the 

likelihood functions of the system in several limit states (e.g., 

damage states) is obviously a much less feasible procedure.  

In the last years, experimental tests on full scale structures 

artificially damaged have been carried out for research 

purposes. Some of them are described in References [36–41]. 

The results of such tests enable to improve the understanding 

of their behavior and to validate the performance of different 

monitoring systems.  

However, their high costs hinder the execution of these tests 

at large scale. Furthermore, artificial damages are obtained for 

example through cuts of the structural elements that may fail to 

realistically reproduce real damage scenarios. A possible 

alternative is to simulate the response of the damaged structure 

through numerical models. In these cases, all the uncertainties 

that affect the information management process (acquisition, 

transmission, processing) must be modelled consistently. Other 

sources of uncertainty are related to environmental (e.g., 

temperature or humidity) or operational variations (e.g., mass 

and velocity of vehicles on bridges) that affect the damage 

features but are not related to damage. It has been shown that 

variations of the environmental conditions, such as temperature 

and humidity (moisture content) can induce daily or seasonal 

variations of the modal frequencies that easily exceed 5%-10% 

[42].  

However, numerical models are always a rather incomplete 

representation of the real world, not least due to all the 

unknown phenomena that affect the structural behavior, 

thereby the scientific community will largely benefit from the 

availability of data, acquired or full-scale benchmark structures 

permanently instrumented with extensive sensor networks and 

exposed to natural degradation and damage, together with 

environmental and operational effects. Further to the benefit 

brought in terms of scientific developments, these 

demonstrators would increase the knowledge and awareness on 

the performance of SHM systems, increasing their credibility 

and speeding up their practical implementation and uptake on 

large scale. 

 Quality of information 

The decision-process that the monitoring information are meant 

to support relies on the quality of the information to select 

management actions. This quality depends on several aspects 

whose impact on the decision making should be accounted for 

in strict relation with the considered decision problem. While 

the correctness of data, which is related to their precision and 
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accuracy, is usually considered in risk modelling, the impact of 

other characteristics of the information quality, such as for 

example completeness, timeliness, or relevance, is not usually 

accounted for. 

One of the reasons stems probably from the fact that the 

research fields of decision analysis on one side and structural 

health monitoring on the other have been traditionally 

separated. Experts of SHM systems are often concentrated on 

the extraction of the correct information from the data acquired 

by the monitoring system and usually do not focus on the 

decision problem the information must support.  

On the other side, in the world of decision analysis the 

information needed to support the decision is often an uncertain 

quantity that can be modelled by a probability distribution. The 

connection between the process needed to extract the 

information from the measurements and the requirements this 

information must meet to effectively support the decision is 

missing in most cases. Recently COST Action TU1402 [43] has 

created a large network joining the two groups of researchers 

and the problem of quantifying the VoI has highlighted the 

importance and need of modelling the information quality 

within the decision process[9, 44].  

 Need of standardization 

Despite the several advantages VBM might bring into the 

emergency management process, its adoption at large scale is 

still far from being consolidated. One of the reasons is the lack 

of incentives in the technical codes that usually do not allow to 

account for the presence of an SHM system in the design of 

new structures, in the strengthening or repair of existing 

structures or in the planning of the mandatory visual 

inspections. Monitoring systems are thus perceived by 

stakeholders more as a cost rather than an effective benefit. 

Further to this, the lack of standardized protocols for the 

design and implementation of these systems hinders their 

adoption and implementation on behalf of the stakeholders. 

Standards about SHM procedures in general and of VBM more 

specifically, could support the achievement of a consistent 

definition of requirements, procedures and capabilities of 

different technologies, therefore fostering correct choices 

among different systems, depending on the needs of 

stakeholders and on the specific demands imposed on the asset.  

In the last 20 years, in several countries, efforts have been 

devoted to the development of guidelines and general 

recommendations for SHM of Civil Structures [45–49]. These 

documents provide a valid support for the conceptual design of 

the monitoring systems, however clear procedures to carry out 

the structural performance assessment based on monitoring 

information are still missing. Future efforts should focus on the 

definition of clear procedures for the different aspects involved 

in the data management process and for the definition of the 

performance thresholds. 

More specifically, VBM standards should provide guidelines 

on:  

a) What type of structural functionalities can be investigated 

with VBM techniques; 

b) Which indicators are more suitable to follow the 

development of specific types of degradation; 

c) Which type of tests and tools are more suitable to obtain 

such indicators from measured data; 

d) How to define structural limit states in terms of the 

indicators (e.g., threshold values); 

e) What are the requirements and shortcomings of specific 

techniques for data management. 
This will enable consistent extraction of the indicators 

corresponding to the structural limit states and, through the 

definition of the corresponding performance thresholds, a 

reliable real-time performance assessment of the structure and 

consequent choice of the optimal management actions. 

 Innovative methods of data analysis 

Innovative data-driven methods that exploit techniques of 

Artificial Intelligence (AI) have been successfully used in other 

engineering sectors, such as mechanical and aeronautical, for 

similar purposes. Currently, several research groups are trying 

to apply these techniques to civil structures.  

The basic idea underlying these methods is that large amounts 

of data may reveal correlations and dependencies that enable to 

automatically classify the structural performance within 

previously labelled classes, corresponding to different 

structural states. Some examples are machine learning 

algorithms based on neural networks and statistical techniques 

based on data mining and pattern recognition.  

These techniques can provide a scale change in the efficiency 

of information retrieval from a given set of available data. They 

do not need the intervention of an operator to extract 

information from data, therefore speeding up the transfer of the 

information to the decision maker and and the implementation 

of remedial actions. 

However, the reliability of the results provided by AI is 

strongly dependent on the completeness of the set of data used 

to train the algorithms. Their inherent independence from 

physical principles does not allow the extrapolation of the 

identified patterns to conditions for which the model has not 

been trained. This means that, in order to define and label 

classes relevant to the different structural states, data relevant 

to these states must be available. As already remarked in 

section 5.1, this is seldom the case for civil structures, thereby 

the algorithms must be trained using numerical models which 

might not be able to represent all the physical phenomena that 

affect the structure.  

Data collected on similar structures are often used for 

structural monitoring of mechanical or aeronautical 

components to the aim of creating the database needed for the 

model training. However, these components are industrial 

products with a low variability of mechanical and geometrical 

characteristics. On the contrary, civil structures can be very 

different one from the other due to the higher variability of both 

the construction process and the environmental and operational 

condition. For these reasons, the use of supervised approaches 

must be carefully considered for civil structures. On the other 

hand a high potentiality is associated to the application of 

unsupervised VBMs. Unsupervised methods only need training 

data relevant to the reference structural condition. These 

methods cannot provide a classification of the damage state but 

they can inform about a deviation with respect to a reference 

condition. This information in emergency situations can be 

sufficient to provide the alert needed to trigger the eergency 

management actions.  

 Holistic approaches to VBM system optimization  

In Section 2, the three phases of emergency management – 
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before, during and after – have been defined and the benefits 

provided by a VBM system in each of them have been 

described. During the three phases, the monitoring system is 

meant to support different management decisions and, usually, 

its design and implementation are carried out considering the 

during phase and heuristically adapting the system to provide 

the required information during the other two phases. Risk-

based holistic approaches that use the VoI as a metric for the 

optimization of the system [50] may be a promising option for 

the design of VBM systems aimed to improve their efficiency 

across the three phases of emergency management. 

6 CONCLUSIONS 

In this paper, the main motivations and specificities of 

Vibration-Based Monitoring (VBM) for emergency 

management have been discussed. The capacity to provide real-

time and continuous information are the two main requirements 

of VBM for emergency management. These lead to prefer data 

driven over model-based methods and to choose damage 

indicators that can exploit the large available datasets and for 

which performance thresholds can be preventively computed to 

enable a prompt structural assessment. The benefits these 

systems can provide in the three phases of emergency 

management, i.e., before, during and after the disruption, have 

been highlighted. Their estimation can be carried out before the 

installation of the system through the Value of Information 

(VoI) analysis whose application has been illustrated for the 

case of seismic and flood emergency management.  

Research needs and opportunities of VBM are highlighted in 

the last part of the paper. The quality of information retrieved 

from sensing systems should be accounted for and consistently 

modelled in the decision analysis. The availability in real-time 

of large datasets of measured data allows to exploit innovative 

techniques of Artificial Intelligence (AI) for their processing. 

However, the difficulties connected to the extrapolation of 

information to unmeasured scenarios must be carefully 

considered. The availability of full-scale benchmark structures 

as ‘real-world’ demonstrators of vibration-based monitoring 

technologies and algorithms will remain a necessary 

component to increase the maturity level of both, enabling their 

operational validation. The definition of standardized protocols 

for their design and implementation is an essential step toward 

a wider diffusion of such monitoring systems. Their 

optimization though risk-based holistic approaches can be a 

further opportunity to increase their diffusion and large-scale 

uptake. 
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ABSTRACT: In this paper the evaluation of an acoustic monitoring system for wire break detection for locked-coil stay cables 
is described. At the moment stay cables are visually inspected for wire breaks, which is a time consuming and limited 
inspection. For the development of a monitoring system that uses acoustic emission (AE) to detect wire breaks laboratory tests 
on a full scale used locked-coil stay cable were performed, as well as field tests on a bridge in the Netherlands. Lab experiments 
were performed to characterize the sound transmission through stay cables and to determine the characteristic response from a 
wire break. All wire breaks that occurred in the test were detected by multiple sensors due to the high source strength coming 
from these wire breaks. The transmission of sound between wires in a stay cable is very efficient, showing that the system has 
equal sensitivity to detect wire breaks independent of the location of the wire inside the stay cable. Under lab conditions, the 
location of wire breaks could be determined very accurately. The field test of nearly one year did not lead to the detection of any 
wire breaks; however, visual inspections did not confirm actual wire breaks with 100% certainty either. Nevertheless, the field 
test gave insight in natural emissions of the total system as well as in the effect of traffic noise on the measurements. The paper 
concludes with a four-phase procedure on how to set-up an AE-monitoring system for wire break detection in locked-coil stay 
cables. 

KEY WORDS: Acoustic Emission monitoring; Locked-coil wires; Wire breaks; Cable-stayed bridge. 

1 INTRODUCTION 
Inspection and monitoring of the cables of cable-stayed 
bridges is accompanied by a number of challenges. One of the 
most important challenges is the limited region of the cable 
that can be covered by inspection, since parts of the cable 
(both in length and depth) are difficult or even impossible to 
reach. Inspection of locked-coil cables has the aim to verify 
the condition of the cables, or more specific, to detect possible 
broken wires.  

This paper focusses on the Galecopperbrug, a cable-stayed 
bridge near Utrecht, The Netherlands, see Figure 1. The 
Galecopperbrug has a length of 320 meters and holds 12 lanes 
of traffic. 4 pylons with 2 stay cables each enable a span of 
180 meters over a busy shipping channel. Each stay cable on 
its turn is a bundle of 6 locked-coil strands; each strand has a 
diameter of 75 mm and consists of 214 4 to 8 mm thick steel 
wires. A visualization showing the terms ‘stay cable’, ‘strand’ 
and ‘wire’ is given in Figure 2. 

 

 
Figure 1. Galecopperbug. 

 

 
Figure 2. Visualization of the six locked-coil strands within 
one stay cable. One strand is drawn in more detail to show all 
individual wires. 

Part of the regular inspection program of the bridge is a 
visual inspection of the strands. The main goal of this 
inspection is to detect broken wires. Two disadvantages of 
this inspection are that this inspection is limited to the 
inspection of the sockets of the strands (due to the absence of 
an inspection platform above the deck), and that it is a visual 
inspection which only enables inspection of the outer wires. In 
addition to this, some parts of the cable cannot be inspected 
due to limited access, for instance in the anchorage. 

An acoustic monitoring system that semi-automatically 
detects wire breaks could help overcoming these 
disadvantages. Before applying such a monitoring system on a 
bridge, laboratory and field experiments need to be performed 
to examine the feasibility of such a system, as well as to 
determine the set-up of the acoustic monitoring system. These 
experiments therefore have to show that the acoustic signal 
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resulting from a wire break can be measured and can be 
distinguished from noise signals (such as traffic), even when 
measured at a location far from the wire break. For these 
experiments the southern part of the Galecopperbrug, where 
wire breaks near the anchorage have been detected, is used as 
test site. 

This paper will firstly give some more insight in the 
background of acoustic monitoring with respect to wire breaks 
(section 2). In section 3 the performed laboratory research is 
described, after which the field experiments are discussed in 
section 4. Section 5 concludes with a general plan to apply 
acoustic monitoring on bridges with locked-coil stay cables. 
Final conclusions are given in section 6. 

2 BACKGROUND 
Acoustic Emission (AE) is already widely applied in relation 
to crack growth monitoring in infrastructure, for example at 
the Van Brienenoordbrug, were the steel deck plate was 
monitored by multiple AE-sensors [1]. There is also 
experience with monitoring stay cables of suspension bridges 
using AE [2,7,8]. In addition to this, different research shows 
that the breaking of single wires in a cable can be detected 
using AE [3,4,5]. However, points of attention are the location 
of the sensors due to the limited range they cover, and the 
specific conditions per case that might influence the 
performance of the AE-system (such as the type of cable and 
noise from the surroundings). 

In this paper the focus is on the breaking of a single wire, 
being the smallest part of the locked-coil cable (diameter 4 to 
8 mm). The breaking of a wire will result in longitudinal 
acoustic waves [4]. These waves are relatively low frequent, 
resulting in the travelling of the waves in the length direction 
of the wire. Coating causes attenuation losses, eventually 
leading to extinction of the acoustic signal, possibly after 
reflecting from the end of the wire for one or multiple times. 

During its longitudinal motion the wave will also radiate 
energy to adjacent wires. The amount of energy transferred 
depends on amongst others the state of the cable, the shape of 
the wavemode and the wave frequency. Another factor of 
importance for the transfer of energy is the presence of 
coating on the strand. On top of this it is assumed that the 
tension of the wire is of influence on the amount of energy 
transferred [6]. When damping is low enough it might be 
possible to measure acoustics waves that arise from a core 
wire at the surface of the locked-coil cable.  

The focus in this paper is on detecting wire breaks, 
however, it is thought to be possible to also localize the wire 
breaks due to the difference in arrival time of the signal at the 
different sensors.  

3 LABORATORY TESTS 

3.1 Test set-up 

To determine the number of sensors needed to result in 
reliable wire-break detection over the full length of a strand, 
different acoustic parameters need to be known. That is why 
laboratory tests were performed to characterize wave 
propagation in a locked-coil cable by determining (amongst 
others) the radiation of energy between individual wires, the 
damping in the strand and the expected source strength. 

To this end a test set-up at Mennens Dongen was used, 
where a 10 meter long stay cable was placed in a rig, able to 
apply up to 14.000 kN force. This stay cable is a used full 
scale strand from an existing bridge that was available for 
testing. This strand is comparable to the ones currently present 
at the Galecopperbrug, meaning that the diameter is of the 
same order of magnitude (85 mm) as well as the number of 
wires (168). 

In total 11 AE-sensors were placed along the length of the 
strand and on the socket, see Figure 3. Two type of Mistras’ 
AE-sensors were used: R3I 30 kHz-sensors and R15I 150 
kHz-sensors. Sensors were coupled using ‘Griffon 
kogellagervet’ and attached using magnetic holddowns (see 
Figure 4). The R3I-sensors were coupled to the Sensor 
Highway II system; the R15I-sensors to the MicroExpress-
system. Both systems use Mistras’ AEwin software to 
evaluate data. All sensors attached to one system measure 
synchronously in time, in the so-called WFS-mode (waveform 
streaming mode). 

 

 
Figure 3. Overview of the strand in the test set-up with 8 R3I 
sensors (red) and 3 R15I sensors (blue) placed. 

 

 
Figure 4. R3I sensor attached to the strand using a magnetic 
holddown and tie-wraps. 

On top of using these AE-sensors, piezo’s were placed on a 
number of individual wire ends from the different layers (see 
Figure 5). With these piezo’s it was possible to actively send 
acoustic signals into individual wires, to examine the acoustic 
properties of the strand in a more controlled way.  
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Figure 5. Wire ends coming out of the socket. The numbered 
wires contain a piezo on top (power cables are not yet 
attached). 

The test program was split in two parts: 
• Active acoustic testing, by evaluating the data from the 

AE-sensors due to actively sent sound (frequency 
sweeps from 10 to 300 kHz) by the different piezo’s 
with the strand at different tension forces (0 to 2000 
kN). These forces were chosen low enough that no wire 
breaks were expected to occur. 

• Passive acoustic testing, by evaluating the data from the 
AE-sensors due to occurred wire breaks due to an 
increasing tension on the strand. To this end some 
initiations (with varying depth) were made in the strand 
to stimulate wire breaks. On top of this, spontaneous 
wire breaks occurred at higher tension levels. 

3.2 Results – active testing 

The evaluation of the AE-data resulting from the piezo-sent 
signals lead to a relation between cable tension and frequency 
with group velocity and attenuation (damping) as depicted in 
Figure 6 for both sensor types combined. 

 

 
Figure 6. Relation between cable tension and frequency with 
group velocity (left) and attenuation (right) in the active 
testing. 

In Figure 6 it is shown that: 
• The group velocity is nearly independent on the tension 

in the strand. 
• The group velocity strongly varies with frequency and is 

between 3000 m/s and 4800 m/s. 
• The damping is the lowest in the low-frequent area (<40 

kHz). This is why the preference is given to the R3I 
sensors over the R15I sensors. 

In addition to this, the observed source strength (the signal 
measured by an AE-sensor due to a signal sent by a piezo) is 
depicted in Figure 7 for both sensor types. The measured 
source strength is not dependent on the tension in the strand. 
However, it is dependent on the frequency, which can clearly 
be seen in the right figure when comparing the results at ±10 
kHz (blue, 0-10 dB) and ±150 kHz (red, 70-80 dB). 

 

 
Figure 7. Relation between cable tension and frequency with 
source strength measured by 30 kHz sensors (left) and 
150 kHz sensors (right). 

As a final test the transmission between wires is examined, 
by comparing the signal measured by an AE-sensor when 
sound was sent into the core wire with the measured signal 
when sound was sent into the outer wire. This showed no 
significant difference, meaning that there is barely any loss of 
signal between individual wires and thus no difference in 
sensitivity in detecting breaks from the different wires. 

3.3 Results – passive testing 

After this test some initiations were made in the strand, being 
small cuts in an outer wire at different locations, with different 
depths. Initiations of 2, 3, 4, 5 and 6 mm are made in five 
different wires, at different positions along the length and 
around the circumference of the strand. After this the tension 
in the strand was increased to force the wires to break. After 
each possible wire break the strand was visually inspected to 
confirm the wire break. When all five initiations led to a full 
break, the force on the strand was increased further to allow 
spontaneous wire breaks to occur.  

During this tests all wire breaks were audible as well as 
visible in the measurement data. An example of a wire break 
signal detected by a 30 kHz AE-sensor is depicted in Figure 8, 
both in the time domain (upper figure) and frequency domain 
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(lower figure). This figure, as all other figures of wire breaks 
do, shows that the measured wire breaks have a strong low-
frequent component (< 30 kHz). 

 

 
Figure 8. Measured signal of a wire break in time (top) and 
frequency domain (bottom) at a 30 kHz AE-sensor. 

Figure 9 shows the acoustic signal belonging to a wire break 
measured at all 8 R3I AE-sensors in time. As can be seen, the 
wire break occurred in the vicinity of sensor 2, leading to the 
first hit and the highest amplitude (>113 dB, depicted in red in 
Figure 9). In the following milliseconds however the signal 
was also measured at the other sensors, with decreasing 
amplitude, indicating that the wave travelled through the 
strand (shown by the red line). Even at sensor 8, 
approximately 8 meters from the wire break, the signal is still 
measurable. Note that the signal at sensor 1 differs from the 
signal measured at all other sensors. This is due to the fact that 
sensor 1 was placed perpendicular on the socket, thereby 
registering multiple reflections from within the socket. This 
first wave is the fundamental longitudinal wave, due to the 
breaking of the wire. A second wave is also visible, indicated 
by the green line in Figure 9. This is a flexural mode, caused 
by the wire freely vibrating after the wire break. Being able to 
record the 8 sensors synchronously in time makes it possible 
to distinguish these two wave types. Note that if these 8 
sensors were not recording in WFS-mode it would be 
impossible to recognize this flexural wave when evaluating 
only 1 sensor, since this second wave could just as well be a 
reflection of the first fundamental longitudinal wave or a new 
wire break. 

All breaks that occurred were related to measured acoustic 
signals. These measured signals could be distinguished from 
other acoustic signals due to their high amplitude and strong 
low-frequent components. In addition some acoustic signals 
were registered that did not link to a wire break, but for 
instance to friction of individual wires.  

 
Figure 9. Depiction of the sound signal measured by the 8 R3I 
sensors in time. The red numbers show the measured source 
strength. 

After evaluating all data an estimation was made of the 
parameters relevant for an in-situ monitoring system, being 
the threshold of the system, the amplitude of a wire break and 
the damping in the strand. The lowest source strength of a 
wire break recorded in the test was 115 dB. The damping in 
the strand is estimated to be 2.5 dB/m in the best case (no 
coating). Assuming a threshold level of 40 dB on the bridge 
due to traffic noise, the sound caused by a wire break will be 
above threshold level for ca. 30 meters from the source (see 
Figure 10). In case of the highest registered source strength 
(130 dB) this length increases to 37.5 meters. 

 

 
Figure 10. Sketch indicating the coverage area (green) of a 
sensor in case of a threshold level of 40 dB (red), a source 
strength of 115 dB and a damping of 2.5 dB/m. 

4 FIELD EXPERIMENTS 

4.1 Test set-up 

The field test was performed at the West Fore Stay anchorage 
of the Galecopperbrug. Given the fact that the wire breaks 
detected in the past all occurred close to the cable socket, a 
monitoring range of 30 meters (see Figure 10) is expected to 
be sufficient. Since there is little known of the sound 
propagating from one strand to another, it was decided to 
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place a sensor at each of the 12 strands that enter the 
anchorage. This led to the sensor numbering as depicted in 
Figure 11. Sensors 11 and 12, depicted by the red box, could 
not be recorded in the WFS mode together with sensors 1 to 
10 and are logged individually. Note that this leads to 
incomplete information on the waveform, as explained in 
section 3.3. A picture of the installed sensors at some of the 
sockets is shown in Figure 12. 

 

 
Figure 11. Depiction of the numbering of the 12 strands. Note 
that strands 1, 2, 3, 7, 8 and 9 together form one stay cable. 

 

 
Figure 12. A number of sensors at some of the sockets. 

 
Wires from the sensors were placed along the girders of the 

bridge to attach all sensors to the Sensor Highway II cabinet, 
which was placed at the abutment. Here the data was stored 
and transmitted wireless every week. The initial threshold of 
the system was set to 60 dB, but after a short period of 
monitoring this threshold was increased to 70 dB and 
eventually to 80 dB due to the large amount of noise 
registered at lower thresholds. 

During a period of ca. 1 year these 12 strands were 
monitored. Every week the registered signals were checked 
for possible wire breaks. On top of this the regular visual 
inspection still took place, so the current state of the stay 
cables was known. In addition to the planned inspections, 
extra visual inspection was done once the AE-signals gave 
reason to. Note that during visual inspection a distinction is 
made between ‘detected broken wires’ and ‘suspected broken 
wires’. 

The AE-monitoring system was installed in July 2019, but 
the measurement period started when the final settings were 
applied on September 1st 2019. In July 2020 the complete 
system was removed due to structural strengthening of the 
cables of the bridge. Within this monitoring period changes 
were visually registered in 2 strands (between July and 
March): 
• In March 2020 2 wires in strand 8 were marked as 

‘possibly broken’. These 2 wires were not marked 
during the previous inspection in July 2019. 

• In March 2020 1 new wire in strand 12 was marked as 
broken and 1 new wire was marked as ‘possibly 
broken’ in comparison to the previous inspection in 
July 2019. 

Due to the fact that the AE-monitoring system was not 
functioning continuously in the period between July 2019 and 
September 2019 it is not sure if these visually detected wire 
breaks occurred in the period of monitoring. On top of this, 
the inspection in July 2019 is not performed by the same party 
as the inspection in March 2020. Since visual inspection is 
sensitive to subjectivity this might also be of influence on the 
results. It is therefore not sure if wire breaks took place when 
the monitoring system was active. 

4.2 Test results 

With the threshold set to 80 dB still a large number of AE-hits 
was registered, as depicted in Figure 13. This figure shows the 
number of hits of all sensors that recorded in WFS-mode 
together (sensors 1 to 10) per monitoring period. The figure 
shows a number of periods with an extremely high number of 
hits, such as period 37 and 42. Further investigation showed 
that these periods coincide with maintenance work on the 
bridge. When excluding the periods of maintenance the 
number of hits became feasible to process. 

 

 
Figure 13. Number of AE-hits registered by sensors 1 to 10 
per monitoring period. 

In the current research signals were marked as a possible 
wire break if they met at least one of the following criteria: 
• High source strength (>100 dB) 
• Strong low-frequent components (<30 kHz) 
• Detectable on multiple sensors 
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While the first two bullets were based on the laboratory 
tests, the last bullet was added since propagation of wire break 
signals from one strand to another (through the spreader 
beam) are expected, thereby leading to measurable signals in 
the other strands as well. Note that this criterium could be 
evaluated best if all sensors were monitored in WFS-mode. 

No signals were detected that met all three criteria. A 
number of signals was detected with a relatively high source 
strength (>90 dB). Evaluation of these signals in more depth 
disproved the assumption of possible wire breaks. In most 
cases the signals could be addressed to (not registered) 
maintenance work. In one case an extra visual inspection took 
place in order to verify if a wire break took place. 

When evaluating all recorded signals, three type of signals 
could be distinguished: 
• Signals due to inspection works and maintenance 
• Signals caused by natural events/surroundings 
• System related disturbance signals 
An example of signals recorded due to inspection is given in 

Figure 14. This figure shows the registered signal at all 10 
sensors in time. Again the red number indicates the source 
strength. As can be seen, no clear pulse in time is visible. On 
top of this, there is no clear correlation between the 10 
sensors. The overall image is strongly differing from Figure 9. 
 

 
Figure 14. Depiction of the sound signal measured by sensors 
1 to 10 in time. The red numbers show the measured source 
strength at each sensor. 

 
An example of a signal caused by natural events can be seen 

in Figure 15. At strand 9 a strong signal was registered. 
However, the signal is not recorded on all other strands, but 
only at strand 3, which is positioned above strand 9 (see 
Figure 11). Further research showed that there is a correlation 
between the wind direction and wind magnitude and the 
appearance of these type of signals at strand 9. It is assumed 
that when strand 9 is excited by wind, a low frequent vibration 
of the strand occurs in which wires clamped between the 
strand and the anchorage cause a radial force on the strand (as 
due to a hammer impact), thereby exciting flexural waves. 
 

 
Figure 15. Depiction of the sound signal measured by sensors 
1 to 10 in time. Only sensors 9 and 3 show a significant 
measurement signal. 

The third category of signals could clearly be distinguished 
from the other type of signals. An example of a system related 
disturbance signal is depicted in Figure 16. This signal does 
not look like the signals expected in case of a wire break: only 
a short pulse is visible and all sensors show the same signal at 
exactly the same time. 
 

 
Figure 16. Depiction of the sound signal measured by sensors 
1 to 10 in time due to a system disturbance signal. 

4.3 Conclusion 

No breaks were detected using the AE-monitoring system in 
the monitoring period. Based on visual inspection it was 
possible that up to 4 wire breaks occurred during the 
monitoring period (see section 4.1), however, it was not sure 
if and how many breaks occurred exactly. 

After measuring in practice it turned out that the threshold 
of 40 dB as assumed on forehand was much too low. In order 
to retrieve a number of AE-hits per week that was acceptable 
(<100 hits a week) a minimum threshold of 80 dB would be 
advised for this location at the Galecopperbrug. This also 
influences the expected coverage area as indicated in Figure 
10. Figure 17 shows the new situation with adapted threshold, 
thereby leaving a coverage length of only 8 meters. As stated 
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before, if the location of wire breaks is known this might not 
be a problem. Alternatively, the threshold could be kept at 40 
dB but large storage and extensive filtering or data-analysis in 
post-processing is necessary. 

 

 
Figure 17. Coverage area (green) after adapting the 
parameters of Figure 10 based on the experiences in the field 
test. 

5 APPLICATION ON DIFFERENT BRIDGES 
After testing the AE-system both in the laboratory and in the 
field, it was concluded that the settings of the system, the lay-
out of the sensors and the interpretation of the AE-data is very 
specific for each situation. Based on the experiences in this 
project a four-phase plan was defined for applying AE-
monitoring at new locations. Note that since no wire breaks 
were detected in the field, all conclusions regarding wire 
break signals are based on the laboratory results. 

5.1 Pre-installation questions 

Before designing an AE-system, the following four questions 
must be answered for that specific case: 
• Which area should be monitored? 
• What is the source strength of a wire break? 
• What is the damping in the length direction of the 

strand? 
• What should be the detection limit? 
The first question needs to be answered by the asset 

manager. When answering the manager should keep in mind 
if the expected location of wire breaks is known, or if wire 
breaks can occur all along the strand. 

Questions 2 and 3 could partially be answered based on 
former experience from other parties. However, full 
answering requires additional testing similar to the testing 
described in section 2, or additional field measurements, since 
the answers to these two questions might dependent on the 
state of the strand. A third option would be to perform 
simulations in order to gather information on the source 
strength and damping for that specific strand. 

The fourth question is also strongly location-dependent. To 
find the correct threshold the four-phase plan as described in 
the next section should be followed. As a starting point a 
threshold of 80 dB is recommended for cable-stayed bridges. 

 

5.2 Four-phase plan 

Based on the insights gained during this research it is thought 
that the following four-phase approach can lead to a good AE-
monitoring system for locked-coil stay cables: 

 
Phase 1: installation (1) 

In the first phase the system should be installed in line with 
the current knowledge. If this phase would start tomorrow it 
would thus be advised to place a 30 kHz-sensor at the head of 
the socket of each strand, after removing the coating. On top 
of this it is advised to perform a visual inspection, to have a 
clear overview of the wire breaks present at the start. 
 
Phase 2: measure damping 

To retrieve information on the damping both in the strand and 
between strands, and thus to retrieve information on the 
coverage area, it is advised to perform tests. Examples of 
useful tests are: 
• Performing a centre-punch on the strand, while 

multiple AE-sensors are placed along the length of this 
strand. A centre-punch is comparable to a radial 
hammer impact on the strand, thereby exciting flexural 
modes in the strand. 

• Performing a centre-punch at the socket, while multiple 
AE-sensors are placed along the length of this strand. 
By performing a centre-punch at the socket, 
longitudinal waves can be excited. 

• Performing multiple centre-punches along the length of 
the strand (radial impact), while an AE-sensor is placed 
on the socket of that strand. 

 
Phase 3: monitoring (1) 

After the measurements it is advised to start a period of 
monitoring. It is strongly advised to monitor all sensors from 
one stay cable in time-synchronous mode (WFS-mode). The 
detection threshold could be set to 80 dB, unless immediately 
after installation the recorded AE-signals show elsewise. 
During the period of monitoring all events that meet the 
criteria of possible wire breaks should be clearly marked and 
it is advised to keep track of all maintenance and inspection 
works. 
 
Phase 4: installation and monitoring (2) 

After monitoring for a number of months, the system can be 
adjusted accordingly (if necessary). Sensors could be added or 
replaced at different locations, and the threshold can be 
adapted. With a visual inspection the conclusions from phase 
3 regarding the number of wire breaks should be verified. It 
might be possible that natural events occurred that affect the 
measurement (see section 4.2). After adjusting the system, 
monitoring can be continued for the desired period. It is still 
advised to verify the conclusions based on the AE-system 
with visual inspection. 

6 CONCLUSION 
In this paper the development of an AE-system for wire break 
detection on locked-coil stay cables is described. To this end 
lab tests and field tests are performed. 
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It is shown that under lab conditions wire breaks can indeed 
be detected using AE, and that a wire-break signal has three 
distinct criteria: 
• High source strength (>115 dB) 
• Strong low-frequent components 
• Propagation along the strand 
The field test of nearly one year showed that for this 

specific application: 
• A threshold of 80 dB was necessary to result in an 

acceptable number of AE-hits. 
• A large part of the signals can be addressed to either 

maintenance work, external events or system 
disturbances. 

With respect to developing a validated system it is stated 
that no wire breaks were registered by AE during the 
monitoring period. In order to validate and optimize the 
system it is desirable to detect a wire break. Therefor it is 
advised to prolong the field test and to extend the number of 
sockets that are being monitored. Based on the results from 
the laboratory test it is still expected that wire break 
monitoring using AE is also possible in situ. 

If wire breaks are detected, settings of the AE-system can 
possibly be adjusted (for instance defining a higher threshold 
level). When settings are such that with only a few sensors a 
complete stay-cable can be monitored this will have large 
financial benefits compared to the current visual inspection, 
especially when assessing the parts of the cable high above 
the deck. 
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ABSTRACT: Multi-girder prestressed concrete bridges account for a large proportion of existing bridge stock around the world. 
Therefore, it is important to ensure that these bridge assets are properly maintained and efficiently utilised. One common 
question raised by many bridge owners and operators is “How much additional traffic load can be safely placed on a bridge?”. 
The answer to this question can be informed by monitoring and evaluating the in-service behaviour and structural utilisation, 
thereby enabling more realistic structural assessment of bridges. This paper showcases how strain monitoring data can be used 
to relax certain assumptions in bridge assessment (e.g. prestress loss, live load response, load distribution, boundary condition, 
contribution of secondary element) and evaluate structural utilisation and margin of safety. In particular, an operational railway 
bridge in Staffordshire, U.K. was used as the testbed for the proposed methodology. The bridge has been instrumented with a 
dense network of fibre optic sensors (FOS) with data gathering (strain and temperature) occurring since its construction in 2015. 
Results of this study provide insight into the mismatch between assessment rating and actual performance. It is envisaged that 
the methodology developed in this study will enable more efficient asset utilisation and more targeted asset maintenance and it 
will be portable to other types of multi-girder bridges. 

KEY WORDS: Prestressed concrete bridges; Fibre optic sensing; Structural behaviour; Structural utilisation; Asset 
management. 

1 INTRODUCTION  
Better maintenance and utilisation of existing civil 
infrastructure such as roads and bridges are critical for 
reducing global carbon emissions and thus tackling climate 
change. Research has shown that increasing the payload of 
vehicles (e.g. by increasing legal weight limit, optimising load 
and route combination) on roads and bridges has a large 
impact on reducing carbon emissions [1]. This relies on good 
understanding of real loading, load capacity and in-service 
structural utilisation. Despite large increases in traffic loading 
over the years, many bridges have been able to remain in 
service [2]. This is because there has been a mismatch 
between assessment rating and actual performance of bridge 
assets [3]. This mismatch is due to a number of reasons, such 
as:  

• Nonlinear and plastic structural behaviour [4]  
• High design factors of safety (for material, loading, and 

geometry) [2]  
• Simplified assumption on effects of load distribution [2]  
• Boundary condition and joint fixity [5]  
• Contribution of secondary element [6]  
For each reason, conservative assumption is made in design 

to account for uncertainties in actual performance. This often 
results in actual capacity being much larger than the design 
capacity [7].  

Recently, with the development of structural monitoring 
technologies for measuring in-service performance, these 
conservative assumptions could be relaxed in bridge 
assessment to obtain more realistic evaluation of in-service 
behaviour and structural utilisation, thereby enabling more 
realistic assessment of load capacity. This paper investigates 

how strain monitoring data can be used to evaluate in-service 
behaviour and structural utilisation and thus relax certain 
conservative assumptions in bridge assessment in a safe 
manner. The end goal is to enable more realistic structural 
assessment of bridges and thus enable more efficient 
utilisation and more targeted maintenance of bridge assets. 
The study used an instrumented operational railway bridge in 
Staffordshire, U.K., referred to as Underbridge 11 (UB11), as 
the case study. 

2 UNDERBRIDGE 11 
The Underbridge 11 (UB11) is a 11.2 m single-span multi-
girder prestressed concrete bridge, as shown in Figure 1. It 
carries one rail line across the West Coast Main Line in 
Staffordshire, U.K. The bridge was built in 2015 and it is 
owned by the Network Rail. The bridge deck consists of nine 
precast prestressed concrete girders (two edge TYE7 beams, 
BM1 and BM9, and seven internal TY7 beams, BM2 to BM8) 
and a cast in-situ reinforced concrete infill deck slab. The nine 
girders were pre-manufactured in the factory and then 
transported to the construction site for installation. The girders 
are supported on elastomeric bearings. The nine girders are 
tied together using steel cross ties in the transverse direction.  

The bridge was designed using the stress design method 
according to Eurocode 2. In particular, stress profiles across 
the bridge deck (beam and slab) at different construction and 
operation stages (i.e. under different load combinations) were 
checked against the corresponding serviceability stress limits, 
i.e. the design is governed by serviceability limit state (SLS) 
rather than ultimate limit state (ULS). The traffic load model 
used in the design was Eurocode 1 Load Model 71 (LM71) for 
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standard railway loads, which consists of four point axle loads 
of 250 kN each at 1.6 m interval, and two sets of distributed 
load of 80 kN/m at each side of the four point loads, 0.8 m 
away from the edge point load.  

 

 
Figure 1. Image of Underbridge 11 (UB11). 

 

3 METHODOLOGY 

3.1 Monitoring programme 

Fibre optic sensors (FOS) were installed during the 
construction of the bridge. Both Fibre Bragg Gratings (FBG) 
and Brillouin Optical Time Domain Reflectometry (BOTDR) 
sensors were used. FBG can measure dynamic strain and 
temperature changes at specific point locations (i.e. discrete), 
while BOTDR can measure static strain and temperature 
changes along the length of a fibre optic cable (i.e. 
distributed). The monitoring programme of the bridge is 
summarised in Figure 2. Six of the nine girders were 
instrumented, which include BM1 to BM5 and BM9 (i.e. half 
of the deck plus edge beam at the other end for checking 
symmetry). For each beam, one top and one bottom 
prestressing tendons were instrumented to measure both 
prestress loss and longitudinal bending behaviour. Top 
reinforcement in the deck slab and transverse steel ties were 
also instrumented to measure transverse bending behaviour. 
Figure 3 shows the sensor arrangement for each instrumented 
girder with labelled sensor locations L1 to L10 along the 
longitudinal direction. Details of the FOS sensors installed can 
be found in [8] for interested readers.  

The sensor layout was designed to measure the complete 
history of strain evolution under different load cases during 
construction (e.g. under different construction stages) and 
operation (e.g. under train-passage events, under ambient 
condition). In particular, the following types of behaviour 
were measured:  

• Early-age and long-term prestress losses  
• Longitudinal bending behaviour  
• Transverse bending behaviour  
• Load distribution   

Details of the data collection exercise such as exact dates and 
actions and the corresponding construction or operation stages 
can be found in [9] for interested readers.  

 

 
Figure 2. UB11 monitoring programme. 

 

 
Figure 3. Sensor arrangement for each instrumented girder 
(with labelled sensor locations L1 to L10 along the 
longitudinal direction). 

 

3.2 Evaluating structural behaviour 

This section describes the methodology of how strain 
monitoring data can be post-processed to evaluate structural 
behaviour, and in particular, how the extracted information 
can then be used to relax certain conservative assumptions in 
bridge assessment. Specifically:  
• Prestress Loss:  
Understanding of prestress loss is important because the 
remaining level of prestress, which is equal to the initial 
prestress minus the prestress loss, is a critical parameter in 
structural assessment of prestressed concrete bridges as it 
governs both safety (e.g. reserve load capacity) and 
serviceability (e.g.  concrete cracking and durability, in-
service deflection). Using measurements of strain change at 
the top and bottom prestressing tendons and assuming linear 
strain profile (‘plane sections remain plane’), strain change at 
the centroidal level of each girder can be found using linear 
interpolation of the top and bottom strain data. More details of 
the prestress loss study can be found in [9], [10] for interested 
readers. Without measurement, conservative values of 
prestress loss need to be used.  
• Live Load Response:  
One of the main sources of conservativeness in bridge design 
is the assumed live load and live load response. Live load is 
more difficult to predict and estimate than dead load due to 
larger uncertainty and randomness. Comparing measured 
effect of action with design effect of action can enable more 
realistic assessment of in-service structural utilisation and 
reserve load capacity. In this study, structural response under 
live load (train loads) can be measured directly and evaluated 
from change of bending curvature during train-passage events. 
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Specifically, change of longitudinal bending curvature of each 
beam can be evaluated from measurements of strain change at 
the top and bottom prestressing tendons using Equation (1), 
assuming linear strain profile (‘plane sections remain plane’).  

 

Δκ =
∆εtop – ∆εbottom

ztop – zbottom
 

 (1)  

where ztop and zbottom are the vertical locations of the top and 
bottom prestressing tendons from the beam soffit (a point of 
reference). Bending moment can then be estimated using 
Equation (2).  

 M = EIΔκ (2)  

where E is the elastic modulus of concrete at the time of data 
collection and I is the second moment of area of the cross-
section for each beam. In this study, the live load response 
data (i.e. strain response data under train-passage events) was 
collected on 27th September 2017, which corresponds to 
approximately two and a half years since concrete casting and 
approximately one year and four months in service.  
• Load Distribution:  
In bridge design and structural assessment, assumptions or 
predictions need to be made regarding load path and load 
distribution, i.e. how loading (e.g. live load) is shared and 
transferred across different structural components. For multi-
girder bridges, transverse load distribution across different 
girders may be obtained by comparing the bending curvature 
or bending moment response across these girders during train-
passage events. Longitudinal bending curvature may be 
evaluated from the measurements of strain change at the top 
and bottom prestressing tendons using Equation (1) as 
previously explained. Bending moment can be estimated 
using Equation (2) as previously explained.  
• Boundary Condition:  
Boundary condition is another main source of 
conservativeness in bridge design and structural assessment. It 
is often assumed in bridge design that the boundary condition 
is simply supported. A partially fixed boundary condition 
results in lower maximum bending moment at the mid-span 
compared with that from a simply supported boundary 
condition. In addition, boundary condition affects the bending 
curvature profile under vertical loading. For example, a 
partially fixed boundary condition can cause hogging moment 
at end supports and points of contraflexure (i.e. positions of 
zero bending moment and thus zero bending curvature) 
moving away from the support locations under vertical load 
actions. Therefore, the bending curvature profile under traffic 
loads may be used to infer the boundary condition. In this 
study, the moment envelope under each train-passage event 
was evaluated. Since the structural stiffness (e.g. material 
elastic modulus, E) and the magnitude of external loading also 
affect the bending curvature, to minimise the effect of 
uncertainties in E and load magnitude, a normalised bending 
moment envelope (specifically, normalised relative to the 
mid-span moment) was used to infer the boundary condition.  
• Contribution of Secondary Element:  
In bridge design, contribution of secondary elements (e.g. 
parapets, asphalt surfacing layer) is often ignored as it is a 
safe and conservative assumption and the exact contribution 

to structural stiffness is often unclear due to uncertainty in 
bonding condition between the secondary elements and the 
main structural elements. In reality, secondary elements may 
be partially bonded to the bridge deck and thus contribute to 
its structural stiffness. This contribution may be inferred from 
the degree of partial composite action, which may be inferred 
from the position of neutral axis. Neutral axis has been 
previously investigated in a number of studies such as [11], 
[12]. In this study, neutral axis may be estimated from the top 
and bottom sensor measurements using Equation (3) by 
assuming linear strain profile and finding zero strain position.  

 

zN.A. – zbottom

ztop – zbottom
=

0 – ∆εbottom

∆εtop – ∆εbottom
 

 (3) 

3.3 Evaluating structural utilisation 

As mentioned previously, comparison of measured effect of 
action with design effect of action can facilitate more realistic 
assessment of in-service structural utilisation. For 
Underbridge 11 (UB11), six main actions were considered in 
its design: prestress loss, differential shrinkage, self-weight, 
super-imposed dead load, live load (train load) and thermal 
load. Wind load was deemed negligible for this bridge. In 
theory, the effect of each action may be measured and 
evaluated through continuous measurements. In this study, 
measurements of prestress loss and live load response were 
obtained. Since the data collection was not continuous (only at 
certain time on certain days) [9], the effects of thermal load 
and super-imposed dead load were difficult to characterise 
and evaluate accurately.  

As mentioned previously in Section 2, the prestressed 
concrete bridge was designed using the stress method. In 
particular, the design is governed by serviceability limit state 
(SLS) rather than ultimate limit state (ULS). To help assess 
how much additional load can be placed on the bridge before 
violating the serviceability limit state (e.g. concrete cracking), 
utilisation against SLS (hereinafter ‘SLS utilisation’) may be 
evaluated. In this study, SLS utilisation may be defined as 
follows in Equation (4).  

SLS Utilisation =  

 

Actual live load response
Minimum live load response that would cause the bridge to violate its SLS

 

 (4) 

Measured effect of action is used where applicable to obtain 
more realistic value of SLS utilisation and to help better 
understand the real margin of safety compared with design 
assumptions. Where measurement data is not available (e.g. 
thermal load), conservative design assumptions are used.  

4 RESULTS AND DISCUSSION 

4.1 Structural behaviour 

Prestress loss was evaluated at various stages during 
construction and operation (e.g. beam casting, beam curing, 
transfer of prestress, deck casting, deck curing, in-service). 
Overall, it has been found that there is a good agreement 
between the measured prestress loss and the predicted 
prestress loss based on design codes (Eurocode 2 and 
AASHTO). More details of the evaluation and analysis can be 
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found in [9], [10] for interested readers. In summary, the 
measured prestress losses at 1 year and 4 months in-service 
(approximately two and a half years since construction) are on 
average around 16% for TY7 beams and 13% for TYE7 
beams. The design values for long-term prestress losses (e.g. 
120 years) are 19.6% for TY7 beams and 18.3% for TYE7 
beams. Figure 4 shows the evolution of measured and 
predicted prestress losses for the TY7 and TYE7 beams.  

 

 
(a) TY7 beams  

 
(b) TYE7 beams  

Figure 4. Evolution of measured and predicted prestress losses 
with time for the TY7 and TYE7 beams. 

 
Figure 5 shows the sagging moment envelopes during the 

passage of a passenger train (British Rail Class 350) and a 
freight train (the heaviest freight train measured in this study), 
respectively, i.e. maximum sagging moment at each sensor 
location during each train-passage event. Moment was 
calculated using Equations (1) and (2). Concrete modulus of 
elasticity was taken as 44 MPa, the tangent modulus at the 
time of the train-passage events, based on Eurocode 2. The 
second moment of area was calculated for the composite 
‘slab-and-girder’ section. The section was assumed to be 
uncracked under typical train loads as the bridge was newly 
constructed and in good condition (no cracking was observed 
at beam soffit at the time of data collection). It should be 
noted that only one sensor data was available for each beam at 
L10 (top sensor for BM1 and BM3 and bottom sensor for 
BM2, BM4, BM5 and BM9 – refer to Figure 3), and thus 
curvature and moment at L10 cannot be calculated using 
Equations (1) and (2). The noise level (or uncertainty level) 
for moment estimations is found to be within around ±7 kNm 
based on the bending moment response when there is no train-
passage event.  

It can be seen clearly from Figure 4 that overall, there is no 
systematic and significant variation in bending moment across 
the six instrumented girders, suggesting near uniform 

transverse load distribution across the girders and a high 
transverse stiffness. The unfactored moment effect for this 
bridge under EC1 LM71 is -251.5 kNm, which is more than 
2.5 times the measured moment under the heaviest freight 
train measured. In addition, a partial safety factor of 1.45 is 
applied for live load in the bridge design. This suggests that 
the design effect of live load is significantly higher than the 
actual effect of the live load measured.  

 

 
(a) Under a passenger train (British Rail Class 350)  

 
(b) Under a freight train (the heaviest freight train 

measured)  

Figure 5. Sagging moment envelope for the prestressed 
concrete girders (composite section) during two train-passage 
events respectively (one passenger train and one freight train) 
– left to right: BM9, BM5 to BM1.  

 
As mentioned previously in Section 3, the moment profile 

(or curvature profile) can be used to infer boundary condition. 
Figure 6a shows the normalised moment envelope profile (or 
normalised curvature envelope profile) relative to the mid-
span moment (or curvature) for each of the six instrumented 
girders during the passage of the passenger train (British Rail 
Class 350, with known nominal axle load pattern). This gives 
a normalised moment of one at the mid-span.  

A series of grillage models with different boundary 
condition was created using Oasys GSA (version 8.7) to 
enable model-data comparison. Each model assumes a partial 
fixity by applying a rotational spring stiffness Kr for both 
supports (e.g. Kr = 0, 100 MNm/rad, 200 MNm/rad, 300 
MNm/rad, 400 MNm/rad, 500 MNm/rad, infinity). Kr = 0 is 
essentially simply supported boundary condition and Kr = 
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infinity is essentially fully fixed boundary condition. Kr for 
typical bridge elastomeric bearings (similar to the ones used 
for UB11) is in the order of 10 to 50 MNm/rad [13]. Input 
loading is the nominal axle loads of British Rail Class 350.  

Figure 6b shows the model-data comparison of the 
normalised moment envelope profile. The data in red shows 
the mean and standard deviation of normalised moment 
envelope profiles of the six instrumented girders (i.e. the mean 
and standard deviation of Figure 6a). It can be seen that the 
monitoring data clearly shows a partially fixed boundary 
condition rather than a simply supported one (design 
assumption). In addition, the left-hand support (east support) 
appears to have a higher rotational stiffness than the right-
hand support (west support). This will influence the effect of 
certain actions (e.g. super-imposed dead load, live load): in 
particular, reduced maximum sagging moment. By trial-and-
error manual tuning of the boundary condition, a less 
conservative assumption (compared with simply supported 
boundary condition) of Kr1 = 250 MNm/rad (for the left-hand 
support) and Kr2 = 150 (for the right-hand support) was 
obtained.  

 

 
(a) 

 
(b)  

Figure 6. Normalised moment envelope relative to the mid-
span under a passenger train (British Rail Class 350): (a) for 
the six instrumented girders based on the measurement data; 
(b) model-data comparison (assuming equal Kr for both 
supports in the models). 

 
As mentioned previously in Section 3, the contribution of 

secondary elements (e.g. parapets, asphalt surfacing layer), 
and in particular, to what extent the secondary elements are 
bonded to the bridge deck, can be inferred from the neutral 

axis positions. Figure 7 shows the neutral axis monitoring 
results for the six instrumented girders. It can be seen clearly 
that the neutral axis positions for the edge TYE7 beams 
(particularly BM1) are distinctively higher than that for the 
internal TY7 beams. This suggests that the parapets above the 
two edge beams are partially bonded to the bridge deck, 
forming partial composite action. The degree of partial 
composite action may be inferred from the measured neutral 
axis position compared with the theoretical neutral axis 
position based on a full composite action. In this case, the 
degree of partial composite action is low since a fully bonded 
parapet would give a neutral axis position of around 850 mm.  

 

 
Figure 7. Neutral axis positions (from deck soffit) at L3 to L8 
for the six instrumented girders – left to right: BM9, BM5 to 
BM1. 

 

4.2 Structural utilisation 

As mentioned previously in Section 2, prestressed concrete 
bridge design is typically governed by SLS rather than ULS. 
Of all locations across the deck, BM5 mid-span is identified 
as a critical location where the largest bending moment may 
be expected. For the BM5 mid-span cross-section, beam soffit 
is identified as the most critical location where tensile stress 
should be avoided (no concrete cracking at deck soffit).  

Table 1 provides a summary of the SLS utilisation for BM5 
soffit at mid-span. Three types of stress can be modified using 
sensor measurement, which are prestress (direct 
measurement), stress under super-imposed dead load (using 
modified prediction based on updated boundary condition) 
and stress under train loads (direct measurement). It can be 
seen that BM5 bottom at the mid-span has a compressive 
stress of 5.2 MPa, which means that an additional load effect 
of 5.2 MPa tensile stress may be added before violating the 
SLS. Based on the measurement, the heaviest freight train 
measured in this study (also refer to Figure 5b) can cause a 
tensile stress of 0.9 MPa at BM5 soffit at the mid-span. The 
live load SLS utilisation, using the definition given in 
Equation (4), can be calculated as 0.9/(0.9 + 5.2) × 100% = 
15%. This means that 5 additional freight trains (identical to 
the freight train measured) may be placed on the bridge before 
the bridge violate its SLS. It should be noted that Table 1 
provides deterministic results. More robust and reliable results 
may be obtained by further investigation into the various 
uncertainties associated with sensor data and data processing.  
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Table 1. SLS utilisation for BM5 soffit at mid-span. 

 

Stress at BM5 soffit at 
mid-span [MPa]  

Design 
(unfactored)  

Modified 
based on 

data  

Prestress  14.6 15.2  
(104%*)  

Differential shrinkage  -0.1 /** 
Self-weight  -5.5 /** 

Super-imposed dead load  -2.0 -1.4  
(70%*)  

Train load  
(Note: using EC1 LM71 for 

design and the measured freight 
train for measurement)  

-2.5 -0.9 
(36%*)  

Thermal load  
(Note: using worst case for 

beam bottom)  
-2.1 /** 

Total   2.6*** 5.2  
Stress limit  0 
Difference  -2.6  -5.2  

% SLS utilisation  
57%  

(= 3.4/(3.4 + 
2.6) × 

100%)***  

15%  
(= 0.9/(0.9 + 
5.2) × 100%) 

* Note: the value in bracket shows the percentage ratio between the stress 
based on measurement and that based on design (unfactored).  

** Note: ‘/’ means no measurement data or no sufficient measurement data 
is available and thus the corresponding design value is used in the calculation 
of stress and SLS utilisation.  

*** Note: Load combination factors (SLS frequent) are applied. Effect of 
train load = ψ1 × α × Φ3 × -2.5 = 0.8 × 1.21 × 1.39 × -2.5 = -3.4 MPa, where 
ψ1 is the load combination factor, α is the additional load factor applied on 
LM71, and Φ3 is the dynamic factor for track with standard maintenance.  
 

5 CONCLUSIONS 
To ensure that bridge assets are efficiently utilised and 
properly maintained, more accurate knowledge of in-service 
behaviour and structural utilisation is critical. This study used 
an instrumented operational railway bridge as a case study to 
demonstrate how strain monitoring data can be used to relax 
key assumptions in bridge assessment:  
• Prestress loss: This can be obtained by directly measuring 
the change of strain in the prestressing tendons. In this study, 
there is a good agreement between measurements and design 
predictions of prestress loss.  
• Live load response: This can be obtained by calculating the 
bending curvature response from strain monitoring data (e.g. 
top and bottom prestressing tendons) during train-passage 
events. In this study, the measured live load response is 
significantly lower than the design value.  
• Load distribution: This can be obtained by comparing the 
live load response of different structural components (e.g. 
different girders) during a train-passage event. In this study, 
the monitoring data shows a near uniform transverse load 
distribution across the nine girders.  
• Boundary condition: In this study, the monitoring data 
shows clearly that the support boundary condition is partially 
fixed rather than simply supported (design assumption). This 
will influence the effect of certain actions (e.g. super-imposed 
dead load, live load).  

• Contribution of secondary element: This can be inferred 
from the position of neutral axis. In this study, the monitoring 
data shows clearly that the parapets are partially bonded to the 
bridge deck.  

In addition, the measured effects of load can be compared 
with the design effects of load to obtain better knowledge of 
the margin of safety and structural utilisation. Future research 
will further address the question ‘how much additional traffic 
load can be safely placed on a bridge’ by considering all 
performance criteria such as bending, shear, long-term 
deterioration mechanisms and potential bridge failure modes.  
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ABSTRACT: Applications of astrometry have allowed, among the other, accurate measurement of the Earth rotation, the study 
of the local geoid and satellites attitude determination. At the time being no mention of use of astrometry techniques dedicated 
to measure the variation of inclination of an infrastructure have been found by the authors. Is herein presented a device 
composed by a small telescope coupled with a CMOS astronomical camera used to acquire star field images overnight. The 
pointing angle of the telescope is accurately computed by a process called plate-solving and then actualized to account for Earth 
precession and nutation. A series of tests was conducted for a preliminary assessment of the instrument performances. The 
results proved that the sensitivity of this low-cost device is in the range of 10-20 rad while repeatability is of the order of few 
rad., comparable to MEMS inclinometers, but without the need of frequent recalibration operations. 

KEY WORDS: SHM; Astrometry; Clinometer. 

1 INTRODUCTION 
After a period of expansion and development, the European 
infrastructure network has reached an age where owners and 
managers of infrastructures are facing the problem of 
maintaining a population of ageing and deteriorating 
manufacts at an acceptable level of safety, performance and 
aesthetics, given the limited financial resources. Moreover, 
design or construction deficiencies or lack of proper 
maintenance can result in a faster degradation of construction 
materials. Assessing the health state of infrastructures is 
crucial in terms of sustainability besides the maintenance 
optimization results in a less frequent or extensive 
maintenance-related service interruptions [1]. In this field 
SHM provides automated methods for determining adverse 
changes in the mechanics of a system. Moreover, recent 
advancements in sensing technology (i.e., MEMS, Acoustic 
sensors, fiber optics) and latest developments in the Internet 
of Things (IoT), mobile networks (5G), and wireless 
connectivity (Wi-Fi, Bluetooth 5), are finally creating a 
promising platform for the inspection and evaluation of 
structural systems. SHM systems (SHMS) based on these new 
technologies have the potential to collect precise information 
about every event providing a route to proactive maintenance 
systems. 
Space techniques based on Earth observation and Global 
Navigation Satellite Systems (GNSS) have recently become of 
paramount importance for continuous monitoring, especially 
in those countries where hydrogeological hazard is relevant. 
Both above-mentioned techniques can measure accurately tiny 
horizontal and vertical displacements of ground or 
infrastructures. In the next few years, a new generation of cost 
effective GNSS receivers for the continuous monitoring of 
buildings featuring very high position accuracy coupled with 
innovative end-to-end service will outcompete current state-
of-the-art systems based on strain monitoring with dedicated 
gauges and A/D transducers. 

However, to decouple translational and rotational movements, 
the usage of independent ground sensors, i.e., inclinometers 
and/or tiltmeters is still needed. Together with the existing 
structural response parameters that are primarily adopted in 
SHM applications (i.e., acceleration, displacement and strain), 
the occurrence of tilt during structural deformation provides 
information that is useful in evaluating the vertical deflection 
via the angle of rotation in the case of horizontal members and 
the drift in the case of vertical members [2]. Typical tiltmeters 
and inclinometers are very sensitive to temperature variations 
and thus they must be calibrated at the factory before 
operation. Due to aging, the calibration procedure should be 
repeated rather frequently to guarantee nominal performances, 
operation that is often long and expensive and not very easy to 
carry out, requiring a uninstall-calibration-reinstall operation. 
This problem is particularly present in low-end inclinometers 
while state-of-art tiltmeters can be more resistant, but they 
cost up to several thousand euros. 

1.1 State of the art 

Angular tilt could be directly related to the linear amount of 
change subtending the length of the base. Consequently, 
angular tilt does not have to be measured directly but can be 
derived from the mechanical or other measurement of this 
linear change if the length of the base is known [3] [4]. 

The following discussion has been focused mainly on 
tiltmeters and inclinometers which measure angular tilt at a 
point or over a limited and relatively small base length, but it 
could be extended also to geodetic leveling, hydrostatic 
leveling and suspended and inverted pendula, or plumb lines. 

Considering the basic principle of operation, tiltmeters may 
be divided into liquid, vertical pendulum, or horizontal 
pendulum [5]. On the other hand, according to the method in 
which the tilt is sensed, tiltmeters and inclinometers may be 
divided into mechanical, accelerometer transducer, vibrating 
wire transducer and electrolytic transducer. 

A calibration-free astrometric tiltmeter for static SHM 
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The sensitivity of tilt falls into two distinct groups: geodetic 
or geophysical special tiltmeters with a resolution of 10–8 rad 
(0.002″) or even 10–9 rad; and engineering tiltmeters with 
resolutions from 10-6 rad to 10-4 rad, depending on the 
required range of tilt to be measured. 

The former group includes instruments that are used mainly 
for geophysical studies of Earth tide phenomena and tectonic 
movements. This category of instrument requires extremely 
stable mounting and a controlled environment. There are very 
few engineering projects where such sensitive instruments are 
required. 

In the second group, there are many models of liquid or 
pendulum tiltmeters of reasonable price that satisfy most 
needs in engineering studies. Apart from a spirit level or level 
vial by itself, if the vial is filled with an electrolytic liquid, the 
centering of the bubble can be controlled electrically, and its 
movement sensed by means of electrodes. A tilt produces a 
change in differential resistivity between the electrodes that is 
measured using a Wheatstone bridge. Many liquid types of 
tiltmeters with various ranges (from 0.01 rad up to 0.5 rad) 
and resolutions are available from various companies. 

Popular are servo-accelerometer tiltmeters with horizontal 
pendula. They offer ruggedness, durability, and can operate in 
low temperatures. Those kinds of transducers employ a small-
mass horizontal paddle (pendulum) which tries to move in the 
direction of tilt, due to the force of gravity. Any resultant 
motion is converted by position sensors to a signal input to the 
electronic amplifier whose current output is applied to the 
torque motor. This develops a torque that is equal and 
opposite to the original. The torque motor current produces a 
voltage output that is proportional to the sine of the angle of 
tilt. 

The typical output is in voltage and typically range between 
±5 V or ±10 V, which corresponds to the maximum range of 
tilt. Current output versions (4-20mA) are also available on 
the market. The angular resolution of a tiltmeter depends on 
its range of tilt since a larger range would result in more 
angular tilt per unit voltage so a higher resolution tiltmeter 
would have a smaller range of measurable tilt. Resolution of 
0.02% of the range (volts) is typical. 

There are many factors affecting the accuracy of tilt 
sensing, not just the resolution of the readout. A temperature 
change produces dimensional changes in the mechanical 
components and changes in the viscosity of the liquid in 
electrolytic tiltmeters and of the dampening oil in pendulum-
type tiltmeters. Also, electric characteristics can alter with 
temperature changes. Drifts in tilt indications and fluctuations 
of the readout may also occur. 

In less expensive models, compensation for the temperature 
drift error is not very sophisticated, and such tiltmeters may 
show nonlinear output in reaction to changes in temperature 
and erratic drifts or other behavior that would be difficult to 
predict without accurate and toilsome calibration procedures.  

Undirect measurement methods that exploit geodetic and 
hydrostatic techniques are also available and widespread used. 
Geodetic leveling is traditionally used to determine elevations 
however this method is often used to monitor not only the 
settlement of sensitive structures but also to describe the tilt of 
components of a structure by determining the angle between 
appropriate pairs of benchmarks, it is rather known that 

geodetic measurements are strongly affected by the 
atmospheric refraction due to temperature variations. 
Following the same rationale, methods based on Bernoulli’s 
equation which employ the hydrostatic levelling techniques 
are also used for the tilt measurement. It has been emphasized 
in the past that care should be exercised to ensure that there is 
no discontinuity in the liquid since any gas (usually air, often 
entering when filling the tubing) in the liquid line will 
introduce an error in the level difference. It is also to be 
mentioned that the behavior of the liquid is influenced by the 
inside diameter and capillary effects of the tubing. The 
method is deeply exploited in complex network of 
permanently installed instruments to monitor tilts in very large 
structures. 

Two types of mechanical plumbing are used in monitoring 
the stability of vertical structures: 
 

• Suspended pendula 
• Floating pendula (or inverted). 

 
Typical applications are the monitoring of power dams or the 
continuous verticality measurement of big heritage buildings. 
The sources of error which may be often underestimated by 
the users and that may strongly affect the accuracy are: 
 

• The influence of air currents 
• The spiral shape of the wires, 

 
which could be important in case of rotation of the wire 
between two different measurements. To neglect this source 
of error pre-straightened wires must be used. 
Nowadays SHMS are highly advanced and the requirement on 
calibration and traceability of measuring equipment is, 
therefore, of increased importance. Moreover, the after-
measurement analysis is becoming more and more 
sophisticated and can deeply impact maintenance and 
assessment of the infrastructure’s residual life. Consequently, 
the long-term accuracy and repeatability of the outcomes must 
be considered crucial. The set of operations required to ensure 
that measuring equipment is compliant with the target 
specifications of the monitoring system still represents a big 
effort in terms of tools and human resources. Hence, the 
possibility, in the future, to exploit measurement instruments 
which are not sensitive neither to temperature or aging will 
give the chance to drastically reduce the periodic calibration 
costs, keeping the long-term accuracy and reliability of the 
data. 

1.2 Applications of astrometry in geodesy 

Precise measurement of stars positions, and other celestial 
bodies derive from the work of Hipparchus, who in the 2nd 
century BC discovered the Earth precession. Modern 
astrometry derives from the works of the astronomer 
Friederich Bessel’s, to whom we owe the first measurement of 
stellar parallax in the 19th century. During the 20th century, 
first with the use of photographic techniques and then with the 
advent of CCD cameras, astrometry has had a substantial 
boost leading to the measurement of star positions with sub-
arcsec accuracy. The Gaia space mission, launched in 2013, 
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has the goal to determine star parallaxes with a median error 
ranging from 4 as at 10 mag to 160 as at 20 mag [6]. 

Applications of astrometry are the most varied, ranging 
from the establishment and maintenance of astronomical 
reference frames to stars proper motion measurement, from 
monitoring of near-Earth objects for space awareness to 
discovery of new exo-planets. In a particular application, 
forming a discipline called geodetic astronomy, measurement 
of star positions can be used to measure the Earth rotation axis 
vector [7], for the geoid determination [8], for accurate time 
frame maintenance [9]. Astrometric techniques have been 
used also in space to determine the attitude of satellites (star-
trackers) and at ground to determine geographical coordinates 
[10]. 

1.3 Proposed concept 

At the time being the authors have found in scientific 
literature no hint of use of astrometric techniques to measure 
the variations in inclination of a ground infrastructure. 
However the concept herein proposed inherits the principle of 
operation of a star-tracker [11] and of a digital zenith camera 
[12]. 
The basic idea is to use a small telescope coupled with a 
commercial astronomical camera, fixed to the building or 
infrastructure to be monitored. Overnight many star field 
images are collected and automatically referenced respect to 
star catalogues through a process called plate-solving. The 
boresight is continuously measured, actualized to account for 
Earth precession and nutation, and normal (averaged) points 
are formed, one each night of observation. The proposed 
astrometric tiltmeter does not need to be calibrated, it is 
weakly sensitive to temperature variations (apart from thermal 
deformations and unmodeled residual atmospheric refraction 
bias) and it is expected to be weakly sensitive to aging. On the 
other hand, being able to work only at night and when the sky 
is clear, this method is suitable only for applications where 
very slow movements are envisaged, i.e., when few 
measurements per week are sufficient for the specific 
monitoring purpose. Being SHM, when slow drifts or 
oscillations are a concern, based on the very low-frequency 
domain, it finds its natural placement in this application niche. 
Not least, the astrometric tiltmeter can be coupled with third-
party MEMS inclinometers or bubble levels tiltmeters to 
maintain calibration over time. In this case both fast-static and 
static monitoring is possible. 

2 SETUP USED FOR TESTS 
The setup used for preliminary tests (Figure 1) is composed 
by a very small telescope with a 32 mm diameter and 130 mm 
focal length, equipped with helical focuser, coupled with a 
cheap astronomical camera based on a AR0130CS CMOS 
sensor featuring a 1/3−inch CMOS digital image sensor with 
an active−pixel array of 1280H x 960V. The whole optical 
system is characterized by a 5.95 asec/pixel image scale and a 
3.36 sq. degrees field of view. 
 

 
Figure 1. The prototypal astrometric clinometer. A small 
telescope and CMOS camera used to acquire star fields. 
 

The camera and the telescope have been placed in a roll-off-
roof astronomical observatory (N 45.1436 E 9.1699, Figure 2) 
on board a professional astronomical German equatorial 
mount (10micron GM2000 HPS), equipped with two high-
precision absolute encoders mounted directly on each axis and 
featuring a 1/10th arcsec resolution. 

 

 
Figure 2. I-STAR prototype placed at center (yellow ellipse) 
of a Losmandy dual plate holding other astronomical optical 
tube assemblies. 
 

This setup allows a sub-arcsec pointing precision 
(repeatability). The mount is installed on a heavy cylindrical 
iron pier which is in turn bound to a massive, reinforced 
cement foundation. 

During image acquisition a small dew heater band has been 
placed around the telescope lens to avoid possible humidity 
condensation. 

The camera has been connected to a mini-PC (placed on-
board of one of the optical tube assemblies) through a USB-C 
connector. A specific SW module has been developed to 
automatize the image acquisition process, automatically open 
the observatory roof with the arrival of the nautical night, 
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move the mount to a specific point of the sky, start to take 
pictures, etc. 

To avoid possible drifts due to the limits in PC clock 
accuracy (1 s of clock error leads to an error of 15 asec in 
hour angle measurement) a third-party software, 
synchronizing the PC clock with external time servers, has 
been used. 

Images are saved as Flexible Image Transport System 
(FITS) files, an open standard commonly used in astronomy 
and capable of storing metadata in a specific header [13]. 
Figure 3 shows a typical example of star field, while Figure 4 
represents the same image once plate-solved with stars 
centroids in evidence. 

Many useful quantities are saved by the SW in the image 
file header among which: 
‒ Camera and telescope specifications 
‒ Site coordinates 
‒ Approximate pointing angle (start solution) 
‒ Local sidereal time (LST) 
‒ Universal Time Coordinated (UTC) 
‒ Difference between Universal Time (UT1) and       

Coordinated Universal Time (UTC) as from 
International Earth Rotation Service (IERS) products 

‒ Polar motion coordinates as from IERS products 
‒ Weather data (temperature, humidity, pressure, etc.). 
Once images have been collected another SW 

asynchronously performs the plate-solving and find the 
pointing angle by comparing the acquired star field with a 
database of star positions. This SW performs the following 
operations: 
‒ Read the image and ancillary data 
‒ Plate solves the image and compute the J2000.0 right 

ascension and declination 
‒ Convert J2000.0 equinox to actual equinox true of date, 

taking into account also atmospheric refraction and 
other biases (using the Atco13 function of Standard Of 
Fundamental Astronomy - SOFA open source library 
[14]) 

‒ Save the computed solution to a Comma Separated 
Value (CSV) file. 

 

 
Figure 3. Typical image of a star field. 

 

 
Figure 4. Plate-solved image with star centroids. 

 

3 TEST RESULTS 

3.1 Introduction 

Results presented here make use of the UCAC3 star 
catalogue, a high density, highly accurate, astrometric catalog 
of 100,766,420 stars covering the entire sky [15]. Stars 
positions are on the ICRS (International Celestial Reference 
System) and given for the epoch J2000.0. 

The plate-solving procedure provides the observed 
equatorial coordinates, i.e., right ascension () and declination 
() mean equinox and equator of J2000.0. The right ascension 
enters in the following expression 

 
h = L -  

 
where L is the local sidereal time and h is the hour angle 

(h), representing the angle between the plane containing 
Earth's axis and the zenith (the meridian plane), and the plane 
containing Earth's axis and the given point. Once actualized to 
the actual equinox, for an Earth-fixed pointing angle (the 
infrastructure to be monitored), h and  are constant in time 
(neglecting solid tides, local displacements and other elastic 
forces acting on the infrastructure). 

For the target SHM application it could be useful to convert 
the computed equatorial coordinates to horizontal, i.e., 
azimuth (A, measured from the south point, turning positive to 
the west) and altitude (a, 90 deg when pointing to the zenith). 
The conversion formulae between equatorial and horizontal 
coordinates (using the two-argument arctangent function) are 
as follow: 
 

A = - arctan (x, y) 
a = arcsin[sin () sin () + cos () cos () cos (h)] 

 
with 
 

x = - sin () cos () cos (h) + cos () sin () 
y = cos () sin (h) 

 
being  the geographical latitude of the observing site. 

As can be seen A and a are non-trivial function of h and  t 
can be easily deduced that azimuth is undetermined when 
pointing at the zenith ( = , a = 90 deg). For this reason, 
pointing near the zenith should be avoided, as may lead to 
inconsistent azimuth measurements. In our opinion a = 45 deg 
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pointing altitude must be considered as preferential, 
considering also that deposits of humidity, snow and dirt can 
thus be minimized, for example using a small canopy 
protecting the external glass of the device. 

Again, it must be noted that when observing near the 
celestial pole, the plate-solving procedure gives inconsistent 
values of h, being the hour angle undetermined unless the 
measurement of the rotation of the star field respect to an 
arbitrary chosen direction of the sensor array is considered. 
Unfortunately, in our case, the measurement of the field 
rotation leads to very poor results due to the limited density of 
pixels and short telescope focal length. For this reason, during 
the tests we will omit the measurements of the hour angle for 
directions close to the celestial pole. 

To optimize the SNR of the image the exposure time of 
each image has been set to 1 s. Considering that the rotation 
rate of the Earth is 15 asec/sec, the maximum elongation of 
stars (given a 6 asec/pixel image scale) is 2.5 pixel. Stars 
elongation is expected to lead to less precise measurements in 
h, especially when pointing at lower declinations. Further tests 
using shorter and longer exposure times will be carried out in 
the next future. 

The results presented here aim to verify the performances of 
the system and have been obtained through the following 
tests: 
 

1) Fast-static, 45 minutes circa of observations, pointing: 
‒ south: near the intersection of celestial equator with 

meridian (h ~ 0 deg,  ~ 0 deg). 
‒ west: A ~ 90 deg, a ~ 45 deg. 
‒ north: near the celestial pole ( ~ 90 deg) 
‒ east: A ~ 270 deg, a ~ 45 deg. 

2) Static, 5+ hours of observation pointing towards the 
direction with best repeatability in A and a, as obtained 
from test 1. 

3) Kinematic, pointing towards the preferential direction 
and applying tiny angular displacements in A and a. 

 
The first test was conducted to understand how repeatability 

is affected when observing different sky zones. 
The second test to assess possible short-term drifts in A and a 
due to mismodelling. 
The third test to measure the sensitivity of the instrument. 

A proper test bed to assess long-term repeatability has been 
setup few weeks prior to the writing of this article but data 
have not been considered statistically significative yet. 

3.2 Fast-static test 

The following figures (Figure 5, Figure 6, Figure 7 and Figure 
8) represent the graphs of the residuals of the computed 
pointing angles (equatorial and horizontal) in the four chosen 
boresights respectively. In each graph the colored band 
represents the interval ±10 rad. Vertical scales range from 
-100 rad to +100 rad. 
 

 
Figure 5. Fast-static test residuals (south, h ~ 0 deg,  ~ 0 
deg). 

 

 
Figure 6. Fast-static test residuals (west, A ~ 90 deg, a ~ 45 
deg). 

 

 
Figure 7. Fast-static test residuals (north,  ~ 90 deg). 
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Figure 8. Fast-static test residuals (east, A ~ 270 deg, a ~ 45 
deg). 
 
As can be inferred from Figure 5 (h ~ 0 deg,  ~ 0 deg), the 
behavior of the hour angle and azimuth graphics looks pretty 
much the same and so for declination and altitude. This 
happens because, for the given boresight, dh/dA is almost 
constant in time, while d/da ~ 1. These properties hold 
regardless of the geographical latitude of the observing site. 
The RMS in rad of the observed coordinates (both equatorial 
and horizontal) are resumed in Table 1, from which we may 
deduce that the geometry leading to the best RMS in azimuth 
and altitude computation is obtained when the telescope 
points to or near the celestial pole, i.e., where the 
displacement of the stars per unit of time is very low. East and 
west boresights lead roughly to 20 rad repeatability on both 
axes. The RMS of the azimuth residuals, when pointing south 
(near the meridian/equator crossing) is around 40 rad, a 
value probably due to high linear velocity of stars. To this 
purpose further test will be carried out reducing the images 
exposure time (and thus star elongations). 
 

Table 1. RMS of the observed coordinates in rad. 

 
 

3.3 Static test 

Static test has been carried out over four nights of observation 
and pointing toward north, i.e., the direction optimizing 
repeatability of measurements as resulted from fast-static test. 
More than 30 hours of data acquisition for a total 2915 images 
of star fields have been collected. 

Figures 9 to 11 represent the graphics of the residuals of the 
computed azimuth and altitude, one for each night of 
observations. Again, a colored band represents the interval 
±10 rad and vertical scales range from -100 rad to +100 
rad. The red line represents the linear regression of the 
residuals. 

 

 
Figure 9. Static test residuals of azimuth and altitude in rad 
(1st night, duration 6.67 hours). 

 

 
Figure 10. Static test residuals of azimuth and altitude in rad 
(2nd night, duration 7.91 hours). 

 

 
Figure 11. Static test residuals of azimuth and altitude in rad 
(3rd night, duration 5.62 hours). 

 

 
Figure 12. Static test residuals of azimuth and altitude in rad 
(4th night, duration 12.33 hours). 
 

Table 2 shows the RMS of the azimuth and altitude 
residuals of the four data batch in rad. The RMS values are 
slightly higher than the ones computed in the fast-static test 
(Table 1) due to the non-neglectable drift shown by the time 
series. This possible source of error is still under investigation. 
 
Table 2. RMS of the computed azimuth and altitude and total 
drift of the historical series in rad. 
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3.4 Kinematic test 

The graphics shown in Figure 13 have been obtained pointing 
the following horizontal coordinates: 
 

1) Center: A = 185.0000 deg, a = 45.0000 deg. 
2) Up: A = 185.0000 deg, a = 44.9986 deg. 
3) Center: A = 185.0000 deg, a = 45.0000 deg. 
4) Down: A = 185.0000 deg, a = 45.0014 deg. 
5) Center: A = 185.000 deg, a = 45.0000 deg. 
6) Left: A = 184.9986 deg, a = 45.0000 deg. 
7) Center: A = 185.0000 deg, a = 45.0000 deg. 
8) Right: A = 185.0014 deg, a = 45.0000 deg. 
9) Center: A = 185.0000 deg, a = 45.0000 deg. 

 
The mount has been programmed to move 24.5 rad (5 asec 
or 1.4 mdeg) in each direction every 20 image. 
 

 
Figure 13. Effects of a 24.5 rad displacement in horizontal 
coordinates are clearly visible. 
 

Empirically, we can infer the sensitivity of the astrometric 
clinometer to be in the range of 10-20 rad. 
 
4 CONCLUSIONS 
Clinometers have proved to be essential components of a 
SHMS. In less expensive devices, compensation for the 
temperature drift error is not very sophisticated, and such 
tiltmeters may show nonlinear output in reaction to changes in 
temperature and erratic drifts or other behavior that would be 
difficult to predict without accurate and toilsome calibration 
procedures. The opportunity, in the future, to use clinometers 
weakly dependent on temperature and aging will give the 
chance to drastically reduce the periodic calibration costs, 
keeping the long-term accuracy and reliability of the data. 

The astrometric clinometer herein presented has shown 
good performances, comparable with MEMS clinometers but 
without the drawback of frequent recalibration operations. 
The sensitivity of the instrument has been assessed in the 
range of 10-20 rad while repeatability in the order of few 
rad. Extended tests using telescopes with larger focal length 
and different exposure time will presumably allow better 
performances in a wider portion of the sky. 

A long-term test is currently underway. Results obtained 
with the astrometric clinometer will be compared with respect 
to a state-of-art engineering clinometer used as a benchmark. 
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ABSTRACT: This article investigates the measurement of the real instantaneous deflection using a displacement transducer, and 
with fiber optic sensors embedded and welded to the corrugated rebars to determine the real cracking moment of the concrete. 
One reinforced concrete beam simply resting on the support with point loading in the centre of the span have been tested, at 
which point the maximum deflection is reached. Both the sensors and the displacement transducer have been placed in the centre 
of the span. Different loading steps have been applied to the beam, using a loading cylinder, and the measurement of the load 
applied has been determined using a loading cell. During the loading process of the beam, the real moment at which it cracked 
has been determined, and which determines the change from the gross inertia to the cracked inertia in the study of the 
deflections. Two expressions have been deduced that modify the formula of the instantaneous deflection and demonstrate that 
they are valid to determine in a much more precise way the instantaneous deflections on simply resting on the support concrete 
beam. Future lines of research will concentrate on studying the instantaneous deflections of more complex beams, and thus 
obtain expressions that more closely approximate their actual behaviour. 

 

KEY WORDS: Fiber optic sensors embedded in concrete, Displacement transducer, cracking, deflection, Fiber Bragg Grating, 
Monitoring.

1 INTRODUCTION 
The deflection in the concrete structures are the main causes 
of pathologies in the building. An excessive deflection can 
cause cracks in partition walls, cracks or breaks in pavements, 
on facades. 
Thus, the control of the deflections is a fundamental element 
in the proper functioning of the building. 
With the placement of fiber optic sensors embedded in 
concrete and welded to the corrugated steel bars, we can 
accurately determine the moment when the first crack occurs 
in the structural element under study. This procedure for 
determining the first crack has been studied by [1]. In this 
study the appearance of the first crack is determined by means 
of a significant jump in the deformation of the steel at the time 
of its occurrence. 
Once the actual cracking moment of the structural element has 
been determined, the deflection of the latter can be determined 
more precisely, since the cracked inertia begins to be 
considered at the instant of occurrence of the crack, thus the 
evaluation of the deflection is determined in a much more real 
way. 
Two expressions have been derived, WI and WII, which 
multiply the instantaneous deflection formula, and which 
adjust in a much more precise way what happens in the simply 
supported concrete beam. 
Different methods based on fiber optic sensors have been used 
to detect cracks in concrete. Plastic optical fibers have been 
employed to detect initial cracks, monitor post-crack vertical 
deflection and detect failure cracks in concrete beams 
subjected to flexural loading conditions [2]. 

The ultrasonic sensors can detect a crack with a probability of 
detection of 100%, also before it is visible by the naked eye 
and other techniques, even if the damage is not in the direct 
path of the ultrasonic wave. The obtained results confirmed 
that early crack detection is possible using the developed 
methodology based on embedded and external sensors and 
advanced signal processing [3]. 
An oblique fiber optic sensing network is another method for 
crack monitoring, where the angle of skew between the fiber 
and the crack is equal to 60. The technical method has the 
advantages of simple process, low cost, easy implementation, 
and ability to realize distributed measurement [4]. 
Other method to monitor the mechanical behavior and identify 
crack location and growth in a concrete structure element 
using a distributed fiber optic sensor (FOS) system is 
demonstrated experimentally by testing concrete specimens in 
four-point bending. The sensor system consisted of an optical 
frequency domain reflectometry (OFDR) interrogator unit 
paired with an all-grating sensing fiber that was bonded to the 
surface of the concrete test specimen [5]. 
The coaxial cable Fabry–Perot interferometer (CCFPI) sensor 
is a promising technology for structural health monitoring, 
especially for large strain measurements. This study aimed to 
explore the possibilities of applying this technique to the 
strain measurement and crack detection in RC structures. 
First, a distributed CCFPI sensing system was developed that 
was used for signal processing and data collection. 
Subsequently, four- and three-point bending tests were carried 
out on RC specimens [6]. 
Another type of sensor is a tapered polymer fiber sensor 
(TPFS). This sensor is employed to detect the crack of 
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Concrete Beam (CB). The experiments are carried out 
by cement mixture mixed with high reactive powder to form 
the CB, in which the TPFSs are embedded and surface glued 
[7]. 
Health monitoring of structures using multiple smart materials 
with two fiber-optic sensors, namely fiber Bragg grating 
(FBG) and fiber-optic polarimetric sensor (FOPS), are 
investigated for damage detection in the beam specimen. FBG 
is used for local strain measurement while FOPS is used for 
global strain measurement. Both FBG and FOPS show 
significant changes in the strain due to damages in the 
specimen [8]. 
These methods detect cracks in structural elements by 
different methods, the difference with the method studied by 
the author of this article is that in addition to detecting the first 
crack in the structural element, the actual deformation of the 
steel that makes up the structure is known. 
Regarding the study of deflections, it has also been 
investigated with different methods. 
Concrete structures are often subjected to loads in both 
directions, resulting in deflections in both directions. To 
comprehensively and automatically monitor these continuous 
deformations, in this method a distributed optical fiber to 
monitor the strain of a structure and establishes the strain-
deflection relationship by both an improved conjugate beam 
method and a BP neural network is used [9]. 
Digital image correlation (DIC) and fiber optic strain sensors 
(FOSs) are two structural health monitoring (SHM) 
techniques that are reasonably well developed, but 
temperature effects remain a difficulty in interpreting the data. 
In this study, DIC and FOS were used to measure crack 
widths, deflections, and strains for eight large-scale RC beams 
tested under static and fatigue loading at room and low 
temperature [10]. 
The novelty that is introduced in this article is to be able to 
measure the real deflection of one reinforced concrete beam 
knowing the precise moment in which the concrete cracks, 
and how from that moment the real deflections measured by 
the displacement transducer coincide with those obtained by 
the traditional calculation of resistance of materials with 
cracked beams, demonstrating that it is an effective system for 
the real measurement of deflections in concrete beams. 

 

2 MATERIAL AND METHOD 
 
A reinforced concrete beam has been built where fiber optic 
deformation and temperature sensors have been embedded, 
with the reinforcements and sections depicted in Figures 1 and 
2. 

 
 
 
 
 

 
 

Figure 1. Reinforcement scheme of the 200 × 300 mm 
beam and application point of the loading steps. 

 

Figure 2. Beam section 200 × 300 mm. 

 
The strain sensors that have been used are weldable type 
FS62WSS (Fig. 3) from the HBM trademark. 

 

Figure 3. Weldable deformation sensor. 

 
 

The temperature sensors used are type FS63 (Fig. 4), also 
from HBM. 

 

Figure 4. Temperature sensor. 
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To monitor the concrete beam, arrays have been manufactured 
consisting of two deformation sensors type FS62WSS, and a 
temperature sensor, type FS63. The sensors are linked 
forming a fiber optic chain (also called array). The lead-in and 
lead-out of this array is linked to a FC/APC type fiber jumper 
to extend the length of the array and to connect it to the 
interrogator. 

The selected interrogator is the FS22SI Static BraggMeter, 
from HBM. It is designed to interrogate sensors based on the 
Bragg Network (FBG). It uses sweeping laser technology and 
it features an internal NIST traceable reference that allows 
continuous calibration of the measured wavelengths acquired 
at 1 Sample/s acquisition rate thus ensuring long term 
measurement stability. The combination of the high dynamic 
range (50dB) with high power laser allows to accommodate 
long sensing networks and high optical losses related with the 
application (Fig. 5). 

 

 
 

Figure 5. FS22SI BraggMETER interrogator. 

 
The interrogator connects to a PC where a specific software is 
installed allowing strain and temperature sensors 
configuration and data to be monitored and saved in real time. 
This software allows to provide data already transduced into 
engineering units, namely µm/m relative to deformation 
sensors and ºC for temperature sensors. 
The deflection formed by the structural element it is going to 
be measured by means of a potentiometric linear displacement 
transducer with 20mm range and 0,1% precision (Fig.6). 
 

 

 

Figure 6. Displacement Transducer. 

 
 
 
 
 
 
 
 
 
 

The displacement transducer is compatible with the 
MX1615B amplifier. It is be part of a system, Quantum X 
MX1615 data set from HBM (Fig.7). 

 
 

Figure 7. Quantum X MX1615 data acquisition 
system. 

The load steps are going to be applied by means of a hydraulic 
press that will press a load cell type RTN of 10 Ton (Fig. 8), 
on the beam of 200x300 mm2. 

 

 
 

Figure 8. RTN Load cell. 

 
After the instruments that are employed on the investigation 
have been chosen, they are installed as depicted in Fig. 9. 

 

    
 

Figure 9. Loading cell and displacement transducer 
on the 200 × 300 mm beam. 

The fiber optic patch cords linked to the arrays of sensors are 
then connected to the FS22 BraggMETER interrogator, while 
the load cells and displacement transducers to the data 
acquisition system Quantum X MX1615. The interrogator and 
the data acquisition system are connected to a PC where 
catman® Easy software is installed so data from all the 
components can be analyzed and interpreted simultaneously 
under the same platform. (Fig. 10). 
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Figure 10. Data acquisition system installed. 
QuantumX, Interrogator and computer with Catman® 
Easy software. 

3 RESULTS AND DISCUSSION 
 
Instantaneous deflection for a simply supported beam when 
subjected to a point load at mid span can be calculated with 
the expression (Formula 1): 

 

 
 
Equivalent Inertia is obtained with Formula 2. 
 

            (2) 
 
Where Mf is the nominal moment at cracking of the section. It 
is given by Formula 3. 
 

                         (3) 
 
Wb is the bending strength modulus of the complete section, 
before cracking and can be calculated, in accordance to 
professor Calavera book, with the following expression for a 
rectangular section (Formula 4). 
 

                                     (4) 
 

Ma is the maximum applied bending moment at the section, 
for the characteristic combination, when deflection is being 
evaluated. 
Two cracking states on the beams are considered: State I - 
before cracking; and State II - after cracking. 
As shown from the experimental studies on beams, cracking 
begins before the estimated by theoretical calculations. 
Moreover, and citing one more time professor Calavera 
“within the crack opening, the rebar alone withstands all the 
traction efforts. However, between the cracks there is still 
some traction load transfer between the steel and the 
concrete. When traction in the concrete matches its resistance 
to traction, another crack is created.” 
On cracked sections, EI has its minimum. Nevertheless, in 
between cracks there is an increase of this value so it can be 
concluded that, as the Young modulus (E) remains constant, 
the variation from the calculations is caused by a change on 
the inertia of the section. 

Studied beams follow the scheme depicted in Figure 11. Here 
dimensions, loading point and fiber optic sensor positioning 
are shown. 

 

 
Figure 11. Tested beams and fiber optic sensors position 
(dimensions in mm). 

 
Deflections were measured with a displacement sensor. The 
beam was subjected to different loading steps and deflections 
obtained by the displacement transducer. 
Remembering the laboratory characterization of the used 
concrete: 
Flexural strength: 5.4 MPa 
Compression strength: 54.6 MPa 
Young Modulus: 33.400 MPa 
Using Formula 1, the theoretical cracking moment can be 
calculated: 
 

 
 
The inertia of the section (Formula 5). 
 

 
 
Is: 

 
 
Instantaneous deflections on Stage I, with the beam not 
cracked, for the different loading steps are (Table 1). 

 
Table 1. Applied loads vs measured and calculated deflection for a 
section before cracking. 
Load 
(kN) 

Moment 
(mkN) 

Displacement 
Transducer (mm) 

Instantaneous 
Deflection (mm) 

0.56 0.42 0.05 0.02 
2.49 1.87 0.19 0.09 
3.85 2.89 0.30 0.14 
5.08 3.81 0.41 0.19 
6.88 5.16 0.54 0.26 
8.07 6.05 0.68 0.30 
9.05 6.79 0.93 0.40 

13.59 10.19 2.10 1.38 
14.15 10.61 2.20 1.53 
15.34 11.51 2.57 1.88 
17.69 13.27 3.00 2.58 
19.09 14.32 3.28 3.01 
20.01 15.01 3.66 3.29 

    
 

In Figure 12 we can see the real behavior of the beam against 
the theoretical calculations before cracking considering the 
concrete theorical tensile strength. 
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Figure 12. Measured and calculated instantaneous 
deflection for Stage I. 

Upon cracking, the beam’s inertia changes.  
For calculating the changed inertia after cracking we need to 
firstly know the neutral axis of the section (NA) (Figure 13). 

 

 

Figure 13. Transverse section. Compression and 
traction areas and neutral axis position (NA). 

The distance to the neutral axis is given by the expression in 
Formula 6. 

 

 
 

Using this expression, the distance to the neutral axis is 
calculated as 52.60 mm. 
With a known distance to the neutral axis, the inertia of the 
cracked section is calculated following the expression 
(Formula 7). 

 
 
The value of the inertia of the cracked section is 
73.651.197.11 mm4. 
Deflection of the cracked beam can then be evaluated using 
this value (Table 2). 

 
 
 
 

Table 2. Applied loads vs measured and calculated deflections for a 
section after cracking. 

Load 
(kN) 

Moment 
(mkN) 

Displacement 
Transducer (mm) 

Cracked 
Instantaneous 

Deflection (mm) 
22.71 17.03 4.30 5.19 
25.42 19.06 5.25 5.81 
26.64 19.98 5.63 6.09 
29.11 21.83 6.65 6.66 
30.45 22.84 6.96 6.96 
33.80 25.35 8.58 7.73 
35.57 26.67 9.00 8.13 
37.75 28.31 11.14 8.63 

    
 
In Figure 14 the measured behavior by the displacement 
transducer against the theoretical deflections calculated for a 
cracked section. 

 

 
 

Figure 14. Measured and calculated instantaneous 
deflection for Stage II. 

The presented graphs do not show a particularly good fit 
between theoretical deflections and measured displacement 
values for both Stage I and Stage II. 
For Stage II we will use the equivalent inertia proposed by 
Branson (Formula 2), with which we observe a better fitting 
of results. 
 

 
Branson’s formula determines the equivalent inertia, which is 
an intermediate value between the full section and the cracked 
section. The true inertia of the beam varies as depicted in 
Figure 15. 

 

 
 
 

Figure 15. Inertia’s law on a cracked beam. 
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Here we observe that the equivalent inertia is a value between 
gross inertia (Ib) and cracked inertia (If). 
Between cracks, as enunciated by Professor Calavera, 
concrete deforms together with steel. Stress between cracks is 
called stiffening stress. 
It was also observed that when the beams crack, w factor does 
not change abruptly from Stage I to Stage II. Hence, we will 
consider a first loading phase of the cracked beam with a 
factor wI and a wII factor on a following loading phase. wII 
factor takes into consideration the ratio between the areas of 
steel under compression and under traction in accordance with 
Formula 8. 
 
 

 
 
The expression for instantaneous deflection is (Formula 9). 
 

 
We will use the real moment at cracking, Mfis= 6.38 mkN, to 
determine the real deflection of the tested beam (Table 3). 

 
Table 3. Applied loads vs measured and calculated deflection for a 
section after cracking considering the equivalent inertia, wII factor 
and real concrete moment at cracking. 

Load 
(kN) 

Moment 
(mkN) 

Displacement 
Transducer (mm) 

Instantaneous 
Deflection with wII 

factor (mm) 
9.05 6.79 0.93 0.79 

13.59 10.19 2.10 1.52 
14.15 10.61 2.20 1.69 
15.34 11.51 2.57 2.06 
17.69 13.27 3.00 2.84 
19.09 14.32 3.28 3.31 
20.01 15.01 3.66 3.61 
22.71 17.03 4.30 4.50 
25.42 19.06 5.25 5.36 
26.64 19.98 5.63 5.74 
29.11 21.83 6.65 6.49 
30.45 22.84 6.96 6.89 
33.80 25.35 8.58 7.86 
35.57 26.67 9.00 8.36 
37.75 28.31 11.14 8.97 

 
Figure 16 shows the relationship between the applied load and 
the measured deflection using a displacement transducer and 
the theoretical value calculated using the cracking moment of 
the concrete and the equivalent inertia. 

 
 
 
 

 
 

Figure 16. Measured and calculated deflections considering 
wII and the concrete cracking moment. 

To complete the study of the deflection, considering the real 
concrete cracking moment of 6.38 mkN, the measured and 
calculated instantaneous deflection for each loading step 
during Stage I is (Table 4): 

 
Table 4. Applied loads vs measured and calculated instantaneous 
deflection for a section before cracking considering the real concrete 
moment at cracking. 
Load 
(kN) 

Moment 
(mkN) 

Displacement 
Transducer (mm) 

Instantaneous 
Deflection (mm) 

0.56 0.42 0.05 0.02 
2.49 1.87 0.19 0.09 
3.85 2.89 0.30 0.14 
5.08 3.81 0.41 0.19 
6.88 5.16 0.54 0.26 
8.07 6.05 0.68 0.30 

    
 
Figure 17 shows the relationship between the measured and 
calculated deflections considering the real concrete moment at 
cracking in Stage I. 
 

 
 

Figure 17. Measured and calculated deflections considering 
the concrete cracking moment in Stage I. 

 
By analyzing this graph, we can conclude that in reality the 
beam deflects more than the theoretically determined.  
Evidently there are rheological factors that are not considered 
when calculating the beam’s deformation. Upon hardening 
and curing concrete structures deform and these changes are 
not considered on the theoretical calculations. 
Before cracking, at Stage I, the previously referred w factor 
has an experimental value of 2.  
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We can then calculate instantaneous deflection of a simply 
supported beam point loaded at mid span using the following 
expression (Formula 10). 
 

 
 
Applying this factor to the instantaneous deflection 
determination we calculate the presented in Table 5: 

 

Table 5. Applied loads vs measured and calculated instantaneous 
deflection for a section before cracking considering the correction 
factor w.  

Load 
(kN) 

Moment 
(mkN) 

Displacement 
Transducer (mm) 

Instantaneous 
Deflection (mm) 

0.56 0.42 0.05 0.04 
2.49 1.87 0.19 0.19 
3.85 2.89 0.30 0.29 
5.08 3.81 0.41 0.38 
6.88 5.16 0.54 0.51 
8.07 6.05 0.68 0.60 

    
 
The two curves are now aligned (Fig. 18). 

 

 
 

Figure 18. Measured and calculated deflections considering w 
factor at Stage I. 

Considering the above-mentioned corrections to the deflection 
behavior, Table 6 shows the overall deflection from Stage I 
and Stage II. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Table 6. Applied loads vs measured and calculated instantaneous 
deflection for a section during Stage I and Stage II. 
Load 
(kN) 

Moment 
(mkN) 

Displacement 
Transducer (mm) 

Instantaneous 
Deflection (mm) 

0.56 0.42 0.05 0.04 
2.49 1.87 0.19 0.19 
3.85 2.89 0.30 0.29 
5.08 3.81 0.41 0.38 
6.88 5.16 0.54 0.51 
8.07 6.05 0.68 0.60 
9.05 6.79 0.93 0.79 

13.59 10.19 2.10 1.52 
14.15 10.61 2.20 1.69 
15.34 11.51 2.57 2.06 
17.69 13.27 3.00 2.84 
19.09 14.32 3.28 3.31 
20.01 15.01 3.66 3.61 
22.71 17.03 4.30 4.50 
25.42 19.06 5.25 5.36 
26.64 19.98 5.63 5.74 
29.11 21.83 6.65 6.49 
30.45 22.84 6.96 6.89 
33.80 25.35 8.58 7.86 
35.57 26.67 9.00 8.36 
37.75 28.31 11.14 8.97 

 
Figure 19 shows the measured deflection by the displacement 
transducer and the calculated deflection considering w factor 
for Stage I and the equivalent inertia for Stage II, for each 
loading step. 

 

 
 

Figure 19. Measured and calculated deflections considering 
for the 200x300 mm beam throughout the full loading 
process.  

4 CONCLUSIONS 
 
It has been studied the instantaneous deflection of a steel 
reinforced concrete beam. The first thing to be concluded 
considering the obtained results is that the instantaneous 
deflection expression in simply supported concrete beams 
with point load at mid span retrieves different values from the 
ones observed with the displacement sensor, once it gives us 
the real value measured for the deflection.  
There are two steps in the study of a structural element 
according to Professor Calavera: Step I, where the beam is not 
cracked and Step II where the beam is cracked. 
During the analysis of Step I it was observed that the 
instantaneous deflection obtained using the displacement 
transducer is two times higher than the one obtained using the 
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traditional formula for materials resistance. It has been created 
a factor wI for this Step I, which value is 2. Applying this 
factor, it can be observed how the real deflection and the ones 
calculated converge in a very satisfactory manner. 
On the analysis of Step II, it has been calculated the inertia of 
the crack of the beam as a function of the depth of the neutral 
axis with the beam cracked. By using this data, it has been 
applied the Branson formula that offers an equivalent inertia 
that is a weighted average in between the gross inertia and the 
cracked inertia of the section.  
It is mandatory the knowledge of the cracking moment of the 
real cracking of the concrete once the beams crack much 
earlier than what is foreseen by the formulas of material 
resistance and from laboratory data referring to the specimen 
tested at flexo-traction. 
Once known, the real instant of cracking and the equivalent 
inertias, it is observed how the instantaneous deflections (real 
and calculated) better converge, although without the desired 
precision. 
On this case the factor wII mathematical expression has been 
deducted, as a function of the beam armor. When applied it 
results in an absolute precision between the theoretical and 
real deflections. 
By the investigation work conducted it can be concluded that 
the methodology applied is valid for the obtention of the 
instantaneous deflection in simply supported concrete beams 
with point load at mid span. 
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ABSTRACT: Fiber optic sensing (FOS) is a growing technology that provides valuable information for structural health 
monitoring (SHM) without affecting the mechanical behavior of structures. Compared with traditional techniques, distributed 
strain measurement has the advantage of low maintenance cost, higher resolution and better stability. Optical Frequency Domain 
Reflectometry (OFDR) is a special FOS technology that is capable of taking strain or temperature measurements dynamically in 
sub-millimeter resolution over tens of meters. Previous research of applying OFDR in RC structures has shown promising potential 
for a more accurate assessment of structural damage. The durability and sensitivity of fiber optic cables are important 
considerations for sensing applications. However, it is difficult to select suitable cables that balance the two. Meanwhile, it can be 
challenging to correlate distributed strain measurement to crack width, making it difficult to interpret the measured strain profile. 
To address these issues, tests on six RC specimens are conducted to investigate the effectiveness of using distributed fiber optic 
sensors to evaluate the cracking behavior of concrete and the deformation of steel reinforcing bars. An innovative method of 
correlating the measured strain with crack opening is proposed, which is then validated through comparison with three traditional 
techniques: digital image correlation (DIC), linear variable differential transformers (LVDT) and strain gauges. The new method 
is applied to six types of cables with very different properties. The results show that the proposed model offers a reliable calculation 
of crack width directly from strain profile. To obtain accurate measurement of rebar deformation and ease the installation process, 
a new method of rebar sensing is also proposed, which provides insight on bond stress and yielding sequence. 

KEY WORDS: OFDR; Distributed Optical Fiber Sensing; Reinforced concrete. 

1 INTRODUCTION 
As many reinforced concrete (RC) structures are approaching 
the end of their service lives, SHM becomes a valuable solution 
for early detection and evaluation of damage in infrastructure 
[1]. Traditional techniques, such as strain gauges, 
accelerometers, LVDTs, etc., can only provide data at limited 
number of discrete points. Numerous sensors are needed for 
large scale structural monitoring, which increases the 
maintenance cost, complexity of installation and data 
processing.  

Distributed fiber optic sensing (DFOS) and digital image 
correlation (DIC), generate high-resolution measurements 
without significant disruption to the mechanical behavior of 
structures. Optical frequency domain reflectometry (OFDR) is 
one of the DFOS technology that is possible to measure strain 
or temperature in sub-millimeter resolution over several tens of 
meters. Compared with traditional techniques, as well as DIC, 
OFDR provides a new perspective to reveal the internal 
mechanisms and rebar-concrete interaction [2]. 

Recent research has shown a promising potential of using 
OFDR to evaluate RC behavior in civil structures. Haefliger, et 
al. [3] conducted a test on two RC panels under diagonal 
tension with complex crack patterns to assess the joint 
application of DIC and FOS measurement. Brault et al. [4] 
tested three beams in a RC building to monitor distributed 
strain, distributed deflections and crack widths simultaneously 
using OFDR. Brault and Hoult [5] also proposed three methods 
to calculate crack width from the FOS readings. Malek, et al. 
[6] applied DFOS in a monotonic test series of four RC beams 

to investigate the bond behavior between concrete and rebar. 
Other recent studies, including Regier and Hoult [7] and 
Fischer et al. [8], also presented interesting results. 

Despite the aforementioned efforts, implementing the 
technique of using distributed FOS to monitor RC behavior in 
the field is still challenging due to the contradiction between 
cable sensitivity and survivability. The existing crack width 
calculation techniques [5] require prominent peaks in the strain 
profile and are not applicable to strong and less sensitive cables. 
Therefore, the main objective of this study is to develop a 
decomposition method that is applicable to sensitive optical 
fibers, as well as the strong ones with relatively flat readings. 
DIC measurements were taken as a validation for the accuracy 
of the proposed method. Then by applying the above-
mentioned procedure, the capability of detecting distributed 
minor cracking is demonstrated through the cables adjacent to 
the concrete-rebar interface. 

2 EXPERIMENTAL SETUP 
This study presents the cracking behavior of six RC specimens 
under uniaxial tension. Instrumentation setup is given in Figure 
1. The reinforced concrete samples employed in the test 
campaign were cubic specimens with dimensions 1000 mm × 
120 mm ×  120 mm. The specification of the steel bar was 
Grade 60 No.8 rebar with 25.4 mm diameter. To monitor the 
strain of the distributed optical fiber, a sensing platform ODiSI 
6100 from LUNA was used. It provides sub-millimeter 
resolution through optical frequency domain reflectometry 
(OFDR). Details of information for cables used in the tests can 
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be found in Table 1. They have quite different properties in 
terms of cable sensitivity and survivability. Since all these 
fibers were customized, unique sensor reference files were 
generated using the calibration methods proposed by Zhang, et 
al. [2]: (1) Using displacement meter and stretching fiber on a 
calibration rig; (2) Using strain gauges and conduct a uniaxial 
test on bare rebar. In each specimen, six distributed optical fiber 
sensors were embedded, as shown in Figure 2. During 
measurements, images of the specimen surfaces: side A and 
side B, covered by a speckle pattern, were taken for digital 

image correlation (DIC). Cable A1 and B1 were placed 10 mm 
from the closest surface and the measurements from these two 
fibers were used to make comparison with DIC. The thinnest 
cable OFS_Y_02 was embedded into two 1 mm ×  1 mm 
grooves cut along the longitudinal ribs of the rebar to measure 
the rebar deformation, and then protected by a layer of adhesive 
(J-B Weld 50133 Plastic Bonder Structural Adhesive). Table 2 
shows the cable type and corresponding location in each 
specimen.

 

Table 1. Information of cables used in the test campaign (adopted from Zhang, et al. [2]). 

 

Table 2. Cable type embedded in each specimen. 

Specimen Side A Side B Rebar 
SP 1 & 4 NZ_K_20 OFS_K_09 OFS_Y_02 
SP 2 & 5 NZ_W_09 TLC_W_09 OFS_Y_02 
SP 3 & 6 SLF_B_32 NZ_K_50 OFS_Y_02 

 
The six specimens were cured for 28 days under room 

temperature and placed indoor for one month before the test. 
There were seven load steps for each test and the targeted load 
levels were 22.2, 44.5, 89.0, 89.0, 133.5, 177.9 kN and then up 
until yielding for S1, S2 and S3, and 22.2, 44.5, 89.0, 133.5, 
177.9, 222.4 kN and up until yielding for S4, S5 and S6. 

Acronym Manufacture Color Diameter(mm) Jacket Material Standard 
NZ_K_20 Nanzee Black 2.0 central Polyamide, polyurethane outer sheath G.652.D 
NZ_K_50 Nanzee Black 5.0 stranded steel armored outer jacket G.652.D 
NZ_W_09 Nanzee White 0.9 Polyamide G.652.D 
OFS_K_09 OFS Optics Black 0.9 central silicone, PFA outer sheath G.657.A1 
OFS_Y_02 OFS Optics Yellow 0.155 Polyimide G.657.A1 
SLF_B_32 Solifos AG Blue 3.2 central metal tube, structured PA outer sheath N/A 
TLC_W_09 TLC White 0.9 PVC G.657 

Figure 1. Instrumentation setup. 

Figure 2. Specimen cross section. 
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3 METHODOLOGY 
In order to correlate distributed strain measurements from 
DFOS to crack width, and therefore be able to interpret the data 
from different types of cables, this study presents a new method 
by decomposition of measured strain profile into individual 
Lorentzian functions. Each function represents the net strain 
increase caused by its corresponding crack.  

A Lorentzian function is a singly peaked function given by 

where 𝐼 is the amplitude, 𝑥0 is the center and also the location 
of each crack, 𝛾 is a parameter specifying the width and is an 
important criterion to evaluate a fiber’s sensitivity. Different 
types of cables have different responses and influenced regions 
to cracks with same width. It was found that 𝛾  remains 
approximately the same for each cable, except for the two 
strongest ones, SLF_B_32 and NZ_K_50 in our study, whose 
𝛾 parameter fluctuated more significantly. However, it is still 
feasible to find a representative gamma parameter to stand for 
a cable’s sensitivity.  

It was also shown later that in order to get accurate 
decomposition, the strain profile needs to be the net strain in 
optical fiber after subtracting an approximate concrete strain. 
This concrete strain is obtained through an inversion of DFOS 
strain profile in the cable embedded in the rebar, as shown in 
Eq. 2. In Figure 3. ‘crack strain profile’ is the net strain needed 
for an iterative decomposition.  

where 𝑉𝑟  is the representative rebar strain at a well-bonded 
section 𝑥𝑟 , 𝜖𝑠 and 𝜖𝑠𝑚𝑎𝑥 are the local and maximum FO rebar 
strain measurements, respectively. 

At the beginning, an initial 𝛾0 = 0.05 was assigned, together 
with 0.05 variation tolerance. At each step, the DFOS strain 
measurements at a recorded time point were decomposed into 
Lorentzian functions using nonlinear least square 
minimization.  

where  

is the cost function needs to be minimized, n is the number of 
data points, 𝑦𝑖  is the predicted value, 𝑦�̂� is the measured strain 
from FOS, �⃗⃗�  is a finite-dimensional vector, the elements of 
which are parameters 𝐼𝑖 , 𝛾𝑖, 𝑥0𝑖, 𝑖 ∈ {1,2,⋯ , 𝑛 in Eq. 1. 

The average gamma value was used as the initial guess for 
the next iteration. Meanwhile, the standard variation of 𝛾s was 
used as the tolerant variation range for next iteration. After 
around 5 iterations, the gamma parameter converged and was 
then used as the representative 𝛾 for a cable.  

The sensitivity of an optical fiber can be quantified as the 
ratio of the fitted amplitude to the crack width, which is defined 
as a sensitivity factor (𝑠𝑓) in Eq. 5. 

where 𝑊𝑐𝑘  is related to the area under a decomposed 
Lorentzian distribution and is given by  

The sensitivity factors for six types of cables used in the 
experiment is summarized in Table 3. The relative sensitivity 

 𝐿(𝑥; 𝑥0, 𝛾, 𝐼) = 𝐼 [
𝛾2

(𝑥 − 𝑥0)
2 + 𝛾2

] (1) 

 𝜖𝑐 = 𝑉𝑟 (1 −
𝜖𝑠

𝜖𝑠𝑚𝑎𝑥

) (2) 

 �⃗⃗� ∗ = argmin
�⃗⃗� 

𝐿(�⃗⃗� ) (3) 

 𝐿(�⃗⃗� ) =
1

𝑛
∑(𝑦𝑖 − 𝑦�̂�)

2

𝑛

𝑖

 (4) 

 𝑠𝑓 =
𝐼

𝑊𝑐𝑟

=
1

2.5𝛾
 (5) 

 
𝑊𝑐𝑟 = ∫ 𝐿(𝑥)𝑑𝑥

∞

−∞

 

≈ ∫ 𝐼
𝛾2

(𝑥 − 𝑥0)
2 + 𝛾2

= 2.5𝛾𝐼
𝑥0+3𝛾

𝑥0−3𝛾

 
(6) 

Figure 3. lower load level (25.72 kN) crack width calculation 
by subtracting inverted FO rebar strain. 

Figure 5. Cables used in test campaign. 

Figure 4. Comparison between crack width from DIC, with 
subtraction of concrete strain and without subtraction of 
concrete strain (S2 SideA crack No.4). 
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aligns well with the results in Zhang, et al. [2], in which the 
sensitivity parameter �̂� was quantified as 

where 𝜖𝑚𝑎𝑥 is the maximum measured strain in the fiber caused 
by the crack, 𝑐𝑚𝑎𝑥  is the maximum crack width measured by 
DIC. Compared with �̂� , the proposed 𝑠𝑓  based on the 
representative gamma parameter provides a new perspective to 
interpret the measured strain and mitigate the influence of 
minor cracks.  

Figure 4 illustrates the importance of subtracting the 
approximate concrete strain from DFOS readings. It clearly 
shows that at the early stage of loading (under 30 kN and before 
the formation of the first primary crack), the concrete strain is 
relatively high and the integrated crack width subtracted by 𝜖𝑐 
correlates better with the DIC results. After 30 kN, larger 
cracks emerged and distributed concrete strain decreased. 
Therefore, it makes no difference to use the net strain or raw 
strain for the decomposition. Due to the limitation of DIC 
resolution and the fact that the embedded fibers A1/B1 are 10 
mm away from the DIC surface A1 and B1, it is not practical 
to quantify the actual improvement of accuracy by subtracting 
the approximate concrete strain, but we can still make the 
conclusion that the adopted procedure provides a new method 
to evaluate early structural damage. 

Table 3. Sensitivity factors from iterative method. 

Specimen Side A Side B 
Fiber Type SF Fiber Type SF 

  (m−1)   (m−1) 
S1 NZ_K_20 17.40 OFS_K_09 10.53 
S2 NZ_W_09 33.36 TLS_W_09 21.07 
S3 SLF_B_32 6.16 NZ_K_50 4.21 

 

4 RESULTS AND DISCUSSION 
Using the proposed method in the previous section, we can 
apply the decomposition procedure to the most sensitive cables, 
as well as the less sensitive ones. Figure 6 shows the 
deconvolution of FO strain readings for 6 optical fibers at LS5 
(133.5 kN). Each shaded area represents the contributed strain 
from an individual crack and the shaded area correlates to the 
width of that crack. The goal of the Lorentzian fitting is not just 
to obtain best fit of the DFOS strain profile, but also unify the 
gamma parameter during the process.  

In order to quantify the accuracy of the adopted method, DIC 
measurements were used to make comparison. For instance, 
Figure 7 presents the comparison of the width from DIC and 
DFOS strain measurements for the biggest crack in two 
specimens S2 and S3, which are embedded with two most 

 �̂�  =
𝜖𝑚𝑎𝑥

𝑐𝑚𝑎𝑥

 (7) 

Figure 6. Deconvolution of FO strain measurements under 133.5 kN (30 kips) using parameter γ from 
iterative fitting: (a) Specimen 1 cable A1 (NZ_K_20); (b) Specimen 1 cable B1 (OFS_K_09); (c) 
Specimen 2 cable A1 (NZ_W_09); (d) Specimen 2 cable B1 (TLC_W_09); (e) Specimen 3 cable A1 
(SLF_B_32); (f) Specimen 3 cable B1 (NZ_K_50). 
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sensitive fibers NZ_W_09, TLS_W_09 and SLF_B_32, 
NZ_K_50, respectively. In addition to the aforementioned 
iterative method of generating a representative gamma 
parameter, it also contains the results of using a free 𝛾 during 
the decomposition process. The results in Figure 7 shows that 
under low load level (LS1-4), the integrated crack width from 
the representative 𝛾 and free fitting both align reasonably well 
with the DIC measurements. Under higher load level (LS5-6), 
minor cracks and internal damage developed, making it 
considerably less accurate to decompose the strain readings 
near a peak into one crack. In fact, it should be formed by 
several cracks. Borosnyói and Snóbli [9] also presented 
experimental studies to investigate the variation of crack width 
within the concrete cover of RC tensile member. They 
confirmed the relationship between the crack width and the 
depth of concrete cover are in the form of a power function. 
The maximum crack width was observed at the concrete 
surface. Therefore, it is expected that DIC and DFOS results do 
not align perfectly, especially at higher load levels. 
Nevertheless, it is still obvious that the iterative deconvolution 
method provides reliable crack width estimations. 

Apart from the sensitivity, another requirement for the fiber 
is survivability, both in terms of the deformation limit at which 
data can still be obtained (i.e. measurement survivability), and 
the limit at which the fiber is permanently damaged (i.e. cable 
survivability) (Zhang, et al. [2]). For the fibers embedded in 
concrete, several parameters that reflect survivability are 
presented in Table 4. ’50% loss’ represents when 50% of the 
strain data along the fiber length cannot be obtained, but does 
not necessarily indicate cable damage. To quantify the cable 
survivability, average strain at 50% loss for fibers embedded in 
rebar and the crack width at 50% signal loss for fibers in 
concrete were reported. A cable is considered as “broken” if 

there is more than 50% signal loss after reaching maximum 
load and unloading. The maximum crack width experienced is 
an upper bound under which the fiber broke. On the contrary, 
if there is less than 50% signal loss after reaching maximum 
load and unloading, the cable is considered as “unbroken” and 
the crack width at the peak load is reported. The results in Table 
4 show that more sensitive optical fibers do not necessarily 
have lower survivability. For instance, the sensitivity factor 𝑠𝑓 
of NZ_W_09 is around twice the value of NZ_K_20, but they 
reached 50% signal loss at comparable crack widths. 

Although it is relatively straightforward to decompose the 
DFOS strain profile in cables located at A1 and B1, where only 
the primary cracks tend to propagate to the concrete surface, it 
is challenging to directly decompose the strain profiles for 
cables at A2 and B2. These cables are adjacent to the interface 
of the steel bar and concrete. Goto [10] found that numerous 
internal cone-shaped cracks initiated near the rebar ribs on both 
sides of the primary cracks. The spacing of the steel bar ribs is 
16.4 mm. Therefore, using the representative gamma 
parameter, and the ribs’ spacing, DFOS strain measurements 
can be decomposed into two categories: primary and minor 
(also known as “Goto”) cracks. In Figure 8, the crack 
distribution along the length of specimen S2 is presented. The 
results show that the width of minor cracks decreases as they 
get further from the primary cracks. At the well bonded section, 
no crack was formed. It also shows that the number of cracks 
on side A is significantly higher than that on side B, while the 
maximum crack is only half the width of side B. This is likely 
because of the higher sensitivity factor (𝑠𝑓) of the cable on side 
A, such that the strain increments caused by internal cracks may 
be smoothed together on side B. 
 

Figure 7. Comparison of the width from DIC and DOFS for the biggest crack in the specimens with 
most and least sensitive cables. 
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Table 4. Cable survivability (adopted from Zhang, et al. [2]). 

Fiber Specimen 50% loss Comment on survivability 
OFS_Y_02 Embedded 

in rebars 
max avg strain 0.8% Avg calculated based on 1.2 m gauge length 
avg strain 0.66% Local max strain can reach ~1.2% 

NZ_W_09 S2 & S5 crack width 2.55 mm (SP 2) 13% remaining loss after crack width 2.2 mm (SP5) 
crack width 1.65 mm (SP 5) Breakage before crack width 3.14 mm (SP 2) 

TLC_W_09 S2 & S5 crack width 2.17 mm (SP 2) 1% remaining loss after crack width 2.38 mm (SP 2) 
crack width 3.17 mm (SP 5) 3% remaining loss after max crack width 3.53 mm (SP 5) 

OFS_K_09 S1 & S4 crack width 1.94 mm (SP 4) 1% remaining loss after crack width 2.98 mm (SP 4) 
NZ_K_20 S1 & S4 crack width 2.23 mm (SP 4) Breakage before crack width 3.26 mm (SP 4) 
SLF_B_32 S3 & S6 crack width 2.49 mm (SP 3) No signal loss after crack width 2.13 mm (SP 6) 

13% loss after crack width 3.47 mm (SP 3A1) 
breakage before crack width 3.47 (SP 3A2) 

NZ_K_50 S3 & S6 - No signal loss after crack width 3.72 mm (SP 3 and 6) 

     In addition, minor bending could generate a slightly 
different internal crack distribution. In general, the proposed 
method of decomposition provides detailed information of 
internal damage to the reinforced concrete member. 

5 CONCLUSION 
The study presented in this paper is a contribution to the 
existing knowledge of damage evaluation of RC members in 
civil engineering structures using distributed fiber-optic 
sensors (DFOS). Specifically, an investigation was performed 
on 6 reinforced concrete specimens under uniaxial tension to 
discover the effectiveness of using OFDR strain sensing to 
evaluate the cracking behavior of concrete and the reinforcing 
bar deformation. The DFOS system used in this study captured 
strain continuously and dynamically with a gauge pitch of 1.3 
mm, which provided unprecedented information of minor-
cracking distribution, minor cracking initiation, and variation 
of crack widths within the concrete cover. Based on the 
investigation of this study, practical guidance for cable 
selection is also provided through the evaluation of the 
sensitivity and survivability. The proposed iterative method for 
DFOS strain decomposition provided reliable crack width 
calculation. 
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ABSTRACT: Subsurface infrastructure comprises the pipes, wires, tunnels, and foundations that underlie most cities and 
roadways.  Locating, identifying, and assessing the state of this infrastructure is challenging. Much of what is important is buried 
and inaccessible.  This paper describes the results of a series of tests of techniques in use and under development aimed at 
subsurface assessment.  The first is the development and use of low-cost lightweight robots for inspecting culverts used to convey 
stormwater underneath roadways, which often suffer from erosion, corrosion, joint separations, and leaks - both in and out and 
potentially responsible for geotechnical structural damage, e.g., sinkholes.    The second set of sensing systems is above-ground 
geophysical sensors that detect, locate, and assess subsurface infrastructure by launching and receiving electromagnetic and 
acoustic waves.  High-frequency electromagnetic testing, often referred to as ground penetrating radar (GPR), launches waves 
with frequency content typically in the 0.2 to 3 GHz range into the ground and measures the return signals which contain 
information about subsurface metallic and nonmetallic reflectors.  The typical GPR survey operates by covering an area with a 
grid pattern that takes considerable time.  Described will be an extension of the GPR survey to freeform curvilinear movements 
that bypass grid patterns to converge on identification of subsurface objects in a significantly shorter time. A major shortcoming 
of GPR is that the high-frequency electromagnetic waves do not penetrate many types of soil conditions.  Two methods being 
developed are low-frequency electromagnetic testing and acoustic sensing.  The low-frequency electromagnetic methods operate 
from 30 to 3,000 Hz, use magnet and inductive antennas as sources, and magnetometers as detectors.  The acoustic methods use 
active electromechanical shakers with frequency ranges of 30 to 1,000 Hz.  Both the low-frequency electromagnetic and acoustic 
sensors penetrate through almost all soil conditions but operate in the near-field regime of wave propagation, which requires 
suitable data analysis techniques.  Results from the development and use of these sensing techniques, along with methods of 
integrating the test results with the locations of above ground infrastructure will be presented.  Use cases include pipe and vault 
locating, pipe material identification with emphasis on lead versus other metallic pipes, electric utility detection and the assessment 
of subsurface geotechnical structures, such as trenches that contain buried pipes. 
 

KEY WORDS: robot, subsurface, geophysical, culvert, low-frequency, acoustic, sensing. 

1 INTRODUCTION 
Subsurface infrastructure comprises the pipes, wires, tunnels, 
and foundations that underlie most cities and roadways.  
Locating, identifying, and assessing the state of this 
infrastructure is challenging. Much of what is important is 
buried and inaccessible.  Techniques for assessing this 
infrastructure are specialized and generally involve robots and 
crawlers that go inside the pipes and tunnels, geophysical 
techniques including ground penetrating radar (GPR) and 
acoustic techniques, embedded sensors that require specialized 
telemetry techniques [1], observation of subtle above-ground 
clues, and excavation. The variability of soil and geological 
conditions, along with uncertainties of subsurface conditions, 
makes it difficult for any single technique to provide adequate 
information in all, or even most conditions. Also, the 
conventional instruments tend to be bulky, expensive, require 
multiple people to operate, and require highly skilled experts 
for data interpretation. This paper describes some recent 
research and use of methods aimed at making subsurface 
investigations more practical and cost efficient, while 
providing improved information content. 

2 LIGHTWEIGHT LOW-COST CULVERT ROBOTS 
Culverts are tunnels or pipes running under roadways that 
convey water.  The amount of water can vary from a trickle 
during dry seasons to torrents during storms.  Many culverts are 
aged and have issues with wall corrosion, erosion and 
separations, which can lead to unwanted water flows in and out.  
Clogs and debris are added concerns. The failure of culverts 
can cause considerable damage, including sinkholes and 
roadway washouts. Culverts with diameters less than 1.5 m are 
largely inaccessible to humans and benefit from the use of 
instruments to aid in inspection.  Crawler robots are an effective 
option, but are expensive, require a crew and support van, and 
require heavy tether cables.  An alternative is lightweight low-
cost inspection robots based on remote control (RC) hobby 
vehicles.   

The Minnesota Department of Transportation developed a 
culvert inspection vehicle based on a model 4-wheel drive RC 
automobile, approximately 150 mm long, known as the 
Hydraulic Inspection Vehicle Explorer (HIVE 1.0) [2]. The 
HIVE 1.0 performs quite well.  It is lightweight and requires 
only a single operator. It can drive into culverts under RC and 

Robotic and geophysical sensing of subsurface infrastructure 
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transmit video images back to the operator.  A shortcoming is 
that the 4-wheel drive vehicle can get stuck in large separation 
gaps.  An additional shortcoming is that the wireless video 
telemetry cuts out in a short range of travel into the culvert, 
especially for small diameter concrete culvert pipes and drop 
inlet access points where the range is usually less than 15 m. 

A second-generation culvert inspection vehicle (HIVE 2.0) 
was developed to overcome these shortcomings while still 
maintaining the overall design philosophy of using hobby RC 
vehicles to reduce costs and being lightweight for deployment 
by a single operator. A major design change was the conversion 
to a Sherman tank chassis with caterpillar treads that enable 
traversing debris and separation gaps, Figure 1.  

 

 
Figure 1. Early prototype HIVE 2.0 based on RC Sherman tank 
entering 1.0 m diameter corrugated steel culvert. 

A second major design change was to alter the wireless 
telemetry to be able to transmit significantly farther in a narrow 
diameter culverts and to transmit up through drop inlets and 
around corners. The conventional approach to understanding 
wireless telemetry in culverts is to model them as microwave 
waveguides.  The use of waveguides for microwaves is a well-
studied and exploited technique.  Routine waveguide 
calculations indicate that the wireless telemetry signals should 
travel long distances and around bends in culverts – contrary to 
experience.  Resolving this conflict lies in the assumption of 
the walls being perfect electromagnetic reflectors in waveguide 
theory.  The culvert walls encountered in practice, especially 
wet concrete versions, are electromagnetically lossy and absorb 
the waves, rather than reflect and guide.  The result is that 
wireless signals travel by line-of-sight, rather than as guided 
waves.  Experiments with various off-the-shelf telemetry units 
that are compliant with unlicensed wireless bands determined 
that 5.8 GHz was the best performing of the options, as it can 
transmit a line-of-sight beam a distance approaching 70 m, a 
distance more than 4X that of the HIVE 1.0.  Going around 
corners, or down into a drop inlet requires accommodating the 

line-sight telemetry with reflector dishes or inserted antennas 
on feed cables, Figure 2.  
 

 

 
Figure 2. Line of sight wireless telemetry aided with reflector 
dish for drop inlet signal reception.   

Figure 3 shows the performance of the HIVE 2.0. Figure 3.a 
shows a partial-blockage debris pile that challenges further 
travel, yet the HIVE 2.0 drove up and over this pile, as 
evidenced by Figure 3.b.  These figures also show the improved 
telemetry range.  

 

a.  b. 

 

Figure 3. Performance of HIVE 2.0: a. Challenging debris pile, 
and b. View after traversing the pile. 

3 GROUND PENETRATING RADAR 
Above-ground geophysical sensors that detect, locate and 
assess subsurface infrastructures are convenient for those cases 
where access through underground tunnels and pipes, and by 
excavation is not practical.  High-frequency electromagnetic 
testing, often referred to as ground penetrating radar (GPR), 
launches waves with frequency content, often in the 0.2 to 3 
GHz range, into the ground and measures the return signals 
which contain information about subsurface metallic and 
nonmetallic reflectors.  The typical GPR survey operates by 
covering an area with a grid pattern that takes considerable 
time.  Described will be an extension of the GPR survey to 
freeform curvilinear movements that bypass grid patterns to 
converge on identification of subsurface objects in a 
significantly shorter time [3].  

An important, though relatively unstudied, issue with the use 
of GPR for utility pipe locating and assessment is that the 
majority of pipes are buried using a cut and cover technique 
that excavates a trench, inserts the pipe and then fills the trench 
back in. The fill soil is inevitably of different dielectric 
properties than the native soil.  This creates a dielectric 
discontinuity at the trench wall.  The discontinuity can scatter 
and alter the electromagnetic wave patterns in a manner that 
confuses and confounds interpretation, Figure 4.  An 
investigation is presently underway to attempt to understand 
and mitigated the effect of these filled trenches. Figure 5 shows 
a new GPR experimental testbed with a cut trench and inserted 
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pipe for testing the effect of the trench on the measured 
response, and the exploration of mitigation techniques, such as 
with shaped beams. 

 
Figure 4. In-filled trench with different dielectric properties 
alters flow of electromagnetic waves and can confound the use 
of GPR to detect and locate buried utility pipes. 

 

 
Figure 5. GPR testbed with cut trench and pipes inserted at 
depths of 0.6 and 1.5 m. 

 
Figure 6. GPR B-scan of pipe at the bottom of backfilled trench. 

 

4 LOW FREQUENCY MAGNETIC SENSING 
A major shortcoming of GPR is that the high-frequency 
electromagnetic waves do not penetrate many types of soil 
conditions.  The soils are either electrically conductive or 
highly lossy dielectrics. Clays, wet soils, ferromagnetic soils, 
and alkali soils routinely absorb the high frequency 
electromagnetic waves of GPS.  One method of penetrating 
through these soils is with low-frequency electromagnetics. 
Typical low-frequency electromagnetic methods operate from 
30 to 3,000 Hz, use magnet and inductive antennas as sources, 
and magnetometers as detectors.  Mechanical magnet antennas 
use moving permanent magnets to generate oscillating 
magnetic fields that can penetrate deeply through most 
materials.  The low-frequencies correspond to long 
wavelengths, on the order of km, which means that the testing 
methods are near-field and not wave propagation methods. 
Rotating permanent magnets is a relatively straightforward 
method of generating low-frequency waves.  Conventional 2-
pole permanent magnets oscillate the field once per revolution. 
Limitations on rotor speeds promote the use of alternatives, 
such as multi-pole magnets to achieve field oscillations in 
above 100 Hz. Figure 7 shows a mechanical magnet antenna 
that uses phase synchronized two rotating 12-pole magnets. 
The antenna launches magnetic fields of controlled shape and 
frequency into the soil.  The fields interact with metallic object 
with a distinction on whether the metal is ferromagnetic, or 
nonferromagnetic.  Ferromagnetic materials can magnetize and 
demagnetize during each oscillation of the field.  
Nonferromagnetic metals interact through inductive effects that 
produce eddy currents that produce secondary magnetic fields. 
Low-cost, yet sensitive, magnetometers can measure the 
secondary fields in both cases.   

A series of tests scanned subsurface objects with the 
oscillating magnetic field and measured the combined primary 
and secondary field, Figure 8.  Since the fields oscillate, it is 
often convenient to just plot the envelope the magnetic signal. 
Figure 9 shows the envelope produced by a ferromagnetic steel 
pipe.  The external magnetic field magnetizes the pipe in the 
same direction, regardless of the external field direction.  This 
causes a shift in the same direction of the upper and lower 
envelope curves, Figure 9. An inductive reaction, as with an 
aluminum pipe, opposes the applied field in a direction 
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opposite to the field.  The result is a reduction of both the upper 
and lower envelope curves, Figure 10. 

 
Figure 7. Mechanical magnet antenna using two phase 
synchronized rotating 12-pole magnets. 

 

 
Figure 8. Different metallic targets of low-frequency magnetic 
testing. 

 

  
 

Figure 9. Envelope of magnetic signal showing response of 
ferromagnetic steel pipe where the pipe magnetizes with a 
secondary field that shifts both top and lower envelopes in the 
same direction. 

 
 

 
Figure 10. Envelope of magnetic signal produced by inductive 
eddy currents in an aluminum pipe. 

5 ACOUSTIC SENSING 
Acoustic methods are an alternative to electromagnetic 
subsurface testing, based on elastic wave propagation. The 
acoustic methods use active electromechanical shakers with 
frequency ranges of 30 to 1,000 Hz to launch waves into the 
soil that interact with subsurface objects.   

Centrifugal shakers are a convenient method of shaking the 
ground.  Control of the motion with electronically geared servo 
motors provides a facile means of using multiple shakers. 
Figure 11 shows a pair of centrifugal shakers with servo 
motors. In Figure 12 appear different options for applying mass 
offsets to the shafts in the centrifugal shakers. The use of these 
shakers confirmed that soils exhibit nonlinear elastodynamic 
behavior.  In Figure 13 both shakers spun at the same frequency 
with electronic gearing that matched the phase angles.  The 
result was an acceleration spectrum measured at a buried plate 
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showing a single peak at the fundamental frequency of 30 Hz 
and harmonics at the higher frequencies.  In Figure 14 the 
shakers spin at the relatively prime frequencies of 17 and 28 
Hz.  The result is a nonlinear mixing that produces peaks at 
multiple frequencies. 

 

 
Figure 11. Pair of electronically geared phase-synchronized 
centrifugal shakers. 

 

  
Figure 12. Different mass offset options for centrifugal shakers. 

 

 
Figure 13. Acceleration spectrum measured at buried plate with 
two phase synchronized shakers at 30 Hz, producing multiple 
higher frequency harmonics. 

 
Figure 14. Acceleration spectrum measured at buried plate with 
two shakers at asynchronous relatively prime frequencies of 17 
and 28 Hz producing multiple mixed harmonic peaks.  

Electrodynamic shaking is an alternative to centrifugal 
shaking.  The advantage is the potential for higher frequency 
excitation.  A system that produces 500 Hz and 1,000 Hz waves 
for pipe locating is in Figure 15.  A modification to the system 
is to register the position and pose with an augmented reality 
capable smart phone using photogrammetry. The system 
measures with a swinging motion of the top console to a 
forward position that engages the electromagnetic shaker. 
Figure 16 is a point curve produced by the position registration 
unit as the sensor goes through a measurement cycle.   

 
Figure 15. Sensit Technologies acoustic pipe locator modified 
with augmented reality smart phone to measure position and 
pose with photogrammetric technique. 
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Figure 16. Point curve produced by augmented reality 
photogrammetric measurement of acoustic pipe locator motion 
during measurement. 

The capability of the acoustic pipe locator was verified with 
a series of tests that compared the measurements with that taken 
by GPR, Figure 17. A comparison of the image taken of a steam 
pipe by the two systems is in Figure 18.  There is good 
agreement between the two results.  The GPR is faster, but the 
acoustic pipe locator is more robust and can operate in 
conditions that prevent use of the GPR. 

 
 

 
Figure 17. Test site with known buried steam pipe. 

 
 
 

 
Figure 18. Measurement of buried pipe: a. GPR B-scan, and b. 
Acoustic pipe locator B-scan. 

6 CONCLUSIONS 
Subsurface structures are important components of modern 
infrastructure and most above-ground structures. Inspection 
and assessment of subsurface structures is challenged by due to 

many of the features of interest being buried, out of sight and 
difficult to access. Both the low-frequency electromagnetic and 
acoustic sensors penetrate through almost all soil conditions but 
operate in the near-field regime of wave propagation, which 
requires suitable data analysis techniques.  Results from the 
development and use of these sensing techniques, along with 
methods of integrating the test results with the locations of 
above ground infrastructure will be presented.  Use cases 
include pipe and vault locating, pipe material identification 
with emphasis on lead versus other metallic pipes, electric 
utility detection and the assessment of subsurface geotechnical 
structures, such as trenches that contain buried pipes. Research 
questions center on interpreting the data, and new methods that 
reduce the cost and time of the measurements, while producing 
more reliable information. 
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ABSTRACT: Buckling Restrained Braces (BRBs) are very common reinforcement choices for improving seismic performance 
of buildings and structures. As opposed to viscous dampers, which only provide additional damping, a BRB represents a 
structural element of buildings that offers both stiffness and damping. The design of BRBs varies from manufacturer to 
manufacturer. A BRB with an innovative design with a high-load capacity was studied in this paper. To conduct a seismic 
qualification, the BRB was tested in uniaxial cyclic loading in a self-reacting frame. This paper focuses on the evaluation of two 
non-contact measuring approaches for deformation monitoring of the BRB: a laser scanning with a terrestrial laser scanner and 
digital image tracking. Both approaches were compared against conventional instrumentation. Monitoring this deformation is 
essential for estimating the BRB’s residual deformation after an earthquake, if any. The results of this study show that the 
approach using a laser scanner results in about a 2 mm error when compared to conventional instruments. This approach does 
not require having the scanner be at the same location but represents a more expensive option due to the high cost of the laser 
scanner. The digital image tracking approach was able to deliver a 4 mm accuracy. It is a much less expensive non-contact 
measurement, but it requires having the camera be at the same location in order to estimate the displacement between the two 
images. Because the digital camera is a more cost-effective option than the terrestrial laser scanner, the former can be 
permanently integrated into a BRB’s installation. The residual displacements can be measured by either approach to assess th 
BRB’s condition after an earthquake. 

KEY WORDS: Terrestrial laser scanner; Digital still image; On-Demand Monitoring; Buckling Restrained Brace (BRB); 
Seismic Qualification; Pattern tracking. 

1 INTRODUCTION 
This paper discussed one of the results of the extensive 
experimental program conducted at the University of 
California, Berkeley on the Bucking Restrained Braces 
(BRBs) with an innovative design. The main objective of the 
project is to evaluate the performance of the BRBs under 
cyclic loading and seismically qualify BRBs in certain force 
capacity ranges. To achieve this objective, the experimental 
procedures recommended by AISC 341 [1, 2] were followed. 
As recommended, the BRBs were tested in an assembly setup 
and an uniaxial testing setup. This paper is focused on the 
discussion of the uniaxial testing of one of the BRBs. A 
typical example of an experimental setup for uniaxial testing 
is presented in Figure 1. 

 

 
Figure 1. Global view of uniaxial experimental setup. 

 
As shown in the image, the experimental setup was 

designed as a self-reacting frame. The rear clevis of the 
actuator was attached to the actuator box and the front clevis 
of the actuator was attached to a loading box that was 
restrained to move along the BRB’s axis. The BRB was 
attached to the loading box and to the reaction side of the 
frame via gusset fixtures. To avoid welding at the installation 
site, the BRB was designed to have a bolted connection to the 
gusset fixture. 

To accommodate a large variety of BRB designs, the setup 
was designed to accommodate a large variability in BRB’s 
length. Specially designed additional links enabled changing 
the length of the setup to accommodate almost any practical 
BRB’s length. It was designed to deliver a maximum force of 
6.67-MN (1,500-kips). A number of BRBs were tested in this 
experimental setup as presented in Table 1. 

Table 1. BRBs tested in uniaxial testing. 

Name Nominal capacity, 
kips 

Nominal capacity, 
kN 

BRB-600 600 2668.9 
BRB-250 250 1112.1 
BRB-120 120 533.8 

 
Results of the seismic qualifications of BRB-600 were 
published earlier [3]. They were discussed in relation to the 
application of an innovative low-cost LiDAR scanner that can 
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be used for monitoring the deformation of the BRBs installed 
in the buildings. This paper discusses the latest result related 
to the use of a terrestrial laser scanner in the monitoring of 
BRB-120 in seismic qualification testing. In addition to the 
laser scanning, a pattern tracking procedure by means of still 
images presented in [4] was also evaluated in this 
experimental program.  

2 INSTRUMENTATION 
The experimental setup and the BRB were extensively 
instrumented. A list of instrumentation included a load cell to 
monitor the load applied to the BRB, strain gages monitoring 
deformation of the BRB, and a number of position transducers 
monitoring movements of the experimental setup and the 
deformation of the brace. Only a few of them related to the 
subject of this paper will be discussed herein. 

The overall view of the uniaxial experimental setup with 
BRB-120 is presented in Figure 2. In addition to the 
conventional instrumentation mentioned above, a laser 
scanner and a still imaging camera were used to monitor the 
deformation of the BRB. 

 

 
Figure 2. Global view of BRB-120 testing. 

The major conventional position transducers (PTs) are 
presented in Figure 3.  

  

 
Figure 3. Conventional instrumentation: position transducers. 

These position transducers monitor the deformation of the 
BRB between the ends of the gusset fixtures and the 1st row of 
the BRB’s bolts. The image shows the location of the position 
transducers on the actuator side of the setup. The targets 
associated with these instruments were placed on the reaction 
side of the setup at a location mirrored in respect to the BRB’s 
mid-span. 

A laser scanner was installed on top of the reaction wall 
right next to the setup and it was triggered at a maximum 
displacement of cycles with large amplitude. A terrestrial laser 
scanner, TX6 from Trimble [5] was used in this study as 
presented in Figure 4. 

 

 
Figure 4. TX6 laser scanner monitoring deformation of the 
brace. 

In addition to the laser scanner, a digital still imaging 
camera, Canon 6D, was used to monitor the deformation of 
the brace by means of tracking special patterns in still images. 
It was placed right next to the laser scanner at about the same 
distance from the BRB on top of the strong wall as shown in 
Figure 5. It was installed in such a way that the movement of 
the brace remains in a plane orthogonal to the lens of the 
camera. 

 

 
Figure 5. Canon 6D digital still imaging camera monitoring 
deformation of the brace. 
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The monitoring by the laser scanner and the still imaging 
camera was based on tracking the locations of the special 
patterns, the so-called targets. They are shown in Figure 6 and 
Figure 7. The numbering of targets was from the actuator side 
to the reaction side of the setup and they had the following 
notations  HDS1, HDS2, HDS3 and HDS4. 

 

 
Figure 6. Targets on the actuator side: HDS1 and HDS2. 

 
Figure 7. Targets on the reaction side: HDS3 and HDS4 

The location of the targets was identified by means of a 
fitting procedure incorporated in Cyclone software from 
LeicaGeosystems [6]. A typical result is presented in Figure 8, 
which shows the point cloud and the vertices of the targets. 

 

 
Figure 8. Point cloud of BRB, gusset fixtures and targets. 

A more detailed view is presented in Figure 9. It shows the 
point cloud of the targets on the actuator side prior to testing. 
This location of the targets was selected as a starting location 
and all discussion below was referenced to this starting 
location. 

 

 
Figure 9. Examples of vertices for two targets on the actuator 
side. 

It is worth noting that each vertex has all three special 
coordinates and the vertical axis is parallel to the true 
gravitational vertical axis.  

3 SEISMIC EVALUATION OF BRB 
The testing procedure followed recommendations of AISC 
341 [1, 2] that call for cyclic loading of the BRBs with groups 
of cycles with incrementally increasing amplitudes. The force 
applied to the BRB was measured by a load cell built-in in the 
actuator. The cycles were applied under displacement control 
and the resultant actuator displacement is presented in Figure 
10. 

 

 
Figure 10. Displacement loading protocol (actuator 
displacement is shown). 
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The current length of the BRB at each stage of loading was 
measured in three ways. First, the readings from the top and 
bottom position transducers at the ends of the gusset fixtures 
were averaged. After subtracting the starting measurement 
this displacement was called ΔDG2G. Second, the readings of 
the top and bottom position transducers measuring distance 
between the 1st row of bolts on the loading and reaction sides 
were averaged. After subtracting the starting measurement 
this displacement was called ΔDB2B. Third, readings from 
eight position transducers with a higher accuracy and shorter 
stroke were averaged to obtain the 3rd measurement. They 
were installed in groups of four and they measured the 
movement of the undeformed BRB’s cover in respect to the 
1st row of the bolts as presented in Figure 11. After 
subtracting the starting measurement this displacement was 
called ΔD. All these conventional instruments were aimed to 
measure a very important parameter, which was the 
shrinkage/elongation of the brace under a load applied at 
every moment of testing. The third measurement was the most 
accurate one for the deformation of the brace, whereas others 
were ensuring redundancy of this measurement.  

Figure 11 shows an example of the position transducers on 
the actuator side of the brace. Only two are visible in this 
image and another two were placed in a similar way on the 
opposite side of the BRB not visible from this point of view. 
A similar group of four position transducers was installed on 
the reaction side of the brace as can seen in Figure 7. 

  

 
Figure 11. Short-stroke and high accuracy position 
transducers (two out of four are shown). 

It is worth noting that these three displacement 
measurements were different from the actuator displacement, 
which was expected. The difference is related to the small 
gaps in the clevises of the actuator and small deformations of 
the setup.  

The force versus displacement diagram showing adequate 
performance of the BRB is presented in Figure 12. This plot 
shows two measurements of the BRB’s deformations. 

As can be seen from this plot, the two measurements are 
about the same, with ΔD being the most accurate 
measurement of the BRB’s deformation. 

 
 

 
Figure 12. Force versus deformation diagram of BRB. 

The BRB was able to withstand a large number of cycles, 
including the cycles with high amplitude. In addition, it 
demonstrated a repeatable and consistent performance from 
cycle to cycle. The plot also shows a moderate strength 
hardening that remained consistent during the cycles with 
amplitude exceeding the BRB’s yielding deformation. 
Therefore, the test clearly demonstrated that this BRB of an 
innovative design is an adequate structural element that can 
deliver significant dissipation of seismic energy in the case of 
an earthquake event. 

4 EVALUATION OF LASER SCAN DATA 
As mentioned earlier the laser scanner was triggered at a few 
peaks of the cycles. Each scan took about 2 minutes, hence for 
the duration of the scan, the actuator’s position was held 
constant at the peak. All reduction of data obtained by the 
laser scanner was conducted in the Matlab environment [7].   

The correlation between the scan’s starting moments and 
the ΔDG2G is presented in Figure 13. The first scan is not 
presented here because it was conducted on the undeformed 
condition of the BRB prior to the test. The distance between 
the scanner and the HDS2 was about 6.3 m. The scans at 
medium resolution of the laser scanner were conducted. 

 
Figure 13. Scan starting moments on ΔDG2G plot. 
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    As noted earlier, each target, i, had all three spatial 
coordinates, (xi, yi, zi). Since the scanner was leveled prior to 
the scans, the vertical axis of each scan is parallel to the true 
gravitational vertical axis. The distance between the targets 
HDS2 and HDS3, D23, was calculated in the following way: 

 
 D23 = sqrt((x2 – x3)2 + (y2 – y3)2  + (z2 – z3)2) (1) 

 
The distance measured between the targets HDS2 and HDS3 
from each scan was compared to that measured by the 
position transducers as presented in Figure 14. For the latter 
measurement ΔDG2G was selected because the targets were 
installed on the gusset fixtures. As can be seen from the plot, 
there is a close correlation between the conventional 
measurements and those obtained by the laser scanner. It is 
worth remembering  that the laser scanning represents a non-
contact measurement conducted from a distance. 

 
Figure 14. Convention measurements compared to those of 
the scanner. 

An error between the conventional measurements did not 
exceed 2 mm as presented in Figure 15. 

 
Figure 15. Error between the scanner and conventional 
measurements. 

The error of 2 mm is consistent with the following check 
conducted on the data. To estimate error, the distance between 
targets on the same gusset fixture was estimated and its first 

measurement was subtracted to estimate its variability 
between loading steps. Since this distance should not change, 
the distance measurement by means of the laser scanner will 
reveal the noise in the distance estimation. As can be observed 
from Figure 19, it is limited by 1.5 mm. 

 
Figure 16. Evaluation of noise: distance between HDS1 and 
HDS2. 

It is worth mentioning that the deformable length of the 
BRB was about 2,530.5 mm (99-5/8-in). Hence the 2 mm 
error will result in about a 0.08% error in a strain reading. 
Since a commonly adapted value for a yielding strain of steel 
is 0.2%, this approach has enough resolution to capture strains 
before and after the yielding point. 

As noted earlier, to avoid long pauses and associated 
relaxation effects the scanner was set to a lower resolution so 
it would scan faster. In this case, a density of the point cloud 
drops significantly as presented in Figure 17. The left image 
shows the scan with the highest resolution that was conducted 
prior to the test and is considered a reference condition. The 
right image with a much lower density shows the point cloud 
collected during testing.  

 

 
Figure 17. Low density of the point clouds during test could 
affect the accuracy of the laser scanner approach. 

The accuracy of the approach can be improved by setting 
the laser scanner to a higher resolution. This portion of the 
study is ongoing. 

Since the laser scanner allows the computation of all three 
spatial coordinates, movement of the gusset fixture in the 
other directions can also be estimated. As an example, the 
vertical displacements of the gusset fixture on the actuator 
side are presented in Figure 18. As shown in the plot, the 
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displacements were limited by 3 mm because the gusset 
fixture was restrained in the vertical direction with a small gap 
that was occasionally saturated during the test. 

 
Figure 18. Vertical displacement of target HDS2. 

 

5 EVALUATION OF STILL IMAGING DATA 
Based on the recommendations of [4], the still imaging 
camera was placed away from the brace right next to the laser 
scanner. To avoid any unexpected movements of the camera, 
it was triggered remotely to take images in 7 second time 
increments. The images were taken continuously throughout 
all testing and only images corresponding to the pauses in the 
testing protocol introduced to accommodate the duration of 
laser scanning are discussed herein. A typical image taken by 
the camera is shown in Figure 19. Each image has about a 20-
megapixel resolution and targets occupy a very small area of 
the image. 

 

 
Figure 19. Typical image taken by the camera. 

The target tracking [4] is based on finding the center of the 
target which is an intersection of the lines passing through the 
black-to-white and white-to-black transition zones. A typical 
result [4] is presented in Figure 20.  

As was shown in [4], this approach delivers a sub-pixel 
accuracy for the location estimation of the target’s center. All 

the reduction of digital images obtained by the still imaging 
camera was conducted in the Matlab environment [7].   

 

 
Figure 20. Images were analyzed to estimate the center of the 
target (magenta circle) after [4]. 

  The correlation between the ΔDG2G and the timing of the 
image taken is presented in Figure 21. To meet the limitations 
of this paper only five last readings are discussed herein. In 
the case of the image tracking the targets HDS1 and HDS4 
were used. 

 
Figure 21. Correlation between timing of the image and 
displacement measurement in time. 

In the case of HDS1 and HDS4 targets the distance between 
these two targets was calculated from the following formula: 

 
 D14 = sqrt((x1 – x4)2 + (y1 – y4)2) Fc. (2) 

 
Where xi and yi are the vertex coordinates of the i-th target 

in pixels; Fc is a calibration factor converting pixels into 
engineering units, mm. The latter was obtained by correlating 
one of the distances to that obtained by the laser scanner. 
Please note that this distance could be measured by other 
means, a measuring tape, for example. 

A comparison between the conventional measurements and 
those obtained from the still imaging camera is presented in 
Figure 22. 
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Figure 22. Correlation between BRB deformation measured 
by conventional instruments and that by image tracking. 

An error between the conventional measurements and those 
obtained by means of still images is shown in Figure 23. 

 

 
Figure 23. Error between BRB deformation measured by 
conventional instruments and that by image tracking. 

The latter image shows that the error between the BRB 
deformation measured by conventional instruments and that 
by image tracking does not exceed 4 mm.  

As noted earlier, the deformable length of the BRB was 
about 2530.5 mm (99-5/8-in). Hence the 4 mm error will 
result in about a 0.16% error in the strain reading. Since a 
commonly adapted value for the yielding steel strain is 0.2%, 
this approach has enough resolution to capture larger strains 
after the yielding point. 

It is worth noting that in publication [4] the approach based 
on the image tracking was evaluated in a plane problem (when 
the plane of the target is orthogonal to the axis of the lens) and 
this paper demonstrated an adequate accuracy for skewed 
targets. Figure 24 shows the results of the center estimation 
for both cases. The result for the plane view [4] is shown in 
the left image and the result for the skewed view of the target 
is presented in the right image. 

 

 
Figure 24. The vertex tracking results for both plane [4] and 
skewed views. 

6 CONCLUSIONS 
Two non-contact approaches for measuring deformation of the 
BRB were compared to that obtained by conventional 
instruments. The results of the study show the following. 
First, the terrestrial laser scanning approach produces an error 
that does not exceed 2 mm. This results in about a 0.08% error 
in the strain reading for the BRB used in the study. Second, 
the digital image tracking approach can have about a 4 mm 
error. For the length of the BRB used in this study, it results in 
about a 0.16% error in a strain estimation. Depending on the 
required accuracy of measurements one of the approaches can 
be selected for monitoring deformation of the BRBs. In this 
paper, the non-contact measurements were done from about 6 
meters. Since a terrestrial laser scanner is a more expensive 
option, the digital cameras can be permanently integrated in 
critical BRBs in a building construction project utilizing these 
structural damping elements. Both approaches can be utilized 
in on-demand monitoring of the BRB’s deformation. 
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ABSTRACT: The safety and sustainability of infrastructure depends heavily on the quality of the construction phase. Indeed, it is 
generally accepted that investment in a few dollars to increase the quality during construction can save a few millions later in the 
life of the structure. Research and industry leaders rely on trained inspectors to ensure the quality during construction, mostly 
based on their experience and knowledge. In particular, reinforce concrete inspectors measure and review the reinforcement layout 
to either approve or reject it prior to concrete pour. The inspections can only be conducted during a limited time available between 
the completion of the rebar layout and the concrete pour. Therefore, the inspector needs to quickly measure the quality on that 
time slot. The traditional inspection of rebar spacing in construction sites has the following limitations: (1) it depends on the skills 
and experience of the individual inspector; (2) it is limited to a pass/fail outcome, and there is not a mean to quantify quality; (3) 
it is in general conducted with very limited time, because inspectors use their tape measurers walking through the rebar mesh 
manually. To solve the limitations, this paper summarizes a novel automatic rebar location recognition that uses LiDAR 
technology and provides a score associated to the accuracy of the rebar layout. This paper summarizes the work conducted by the 
researchers developing an automatic processing sequence that converts point cloud data that can automatically obtain a score from 
the point cloud data. Examples include laboratory, precast, and field efforts for implementation. 
 
KEY WORDS: LIDAR; Reinforced concrete; Automatic inspection; Construction inspection; Rebar spacing recognition. 

 

1 INTRODUCTION 
Billions of dollars in American federal funds are spent annually 
on the maintenance and construction of roads and bridges [1]. 
Particularly, bridges play a vital role in the north American 
transportation networks. There are more than 614,387 bridges 
in the United States, which are mostly owned by state or local 
governments. The highest percentage of highway bridges were 
built in the late 1950s and early 1970s, almost 40% bridges 
have been in use more than 50 years. In recent years, the 
number of bridges with structural defects has been increasing. 
Expenditures for bridge maintenance and replacement have 
risen, accounting for $10.5 billion out of $12 billion in total 
bridge capital outlays in 2004. The bridge quality monitoring 
process during the construction period is critical to ensuring the 
safety of bridges. 

According to bridge owners, implementing quality control 
(QC) programs during the bridge construction period greatly 
benefits their future durability and safety during service life [2].  
The National bridge inspection standards define QC as the 
procedure intended to maintain the quality of bridge inspection 
and load rating at or above a specified level [3]. A suitable 
quality assurance (QA) procedure for accepting or rejecting the 
bridge construction after completion has been previously 
identified using sampling and other measures to ensure the 
adequacy of QC procedures [4]. Bridge owners require QC/QA 
programs to reduce the risk of introducing errors and omissions 

during bridge construction [5]. Even though QC/QA is 
accepted to benefit bridge quality, durability, and safety, the 
specific QC/QA requirements vary between owners, 
administrations, and inspectors. In general, the first source of 
information to collect the quality of the structure in the field is 
the qualified inspector assigned to the specific structure to be 
inspected prior to the construction. Reinforce concrete 
inspectors measure and review the reinforcement layout to 
either approve or reject it prior to concrete pour. The 
inspections can only be conducted during a limited time 
available between the completion of the rebar layout and the 
concrete pour. Therefore, the inspector needs to quickly 
measure the quality on that time slot (Figure 1). 

In order to propose an automatic new method to collect data 
during construction, this paper summarizes the effort of the 
authors to contribute to the structural inspection community 
with a new a methodology around LIDAR that can 
automatically inform about the quality of the rebar placement 
of the structure. It is extremely applied, since the method’s 
outcome is designed to assist the rebar inspector in the field as 
well as the owner of the fabricated structure later in the service 
life. The proposed method will help the owners to have a 
permanent record of their rebar as it was in the mat so in the 
future, they could access to this information for any changes 
that involved the knowledge of the precise location of this 
rebar. 

 Bridge construction monitoring using LIDAR for Quantified, Objective 

Quality Control Quality-Assurance (QOQCQA) 
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Figure 1. Rebar spacing measurement by qualified inspector. 

In this approach the researchers are using LIDAR to measure 
construction exact location and compare it with the design 
expected location. The researchers propose using LIDAR to 
quantify the difference between the automatically collected 
information and the design layout, and with this information 
determine the development of Department of Transportation 
(DOT) standards that can be added in near future bridge 
construction requirements. In this context, the proposed 
technique will help to increase the ability of technology to help 
the structural health in the field, which is a key concern of 
infrastructure owners, users, and administrators.   

Finally, the authors believe this method is a strong 
contribution to the problem of construction corruption 
nowadays both in developing countries and developed 
countries. The authors have identified that structural health 
monitoring has been investigated in the past as a promising tool 
to combat corruption in civil engineering [6]. More 
specifically, the problem of corruption in civil engineering has 
been identified by the American society of Civil Engineers as 
the top largest problem in the civil engineering community [7], 
and new technologies that combat corruption can eventually 
save lives and money by informing about the construction 
quality automatically in the field. With the proposed method 
the structural construction industry will enhance its quality and 
the reporting of the real conduction of rebar will be a permanent 
known property that will help owners and administrators to 
inform about the health of their infrastructure.  

2 METHODOLOGY 

 Technical proposed steps 

The main purpose of this research is to present a new automated 
rebar location methodology for structural concrete construction 
control assessment, the focus is set on the use of available rebar 
data collected by LiDAR scanner that guarantees the accuracy 
in the results. The workflow of the proposed rebar location 
identification technique is illustrated in Figure 2. First, the raw 
data of rebar cage is collected by a LiDAR scanner before the 
pour of the concrete. The rebar data is registered into point 
cloud data and is denoised by CloudCompare. Then the 
researchers extract the rebar location and measure the rebar 
spacing by projection algorithm. By comparing the rebar 
spacing LiDAR measurement and the blueprint, the last step 

generates a quality index to assess the rebar cage's construction 
quality. The following sections outline the detailed work of this 
study. 

 

 
Figure 2. Workflow of the methodology proposed for the 
automatic evaluation of rebar spacing. 

 Instrumentation 

Researchers investigated various types of LIDAR equipment to 
understand the ability of the technology to collect accurate 
rebar spacing in different settings. See Table 1. The main 
purpose of this exploratory selection of LIDAR is to identify 
characteristics of LIDAR that have potential to be used in the 
scanning of rebar prior to the concrete pour fast, accurately, and 
with access to data for the fast implementation of rebar 
location. These were the requirements of LIDAR for this 
project: 
• Detailed remote sensing of structure that is not 

obstructed by vegetation, since many structural 
engineering projects are outside and in the country. 

• Ability to collect data at night since many construction 
projects pour concrete at night to protect the concrete 
from heat/elevated curing temperatures. 

• Capability to combines surveying, imaging and high-
speed 3D scanning that can be used for structural 
inspection. 

• The selected LIDAR should follow the detailed 
standards through American Society for 
Photogrammetric Engineering and Remote Sensing 
(ASPRS). 

• The proposed technology should be accessible by 
transportation industry owners, engineers, and 
consultants so they can implement them “off-the-shelf”. 
The researchers selected the LIDAR model that can be 

carried by one inspector in the field, ZED Geoslam (Figure 
3): 3.7 Kg, 300,000 points per second, 100 m range and 360° 
×270° Field of View.  
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Table 1. Popular LIDAR Scanner. 

LIDAR Brand FOCUSS 350 Leica Station P40 Leica S Station C10 Trimble X7 3D 

Appearance 

    
Scanning range 0.6m - 350m 0.4m - 270m 0.1m - 300m 0.6m - 80m 
Measuring 
Accuracy 

+/-1mm +/-1.2mm 2mm 2mm 

Angular 
Accuracy 

19" vertical; 
19" horizontal 

8" horizontal; 
8" vertical 

12" horizontal; 
12" vertical 

21" horizontal; 
21" vertical 

Field of view 360° ×300° 360° ×290° 360° ×270° 360° ×282° 
Power supply 19 V 24V DC, 10-240 V 

AC; Battery 
15 V DC, 90 – 260 V 

AC 
Rechargeable Li-
lon battery 11.1V, 

6.5Ah 
Data storage 
capacity 

32 GB 256GB internal solid-
state drive (SSD) or 
external USB derive 

80 GB onboard solid-
state drive (SSD) or 
external USB device 

256 GB Solid State 
Drive (SSD), 
(512GB or more for 
best performance) 

Weight 4.2Kg 12.25Kg 13 Kg 5.8 Kg 
(W×D×H) mm 230 × 183 × 103 238 × 358 × 395  238 × 358 × 395   178 ×170 ×353 

 
 

 
Figure 3. ZED GeoSlam LIDAR. 

 

3 FIELD VALIDATION AND RESULTS 

 3D data visualization 

With the proposed method, the researchers have tested the 
ability of the new method to collect information about the 
quality of the rebar from various structures in the 
laboratory, the field, and the construction site, and are 
working to develop standards that can assist the automation 
of inspections using LIDAR. For example, the researchers 
have obtained various rebar of interest to the owner that can 
be collected manually and compared them with the real 
design drawings in the field. Figure 4 shows one example 
of the 3D data visualization from one real structure that was 
collected in 30 seconds. In this figure the detail of the two 
rebar mats is clear in both top and bottom locations. 
Similarly, the formwork is collected and can be easily be 
used to measure different spacing requirements as well as 
clearances. The authors also developed an automatic 
projection of the data to compare the ability of the method 

to assist the community to obtain more accurate 
information in the two directions in comparison with just 
the projection. In this figure the results from the projection 
are shown in the two axis and it can be seen the new method 
provides more details for each bay of the structure, at both 
mats, which the projection on both directions misses.  

 

 
Figure 4. 3D data visualization of LIDAR results. 

 Deviation Density Plot  

The authors developed a deviation density plot. This plot is 
shown in Figure 5. It captures only the top mat from the 
specimen shown in Figure 4. It is worth noticing that the 
authors wanted to quantify the ability of the method in two 
perpendicular directions that match the rebar orientation in 
the mats. Figure 5 (a) and Figure 5 (b) show the results 
projected in the X and Y axis, respectively.  

The results show how successful the proposed method is 
identifying the location of the projection of the rebar in the 
two direction. For both cases, the red dot shows the rebar 
centroids that are correctly centered for all cases, 
independent of the deviation. Similarly, the edge of the 
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formwork is found automatically, which is very useful in 
terms of clearance determination, which is a top priority 
when determining the projected life of the structure. More 
specifically, the clearance violation may not be identified 
during construction and this method informs of the exact 
location prior to the construction, but also after 
construction.  

According to worldwide leaders in civil engineering and 
infrastructure societies, the automatic determination of 
spacing and clearance can be of critical assistance in 
combating the existing corruption in the construction 
industry [8]. According to the same leaders, the health of 
the structure can only be determined if the information of 
its construction is accurate and accessible during the entire 
life of the structure. With the proposed automation of 
structural quality determination, there is now a tool that 
automatically collects and saves the permanent record of 
the rebar location which is directly related to the structural 
capacity and sustainability.  

 
(a)  

 
(b) 

Figure 5. Deviation density plot. 

 
Additionally, the collection of this data helps to prevent 

corruption, and assist for determining the health and 
durability of the structure. The authors are interested to 
explore additional visualization features that can be of great 
value for the owners such as real-time visualization, and 
field validation of the data collection by testing this method 
in real bridge construction. The following two sections 
describe each of these efforts. 

4 RELATED WORK 
With the proposed method, the researchers have tested the 
ability of the new method to collect information about the 
quality of the rebar location that can become a permanent 
record for the owners as well as source for the engineers to 
determine the accurate layout of rebar in the field.  

 Real-time 3D visualization 

Figure 6 shows the data collection in real-time of interest 
for the authors to illustrate the value of the proposed 
algorithm for field information of the spacing and clearance 
of the rebar in the structure during construction. The 
authors propose that the inspector will have access to the 
actual rebar location in the field so the information will 
enable the inspector to do changes on the construction of 
the structure. In this way the inspector is informed on real-
time on spaces being not accurate by the overlay of this 
information. In the example of Figure 6, the scanning 
process only takes 30 seconds. This figure shows a very 
simple implementation that can support the more complex 
use in the field.  

 

  
(a) Original as-built point 

cloud model 
(b) Denoised point cloud 

model 
Figure 5. Raw data noise reduction. 

 
Figure 6 shows the automatic real-time rebar location 

proposed by the authors to better inform on the construction 
time of the spacing and clearance of the rebar. 

 

 
Figure 6. Rebar location on real-time. 

 

 Field implementation for bridge inspection 

Figure 7 shows three various efforts conducted by the 
authors collecting the rebar location on real structures. 
Figure 7(a) shows the acquisition of rebar location from the 
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deck of a brand new highway bridge that is approximately 
400 feet long. In the image the West abutment is shown at 
the start of the scanning. The scanning team took 
approximately 10 minutes to obtain the entire deck of rebar 
which is a very short time taken into account that all the 
spacing of the deck was automatically collected in all 
directions. Figure 7(b) shows the collection of data from 
railroad beams in the precast plant, which also involves 
collecting stirrups and prestressed cables that are critical for 
the strength of the structure. The portability of the scanner 
on both cases is key for a flexible adoption in construction 
sites.  

 

 
(a) 

 

 
(b) 

Figure 7. Field implementation: (a) bridge deck; (b) beam 
inspection. 

5 FUTURE WORK 
In future research, researchers will test these methods in more 
actual and complex bridge construction sites. The system will 
conduct collaborative research with UAV systems to quickly 
and accurately obtain more accurate data on rebars' position on 
large concrete bridge decks. In busy construction, it is 
necessary to evaluate the equipment's economy and the 
practicality and speed of installation. There is also a need for a 
more automated workflow. 

6  CONCLUSION 
This research is summarized in the following sections: the 
technical development of new LiDAR technology related to the 

transportation industry and other outcomes because of 
education and training. With the increasing use of LiDAR 
technology and point cloud data application, rapid and 
automated bridge construction quality assessment technologies 
using LiDAR data are quickly becoming a reality: benefiting 
from its operation speed and high data resolution, point cloud 
data from 3D scanner can be automated for structural 
components detection. In this paper, a case study has been 
presented to demonstrate 3D LiDAR scan capabilities to 
quantify the spacing between rebars. The most significant 
advantages of using 3D LiDAR scan are: (1) no interference to 
construction operation and (2) permanent record of the existing 
conditions.  
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ABSTRACT: Distributed fiber optic sensing (DFOS) is receiving increased attention as an innovative tool for monitoring civil 
structures during and after construction. Crack is one of the important phenomena that are associated with damaged location of 
structures, and early detection of crack may prevent from serious disasters. In this study, the feasibility of distributed fiber optic 
strain sensor (DSS), which is one of the sub-categories of DFOS, to give early warning of crack development was investigated. 
Four-point bending tests on mortar beams with a pre-installed single-edge notch was performed under different loading conditions. 
Fiber optic cables were preinstalled inside the test beams during sample preparation. During the bending tests, sequential strain 
measurements were taken using two different DSS interrogator units (IU). Also high-resolution photographs for Digital Image 
Correlation (DIC) were taken to track the deformations observed on the beam surface. Based on the strain measurements at 
different heights, the strain behavior of the overall beam was monitored using the DSS systems. Good match between the DSS 
data and the strain data obtained from DIC show the applicability of DSS for early warning detection of cracks. 

KEY WORDS: Distributed fiber optic strain sensing; Early crack detection; Single edge notched beam bending; Structural health 
monitoring; Digital image correlation 

1 INTRODUCTION 
Distributed fiber optic sensing (DFOS) is receiving increased 
attention as an innovative tool for monitoring civil structures 
during and after construction. This system can provide 
distributed temperature and strain information along the 
sensing fiber over very long distances with high accuracy. Such 
capability allows for effective structural health monitoring 
(SHM) of a wide range of civil engineering projects [1]. In the 
past decade, many types of DFOS systems have been 
developed and the application of DFOS is becoming diversified 
as the performance improves.  

Crack is one of the important phenomena that are associated 
to the damaged location of structures, and early detection of 
crack may prevent from serious disasters. Recently the 
feasibility of distributed fiber optic strain sensor (DSS), which 
is one of the sub-categories of DFOS, for early detection of 
cracks has been examined [2][3]. However, most of the 
previous studies on crack detection have been considered with 
simple loading conditions.  

In this study, four-point bending tests were performed on 
mortar beams with a pre-installed single-edge notch under 
different loading conditions. During the bending tests, 
sequential strain measurements were taken using two different 
DSS interrogator units (IU). Also high-resolution photographs 
for Digital Image Correlation (DIC) were taken to track the 
deformations observed on the beam surface. Based on the strain 
measurements at different heights, the data from the DSS 
systems were used to understand the strain behavior of the 
overall beam. The applicability of DSS for early warning 
detection of crack is discussed based on the comparison 
between the DSS data and the strain data obtained from DIC. 

2 STRAIN SENSING TECHNOLOGY 

 Principle of DSS 

DFOS is based on light scattering effects and can be divided 
into three main types; Raman scattering based distributed 
sensors, Brillouin scattering based distributed sensors, and 
Rayleigh scattering based distributed sensors. 
   Brillouin scattering based DOFS is one of the most popular 
fully distributed sensing technologies for distributed strain and 
temperature measurement. In particular, Brillouin Optical Time 
Domain Reflectometry (BOTDR) and Brillouin Optical Time 
Domain Analysis (BOTDA) are two main popular sensing 
methods. The BOTDR requires access to only one fiber end, 
while the BOTDA needs two fiber ends that are connected in a 
loop. The BOTDA configuration has two light waves which are 
launched into the fiber so that it generally makes the BOTDA 
is a better choice when there is significant fiber loss. BOTDA 
is based on Stimulated Brillouin Scattering (SBS) effect and 
two types of light signals including a pump pulse light and a 
probe signal are injected into opposite ends of an optical fiber 
sensor. Brillouin Scattering interaction process results in an 
energy transfer from pulse light to probe light, amplifying the 
probe light signal. This signal amplification in probe light can 
be measured as a function of time [4].  
   The Brillouin gain spectrum gives frequency shift ∆𝑣𝐵 of the 
peak that is sensitive to the change in temperature or strain 
distribution along with an optical fiber sensor. The shift is 
expressed by the following equation: 

∆𝑣𝐵 = 𝐶𝜀𝐵∆𝜀 + 𝐶𝑇𝐵∆𝑇 (1) 

where 𝜀  and 𝑇  denote the strain and temperature changes, 
respectively. 𝐶𝑇𝐵  and 𝐶𝜀𝐵  are two constant coefficients 

Bending experiments for early crack detection using distributed fiber optic strain 
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corresponding to temperature and strain change, respectively. 
Any change in both strain and temperature on the optical fiber 
sensor can be quantitatively measured using the above 
equation. 

The sensing of the Rayleigh scattering signature is based on 
the Tunable Wavelength Coherent Optical Time Domain 
Reflectometry (TW-COTDR) scheme [5]. Simultaneous 
measurement of both strain and temperature changes along the 
fiber length is performed and the measurement is compared to 
a reference measurement, exploiting the Rayleigh fiber 
signature. The random in-homogeneity of the glass density in 
the fiber core manifests itself as refractive index fluctuations, 
observed as the random distribution of the power spectrum in 
the coherent OTDR (C-OTDR) trace [6]. The Rayleigh 
scattering traces, which show random signature obtained at 
each measurement, are compared with the reference state by 
cross-correlation and the comparison provides a frequency shift 
related to changes of the fiber temperature or/and strain. The 
system supplies the Rayleigh frequency shift ∆ 𝑣𝑅 , which 
depends on the applied strain ∆ε and temperature changes ∆T 
through the TW-COTDR relation: 

∆𝑣𝑅 = 𝐶𝜀𝑅∆𝜀 + 𝐶𝑇𝑅∆𝑇 (2) 

where 𝐶𝜀𝑅 is the strain coefficient, and 𝐶𝑇𝑅 is the temperature 
coefficient of the optical fiber sensor. 

 Principle of DIC 

Digital Image Correlation (DIC) is a non-contact technique that 
can be used to track the full-field displacement and strain on 
the surface of a specimen. This technique works by comparing 
two images, with a reference image captured before the 
deformation and a second image captured after the 
deformation. It uses an image registration technique for 
mapping the local and global displacements, from which strains 
can be derived. In this study, a commercially available optical 
strain and deformation measurement system from GOM, 
ARAMIS, was employed. 

3 EXPERIMENTAL METHODOLOGY 

 Single edge notched beam bending 

Four-point bending tests using a single-edge notched mortar 
beam were performed under two different loading conditions 
(see Figure 1). In Case_1, the specimen was subjected to 
symmetric loading so that tensile (Mode I) crack is most 
dominant. In Case_2, the specimen was subjected to 
unsymmetrical loading and it was assumed that shear crack 
(Mode II) would be generated [7]. In Case_3, the specimen 
with a notch inclination angles of 45 degree to the beam axis 
was subjected to symmetric loading to so that tensile (Mode I) 
and anti-plane shear (tear, Mode III) crack are dominant [8]. 
The loading system controlled the displacement of the top 
supports. The displacement was step-wise changed and DSS 
measurements from two interrogator units (IUs) and a photo for 
DIC were taken at each loading step. CMOS camera with 25.96 
Megapixel resolution (6240⨯4160 pixels) was used for taking 
photos. In Case_1, the applied displacement was changed 13 
times and a crack developed from the initial notch and 
penetrated into the specimen at step_14. In Case_2, the applied 
displacement was changed 26 times and a crack started to 
develop at a location different from the initial notch location at 

step_27. In Case_3, the applied displacement was changed 11 
times and a crack developed from the initial notch and 
penetrated into the specimen at step_12. In all cases, strain data 
was obtained until the step just before crack propagated to the 
other side of the specimens. The test conditions are summarized 
in Table 1 
 

 
Figure 1. Loading condition,  

(a) Case_1, (b): Case_2, (c): Case_3. 

 

Table 1. Description of bending test. 

 Case_1 Case_2 Case_3 
Loading 
condition Symmetry Un-

symmetry 
Un-

symmetry 

Step Step_1 ~ 
Step13 

Step_1 ~ 
Step26 

Step_1 ~ 
Step11 

Applied 
displacement 

[mm] 
0 ~ 4.16 0 ~ 5.94 0 ~ 2.21 

Range of load 
[kN] 0 ~ 10.57 0 ~ 15.26 0 ~ 7.05 

Crack position 
[mm] 980 485 Front: 1100 

Back: 900 
 

 Material properties, Specimen preparation 

The mortar specimens were prepared with a standard Portland 
cement and fine aggregate. The water/cement ratio was 0.5 and 
the aggregate/cement ratio was 3.0, and the compressive 
strength was 42.48 N/mm2 in Case_1,  39.82 N/mm2 in Case_2 
and 49.47 N/mm2 in Case_3. The specimens had dimensions of 
2000⨯200⨯240 mm and a single notch was installed in the 
middle of the top of the specimen. The width of the notch was 
0.5 mm, whereas the height was about 48 mm. 

 Sensor installation 

Distributed optical fiber sensors were embedded in the 
specimens at seven different heights in four rows and each 
cable of four rows was connected to different fiber optic IUs. 
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80cm 40cm
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The two of them measured by different IUs are discussed in this 
paper. Line_1 on the top row penetrated the notch but Line_2 
to Line_7 were located below the initial notch tip (see Figure 
2). 
 

 
Figure 2. Geometry and sensor installation layout. 

 DSS interrogator unit and Fiber optic sensor 

Two IUs, which are based on different DSS systems, were used 
for strain measurement. The NBX_7020 based on TW-COTDR 
from Neubrex was used with 2.0 cm special resolution and 
Vision Dual based on BOTDA was used with 75 cm special 
resolution. 
A 2.0mm diameter cable called NZS-DSS-C07 from NanZee 
was embedded in the mortar specimens. The description of the 
two IUs is summarized in Table 2, whereas the cable structure 
is shown in Figure 3. 
 

Table 2. Description of interrogator units used in test. 

 IU-A IU-B 
Product name Vision Dual NBX_7020 

Company Omnisens Neubrex 

DSS System 
BOTDA 
(Brillouin 
scattering) 

TW-COTDR 
(Rayleigh 
scattering) 

Spatial resolution 
[cm] 75 2 

Sampling interval 
[cm] 25 1 

 

 
Figure 3. Cable structure used in test. 

 

4 RESULT AND DISCUSSION 

 System calibration 

To calibrate the cable for strain sensing, the real strain applied 
on the fiber is required. A calibration rig was designed for this 
purpose and it applied a prescribed displacement to one end of 
the fiber (see Zhang et al. [9]). A photo of the calibration rig is 
shown in Figure 4. The clamp at one end is attached to a linear 
bearing while the clamp at the other end is fixed. The 
displacement of the movable clamp is controlled by rotating the 
threaded rod and measured by the displacement meter, based 
on which the true strain can be calculated. The gauge length is 
1 m between the two inner sides of the clamp. 

The results of the calibration are shown in Figure 5(a) for IU-
A and (b) for IU-B. Brillouin and Rayleigh frequency shifts 
were measured at each displacement step. Both IU-A and IU-B 
showed a clear linear relationship between frequency shift and 
applied strain converted from displacement. Based on the slope 
of the regression lines, the strain coefficients such as 𝐶𝜀𝐵 =
0.0493 MHz/με, 𝐶𝜀𝑅 = −0.1457 GHz/με were obtained.  
 

 
Figure 4. A photo of the calibration rig. 

 

 
Figure 5. Calibration results, (a) IU-A, (b) IU-B. 

 

 Strain distribution at different height 

As shown in Figure 6, strain field in the same direction of fiber 
optic sensor inside the beam was estimated using the DIC 
method. In Case_1, a high tensile strain zone is located at the 
top center of the specimen and it corresponds to the location of 
the notch. A crack started from this location. In Case_2, there 
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are three main high tensile zones. Two of them are located at 
500 mm from the side ends of the specimen (500mm at the 
upper part, 1500mm at the lower part). Another one is located 
around 700mm at the top of the specimen. In this experiment, 
a crack occurred at 500mm from the top, which is not the notch 
location. This is because the tensile strength of the material was 
relatively smaller than the shear strength. No obvious 
compressive zone was detected from the DIC measurement in 
both cases. This is because the noise level was larger than the 
compression strain level. The data became noisy towards the 
edges of the beam. This was attributed to the images being 
slightly out of focus in those regions, thus leading to the 
inability of the software to accurately track the displacement of 
image subsets [3]. 
 

 
Figure 6. Strain distribution from DIC method, (a) Case_1, 
(b) Case_2 (at the last step) 

 
Figure 7 shows the strain profiles measured by the DSS 

systems in Case_1. As shown in Figure 7(a), the strain profiles 
along the specimen measured by IU-A varied at each height. 
Line_1, which is located at the highest position, shows tensile 
strain as a whole and it is larger towards the notch. The 
magnitudes of strain are larger than those of Line_2 and 
Line_3, which are also located in the tensile zone. This reflects 
the effects not only from bending but from crack opening since 
Line_1 was placed through the notch. Line_6 and Line_7 show 
compression dominants strain profiles, which could not be seen 
from the DIC analysis result.  

As shown in Figure 7(b), IU-B also captured the trend of 
typical symmetric bending strain distribution and the general 
trend was similar to IU-A. Its high spatial resolution (=2cm) 
captured local strain changes. For instance, the strain of Line_3  
increases sharply towards the notch. The shape of the profile is 
similar to an exponential form and it agrees with the previous 
study that proposes a strain distribution model considering 
strain transfer [10]. However, some data points are missing. 
This is attributed to the declination of the correlation on 
account of the rapid strain change effected by the crack.  

Figure 8 shows strain profiles of the last step in Case_2. The 
compressive strains that were not captured from the DIC 
analysis were detected by both IU-A and IU-B. At the upper 

half of the specimen, tension is dominant in the left side part, 
whereas compression is dominant in the right side section. In 
contrast, compression is dominant in the lower left section and 
tension is dominant in the lower right section. The tensile and 
compressive zone switched near the centerline of the specimen. 
A crack developed at location that is different from the notch 
location. Although slight tensile strain happened near the notch 
in Line_1, no clear strain changes could be seen in the other 
cables.  
 

 
Figure 7. Comparison of strain profiles at each height, (a) IU-A, 
(b) IU-B (at the last step in the Case_1). 

 

 
Figure 8. Comparison of strain profiles at each height, (a) IU-A, 
(b) IU-B (at the last step in the Case_2).  
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 Crack detection 

To confirm the applicability of DSS for early crack detection, 
strain development associated with different steps was 
compared with the data from DIC analysis. The baselines of the 
DIC derived strain profile varied randomly at each step due to 
the quality of the images. As a pre-processing, the large trend 
was removed and then moving average equivalent to the spatial 
resolution of IU-B (2 cm) was applied. Because of this, it is 
noted that a modified strain profile is not the actual strain 
profile.  

Figure 9 shows the result of Line_2 in Case_1. Line_2 was 
embedded just below the tip of the notch. Based on the strain 
development of DSS shown in Figure 9(a), a local growth of 
tensile strain can be detected near the notch from step_10. The 
DIC strain data shown in Figure 9(b) gives crack detection from 
step_8. Figure 10 shows the result of Case_3 with Line_2. As 
shown in Figure 10(a), obvious local strain development was 
detected from step_3 at around 980mm corresponding to the 
crack position from DSS. A local strain change can be seen 
from step_8 in the DIC data.  

The results of both cases show that DSS is able to detect 
crack initiation at an early stage. The detected strain level of is 
below hundreds of micro-strains. 

 
 

 
Figure 9. Comparison of sequential strain profiles from 
(a) DSS and (b) DIC (line_2 in the Case_1) 

 

 

 
Figure 10. Comparison of sequential strain profiles from 
(a) DSS and (b) DIC (line_2 in the Case_3) 

 

5 CONCLUSION 
This study explored the viability of using distributed fiber optic 
sensing (DFOS) especially distributed fiber optic strain sensor 
(DSS) for early crack detection purposes in civil structure 
applications. Four-point bending tests on mortar beams with a 
pre-installed single-edge notch was performed under 
symmetric and un-symmetric loading conditions. During the 
bending test, strain measurements were taken using DSS 
interrogator units (IUs) based on the two different detection 
methods. Furthermore, high-resolution photographs were taken 
to track the deformations of the beam surface using Digital 
Image Correlation (DIC).  

Strain measurements were performed on seven fiber optical 
cables embedded at different heights of the specimens and the 
measured strain distributions reflected the expected 
compression and tension behavior on the beams. The Rayleigh 
based IU was able to capture the local strain changes owing to 
its higher resolution sensing capability. The applicability of 
DSS for early warning detection of crack was also evaluated. 
Results show that DSS can sense crack initiation with similar 
performance to DIC.  
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ABSTRACT: UAVs (Unmanned Aerial Vehicles) are nowadays being used more and more in Structural Health Monitoring 
(SHM). Their versatility, speed, and manoeuvrability make them the ideal means to perform inspections autonomously and 
remotely, instead of relying on visual inspections carried out by human operators. Since commercial drones have limited flight 
times, the information collected in this short span must be maximised: to tackle the problem of gathering the maximum amount 
of data in the shortest possible time, we propose a platform where a central controller coordinates multiple UAVs. We address 1) 
the problem of generating points of interest, i.e., positions from which a sensor reading must be taken, given a 3D model of the 
structure, 2) the problem of assigning the points to the drones and finding the optimal traversal order of such points, in order to 
minimise the total flight time and make the best possible use of each drone's battery capacity. We decouple the two problems by 
first generating points of interest, starting from the structure's virtual model, and then feeding those points to a central mission 
planner that employs a linear programming formulation to find near-optimal trajectories for each agent, guaranteeing obstacle 
avoidance. We also address the issue of robustness of the whole system against the failure of an aircraft. We evaluate our method 
by applying it to the inspection of a virtual model of an existing building. We find that our approach yields good solutions in a 
reasonably short time, justifying its use as a robust mission planning algorithm. 

KEY WORDS: Autonomous vehicles; Formation control; Coverage problem; Robustness; Swarm robotics; UAVs. 

1 INTRODUCTION 
Recent technological advancements have made UAVs, 
commonly referred to as drones, a powerful and relatively 
cheap tool in a wide variety of fields, including agriculture [1], 
forestry [2], parcel delivery [3] and architecture and civil 
engineering [4, 5, 6, 7, 8]. Their success is due to their 
versatility, ease of use and relatively low cost. They can host a 
broad range of sensors, such as standard cameras, thermal 
cameras, LiDAR sensors, and infrared devices. These are 
particularly useful for SHM because they enable essential tasks 
such as 3D model building [4], surface reconstruction and 
analysis [5], thermal profiling [6], modal analysis [7] and even 
some forms of contact inspection [8].  Given these capabilities, 
drones will likely be adopted soon as essential tools for 
inspection and monitoring tasks. They can be a reasonable 
alternative to human inspectors that is cheaper, safer, more 
time-effective, more repeatable and precise results. The 
adoption of UAVs as standard inspection tools would also be a 
significant step towards the automation of the SHM pipeline, 
allowing frequent inspection measurements to be processed by 
a computer and integrated into a broader framework, such as a 
digital twin of the inspected structure. 

The push for maximum automation comes with many 
challenges: depending on the kind of inspection to be carried 
out, where should the aircraft go? How do we coordinate a fleet 
of UAVs? How do we minimise the total inspection time? What 
level of robustness to failure of a drone should be guaranteed 
to ensure a mission is completed? How do we ensure that no 
collision occurs between the vehicles and the building in 
question? We propose a system that addresses these issues by 
separating the generation of the Points of Interest (POIs) from 

that of the ideal trajectories. We start from a mesh model of a 
given building, and we use it to determine the positions of the 
POIs that are suitable to the task at hand (in this study, the 
collection of partially overlapping images to create an accurate 
texture of the building and analyse it in search of defects). 
Then, we divide the POIs in clusters to ease the computational 
burden of finding the optimal trajectories that reach every 
point. Thanks to this sub-division, we generate a simplified 
graph that abstractly represents the set of POIs, then we use it 
to solve a Capacitated Vehicle Routing Problem (CVRP [9]) 
that features constraints designed to add robustness to the 
solution. The solution of such a problem determines the 
trajectories for every vehicle. If one of the drones fails during 
the mission, an updated version of the same problem can be 
solved to ensure the other ones complete the task. 

The novel aspects of this approach are: 
1) The coordinated control of a network of independent 

UAVs. 
2) The study of robustness of a solution concerning the 

failure of one aircraft. 
3) The adoption of a model of an existing building for 

simulations. We consider one of the buildings at the 
University of California campus, Los Angeles (see 
Figure 2 and Figure 1). 

In Section 2, we discuss the state of the art, in Section 3 we 
describe the problem in detail, and in Section 4 we present 
our approach to solving it. Results are presented and 
commented in Section 5, whereas Section 6 contains our 
concluding remarks. 

An autonomous, multi-agent UAV platform for inspection of civil infrastructure 
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2 STATE OF THE ART 
The application of drones to the world of SHM and 
constructions is a recent and growing research field. Literature 
reviews [10] [11] show that they are often used to extend a 
human operator's range of action, and in most cases, they are 
employed to obtain pictures of parts of buildings that would be 
difficult to reach otherwise, through regular RGB cameras. 
This is enough to harness the power of computer vision and 
image analysis techniques that can automatically detect surface 
defects such as cracks in concrete and road pavement, spalling, 
exposed rebars, loosened bolts and signs of moisture [12] [13] 
[14]. Other niches are being explored too, like video-based 
approaches to dynamical behaviour estimation through Digital 
Image Correlation (DIC) [15] or cross-correlation [16]. 
Regardless of the inspection's final objective, most of these 
approaches rely partially on human intervention. To reach full 
autonomy, the first problem that must be tackled is 
automatically generating POIs, i.e. points in space from which 
sensor readings must be taken, starting from a model of the 
structure. Both the type and the ideal pose of the sensors 
relative to the building vary significantly depending on the type 
of survey (building surface inspection, energy performance 
inspection, mapping, …) [17],  but for a given task or set of 
tasks, it is possible to identify a region of 3D space where POIs 
should lie. For the problem of coverage of 3D structures, the 
authors of [18] and [19] developed iterative approaches to 
maximise uniformity of coverage of the structure and minimise 
the computational cost to generate a trajectory for the UAV, 
while also accounting for camera orientation. The resulting 
series of waypoints is then sent to a single drone to follow. In 
[20] researchers adopt sub-modular path planning based on a 
coarse estimation of scene geometry to obtain a single camera 
trajectory, solving both the viewpoint generation problem and 
the trajectory generation problem at once while guaranteeing 
obstacle avoidance and respect of a user-defined time budget. 
In another case [21], where photos are taken to run a Structure 
from Motion (SfM) algorithm, points are distributed in space to 
cause some overlap between consecutive images. Once the 
field of view of the camera is known, the desired overlap 
percentage can be chosen, and the POIs can be calculated. We 
borrow from these approaches by generating our POIs at 
suitable distances from the mesh model of the building we 
consider. 

Once the POIs are established, it is necessary to determine in 
what order it is best to visit them, which usually means the 
fastest. In the case of multiple robots, points must also be 
distributed among them accordingly. Obstacles must also be 
taken into account to ensure the trajectories are feasible. This 
class of problem is typically addressed through graph search 
methods: many formulations of the Traveling Salesman 
Problem (TSP) and its variations exist [22], where nodes 
describe the POIs in a graph and edges between such nodes 
represent all the possible pair-wise routes and their lengths. A 
series of nodes represents the solution, suitably characterised 
through constraints in an optimisation problem depending on 
the desired properties. The abstract nature of graph-based 
representation makes it a handy and versatile tool. The 
approaches that rely on it usually tailor it to suit their specific 
needs [23], such as addressing communication constraints [24] 
or planning particular trajectories for fixed-wing drones that 

avoid certain regions of space [25]. The complexity of the 
trajectory generation problem increases exponentially with 
both the number of POIs and the number of vehicles 
considered, due to the exponential growth of both the search 
space and the number of Subtour Elimination Constraints 
(SECs) [22]. Therefore some heuristics must be adopted to 
solve even medium-sized instances in a reasonable amount of 
time, and the guarantee of optimality is lost. In some of those 
cases, theoretical lower bounds on solution quality can be 
found [26]. Common generalisations of the TSP include its 
multi-agent version (mTSP) and the Constrained Vehicle 
Routing Problem (CVRP), where in addition to the features 
described previously, each vehicle is also assigned a maximum 
capacity, and each node of the graph represents a customer with 
its capacity demand. In this framework, capacity refers to the 
quantity of a certain good that the customers require, of which 
each vehicle can transport a limited amount. The objective here 
is to ensure that each vehicle has enough capacity to serve all 
customers along its route. In our formulation, we exploit this 
concept to ensure that each drone has enough battery life to visit 
all of its trajectory points, adopting the same mathematical 
expressions but a different interpretation. 

The probability of at least one drone failing increases with 
the number of deployed UAVs, and it is safe to address this 
issue at the mission planning level. Discussions of robustness 
and robust solutions to the CVRP are present in literature, but 
they focus on different aspects. Robustness is ensured against 
uncertainty on customer demand [27], on travel time [28] and 
on service times or other parameters [29], but not with respect 
to the failure of one of the vehicles. We study the effect of 
additional constraints specifically designed to take care of this 
issue and provide a strategy to determine what should happen 
in case of failure. 

We adopt clustering to simplify the overall problem, 
breaking up the set of all POIs into smaller subsets. Clustering 
is also a very well-known problem to which countless solutions 
have been proposed in the literature [30]. Since we aim at 
clustering together 3D points based on spatial proximity, we 
adopt k-means clustering [31]. 

3 PROBLEM FORMULATION 
We intend to solve a  problem determined by a 3D mesh model 
of the building to inspect, and a set of rules to generate the POIs 
from such a model. The rules depend on the kind of inspection 
and the type of sensor employed. Alternatively, one can provide 
the POIs directly. Also, the number M of UAVs available for 
the task should be specified. Both M and the number of points 
n belong to ℕ. The objective is to establish which points should 
be reached by which drone. In other words, we want to obtain 
a number of trajectories t ≤ M, such that each POI belongs to 
one trajectory only: 

 𝑝𝑖 ∈ 𝒫 ⊂  ℝ3  𝑖 = 1, . . . , 𝑛 (1) 

 𝑠𝑗 ⊂ 𝒫 | ⋃ 𝑠𝑗
𝑡
𝑗=1 = 𝒫 ∧

∧ 𝑠𝑖 ∩ 𝑠𝑗 = ∅  

𝑗 = 1, . . . , 𝑡 

𝑖, 𝑗 = 1, . . . , 𝑡;  𝑖 ≠ 𝑗, 
(2) 

where 𝑝𝑖  are the points of interest, 𝒫 is the set of all POIs and 
𝑠𝑗 is the j-th trajectory. Statement (2) imposes that the set of all 
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trajectories is a partition of the set of POIs 𝒫: each trajectory is 
a set of points belonging to 𝒫, they do not overlap and each 
point is assigned to a trajectory. 

The maximum trajectory length should be minimised so that 
the task can be carried out in the least amount of time possible. 
On the other hand, trajectories should also be computed in a 
reasonable time, meaning a few minutes at most. These two 
requirements are difficult to achieve (except for trivially small 
problems) with an approach that seeks the global optimum, 
because the complexity of the trajectory generation problem 
increases exponentially with the number of points and vehicles, 
as mentioned in the previous section. Therefore, to satisfy the 
second requirement, we shall introduce some heuristics, 
significantly reducing computational time at the cost of losing 
the guarantee of global optimality. In addition, the length of 
each trajectory must be compatible with the drones' maximum 
flight time, meaning that it should be possible to follow it 
entirely without stopping. Trajectories must also start and end 
at a user-defined starting point 𝑝𝑠 ∈  ℝ3. 

Finally, we want to ensure that the solution to the problem is 
robust with respect to the possibility of failure of one of the 
drones. This means that during the mission's execution, if one 
of the aircraft suddenly fails, it must be possible to assign to 
other UAVs the yet-not-visited POIs assigned to it, and still 
conclude the mission. In other words, there must always be a 
feasible solution to a new trajectory generation problem, based 
on the points that were not visited yet at the moment of the 
failure and with one less drone. 

4 METHODOLOGY 

 The building mesh 

Assuming we are inspecting the outside surface of a building, 
we start from a mesh model of its shell. We define a mesh 
model as a pair of lists: one comprising 3D points belonging to 
the structure, and another one containing subsets of indices of 
said points that are coplanar, thus defining a polygon in space. 
The set of surfaces in the list describes the building's external 

surface and is expected to be closed, i.e. given a point, it is 
always possible to know if it is inside, outside or on the surface. 
We shall refer to the two lists as mesh vertices and mesh faces. 

The mesh itself can either be exported from the CAD model of 
a building through suitable software or defined manually, 
provided its dimension correspond to those of the real object. 
To streamline calculations and without loss of generality, we 
use tri-meshes only, i.e. meshes whose faces are triangles. 
Furthermore, for simplicity we ensure that the normal vector to 
each face points towards the outside of the building. This 
information is encoded in the order of the subset's points, 
through the right-hand rule. 

The first property of a good mesh is that it correctly 
represents the building's shape because it will be used for 
collision checks. To this end, it should also contain the fewest 
faces possible, to ease the computational cost. In particular, we 
will perform checks to verify if, given a pair of points in space, 
the segment that connects them intersects the mesh. If it does, 
the segment is not a feasible trajectory for a UAV. On the other 
hand, the mesh components can be exploited in the generation 
of POIs, as detailed in the next subsection. Therefore, we 
choose to keep two meshes representing the same building. The 
first has as few faces as possible and is exploited for collision 
checking, while the second is obtained from the first by 
recursively splitting in half every mesh face with a surface area 
greater than a user-defined threshold, and it is used to 
automatically generate the POIs. 

If the building's CAD model is not available and the 
inspection goal is its generation, then the mesh of an outer 
bounding box might be used instead. It is also possible to add 
further details to the mesh, for example, encoding the building 
surface material in a face, which might be useful for some 
inspection tasks. 

Figure 1. The mesh of the considered building (West side). 

Figure 2. The building (East side), at the University of 
California campus, Los Angeles, considered in this study. 
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 Point generation and clustering 

The generation procedure for the POIs depends on the kind of 
inspection performed and the mounted sensors' specific 
properties. We simulated the planning of a photograph 
collection mission. To this end, the set of all points of interest 
𝒫 ⊂  ℝ3 is obtained by selecting a point for each face of the 
mesh. Each point is located at a certain distance 𝒹 from the 
centre of the mesh face, along its normal. Consequently, all 
POIs are equally distant from the building's surface, and they 
are denser where the structure exhibits a more complex shape, 
conveyed by a higher number of mesh faces. This method also 
allows us to associate a direction to each point, representing the 
sensor's desired orientation in that position. The natural choice 
in our case is to take as orientation the vector opposite to the 
face normal, to align the camera plane to the building's surface. 
A check is also performed to ensure that the point is not inside 
the building mesh. 

Since the number of points of interest n can easily be in the 
order of thousands, the trajectory generation problem cannot be 
solved over the whole set in a reasonable time. We thus 
introduce an heuristic, by dividing the set in an arbitrary 
number of clusters k, based on their spatial proximity. We then 
solve the problems of optimally traversing a cluster and 
optimally assigning clusters to drones separately. To perform 
the clustering step, we apply the k-means algorithm [31]. Such 
algorithm partitions the set of all points into a pre-defined 
number k of clusters. It ensures that each point belongs to the 
cluster with the nearest centroid, thus grouping together close 
points. This is a natural choice since we aim at minimising the 
time it takes to traverse each cluster visiting all points, and we 
can expect that in the global solution the optimal trajectory 
would be composed of consecutive points that are close to each 
other. We group the clusters in the set 𝒞 and add a special 
cluster 𝑐0, only comprising the starting point 𝑝𝑠, which will be 
instrumental to compute drone paths originating from and 
ending at such a starting location: 

 
𝑐𝑖 ∈ 𝒞          i = 1, …, k 

𝑐0  ≜  {𝑝𝑠}. 
(3) 

Finally, for each cluster, a graph is obtained. Each node in 
the graph represents a point in the cluster. Edges in the graph 
represent an obstacle-free path between two points. A pair of 
points is connected if they are sufficiently close, i.e. within a 
user-defined radius 𝑟. This reduces the number of edges in the 
graph without impacting the trajectory generation problem's 
solution quality. If an obstacle lies between the POIs, a path 
connecting them is found on an extended version of the same 
set of points: to the regular POIs in the cluster, we add a set of 
intermediate points, this time by calculating the normal to the 
vertices of the mesh and taking the point at distance 𝑑 along its 
direction. The normal of a vertex is the average of all the 
normal of the faces that include such vertex. The path between 
the two POIs is the series of obstacle-free paths that connects 
them passing through intermediate points if such a path exists. 

 The Constrained Vehicle Routing Problem 

Once the clusters have been determined, we build an undirected 
graph of clusters 𝒢, which we call the global graph: 

 
𝒢 = (𝒱, ℰ, 𝓌) 

|𝒱|  =  |𝒞|  = k +1 = K 

ℰ ⊆ 𝒱 × 𝒱;        |ℰ|   =  E  

𝓌 ∶  𝒱 ∪ ℰ ⟼  ℝ,  

(4) 

where 𝒱 is the set of its vertices or nodes, and ℰ is the set of 
edges that connect them. One node represents the starting 
position while the other k nodes represent one cluster each. 𝓌 
is a function that assigns a real value to each node, 
corresponding to the total length of the trajectory that optimally 
traverses cluster (recall that in problem (6) each node 
correspond to a cluster of points of the original path planning 
problem), and to each edge, in which case it represents the 
distance between two clusters. These weights are necessary to 
ensure that the union of all the trajectories of the clusters that 
will be assigned to a single drone will not be longer than the 
maximum span that UAV can travel. In order to assign a weight 
to each edge, we calculate the minimum distance between two 
clusters: 

 
𝓌(ℯ𝑖,𝑗) = 𝑚𝑖𝑛𝐷𝑖𝑠𝑡(𝑐𝑖 , 𝑐𝑗) 

ℯ𝑖,𝑗𝜖ℰ;        𝑐𝑖,𝑗 ∈ 𝒞,  
(5) 

where 𝑚𝑖𝑛𝐷𝑖𝑠𝑡(𝑐𝑎, 𝑐𝑏) returns the minimum distance between 
a pair of points such that one point belongs to 𝑐𝑎 and the other 
to 𝑐𝑏. These points will be candidate entry and exit points for 
the cluster, meaning that if both of the clusters will be assigned 
to the same UAV, the aircraft will traverse cluster a leaving the 
exit point last and begin crossing cluster b from the entry point. 
At this point, though, the order of traversal between clusters has 
not been established yet, therefore each cluster may contain 
many candidates. We solve the problem of assigning the 
clusters to the drones first, then, given the order of the clusters 
for each vehicle, we optimise its trajectory inside each of the 
single clusters separately. To solve the first problem, though, 
we need to assign a weight 𝓌(𝑐𝑖) to each cluster, before 
knowing exactly how the latter will be crossed. To assign a 
traversing cost to each cluster we take the length of the shortest 
Hamiltonian path between a randomly selected pair of 
candidates as an estimate of the total length of the ideal 
trajectory. The Hamiltonian path is defined as a path that visits 
each node of a graph only once. To eventually determine the 
actual travel distance of each drone, we solve solve the problem 
again after determining the clusters' order, this time knowing 
the actual entry and exit points. 

We formulate the problem of routing the aircraft through the 
clusters as a Constrained Vehicle Routing Problem (CVRP). Its 
objective is to find the optimal set of routes for a fleet of 
vehicles visit a given set of nodes. We introduce constraints to 
account for the limited flight time of the drones, expressed as a 
length (e.g. by assuming an average travel speed). We minimise 
the objective function 

 

min
𝑥

∑ ∑ ∑ 𝑙𝑖,𝑗𝑥𝑖,𝑗,𝑚

𝑀

𝑚 = 1

𝐾

𝑗 = 1

𝐾

𝑖 = 1

 (6) 
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where 𝑥𝑖,𝑗,𝑚 is a Boolean optimisation variable. Its value is one 
if the edge connecting nodes i and j of the graph 𝒢 is assigned 
to vehicle m. The value of 𝑙𝑖,𝑗 contains both the weight of the 
edge ℯ𝑖,𝑗 and that of cluster j: 

 
𝑙𝑖,𝑗  =  𝓌(ℯ𝑖,𝑗)  +  𝓌(𝑐𝑗). (7) 

Note that (6) minimises the sum of trajectory lengths across all 
UAVs. Another reasonable choice would be to minimise the 
longest individual trajectory. We explore also this option and 
compare it with the use of cost function (6) in our simulation 
results (see Section 5). The following constraints are added: 

 

∑ ∑ 𝑥𝑖,𝑗,𝑚

𝑀

𝑚 = 1

 =  1

𝐾

𝑖 = 1

 𝑗 =  2, . . . , 𝐾 (8) 

 
∑ 𝑥𝑖,𝑝,𝑚 

𝐾

𝑖 = 1

=  ∑ 𝑥𝑝,𝑗,𝑚 

𝐾

𝑗 = 1

  𝑝 =  2, . . . , 𝐾; 

𝑚 =  1, . . . , 𝑀 

 (9) 

∑ ∑ 𝑙𝑖,𝑗𝑥𝑖,𝑗,𝑚

𝐾

𝑗 = 1

≤ �̅�

𝐾

𝑖 = 1

    𝑚 =  1, . . . , 𝑀. (10) 

Eq. (8) ensures that for every cluster except the starting node, 
only one vehicle enters it, while eq. (9) imposes that if a vehicle 
enters a node, then the same vehicle must exit. Finally eq. (10) 
limits the total length of the tour for each vehicle to a maximum 
pre-defined capacity �̅�. At this point one should add Sub-tour 
Elimination Constraints, in one of the forms that exist in the 
literature [22]. These are necessary as they exclude from the set 
of feasible solutions those that contain sub-tours, i.e. loops that 
do not pass from the starting point. Since this would mean 
adding at least hundreds of constraints, with the risk of 
significantly increasing the solution time, we chose a different 
approach to eliminate subtours from the solution: we solve the 
problem once as stated and, if at least one subtour is present, 
solve the problem again adding constraints to remove that 
specific subtour from the feasible solutions. This approach is 
applied by identifying the set 𝑁𝑠𝑢𝑏 ⊂ 𝒱 ∖ {𝑣0} of nodes 
belonging to the subtour (𝑣0 is the node corresponding to the 
starting cluster 𝑐0) and imposing that within that subset of 
nodes at most |𝑁𝑠𝑢𝑏|  −  1 edges are taken: 

∑ ∑ 𝑥𝑖,𝑗,𝑚  ≤

𝑗 ∈ 𝑁𝑠𝑢𝑏𝑖 ∈ 𝑁𝑠𝑢𝑏 

 |𝑁𝑠𝑢𝑏| − 1 𝑚 = 1, . . . , 𝑀. (11) 

The solution of this CVRP essentially assigns clusters to 
drones and orders them. Once the ordering is known, the entry 
and exit points to each cluster are also known. Therefore it is 
possible to find the optimal trajectory by solving once again for 
the shortest Hamiltonian path, as already anticipated. The final 
result is a set of 𝑀 loop trajectories leaving from the starting 
point 𝑝𝑠 and crossing all POIs. 

 Robustness 

To add robustness to the solution against the failure of a single 
aircraft, we introduce new constraints. In principle, we want to 
ensure that, should an UAV fail, the remaining ones have 
enough combined capacity to cover the trajectory section that 
the failed drone did not manage to cover. Let us then define the 
residual capacity of drone 𝑚 as 

 

𝑄𝑚
∗ = �̅�  −  ∑ ∑ 𝑙𝑖,𝑗𝑥𝑖,𝑗,𝑚

𝐾

𝑗 = 1

𝐾

𝑖 = 1

 (12) 

which represents the capacity left at the end of the planned 
mission, assuming without loss of generality that the total 
capacity �̅� is the same for all the aircraft. We shall then impose, 
for each drone, 

 ∑ 𝑄𝑚
∗

𝑀

𝑚 = 1
𝑚 ≠ 𝑝

≥  ∑ ∑ 𝑙𝑖,𝑗𝑥𝑖,𝑗,𝑝

𝐾

𝑗 = 1

𝐾

𝑖 = 1

 𝑝 = 1, . . . , 𝑀. (13) 

If the assumption of equal maximum capacity across drones 
holds, applying the definition of residual capacity (12) yields 
𝑀 identical copies of the same constraint: 

 
∑ ∑ ∑ 𝑙𝑖,𝑗𝑥𝑖,𝑗,𝑚

𝑀

𝑚 = 1

𝐾

𝑗 = 1

𝐾

𝑖 = 1

≤ (𝑀 − 1)�̅� (14) 

essentially asking that the sum of all residual capacities is at 
least equal to �̅�. If a drone fails and stops following its 
trajectory the same CVRP can be solved after imposing 𝑀 =
𝑀 − 1, removing the robustness constraints and updating the 
graph by eliminating the nodes representing clusters that the 
failed drone had previously visited entirely. In the worst-case 
scenario, the UAV fails at the start of the mission, before 
visiting any cluster, but the new problem still has lower 
complexity than the original one, as reducing the number of 
drones also decreases the number of optimisation variables.  In 
order to ensure that the second problem has at least a feasible 
solution, though, it might be necessary to add more 
conservative constraints on capacity. This is because the 
residual capacity is distributed among multiple aircraft, instead 
of a single one. On the other hand we know that in the worst-
case scenario, the UAVs left functioning can at least complete 
the trajectory assigned to them in the first iteration and then 
visit the nodes previously assigned to the failed drone. In that 
case, we must also make sure that they have enough capacity to 
travel back to the starting point. One way to solve this issue is 
to take the maximum distance 𝐿 between the starting point and 
a cluster, across all clusters, and add that to the minimum 
residual capacity each drone must have. To this end we replace 
�̅� with 𝑄𝐿

̅̅ ̅ = �̅� − 𝐿 in the first formulation of the problem. This 
way we ensure that 

 𝑄𝑚
∗  ≥  𝐿 𝑚 = 1, . . . , 𝑀. (15) 

and each drone can travel back to the starting point after 
completing the new mission. 
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5 RESULTS 
All simulations were run in Matlab, installed on Ubuntu 20, on 
a machine with an i7-9750H 2.6 GHz processor. Hamiltonian 
pathfinding instances were solved by adding a temporary node 
to the considered graph with only two connections, the chosen 
starting and ending point, and solving the Traveling Salesman 
Problem (TSP) starting from the temporary node through the 
LKH 3.0 heuristic [32]. CVRPs were solved with IBM CPLEX 
solver for Matlab.  

We considered a building from the University of California 
Campus, in Los Angeles (see Figure 2), with mesh model 
shown in Figure 1 and 1279 POIs. First of all, we analysed the 
behaviour of total length of the trajectories, which is minimised 
through the cost function, with respect to the number of 
clusters. Figure 3 shows that the solution's quality is roughly 
independent of the number of clusters from a certain point on. 
This means there is no gain and more importantly, no loss in 
increasing the number of clusters from this standpoint. It also 
suggests that clustering still leaves globally near-optimal 
solutions feasible in this framework. Attempting to solve the 
intra-cluster trajectory planning problem first and the inter-
cluster drone assignment second is a faster approach, as it only 
entails solving the TSP once but solving it without knowing the 
optimal entry and exit points of each cluster yields worse 
solutions, which also get worser as the number of clusters 
increases. On the one hand, keeping the number of clusters 𝐾 
low reduces the complexity of the CVRP, but on the other, it 
makes the trajectory planning within the clusters more time 
consuming, as the clusters contain more points. The 
computational time required to solve the CVRP and the TSP 
increases exponentially as the number of nodes in their graph 
grows. Figure 4 illustrates this behaviour. The same can be 
deduced from Figure 5, since the number of nodes per cluster 
decreases as the number of cluster increases. Furthermore, a 
high number of smaller clusters is beneficial for their 
distribution among drones, because it allows the path planner 
to better exploit the available capacity of each unit and to obtain 
a more robust solution. 

Solving the problem with an imposed number of drones, by 
extending constraint (8) to apply to the starting node with the 
desired number of vehicles, shows that the problem gets more 
complex with respect to the number of vehicles 𝑀, as expected. 
This is compatible with the observation that the number of 

optimisation variables is 2𝐸𝑀. The total length also increases 
with 𝑀, as the path length from the starting point to the first 
and last clusters visited by each drone is non-negligible. 

We also attempted minimising a different cost function, i.e. 
the length of the longest among trajectories: 

 

min
𝑥

max
𝑚

∑ ∑ 𝑙𝑖,𝑗𝑥𝑖,𝑗,𝑚

𝐾

𝑗 = 1

𝐾

𝑖 = 1

 (16) 

This yields solutions with much more evenly distributed 
workloads, thus also minimising mission length (see Figure 8). 
Unfortunately, for min-maxing to work, it is necessary to add a 
threshold variable in the optimisation, transforming a Binary 
Integer Linear Problem in a Mixed Integer Linear Problem, 
which severely impacts the solution (see Figure 5). To decrease 

              
N m e  o  c  ste s

    

    

    

    

    

    

To
ta

  s
pa

n 
 m

 

   e ic es
   e ic es
   e ic es

Figure 3. Sum of the lengths of all trajectories as a function of 
both the number of clusters and the number of drones. 
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Figure 6. Total of solution time of TSP problems, as a function 
of both number of clusters and number of drones.  
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Figure 4. CVRP solution time as a function of both number of 
clusters and number of drones. The y-scale is logarithmic. 
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Figure 5. CVRP solution times in min-max formulation. Note 
how they rise much quicker with respect to the number of 
clusters. Simulations with high number of clusters were not 
carried out. 
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problem complexity, it is also useful to limit the number of arcs 
in the graph by only connecting clusters whose distance is 
below a certain threshold or completely separated by obstacles. 

6 CONCLUSIONS AND FUTURE WORK 
We provide a framework to coordinate multiple aircraft to visit 
a set of points of interest related to a building, with the goal of 
carrying out a given data-collection task. The presented 
approach makes the problem tractable in reasonable time. The 
cost we pay is losing the possibility of reaching the globally 
theoretically optimal solution of the problem in the general 
case, but we deem the quality of the solutions we obtain 
reasonable. This result is obtained by clustering the points of 
interest and solving the trajectory generation and point 
assignment problems separately, making the approach more 
scalable and reducing the computational time by several orders 
of magnitude. Both problems are stated as integer optimisation 
problems. Collision avoidance is ensured through space 
discretisation and path planning over an undirected graph at a 
local level. Robustness is addressed through a unique 
formulation of the CVRP where some constraints are added. 

While the solution time in this formulation is not low enough 
for real-time use with a finite horizon control technique, we 
deem it reasonable for a dynamic mission planner with 
occasional on-line replanning. To impact such time, we are now 
considering heuristic solvers for the CVRP problem, where a 
feasible solution is built iteratively from a carefully selected 
starting point to find a sufficiently good solution in a much 
shorter time. We are also studying smart clustering 
mechanisms, such as the one proposed in [26], where clusters 
are identical, and they appear in an ordered and less connected 
graph structure, thus allowing the solution of the local 

trajectory generation problem to be found once and applied to 
all clusters. 
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ABSTRACT: Traditional algorithms for the identification of dynamic parameters based on vibrational structural response 
generally involve strict assumptions about stationarity and may not be suitable for time-varying systems. Therefore, there is a 
tendency to discard the measurements of the structural response collected during short-time events, such as train passages on 
bridges. The response to a strong event may however include valuable information about structural features that cannot be 
observed in low-excitation scenarios. Moreover, a strong excitation typically generates a higher-amplitude structural response, 
which is particularly convenient when using low-cost instrumentation for data collection that is usually characterized by low 
sensitivity. In this paper, dynamic parameters of bridges during the passage of trains are identified by fitting the structural response 
to a simplified analytical model specialized for railway applications. The efficacy of a damage index based on the fitting residuals 
is investigated using a numerical study, simulating the use of an event-triggered smart sensing system. Applying the proposed 
method, damage detection can be achieved using a single low-cost sensing node. 

KEY WORDS: Damage Identification; Dynamic Identification; Railway Bridge; Train Load; Smart Sensor.

1 INTRODUCTION 
Vibration-based structural health monitoring (SHM) is a widely 
used non-invasive approach for assessing the state of health of 
civil structures through the identification of their dynamic 
parameters and evaluating their evolution over time [1–4]. 
However, during short events that generate high-intensity 
responses, such as the passage of a train on a railway bridge, 
the non-stationarity of the structural response violates the basic 
assumptions behind the traditional algorithms for system 
identification. For this reason, recordings collected in the time 
of the train passage are generally discarded when the evaluation 
of the structural integrity in railway bridges is concerned. 

However, the structural response to strong excitation presents 
several advantages for SHM applications. First, it includes 
valuable information about structural features that cannot be 
observed in low-excitation scenarios. This is the case of the 
presence of nonlinearities or structural flaws (e.g., breathing 
cracks in reinforced concrete bridges or defects in the constraint 
systems) which are highlighted by large displacements. 
Second, the high amplitude response which is typically 
generated by high excitation levels is less affected by noise 
compared to ambient vibration measurements. This is 
beneficial, e.g., when low-cost instrumentation, characterized 
by large noise floor, is employed. Not least, high amplitude 
vibration is particularly interesting when energy harvesters are 
employed [5,6]. For these reasons, new system identification 
methods have been recently proposed to identify structural 
parameters in the presence of nonstationary inputs, narrow-
band disturbances, or seismic events [7–9].  

Recent studies have been conducted for the identification of 
dynamic features of civil infrastructures with moving loads 
[10–12], as well as moving sensors (namely, inverse SHM) 
[13–15]. In particular, studies on railway bridges highlighted 
the complexity of the train-bridge coupling problem [16]. 

Trains and bridges, as separate subsystems, are characterized 
by specific dynamic properties. During the train passage over 
the bridge, the two subsystems vibrate together. Vehicle-bridge 
interaction (VBI) models have been successfully applied to 
identify structural features, such as the dynamic stress state 
[17], which may be employed for the evaluation of fatigue-
induced damage [18]. The first studies in this field were 
conducted modeling the passing trains as moving constant 
forces. The nature of moving forces was later refined using 
harmonic functions by Timoshenko [19]. The dynamic 
interaction between the train and bridge was also addressed in 
further studies, first accounting for the contribution of the 
moving train in the balance of inertial forces [20,21], and then 
considering the damping introduced by the vehicle suspension 
system [22]. With the technology development that opened the 
possibility of using increasingly complex finite element models 
(FEMs), multi-body systems have been studied to build 
accurate train models. In the latest studies, track dynamics have 
been included into the vehicle-track-bridge dynamic interaction 
model, which present a considerable number of sprung and 
unsprung masses [23–25]. A detailed review on the state of the 
art of VBI models is reported in [26]. 

Recent VBI models involve several degrees of freedom and 
require complete knowledge of the parameters underlying the 
behavior of the passing vehicle. However, model-based 
approaches are generally unsuitable for continuous monitoring 
of structural integrity. Data-driven approaches have been 
presented to achieve early damage detection, mainly based on 
neural networks, machine learning, and statistical models [27]. 

Smart sensing solutions with edge computing capacity are 
becoming widespread in SHM applications. These 
technologies can be exploited to perform simple signal 
processing procedures onboard the sensing device before 
transmission, in order to reduce the overall payload size. It is 
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indeed well known that wireless transmission is typically the 
most demanding process for smart nodes in terms of power 
consumption and should be minimized to avoid frequent 
battery replacement. The fast Fourier transform (FFT) is one of 
the most popular algorithms employed for data processing 
onboard low-cost microcontrollers [28]. Several electronics 
manufacturers provide optimized libraries to perform this 
transform efficiently using the commercial hardware typically 
employed in the construction of smart sensing nodes. 
Moreover, field-programmable gate arrays (FPGA)-based 
implementations have been largely employed for this purpose 
[29]. 

The train load depends on several factors, such as vehicle 
weight, speed, and geometrical properties. The knowledge of 
some of these quantities, together with the measurement of 
vibration time histories collected during the train passage, can 
be used to estimate structural features. Specifically, the 
spectrum of acceleration time histories collected on railway 
structures during the passage of trains has a distinct pattern with 
peaks occurring at constant spacing. Milne et al. [30] 
implemented this concept to identify the features of the rail 
support system for track condition monitoring.  

In this paper, a novel approach for the estimation of 
equivalent flexural inertia of bridges is proposed. Moreover, an 
additional damage-sensitive feature is defined in terms of the 
fitting residual between the recorded structural response and a 
simplified analytical fitting model specialized for railway 
applications with moving loads. The fitting residual is 
computed using the acceleration time history collected by a 
single sensing node. The proposed method, together with its 
sensitivity to the density of the instrumentation, is investigated 
using a numerical simulation. 

The monitoring approach proposed in this paper is suitable 
for event-triggered low-cost sensors that wake up at the train 
passage, acquire the high-amplitude structural response, 
transmit relevant data to a computing station, and turn back into 
the sleeping mode to save battery. 

2 MODEL OF THE BRIDGE RESPONSE 
The effects generated by a train in motion on a railway bridge 
mainly consist of three phenomena: (1) track and bridge 
deflections produced by moving steady loads, (2) dynamic 
excitation due to the track unevenness or wheel flaws, and (3) 
noise, which is generally concentrated at medium-high 
frequencies of the response spectrum. The first phenomenon 
mainly generates a distinct pattern that depends on the train 
features in the low-frequency range of the structural response 
[30]. Specifically, equally distributed prominent peaks are 
generated by the repeated loading transmitted by the train 
coaches [31]. The peak spacing depends on the train speed [32], 
while their amplitudes are mainly governed by the axle spacing 
of vehicle bogies [33].  

A simplified model of the structural response to the train load 
can be obtained by combining a loading function, that depends 
on the train geometry, with the response of the bridge to a single 
moving load. Two alternative approaches for deriving a closed-
form of this analytical model consist of neglecting either the 
mass of the train or the mass of the bridge [34]. The interaction 
between the two elements or more complex models taking into 
account the contribution of the rails has been discussed in the 

literature [23–25]. The approach presented in this paper is 
based on the following assumptions: 

1) The mass of the train is negligible compared to the mass 
of the bridge; 

2) The bridge is modeled as a simply supported beam with 
uniform cross-section and constant mass per unit length; 

3) The load moves at a constant speed; 
4) The train length is infinite. 
The first assumption makes this method particularly suitable 

for large, reinforced concrete (RC) infrastructures, where the 
cross-section of RC beams is typically constant and the mass is 
uniformly distributed. This makes the second assumption 
automatically satisfied. The third assumption is generally 
satisfied thanks to the speed limitations imposed on trains when 
crossing civil infrastructures. The fourth assumption imposes 
to consider the load function as an unlimited train of impulses. 
However, as it will be shown in the application reported in this 
paper, a peak picking procedure in the frequency response 
spectrum makes this assumption unnecessary for practical 
applications. 

Considering a bridge span modeled as an Euler-Bernoulli 
simply supported beam, the vertical displacement 𝑢 at location 
𝑥 and time 𝑡 due to a unitary load, moving at constant speed 𝑣, 
can be written as [34]: 

 𝑢(𝑥, 𝑡) =
𝑙3

48𝐸𝐽
∑ 𝜑𝑘(𝑥)[𝑠𝑘(𝑡) − 𝑑𝑘(𝑡)]∞

𝑘=1  (1) 

where the functions 𝜑𝑘(𝑥), 𝑠𝑘(𝑡), and 𝑑𝑘(𝑡) are respectively 
the 𝑘-th mode shape function of the structure, the quasi-static 
effect due to the moving load, and the dynamic effect consisting 
of an exponentially decaying harmonic function, defined as: 

 𝜑𝑘(𝑥) =
1

𝑘2(𝑘2−𝛼2)
sin (

𝑘𝜋𝑥

𝑙
) (2) 

 𝑠𝑘(𝑡) = sin (
𝑘𝜋𝑣𝑡

𝑙
) ∏ (

𝑣𝑡

𝑙
−

1

2
) (3) 

 𝑑𝑘(𝑡) =
𝛼

𝑘
𝑒−𝜉𝜔𝑘𝑡 sin(𝜔𝑘𝑡) (4) 

In the equations above, ∏(𝑡) is a rectangular function, 𝑙 is 
the length of the span, 𝜉 is the modal damping (assumed to be 
equal for all the vibration modes), 𝐸 is the elastic modulus of 
the material, and 𝐽 is the moment of inertia of the equivalent 
transversal section of the bridge. Besides, the 𝑘-th circular 
frequency 𝜔𝑘 of the bridge and the dimensionless parameter 𝛼 
are, respectively: 

 𝜔𝑘 =
𝑘2𝜋2

𝑙2 √
𝐸𝐽

𝜇
 (5) 

 𝛼 =
𝑣𝑙

𝜋
√

𝜇

𝐸𝐽
 (6) 

where 𝜇 is the mass per unit length of the beam. The presence 
of a rectangular function in Eq. (3) is justified by the fact that 
the support of the 𝑠𝑘(𝑡) function (i.e., the subdomain where this 
function is different from zero) is limited to the duration of the 
passing load, while 𝑑𝑘(𝑡) is exponentially decaying on 
unlimited support. 

It should be noted that 𝜑𝑘(𝑥) and 𝑠𝑘(𝑡) are functions that 
depend on the specific structural scheme. In this study, the 
simply supported beam is selected since most of the RC railway 
bridges are formed of isostatic beams. However, different 
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models can be considered to extend the applicability of the 
proposed method. 

The frequency response �̈�(𝑥, 𝑓) of the vertical acceleration 
of the beam at location x can be calculated by applying the 
Fourier transform to the double derivative (with respect to time) 
of Eq. (1), obtaining 

  �̈�(𝑥, 𝑓) =
𝑙3

48𝐸𝐽
∑ 𝜑(𝑥)[�̈�𝑘(𝑓) − �̈�𝑘(𝑓)]∞

𝑘=1  (7) 

where �̈�(𝑥, 𝑓), �̈�𝑘(𝑓), and �̈�𝑘(𝑓) are the Fourier transforms of 
the double derivatives of 𝑢(𝑥), 𝑠𝑘(𝑡), and 𝑑𝑘(𝑡), respectively. 
The expressions of the last two can be derived as follows: 

  �̈�𝑘(𝑓) = −
𝜋𝑣𝑘3𝑒

𝑖𝜋(
𝑘−1

2 −
𝑙𝑓
𝑣 )

2𝑙(
𝑙2𝑓2

𝑣2 −
𝑘2

4
)

sin (
𝜋𝑙𝑓

𝑣
−

𝑘𝜋

2
) (8) 

  �̈�𝑘(𝑓) =
𝛼

𝑘

𝜔𝑘
3(1+𝜉2)+4𝑖𝜋𝜉𝜔𝑘

2𝑓

𝜔𝑘
2+(𝜉𝜔𝑘+2𝑖𝜋𝑓)2  (9) 

where 𝑖 indicates the imaginary unit. 
The load function (i.e., the load in time observed at a physical 

point of the structure) related to a single-wagon train, modeled 
as in Fig. 1(a) and assuming a load 𝑃 for each wheel axle, can 
be written as a sum of shifted Dirac delta functions with spacing 
depending on the geometry of the train. The Fourier transform 
of the load function can thus be expressed as [30]: 

  𝑄𝑠(𝑓) = 4𝑃 cos (
𝜋𝐿𝑏𝑓

𝑣
) cos (

𝜋𝐿𝑤𝑓

𝑣
) (10) 

where 𝐿𝑏 and 𝐿𝑤 are the bogie spacing and the axle spacing, 
respectively. The function 𝑄𝑠(𝑓) is represented in orange in 
Fig. 1(b). Considering an ideal train formed of an infinite 
number of equal wagons, in the frequency domain, the periodic 
load function can be expressed as a Fourier series: 

  𝑄(𝑓) = ∑ 𝑄[𝑛]𝛿(𝑓 − 𝑓𝑛)+∞
𝑛=−∞  (11) 

where 𝑓𝑛 indicates the 𝑛-th positive multiple of the wagon 
passing frequency, defined as 𝑓1 = 𝑣/𝐿𝑣 , and 𝐿𝑣 denotes the 
wagon length. 𝑄(𝑓) is represented in blue in Fig. 1(b). It should 
be noted that the frequencies of the loading function only exist 
in 𝑓𝑛 [30]. Moreover, at these frequency values, the blue and 
orange lines locally coincide. 

The coefficient 𝑄[𝑛] of Eq. (11) is given by: 

  𝑄[𝑛] = 4𝑃𝑓1 cos (
𝜋𝐿𝑏𝑛

𝐿𝑣
) cos (

𝜋𝐿𝑤𝑛

𝐿𝑣
)  (12) 

Assuming an elastic linear behavior and small displacements, 
the Fourier transform of the acceleration structural response 
can be easily modeled as the product of the frequency spectra 
of the two components shown in Eq. (7) and Eq. (11): 

  �̈�(𝑥, 𝑓) = �̈�(𝑥, 𝑓)𝑄(𝑓) (13) 

It should be noted that, due to the nature of the load function 
(i.e., the train is assumed as unlimited), �̈�(𝑥, 𝑓) has non-zero 
terms only at 𝑓𝑛, with positive integer 𝑛 values. However, in 
real applications, an approximation of �̈�(𝑥, 𝑓) can be obtained 
by calculating the peaks of the Fourier spectrum of the steady-
state part of the structural response collected during the passage 
of a finite train, i.e., considering only the values corresponding 
to the 𝑓𝑛 frequencies, which locally coincide with the 
theoretical response to an infinite train. 

 
Figure 1. Train excitation in space/time (a) and frequency 
(b) domain. 

3 IDENTIFICATION AND DAMAGE DETECTION 
STRATEGY 

The Fourier spectrum of the bridge response �̈�(𝑥, 𝑓)  in Eq. 
(13) depends on the geometry and weight of the passing trains 
(𝐿𝑏 , 𝐿𝑤 , 𝐿𝑣 , 𝑃), on the mechanical, inertial and geometrical 
characteristics (𝐸, 𝜇, 𝐽, 𝑙) of the bridge (equivalent beam), and 
the train passing frequency 𝑣/𝐿𝑣.  

In this paper, it is assumed that the time history �̈�𝑟(�̅�, 𝑡) of 
the bridge response in terms of acceleration is recorded at the 
location �̅� on the bridge deck. Its Fourier transform �̈�𝑟(�̅�, 𝑓𝑛) 
calculated at 𝑓𝑛 frequencies can be used, combined with the 
model of Eq. (13), to solve a minimization problem aimed at 
identifying unknown parameters of the bridge. Let 𝐩 indicate 
the vector collecting all the parameters of the train and the 
bridge that appear in Eq. (7) and Eq. (11). The minimization of 
the difference 

  ∆(�̅�, 𝑓𝑛, 𝐩) = �̈�𝑟(�̅�, 𝑓𝑛) − �̈�(�̅�, 𝑓, 𝐩) (14) 

provides the optimal values of the unknown parameters of the 
model (13). 

Under the assumptions mentioned in the previous section, 
since �̈�𝑟(�̅�, 𝑓) presents periodic peaks at multiples 𝑓𝑛 of the 
wagon passing frequency, a simple peak detection process can 
identify the frequencies of the spectral peaks and their 
amplitudes. This procedure can be easily carried out onboard 
the nodes upon performing the FFT, thereby reducing the 
amount of information to transmit. In this case, such 
information includes only  𝑓𝑛 and the amplitudes of the spectral 
peaks. 

As a practical example, this procedure can be used to estimate 
the flexural rigidity 𝐸𝐽 of the bridge if the geometric parameters 
of the bridge and the train, together with the train weight are 
known. While the geometry of the structure is possible to 
measure easily and is typically available when installing 
monitoring systems, the parameters related to the moving train 
load can be evaluated by consulting the train timetables for 
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identifying the train type. Besides, an estimate of the train 
weight can be obtained by considering the capacity of 
passenger trains or the declarations issued by transport 
companies for freight loads. 

Any variation of the structural behavior generated, e.g., by 
structural damage, makes the identified spectral peaks deviate 
from the baseline model, thus generating a different optimal 𝐸𝐽 
parameter upon minimizing the difference of Eq. (14). 
However, a variation of the elastic modulus may also be 
generated by environmental sources that cannot be classified as 
“damage”. In the operational modal analysis, it is indeed well-
known that temperature affects natural frequencies and mode 
shapes of structures [35]. In this study, the variation of the 
elastic modulus generated by temperature effects is assumed as 
uniform in all the physical points of the structure. It should be 
noted that a uniform variation of the parameter 𝐸 does not 
conflict with the model assumed (i.e., the simply supported 
beam with constant cross-section). On the other hand, structural 
damage typically involves localized modifications that are not 
accounted for in the employed analytical model. The residuals 
∆(�̅�, 𝑓𝑛, 𝐩) obtained when attempting to fit the spectral peaks to 
the model �̈�(�̅�, 𝑓, 𝐩) will therefore be generally higher in the 
case of local damage – compared to environmental scenarios – 
due to the inherent difference between the real structure and the 
uniform beam assumed in the model.  

Therefore, the residuals are likely to be more sensitive to 
localized structural damage compared to the flexural rigidity 
parameter (which also varies with temperature) and can thus be 
employed as an alternative damage-sensitive feature. 

The proposed method can theoretically be applied using a 
single sensor. However, multiple acquisition nodes can be 
employed to improve the identification results and mitigate the 
effects of noise that affect each measurement. In this case, the 
sum of the residuals evaluated at every instrumented location 
can be used as a damage index. 

4 APPLICATIONS 
In this section, the effectiveness of the proposed method to 
identify the equivalent flexural rigidity and detect structural 
damage is investigated using a numerical case study. In 
particular, a 57.4 𝑚 long simply supported beam with a 
uniform cross-section having a flexural rigidity of 3.8416 ∙
108 𝑘𝑁𝑚2 and a mass per unit length equal to 4.4 𝑡𝑜𝑛/𝑚 is 
considered. The beam is excited by a train formed of 40 wagons 
moving with a constant velocity which equals 19 𝑚/𝑠2. The 
dimensions of the train, according to Fig. 1, are 𝐿𝑣 = 14 𝑚, 
𝐿𝑏 = 9 𝑚, and 𝐿𝑤 = 1.9 𝑚, while the axle load is equal to 
190 𝑘𝑁, simulating a freight train. The modal damping is 
assumed as 0.02. A scheme of the structural model is reported 
in Fig. 2, together with the location of the accelerometers 
considered in this study, which are deployed in the vertical 
direction. The structural response is collected with a sampling 
frequency of 200 𝐻𝑧. Dense instrumentation consisting of 11 
sensing nodes is used to study the dependence of the results on 
the sensor location. However, few nodes may be considered in 
real implementations and, theoretically, one is enough for 
damage detection. 

Three damage scenarios are modeled through a localized 
decrement of the flexural rigidity between sensors 6 and 7 of 

10%, 20%, and 30% with respect to the reference values. These 
configurations are called D1, D2, and D3, respectively. 

 

 
Figure 2. Structural scheme of the numeric benchmark and 
sensor layout. Dimensions in meters. 

To account for the effects of the variation of the mechanical 
properties of the beam due to sources other than damage (e.g., 
temperature), a uniform variation of ±3% of the elastic 
modulus 𝐸 of the beam has been considered. These two 
conditions will be addressed as ‘Hot’ and ‘Cold’ conditions, in 
the following.  

In Fig. 3, the acceleration response to a unitary moving load 
collected at sensor location 3 and its frequency spectrum 
�̈�(𝑥, 𝑓) are reported. It should be noted that, in the frequency 
domain, the structural response almost coincides with the 
transfer function of the structure. Indeed, the term �̈�𝑘(𝑓), 
related to the quasi-static effects, affects only the low-
frequency (typically, the sub-hertz) range of the response 
spectrum. 

 

 
Figure 3. Structural response at location 3 to a unitary moving 
load in time (a) and frequency (b) domain. 

Conversely, Fig. 4 shows the structural response 𝑌(𝑥, 𝑓) to 
the train passage, both in the time and frequency domain. The 
spectrum of the full train response is calculated considering 
only the steady-state interval of the signal collected at location 
3. This portion of the signal is highlighted in Fig. 4(a) using 
dashed vertical lines. It is possible to notice how the peaks of 
the response spectrum of the full train (blue line) punctually 
coincide with the spectrum of a single wagon (orange line) at 
frequencies 𝑓𝑛. Due to their high amplitudes, these peaks are 
particularly robust to instrumentation noise. Moreover, their 
sharpness makes a peak picking procedure particularly suitable 
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for extracting the peak amplitude features. Nevertheless, slight 
frequency shifts may affect the efficacy of the fitting procedure. 
Such changes may be due both to the variation of the load 
parameters (i.e., the speed of the train or the presence of wagons 
with a different geometry) and to environmental effects that 
affect the structural behavior. In Fig. 5, the variation of the 
response spectrum at location 3 in the Hot and Cold conditions 
is reported. Slight effects can be observed at low frequencies, 
while the shift of the peak in the structural response is more 
accentuated at the higher frequencies. 

 

 
Figure 4. Structural response to a crossing train in time (a) and 
frequency (b) domain. 

 

 
Figure 5. Effect of a uniform variation of the elastic modulus 
on the structural response. 

To simulate the use of low-cost MEMS sensing devices, the 
collected signals have been polluted with high-intensity 
Gaussian white noise with a standard deviation equal to the 
20% of the standard deviation of the structural response. 

The peaks extracted from the Fourier transform of the 
structural response are used to compute the residual function 
defined in Eq. (14). All parameters of the vector 𝐩 are kept 
constant except for the flexural rigidity 𝐸𝐽 which is determined 
by solving the minimization problem formulated as a least-
squares problem. The procedure is applied for each considered 
damage scenario, environmental condition, and instrumented 
location. Fig. 6 shows the response spectrum at location 3 

(continuous line) computed using the optimal parameter (𝐸𝐽) 
for the baseline condition, as well as scenarios D3 and Hot. 

 

 
Figure 6. Response spectra (solid) and residuals (dashed) 
calculated at sensor 3. 

The red circles indicate the peaks extracted from the signal 
recorded at the same location and scenario. The residuals 
corresponding to the three scenarios are reported in the same 
figure with dashed lines. The residuals of the baseline and the 
Hot conditions are comparable, while for the damaged 
condition the values are higher in the frequency range around 
18 𝐻𝑧, corresponding to the second vibration mode of the 
structure. 

The residuals evaluated for all the sensor locations are 
represented in Fig. 7 as a surface. Higher values can be 
identified at the locations of the maxima of the mode shapes of 
the structure, namely, sensor 6 for the first and third modes (i.e., 
close to peaks 2 and 30), and sensor 3 for the second mode (i.e., 
close to peak 12). Moreover, as damage increases, the residuals 
generally become higher, while modest values are mostly 
identified in the environmental conditions. 

 

 
Figure 7. Residuals for all the sensing locations in damaged (a) 
and environmental (b) conditions. 

The identified values of flexural rigidity are reported in Fig. 
8 where solid circles indicate the average values calculated 
considering the estimates of all the sensors, while empty circles 
represent the punctual estimates at sensor 3. It should be noted 
that, although considerable noise is included in the recorded 
signal, the results are similar in the two sensors setup (all or just 
one sensor). However, slight superior accuracy is obtained for 
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the baseline value when all the sensors are considered. This is 
due to the noise compensation effects given by redundancy in 
the estimation, i.e., the effects of noise that affect each 
measurement are mitigated on a large set of identified 
parameters. In Fig. 8, the horizontal lines indicate the value of 
flexural rigidity corresponding to the Hot and Cold 
configurations (±3% uniform variation of 𝐸). Specifically, 
solid lines refer to the values obtained using the dense sensing 
configuration, dashed lines refer to the single sensor setup. 
These values of the elastic modulus, which correspond to 
temperature variations in the range 15 ± 30°𝐶 [35], could 
make damage identification unreliable if the flexural rigidity 
was assumed as the damage-sensitive feature. However, the 
damage index is here defined in terms of the residual computed 
using Eq. 14.  

 

 
Figure 8. Estimated flexural rigidity for each damage scenario 
using all sensors and only sensor 3. 

Fig. 9 shows the average residuals obtained using only one 
sensor and those obtained using the dense sensor setup. The 
residual sensibly increases with localized damage whereas it 
exhibits very modest variations when uniform changes of the 
elastic modulus occur. This reflects the fact that the model used 
for the equivalent beam assumes uniform characteristics along 
the beam axis. This condition is still valid when a uniform 
variation of the elastic modulus occurs whereas it is violated by 
a beam with localized damage. 

 

 
Figure 9. Average residuals of the fitting procedure for each 
damage scenario using sensor 3 (a) and all sensors (b). 

5 CONCLUSIONS 
In this paper, a novel procedure for structural identification and 
damage detection in railway bridges is presented and tested 
using a numerical simulation. The method allows the 
identification of the flexural rigidity of the bridge through 
minimization of the residuals between the recorded response 
and the response modeled using a simple analytical model. The 
variation of the residuals corresponding to different bridge 
configurations provides an effective index for the detection of 
localized damage. While the identification of the flexural 
rigidity may be hampered by the environmental conditions, the 
damage index based on residuals is scarcely affected by 
temperature variations and is thus suitable for periodic 
inspections. 

The application of the proposed method requires simple 
signal processing operations applied to a short signal. This 
makes it appealing for applications that employ optimized 
onboard smart sensing devices requiring the transmission of 
low volumes of data to maximize the efficiency of the 
monitoring network. Moreover, due to the high-amplitude 
vibrations collected during the train passage, the effects of 
noise are minimized and energy harvesting devices may be 
effectively exploited. 
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ABSTRACT: Multifunctional materials, often nano- or micro-composites, have gained popularity in civil engineering. Among 
enhanced functionalities is strain sensing, which can be leveraged to develop durable load sensors. Carbon-based conductive 
inclusions have shown promising for this application due to enhanced piezo-resistivity. This study investigates multifunctional 
pavements for structural health monitoring of bridges. The foreseen application is to implement these self-sensing materials on 
roadway bridges and record weigh-in-motion data to estimate fatigue load accumulation. For that purpose, the authors developed 
a novel algorithm to perform weigh-in-motion sensing based on measurements collected from smart pavements. Results show that 
it is possible to integrate the composite materials in pavements in order to perform continuous traffic load monitoring. A novel 
type of pavement material is fabricated and tested for load sensing performance. Test results show that reliable signals are obtained 
during compression load tests carried out on plate specimens mimicking a field application, where the load magnitude and rate 
are detectable using the novel strain sensing pavement material. 

KEY WORDS: Structural Health Monitoring; Smart Materials, Pavement Sensors, Bridge Monitoring, Fatigue, Weigh-in-Motion 

1 INTRODUCTION 
Civil structures require continuous maintenance and retrofit in 
order to guarantee their structural integrity [1]. However, the 
simultaneous maintenance of all critical infrastructures is 
difficult to achieve in terms of logistics, cost, and planning. 
Their health assessment and condition evaluation are therefore 
critical in planning effective restoration activities, for which 
structural health monitoring (SHM) can be utilized.  
If integrated within a load tracking system, SHM could allow 
the autonomous assessment of the infrastructure work defining 
the priority order of maintenance. This will help the urban 
planners in terms of cost and traffic management, or for 
monitoring of excessive loads or critical conditions for the 
structures.  

Technological developments influence the dynamics of 
decision making [2], [3]. It is foreseen that in the upcoming 
years, SHM solutions for groups of structures and 
infrastructures might be preferable over individually crafted 
solutions.  

Parallel to the technologic advancements, SHM systems have 
been evolving in time. With the modern computational 
networks, sensors of any kind can be placed on a structure to 
monitor its structural integrity, load and health states [4]. 
However, there are evident drawbacks with traditional 
monitoring instruments. Although they are precise, the 
common sensors are expensive and prone to long term 
malfunctions. In case of failure, their placement/replacement 
require expensive and specialized manpower. For these 
reasons, such sensors are not suitable to build wide sensing 
networks of future smart cities [5].  

Recently, multifunctional materials have gained popularity in 
civil engineering. They are materials which are capable of 
handling other functionalities besides load bearing. Among 
many other possible functionalities, strain sensing capability is 

promising for utilization of them as load sensors [6,7]. Many 
sensing materials are achieved by adding conductive fillers to 
the matrix, thus providing enhanced piezo-resistivity [8,9].  

Among all the possible inclusions, carbon-based ones appear 
the most promising [10,11]. Strain-sensing materials offer 
decreased cost, higher durability and long duration of sensing. 
The discovery and the optimized usage of multifunctional 
fillers and materials are notable recent literature topics [12-17], 
with various engineering applications [18,19]. The Authors 
have been self-sensing construction materials through the 
investigation of smart sensors, such as cement-based sensors, 
clay-based sensors and sensors made with alternative binders 
[20-23]. 

This study investigates multifunctional pavements for 
structural health monitoring of bridges and other 
infrastructures. The foreseen application is to place them on 
roadway bridges and conduct weigh-in-motion sensing (WIM) 
to evaluate loads and estimate fatigue accumulation [24], which 
would be very beneficial in terms of transportation planning. 
The critical infrastructures could be identified and monitored 
closely based on the evaluation of their remaining fatigue life 
[25]. This approach would allow a more optimized and 
effective city planning and retrofitting.  

Enabling WIM data collection to track traffic patterns, the 
authors developed a novel algorithm to perform WIM based on 
smart pavements [26].  

A novel composite material that consists of EVIzero binder 
by Corecom Company (Italy) and Carbon microfibers (CMF) 
has been produced and tested for monitoring of traffic loads 
through the algorithm developed. The results demonstrate the 
capability of the composite material of sensing traffic load on 
road bridges and infrastructures.  
 

Smart pavement sensor for road-bridges 
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The rest of paper is organized as follows. Section 2 defines 
the aim of the study. Section 3 presents materials and samples 
used in the study. Section 4 introduces the test devices and the 
methodology of experiments. Section 5 describes the obtained 
results during tests and Section 6 discusses the results and field 
applicability of the samples. Section 7 concludes the paper. 

2 AIM OF STUDY 
The aim of this paper is the investigation of new smart materials 
and devices for Structural Health Monitoring (SHM) of road 
infrastructure and load identification (Figure 1). Accordingly, 
a pavement plate able to identify the magnitude of the loads 
through the variations of voltage signals was fabricated. The 
measured voltage signals were evaluated according to their 
compatibility to the weigh-in-motion classification via smart 
pavements algorithm that has been recently developed by the 
authors [26]. The algorithm collects waveform shaped voltage 
response time histories coming from the smart pavement that 
are generated by the passage of the vehicle. According to the 
learned data during calibration, the algorithm conducts shifting 
and scaling to replicate the waveform. The magnitudes of 
shifting and scaling gives the information about the weight and 
axle spacing, respectively, related to the vehicle of interest. 
Therefore, a good implementation of the WIM algorithm 
requires low noise, waveform shaped signals with good 
repeatability and linearity. The pavement material should 
remain in the elastic range to achieve high accuracy sensing, 
and its response to the load application should be fast in order 
to capture loads without lags. The experiment is conducted on 
a new type of sustainable material for pavements produced by 
Corecom, namely EVIzero. 

 

3 MATERIALS AND SAMPLES 
The materials used in this study were EVIzero binder (E) from 
Corecom s.r.l., Ancona Bianco aggregates (AB) with various 
granulometry, Carbon microfibers (CMF) SIGRAFIL by SGL 
Carbon [27], and copper wires with 1 mm of diameter. The 
material amounts are listed in Table 1.  

EVIzero is a novel transparent binder material produced 
by Corecom s.r.l., Italy. It has a mixing temperature of 160-
170 0C, density of 0.85 g/cm3, and penetration at 25 0C is 25-
55 dmm [28]. EVIzero behaves as an electric insulator. 
Carbon microfibers, have the diameter of 7 μm and length of 
6 mm. 

Single fiber has the resistivity of 15 μΩm and the density 
of 1.80 g/cm3. Figure 2 shows the SEM image of the carbon 
microfibers used in the study. 

 
 

Figure 1. The conceptualization to integrate weigh-in-motion through smart pavements for improved health assessment and 
optimized decision taking. 

Figure 2. SEM image of the Sigrafil carbon microfibers. 
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Table 1. Material amounts used in the samples 

 
 
Two samples with different percentages of carbon fibers 

were selected for the study: 2% and 3% CMF/E weight ratios. 
The first slab had a thickness of 3.5 cm, while the second had 
5 cm of thickness. EVIzero weight ratio to the total sample 
weight was 5.6% for both types of sample. The designed 
densities of the final product were 2.6 gr/cm3. The procedure of 
preparation was as follows. 

The aggregates were separated into two groups as fine 
aggregates and coarse aggregates. Fine aggregates had 0.5 mm 
to 2 mm particle diameters. Coarse aggregates had 2 mm to 8 
mm particle diameters.  

The mixing procedure began dividing both aggregate groups 
into two equal weighting batches, four batches in total. All 
aggregate batches were placed at a temperature of 180 °C for 3 
hours.  

The specified amount of EVIzero was placed separately 
under 180 °C for one hour. The metal bowl and the other tools 
for mixing were placed under 180 °C at least 30 minutes. After 
every component reached the desired temperature, the mixing 
procedure started. The metal bowl was taken out of the oven 
and covered by electric heated hot cover, which was preset to 
180 °C. A half of the fine aggregates was taken out of the oven, 
placed in the metal bowl and mixed with half amount of carbon 
micro fibers, half quantities of coarse aggregates and melted 
EVIzero. The components were mixed until a homogeneous 
dough was attained.  

Later, the mixture was placed on a metal tray and put in the 
oven under 160 °C, as required for EVIzero material. The 
procedure was repeated for the other half of the components.  

 

 

The final mixture was poured directly into a rectangular mold 
with the base sizes of 30 cm x 40 cm. The surface was smoothed 
and 5 copper wires with 40 cm length were placed parallel to 
the long side of the mold with a mutual distance of 6 cm. 

Then, the first mixture was taken out of the oven and poured 
as the top layer of the sample, to complete the slab. The 
compaction was done with Controls Advanced asphalt slab 
roller compactor, Model 77-PV41A02 230V/50-60Hz/1F, until 
the designed final thickness was achieved (Figure 4). The 
compaction temperature of the slab compactor was 120 °C. 
After the sample cooled down, the sample was cut into two 
parts. The end of copper wire electrodes was carved out from 
the cut. The final samples had the dimensions of 20 cm x 30 cm 
x 3 cm with 5 embedded copper wire electrodes.  

4 TEST DEVICES AND METHODOLOGY 
A testing methodology was designed to replicate impact type 
traffic loads, for load detection, recording and interpreting 
experimental results. From a general point of view, the 

Figure 3. Electrode placement during the production of the 
slab. 

Material Sample – 1 (g) Sample – 2 (g) 
AB 0.5-1 mm 1500 2250 
AB 1-2 mm 2500 3750 
AB 2-4 mm 3000 4500 
AB 4-8 mm 3000 4500 
EVIzero 640 960 
CMF 13 29 

Figure 4. The final material in the compactor, before 
compaction. 

Figure 5. Experimental setup of EVIzero pavement slab testing. 
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compression load and voltage are applied to the test sample 
simultaneously and voltage variations are evaluated to detect 
impact compression loads.  

To perform this type of experiment, four data acquisition 
units were used: (i) voltage source, by use of a PXIe-4138 
source measuring unit, (ii) voltage reader, namely 32-channel 
PXIe-4302, (iii) hand-operated hydraulic press with 20-ton 
maximum load capacity and (iv) load cell LAUMAS with a 10-
ton maximum reading capacity. The data acquisition of the load 
cell was done by steady voltage sourced by NI-PXIe-1092 and 
voltage reader PXIe-4302 as for all the units. The data 
acquisition rate of the experiment was selected as 10 Hz in 
order to capture rapid variations of load. Part of the 
experimental setup is presented in Figure 5. The slab was 
loaded in the mid-section through a steel profile with 10x10 cm 
base dimensions. The impact load pattern was designed to have 
three levels of loads 1kN, 3kN and 6kN which generate 
compression stresses of 100 kPa, 300 kPa and 600 kPa, 
respectively, considering the base area of steel profile. The steel 
profile was insulated for electrical conduction, in order to avoid 
any effect on the signal outcomes. Two different types of loads 
were applied in order to simulate traffic loads: step loads and 
rapid peak loads.  

The circuit of sensing was formed by the plate sample and a 
shunt resistor of 10 MΩ connected in series. The shunt resistor 
was selected in order to have a circuit which has same order of 
resistors connected in series. The voltage input was selected as 
5V DC. Therefore, the proposed sensing system can be easily 
adopted in the field. The slab was electrically insulated from its 
bottom by a thin plastic layer to ensure its conductivity was not 
affected by the steel supporting plates. 

5 RESULTS 
The pavement samples exhibited steady voltage output when 
no loads were applied. This occurrence was verified with a 3-
minutes long signal outputs with zero load (Figure 6). Unlike 
cement-based composites [29], EVIzero based composite 
material showed no polarization drift (see figs 3-8), hence it 
was found particularly suitable to track the rapid loads like 
traffic loads. DC voltage allows high resolution measurements 
to detect very fast changes.  

The experiments with impact loads resulted in repeatable 
voltage variations occurring during loading and unloading of 
the test sample. As a matter of fact, such variations were found 
scalable to the load magnitude. Figure 7 shows the voltage  
signal time history together with the load time history recorded 
during the step load testing of the 2% slab sample. The pulse 
response of the plate, during the unloading phase was found 
linear and scalable.  

During the loading and unloading, the trends of the voltage 
pulses were opposite, negative and positive, respectively. The 
sign of voltage change is an indicator to detect axles, by 
coupling the negative and positive signal. Moreover, the time 
difference of occurrence is an indicator of speed, which helps 
to classify vehicles.   

The second step of the experimental process was the rapid 
load testing of the 2% slab sample: the outcomes are shown in 
the Figure 8. Clear pulses with similar amplitudes to the step 
load tests were attained by the rapid loading of the sample with 
similar load magnitudes. By rapid loading of the sample both 

negative and positive parts of the voltage pulses were found 
scalable to the load.  

The experimental procedure was repeated with 3% EVIzero-
CMF slab sample.  The observed pulses in Figure 9 were 
similar to those ones of Figure 7. However, 4-peaks were 
observed for each loading-unloading pattern, instead of clear 2-
peaks as observed by 2% EVIzero-CMF slab sample. This is 
conceivably related to having more CMF inside, which are 
altered dynamic electric response of the plate to the step and 
rapid loads. The pulses were repeatable with the rapid load test 
as shown in Figure 10. 

The amplitudes of pulses were variable to the load magnitude 
and the timing clearly indicates the rate of loading-unloading 
pattern. When compared to 2% sample, the voltage outcome 
was found less linear and noisier. This was due to the variation 
in the thickness and to the different doping level which may 
have exceeded the percolation zone, resulting in less reliable 
outcomes of the sample. The sample with 2% thus resulted 
more suitable for load tracking through smart novel pavements.  

Figure 7. Step load tests on 2% slab sample. 

Figure 6. Zero-load steady voltage outcome from both 
samples. 

 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure 

249 

As the final step of experiments, more load levels were 
applied to the 2% slab sample, highlighting an electrical 
response proportional to applied loads (Figure 11).  

As observed in the previous steps, repeatable and scalable 
pulse patterns were generated by the slab sample. According to 
all experiments done on the sample during this study, the 
pseudo-force-calibration-factor, λ*, (ΔV/V0 / Load) of the 2% 
slab was about 0.00083 [kN-1]. Figure 12 shows the linear 
regression of the obtained positive peak amplitudes related to 
the load amounts applied during the tests. 

6 DISCUSSION 
In this study, two different pavement samples made of EVIzero 
with different CMF percentages and thicknesses were tested 
with different load levels applied as increasing steps.  

The aim of the study was to develop a novel composite 
pavement material and propose a sensing procedure that could 
detect and quantify traffic loads. Traffic loads consisted on 
rapid loads concentrated on wheel contact areas. The loading 
rate depended on the speed of vehicles: this is why the 
pavement response was expected to identify loads with 
different rates. 

The results achieved from the compression tests on the 
EVIzero – CMF novel composite pavements were found 
convincing to the usefulness of that type of material on the 
above specified purpose. Both materials produced repeatable 
voltage pulse signals that were scalable to load magnitude and 
rate, in terms of amplitude and occurrence in time domain, 
respectively.  

The materials did not exhibit polarization effect. This feature 
allows utilization of DC-voltage and therefore measurements 
with higher resolution, crucial condition for traffic monitoring.  

In terms of performance, the design of 2% slab was found 
more suitable than other 3% slab sample, where a cleaner and 
more linear response signals were attained from the 2% 
EVIzero – CMF material. The response to the impact load was 
observed to be scalable voltage pulses: this occurrence was  
compatible to the WIM algorithm developed by the authors 
[26]. 

Based on the results obtained by laboratory tests, the 
proposed material is deemed promising for field applications. 
This type of measurement and acquisition system for traffic 
load monitoring is a low-cost and easier alternative to the 
existing market devices.  
 

Figure 9. Step load tests on 3% slab sample. 

Figure 10. Rapid load tests on 3% slab sample. 

Figure 11. Step load tests on 2% slab sample including 
different load levels. 

Figure 8. Rapid load tests on 2% slab sample. 
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7 CONCLUSION 
The paper presented the investigation of the sensitivity of new 
composite pavement material produced with EVIzero and 
Carbon Microfibers, in order to evaluate its applicability as a 
traffic load sensor. The results showed that the material was 
capable of identifying the load magnitude and the speed of 
vehicle by generating a voltage pulse during loading and 
unloading. The amplitude of the voltage pulse was found 
scalable to the applied loads. In terms of design of the 
pavement, the design of the 2% slab sample was found more 
appropriate to the purpose with its higher linearity and signal 
quality. The results are quite promising for future field tests 
under real operating and loading conditions.  
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ABSTRACT: Present paper determines the self-sensing capacity of two cement matrixes, one high performance mortar (HPM) 
and one self-compacted concrete (SCC) to predict the failure at the limit state through piezoresistivity measurements (PZR). The 
cement matrixes were functionalised with mix of carbon-nanotubes (CNT) and carbon microfibers (CMF) to detect the damages 
generated from nano to micro level. The analyses of PZR at failure was based on the detection of electrical properties of the 
composites when subjected to progressive increase of compression loads from elastic to plastic and until failure. Two hypotheses 
were considered:  1) PZR changes after the elastic region of the cementitious material, linked to the predictive property of self-
sensing material. 2) The mechanical failure related to the loss of the piezoelectric properties in the cementitious matrix through a 
signal change in plastic state and close to the failure region related to the loss of strength capability of the material. Two test 
procedure were followed: i) Monotonic increase of compression loads at 0.1mm/s in HPC and SCC matrixes, and ii) Progressive 
load step cycles, increases of 5kN in compression at the end of each loading/unloading cycle up to failure in SCC.  

Results confirms the changes in the electrical resistivity of the cement matrixes with the load with both methods. The monotonic 
increase of load induces changes in the FCR with two linear slops of decrease, as load increase from elastic to plastic regions, 
followed by a final increase of resistivity close to the failure moment. The load increase cycling method allows determine the 
Load Sensitivity Coefficient (Lsenscoeff) and the Gauge Factor (GF) parameter that follow a trend of discontinuity when the elastic 
region is overpassed, as consequence of some permanent deformations or damages in the matrix. Both parameters allow 
identifying in advance the failure moment of the material.  

KEY WORDS: Self-sensing materials, electrical resistivity, Piezoresistivity, CNT, CMF, SCC, HPM. 

1 INTRODUCTION 
The demand for structural health monitoring (SHM) is 
becoming increasingly important in the safety and 
sustainability of concrete infrastructures [1-4]. SHM allows to 
reduce the cost of maintenance and safety prevention, if an 
early detection of material failures is carried out, either by a 
deficient construction process, or a design deficiency or due to 
severe operating conditions and aggressive environments. 
SHM ensures an increase in the service life of structural 
concrete elements [2].  

Cement composites are the basic material used in 
infrastructures, very often located in aggressive environments, 
in extreme operation conditions or with limited accessibility. In 
particular those that suffer mechanical fatigue during service, 
or are exposed to dynamic stresses due to the effects of stream 
operation conditions. Examples are: bridges, roads, (suffering 
the traffic and environmental loads), energy infrastructures, as 
windmill, offshore, due to the effect of cyclic fatigue 
phenomena as waves and wind gusts, or thermal power plants 
suffering thermal fatigue stresses.  

Damages of concrete structures due to action of external 
loads results in the formation of cracks that affect both the 
structural performance and durability, being these the main 
reasons for their limitation in construction codes that mainly 
restrict to sizes of 0.1 to 0.3 µm widths. Not visual damages in 
concrete structures leaded by nano to micro-crack size can also 
affect the structural properties. The early identification of this 
nano/micro-damage is a relevant issue for SHM. 

The monitoring of a structure can be done through the 
incorporation of sensors that allow to evaluate the performance 
of the concrete and the structure [3-5] to detect the damage. An 
approach that is acquiring more and more relevance is the use 
of components with self-evaluation capacity of a specific 
material property. This is the case of the development of 
materials with self-sensing capacity [5,6]. 

Self-sensing cement composites contain additives capable of 
modifying the electrical properties of concrete matrix [6,7]. 
These additives would work based on the principle of 
piezoresistivity (PZR) [5-10], as the property that some 
conductive or semi-conductive materials show when subjected 
to external deformation strains that induce changes in the 
material related with the variation of its electrical resistance 
properties. To determine cement composites self-diagnosis 
property, an improvement in electrical resistivity is needed 
caused by the incorporation to the cement matrix of the self-
sensing additive and then conform the self-sensing sensitivity 
with a suitable piezoresistivity test (PZR). The self-sensing 
capacity is obtained by the addition of conductive substances; 
usually carbon based, incorporated into the cementitious 
matrixes [11-13] during mixing. In last years, CNF (carbon 
nanofibers), CNTs, and CMFs have received special attention 
as self-sensing additives, whether used individually or as 
combined hybrid solutions in the cement matrix [11-19]. The 
work of Kim, G.M. [19] resulted that both CF and CNT 
addition in cementitious composites enhances their electrical 
resistivity. 
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The effectiveness of the self-sensing capacity depends 
mostly on the homogeneous distribution of the fibers in the 
cement matrix [6,11,18]. The continuous network of 
conductive structure ensures that under the effect of the 
external stresses, the cement composite responds with changes 
in its electrical properties [20]. Some studies suggest the 
possibility of establishing relationship between mechanical and 
electrical parameters for preventive identification of damage 
[5,9, 22,23]. The demonstration of the sensitive response 
relating the electrical resistance and tension, indicating that the 
variation of the resistance behaves in a mimetic way to the 
variation of the fractional change of the resistance (FCR) 
[22,23] . 

Most studies of self-sensing capacity of cement composites 
have been carried out in the elastic region of the matrixes, as 
the type described in [6-24], so that the monitoring allows a 
non-destructive use technique. But lack of information exists 
with the relationship of electrical response at increasing loads 
and stresses even up to the failure level, as those described in 
[6,9,11,15-22].  

The PZR response in a cement matrix functionalized with a 
self-sensing carbon based additive vary with the different loads 
applied. B. Han et al., [6] describes the monotonic increase of 
load and the response in electrical properties. Under 
compression three stages of FCR are described, first a decrease, 
associated with a decrease distance of self-sensing additives 
due to the compression pressure. The second stage is a balance 
region associated to fresh cracks generation and reconstruction 
and the last stage governed by an abrupt increase associated 
with the break-down of the conductive network generated by 
the self-sensing additive, as also described in [22]. 

As reported in [22] the electrical resistance of carbon fiber-
reinforced cement mortar decreases irreversibly during the 
early stage of fatigue due to matrix damage resulting from 
multiple cycles of fiber pull-out and push-in; also confirmed by 
[25]. The matrix damage affects the chance of adjacent fibers 
to touch one another, thereby affecting the resistivity. Authors 
state that it should be distinguished between fatigue damage 
and the damage under increasing stresses [22,25]. Fatigue 
typically occurs gradually and involves stress cycling at a low 
and constant stress load, whereas the latter usually involves 
higher loads. 

The use of CMF, CNT and CNF improves the mechanical 
properties and can contribute to improve the response of the 
material, in microstructural cracks under the effect of stress [6]. 

The damage could be identified by electrical response of the 
material, due to a change produced when it is deformed when a 
load is applied. Li and Chou [26] states in their work, that as 
the damage evolves, the electrical tunneling effect in that area 
can be cut off, leading to a change in material electrical 
response. They also indicate that if the damage does not cut a 
percolation path, the electrical signal still changes but it may 
not be easily noticeable. To minimize this deficiency in damage 
sensing, is highly recommended a good CNT dispersion to 
ensure the formation of more percolation paths. Percolation can 
be defined as the situation where the conductive additives, 
touch one another to form a continuous electrical path along the 
material, related to low resistivity values [11]. The minimum 
admixture dosage that creates these conductive pathways is 
known as percolation threshold. 

The evolution of the methodology to determine the self-
sensitivity capacity of materials with carbon fibers has evolved 
from a simple measure that establishes the resistivity of the 
material, to a definition of the microstructural damage of the 
matrix, or near to the collapsed of material [27], establishing 
deformation factors related to resistivity variation 
[11,22,28,29]. Through the application of cyclic loads under 
and above the elastic limit or monotonous loads until reaching 
permanent deformations and the subsequent failure of 
resistance to compression of the material [30].   

The advances in this field have been able to establish that in 
some matrices a relationship is identified between the applied 
stress and the variation of the electrical resistance, but the 
objective is to be able to demonstrate the capacity to predict the 
damage based on the capacity to identify changes. Variations 
at microstructural level such as cracks or failures that determine 
a loss in strength and that is related to a loss in electrical 
resistance of the matrix [31-34]. 

The aim of present paper is to determine the self-sensing 
capacity of cementitious composites with different composition 
to predict mechanical changes in the material before failure 
through the analyses of changes in their electrical properties. 
The association of PZR properties of the matrix with a signal 
change at the failure region related to the loss of strength 
capability of the material. The study was performed in HPM 
and SCC functionalised with CNT+CMF for self-diagnosis 
detection from nano to micro crack damage.     
  
2 EXPERIMENTAL 
 
2.1 Design of self-sensing cement matrixes: 

Two cement composites were prepared to evaluate the 
mechanical induced damage through self-sensing monitoring. 
The matrix dosages are included in table 1: 1) One commercial 
high-performance mortar (HPM) used to filling joints of 
concrete elements in windmills structures, from SIKA 
(SikaGrout 3210). The maximum aggregate size is 3 mm. 
Functionalised with 0.20% CNT + 0.25% or 0.5% CMF, by 
cement mass (bcm), were introduced in the matrix, as self-
sensing additives. 2) One self-compacted concrete (SCC) 
designed for heat storage in thermal power plants. A binder 
CEM II/B-S 52.5 containing up to 30% BFS was employed and 
blended with 20% fly ash. A mix of thermally stable aggregates 
were used (45% basalt, 45% calcareous and 10% clinker) with 
a maximum size of 12mm.  0.2% CNT + 1.4% CMF (bcm) 
were added as self-sensing additive. The dimensions of CNT 
and CMF are included in table 2. 

Table 1. Cement composite matrix dosages. 

Comp 
matrix 

binder 
(kg/m3, 

%) 

Aggr.: 
coarse/ 
sand/ 
filler 

(kg/m3, 
%) 

CNT/CMF 
(%) 

additive 
SP/VMA 

(%) 

HPM ~62% ~38% 
 

0.2/ 0.25 
& 0.5 

- 

SCC 485 846/991/
330 

0.2/1.4 2/0.9 
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Table 2. Main characteristics CNT and CMF 

Type CMF CNT 
Length 13mm 0.2-5µm 
Diameter 7.2 µm 49-65nm 
Carbon content 95% - 

 
2.2 Specimen production 

HPM and SCC composites were produced and cured in a 
moisture chamber at 20 ± 2°C and 98% R.H.  The workability 
in fresh for both cement composites, are given in table 3. 
Prismatic specimens of 40x40x160mm were fabricated for self-
sensing tests and had embedded four stainless steel meshes 
(SM) as sensors of 40x40mm size (distance between sensors 
was 20/40/20mm). Besides the SCC samples have a strain 
gauge fixed on the center of the larger surface of the samples 
that allows measuring the direct strain deformation in the 
direction of the load application, to obtain the direct 
deformation measurements during test. Figure 1 shows the 
appearance of the samples.  

 

 

 
Figure 1. Prismatic specimens 40x40x160mm for self-sensing. 
Left HPM+CNT+CMF with the 4 sensors embedded. Right) 
The SCC+CNT+CMF with 4 sensors and strain gauges after 
failure tests. 

Table 3. Workability in fresh and mechanical properties in 
harden state for both cement matrixes. 

Composites Slump flow 
30min(mm) 

Compression 
28d(MPa) 

HPM0.2%CNT+0.25%CMF >300 86 
HPM0.2%CNT+0.50%CMF >300 76 
SCC0.2%CNT+1.4%CMF 650 67 

 
2.3 Self-sensing health monitoring test procedures: 

The SHM of self-sensing of the cement matrixes was carried 
out through the assessment of the external mechanical loads 
action and the relationship with the response of the electrical 
resistivity of the material, identified as piezoresistivity (PZR). 
Compression loads and electrical resistance are the parameters 
analysed. The PZR is defined as the property that some 
conductive or semi-conductive materials show when subjected 
to external deformation strains that induce changes in the 
material related with the variation of its electrical resistance. 
The PZR test is considered for cementitious materials that can 

monitor themselves. The basic electro-mechanical parameters 
for PZR evaluation were as described in [28]: 1) The electrical: 
the power supplied to the functionalised cement matrix and the 
material response, output data, in voltage (V) and current (I) 
recorded through the sensors embedded in the system, and 2) 
The mechanical: the load force applied and the stress and strain 
(kN/µε) response from the cement composite. 

The resistivity ƿ of the concrete to assess the suitability to 
PZR of the functionalised cement matrix is obtained through 
the equation (1): 

        Rmatrix (): R=V/I      
        Ƿmatrix (.m) =R (S/L) (1) 
Where, R (in ) is the electrical resistance, V (in mV) is the 

voltage difference applied (10V in present case) and the 
recorded current, I (in mA), L (in mm) is the length between 
the sensors (SM) and S (in cm2) is the effective exposed area of 
the sensor, that in present study is equivalent to the effective 
area of the section of the test specimen in which the sensors are 
located. 

 The parameter to analyse the self-sensing response is the 
fractional change of electrical resistivity (FCR), as indicated in 
[20], is obtained through the equation (2])  

 FCR: (ƿ-ƿ0)/ƿ0 = /0 (2) 
Where Ƿ0 is the initial resistivity of the cement composite and 

Ƿ is the resistivity under a specific load.  
Figure 2 shows the PZR test setup: Left) the location of the 

four embedded sensors (SM) to measure the current (I), through 
the two more external sensors, and the potential drop (V), 
through the two internal. Right) the arrangements and the 
connections in a compression-testing machine. 

 

 
 

Figure 2. PZR test setup with power arrangements and location 
for loading. 

The self-sensing sensitivity of the composites was 
demonstrated first to deal with the test failure. The PZR was 
determined with load/unload compression cycles within the 
elastic region of de material, as suggested by [20], results, not 
included in present paper, are those published in [28]. In 
present paper the PZR response from the elastic to plastic and 
failure was carried out with progressive increase of 
compressive loads. Two hypotheses were considered in the 
study:  
- Changes in piezoelectric when the elastic region of the 

cementitious material is over passed, linked to the 
predictive property of failure with self-sensing. 

- The mechanical failure related to the loss of the electrical 
properties in the cementitious matrix through a signal 
change at the failure region related to the loss of strength 
capability of the material. 
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Different procedures were used to increase the load,  with the 
HPMs a monotonic increase of compression load, at a rate of 
0.1 mm/s, until the failure is reached; while, with the SCC the 
increasing compression loads were applied following two test 
protocols: Procedure 1) Progressive increase of 5kN 
compression load, with 20s stay at each loading step, until 
failure, at a rate compression increase of 0.1kN/s. Procedure 2) 
load/unload cycles with progressive increase of 5kN per cycle 
up to failure (0.1kN/s). The strain was also measured through 
the external strain gauges () (figure 1) during compression 
loading.  

The FCR changes are correlated with the load increase to 
identify the progressive changes in the cement composites up 
to the failure is reached.  In the case of procedure 2, with SCC, 
the FCR in function of load or strain has been evaluated.  When 
a linear region is observed the load sensitivity coefficient 
(Lsenscoeff = FCR/Load) or Strain sensitivity coefficient and the 
Gauge Factor (GF=FCR/) have been determined. 

 
3 RESULTS AND DICUSSION 

3.1 Evolution of electrical resistivity of cement composites 

in increasing compression loads  

The aim was to determine the capacity of the PZR test to 
identify failure damage and the predictive capacity of the test 
at the failure limit state. The analyses of this parameter is based 
on the detection of the electrical resistivity changes with 
progressive increase of compression load up to failure.  

  

 

 
 

Figure 3. Electrical resistivity changes during load application, 
Up) HPM, Down) SCC. 

Figure 3 shows the electrical resistivity measurements during 
monotonic compression loading for the functionalized HPM 
and SCC, indicating decrease in a load region finishing with 
and increase at the failure moment. 

 
3.2 PZR response at failure with monotonic load increase 

The normalization of electrical properties of the cement 
matrixes presented as Fractional Change of Resistivity (FCR), 
following eq. (2) and the evolution with the deformation 
induced by the monotonic increase of loads was calculated and 
represented in figures 4 and 5, for the HPM 
0.2%CNT+0.25%CMF and the SCC 0.2%CNT+1.4%CMF 
respectively. 

It can be observed how the FCR of the HPM with 
0.2%CNT+0.25%CMF drops down as compressive load 
increases, figure 4left, as consequence that conductive particles 
(CNT+CMF) get closer and conductive pathways become 
easier, suggested also by [22,25]. This tendency continues until 
material’s fracture, where a jump in the signal was got with 
sudden decrease in FCR that correspond with drastic increase 
in electrical resistivity () also predicted in figure 3up. The 
same behavior was obtained by [22,25,26]. 

In contrast to the results got for the 0.2%CNT +0.25%CMF, 
the FCR signal of the 0.5%CMF specimen, figure 4right, even 
at low loading rates behaves similar, as the load increases, an 
increase of the FCR is observed. This has been associated with 
the percolation threshold of the material suggested by [11]. It 
could be possible that the conductive pathways created from 
the beginning of the test (without loading effect) between the 
self-sensing particles are closer enough that a greater approach 
is disabled and blocks the achievement of a more conductivity. 
That explains why there is an increase of the signal, but it 
recovers at increasing loads. It could be noticed that when a 
certain load is reached, an important increase on the FCR signal 
is shown until failure. This decrease on the electrically 
conductive response of the cement matrix could be due to an 
increase on the number of defects created as a consequence of 
the deformation suffered by the material with the continuous 
load increase, irreversible damage suggested by some authors 
[27,30]. 

  

Figure 4. FCR signal vs compression load increase, left) 0.2% 
CNT + 0.25% CMF, right) 0.2% CNT + 0.5% CMF. 

In the case of monotonic increase of load with SCC, 
Procedure 1, continuous increase in steps of 5kN in 
compression without decompression, with 20s stay at each 
load increase step, is appreciated in figure 5. The evolution of 
FCR follows a continuous decrease related to a reduction in 
electrical resistivity due to the compression load, until a short 
balance steady state of electrical resistivity around the load of 
35kN, which can be associated with irreversible damage and 
followed by a progressive sharp increase of FCR, indicative 
of failure, as suggested by other authors [22,25-27,30]. When 
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the failure of the concrete sample starts, the FCR increases, 
that coincides with the decrease of the load [27,30]. The max 
load recorded at the failure time detection was 38 MPa. 

 
Figure 5. FCR signal vs compression load increase for SCC 
0.2%CNT+1.4% CMF. 

In figure 6 it has been related the FCR changes with the load 
increase, to better appreciate the changes and relationship 
between both parameters. 

 

 
Figure 6. FCR vs. load for HPM and SCC with CNT+CMF. 
 
Linear regions are appreciated with inflexion changes at 

specific loads of the material close to the elastic zone. At higher 
loads a more pronounce slope shows another change.  

When overcoming the elastic zone of the cementitious matrix 
the appearance of defects, as nano and/or microcracks are 
possible to grow in the cement paste, between aggregates and 
in the interface of CNT and CMF, those changes are detected 
with changes in the electrical resistivity of the matrixes, as also 
suggested by [31-34]. 

The hypothesis in present work at failure stage of the cement 
composites were:  

1. The mechanical failure be related to the loss of the 
piezoelectric properties in the material. The change close to 
the mechanical failure is associated to the damage in the 
matrix. 

2. During the PZR test and before reaching the maximum 
compressive strength, the PZR behaves in a different way 
what linked to the predictive property of the self-sensing 
composites. 

 
3.3 PZR response at failure with cycling load increase 

The procedure 2 followed with the self-sensing SCC, load 
increase in step cycles of progressive increase of 5kN in 
compression at the end of each loading/unloading cycle up to 
failure, shows sin the figure 7 the PZR response. It has been 
represented the cycles as strain increase and the FCR changes. 

A progressive increase of FCR is detected with the increase 
of loads of cycles. The first three cycles follow a quite similar 
FCR response, the material being in the elastic region. At 
higher increase load cycles, increase strain, cycles 6, 7 and 8, 
the FCR increases. The last cycles 9, 10 and 11 attenuate the 
increase in FCR with the deformation increase. This increase 
attenuates in the last load/unload cycles, above 30kN, when 
there is >0.85fck from the maximum, decreasing the slope, 
probably as consequence of some permanent deformations or 
permanent damages in the concrete matrix  as indicated in [31-
33]. After a load of 38 MPa the sample failed and the FCR 
decay with a sharp drop, similar as happen with the previous 
test using monotonic load increase with procedure 1 (figure 5). 
The use of increase load cycles is a more severe test for the 
concrete and the failure occurs at lower loads that in the case of 
monotonic load increase. 

 

 
Figure 7. PZR vs. strain for SCC   5kN increment load cycles 
until failure. 

When represented the FCR vs. load, in figure 8, the 
characteristic linear region is appreciated as in [28]. However, 
this linear region evolves to lower slope with the load increase. 

Three regions of change are appreciated and highlighted with 
different colors in the figure 8.  
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Figure 8. FCR vs. load for several load cycles until failure. 
 
In the Figure 9 the Lsenscoeff  (up) and the Gauge Factor (down) 

variation shows a decrease for load cycles > 30MPa, or 0.85fck 
of the composite material, indicating the self-sensing prediction 
of failure of the test method. A decrease in the Lsenscoeff is 
observed until the attenuation in the plastic region of the 
material affected by damage that can enable to identify the 
critical stage in the limit state of the material becoming a 
predictive property for the SHM of the concrete exposed to 
dynamic loads inducing fatigue, as suggested in [22,25]. 
Analyzing the GF, the prediction of failure is also possible 
identify critical damage limit by a decrease. 

 

 
Figure 8. Lsenscoeff and GF variation with progressive increase of 
load until failure. 

 
4. CONCLUSIONS 
The study of the effect external increase loads and the 
deformations induced in cement matrixes of HPM and SCC 
functionalized with CNT+CMF has been evaluated though the 

analyses of the evolution in electrical properties, that allow 
moving to next conclusions.   
• Conductive additives, CNT and CMF, in combination 

have demonstrated to have self-sensing functionality for 
SHM of cementitious materials due to mechanical 
damage. 

• The monotonic external load increase induces changes 
in electrical properties of cement matrixes, associated 
with changes in properties of the matrix detecting the 
damage close to the failure region load  

• The external load increase in cycles of progressive load 
allow to detect different regions of damage evolution 
earlier in advance to the failure state that allow to predict 
the health of mechanical response of the material 

• The most suitable parameters to predict damage and 
failure are Lsenscoeff and the Gauge Factor (GF) showing 
decrease for increasing load cycles. 
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ABSTRACT: In this study the results of a vast experimental campaign on the applicability of a smartphone-based technique for 

bridge monitoring are presented. Specifically, the vehicle-bridge interaction (VBI) is exploited as a cost-effective means to 

determine natural frequencies and mode shapes of bridges, with the final aim of developing low-cost and diffused infrastructure 

monitoring systems. The analysis is performed using a common vehicle fully equipped with several accelerometers to record the 

vertical accelerations of the test car while passing over the bridge. In this regard, the experimental campaign is carried out 

considering vehicle moving with a constant velocity on bridges in the city of Palermo (Italy). Appropriate operational modal 

analysis identification procedures are then employed to determine bridge modal data from the recorded accelerations. 

Experimental analyses are performed also considering the effect of several different vehicle velocities. Further, the applicability 

of smartphone-based sensor data is investigated taking into account the possibility of using up-to-date smartphone accelerometers 

for recording the vehicle accelerations. In this regard, comparison between piezoelectric accelerometers and MEMS ones is 

performed to assess the reliability of these sensors for the determination of bridge modal properties.  

KEY WORDS: Bridge; Fundamental frequency; Health monitoring; Scanning; Vehicle; Experimental test.

1 INTRODUCTION 

The issue of monitoring a bridge structural condition is an 

absolute priority worldwide. As is well known, any 

infrastructure undergoes a progressive deterioration of its 

structural conditions due to aging given by normal service loads 

and environmental conditions and, at the same time, it may 

suffer serious damages or collapse due to natural phenomena 

such as earthquakes or strong winds. In this regard, researchers, 

engineers and road network managers have recognized the 

importance of the so-called "Structural Health Monitoring 

(SHM)" procedures for civil infrastructures [1] [2] [3] which 

allow for the monitoring of structural conditions and identify 

any damage [4][5] before costly repairs or potential 

catastrophic consequences are required. 

For this reason, it is essential to rely on efficient and widespread 

monitoring techniques as much as possible throughout the 

entire road network. To date, the most adopted ones are based 

on OMA (Operational Modal Analysis) identification methods: 

these methods allow to derive the modal parameters of a 

structure using the data acquired through expensive sensors 

installed directly on site. 

What interferes, a large-scale control of the infrastructures, is 

therefore the excessive cost of the techniques currently in use. 

In recent years, a possible alternative for monitoring has been 

identified in the VBI (Vehicle Bridge Identification) analysis. 

It consists in the possibility of indirectly monitoring the state of 

health of the bridge by studying the vertical acceleration 

acquired by appropriately instrumented vehicles, passing over 

the infrastructure. 

 

The validity of this method has been proposed for the first time 

in the studies by Yang et Al. [6] [7]. In these studies, it has been 

demonstrated how it is possible to extract both the natural 

frequency of the vehicle and the natural frequencies of the 

bridge from the vertical component of the vehicle acceleration.  

Some experimental verifications have been carried out 

afterward in the following years. Some of these were conducted 

using a small two-wheel cart [8] or a hand-drawn cart [9]. In 

other tests, normal vehicles have been utilized [10] [11]. 

Nevertheless, still few experimental tests have been performed 

for VBI based monitoring, due to the novelty of the 

aforementioned approach. Note also that no test has been 

carried out with hybrid or electric cars yet. 

In the last years, the researchers have tried to optimize the 

method by adopting different strategies: for instance, in [12] 

three different filters have been used in order to make the 

frequencies of the bridge more evident than the vehicle one. 

Yang and Chang [13] proposed also the adoption of the 

Empirical Mode Decomposition (EMD) technique in the 

processing of vehicle measurements to more clearly identify 

frequencies and modes of the bridge. Others have recently 

proposed the implementation of traditional OMA methods 

adapting them to the indirect approach considering both the 

ones based on time-domain [14] and on frequency domain [15].  

Further, since the indirect methods based on VBI require a lot 

of data to be effective, mobile crowdsensing could be a solution 

to this issue. Crowd-sensing-based system refers to an 

innovative technology that exploits the possibility of sensors, 

present in commonly used smartphones or even in the most 

modern vehicles, to collect and accurately examine a large 

amount of data. Many are the applications considered in the last 

years [16] but the studies which explore the adoption of this 

technology, in the field of indirect monitoring are very few 

[17]. For this reason, it is necessary to further investigate the 

reliability of the Micro Electro-Mechanical Systems (MEMS) 
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sensors, that are installed in the common smartphones, in 

comparison with the classical piezoelectric accelerometers. 

2 OBJECTIVES 

The objective of this study is to experimentally validate the 

possibility of obtaining the fundamental bridge frequency only 

from the vertical acceleration recorded for a vehicle during its 

passage over the bridge. This approach would allow monitoring 

the health condition of the bridge, without the need for any 

equipment on the structure, thus, greatly lowering the costs of 

managing the infrastructure of the road network. 

Therefore, this study has the aim to investigate the influence of 

two main variables on the results achieved thanks to the 

method. 

 Firstly, the effect of the traffic in the bridge during the 

acquisitions of the test vehicle has been investigated. To this 

aim, the tests were conducted at different hours: some in the 

daytime to carry out the tests with heavy traffic, and others 

during the night in the absence of traffic. The other variable is 

the velocity of the instrumented car: specifically, many 

passages have been carried out on the bridge with three 

different velocities.  

In addition, this study provides a comparison between the 

traditional piezoelectric accelerometers with the cheaper 

MEMS accelerometers. In this regard, many passages have 

been carried out considering simultaneous acquisitions from 

piezoelectric accelerometers and MEMS ones (using a normal 

smartphone). From these data, useful insights about the 

feasibility of this kind of accelerometers in the field of 

structural monitoring can be given. 

3 MATHEMATICAL BACKGROUND  

The first studies about the possibility to exploit the vehicle-

bridge interaction model with the aim to obtain the modal 

characteristics of the infrastructure are relatively recent. The 

idea behind it is the following: the dynamic response (in terms 

of vertical accelerations) of a vehicle, passing on a bridge, is 

influenced by the response of the structure itself. In this regard, 

the idea of indirect methods, which uses a moving vehicle as 

both the exciter and the receiver of the bridge vibration, was 

first proposed by Yang et al [5]. In these studies, the equations 

of motion governing the problem are shown considering a 

simple beam of length L with smooth pavement with a sprung 

mass mv of stiffness kv (Figure 1). 

  
 

Figure 1 - Structural diagram of the Bridge-Vehicle 

interacting system. 

This is the simplest model that can be taken into account to 

study the dynamic interaction between the moving vehicle and 

the bridge. The equations of motion governing the vertical 

vibration of the bridge and the moving vehicle are: 

 

 ( ) 0v v v v x vtm y k y u =+ − =  

(1)a 

 

 ''' ( ) ( )cmu EIu f t x vt+ = −  (2)a 

 

where yv is the vertical deflection of the sprung mass, v is its 

constant velocity and mv its mass; u(x, t) is the displacement of 

the beam, 𝛿 is a delta function evaluated at the contact point 

x=vt, E denotes the elastic modulus, I the moment of inertia 

while m is its mass. Note that a dot over a variable stands for 

derivation with respect to time t and an apostrophe stands for 

derivation with respect to x. 

The contact force between the beam and the sprung mass is 

expressed as follow: 

 

 ( )( )c v v x vt vf t k y u m g== − +  (3)a 

 

where g is the acceleration of gravity.  

Since this is a moving load problem, the response of the beam 

can be approximated taking into account only the first mode of 

vibration; for this reason, it is possible to make the following 

simplification 

 
( , ) ( )sinb

x
u x t y t

L

 
=  

 
 

(4)a 

where yb(t) is beam midspan vertical displacement over time. 

Substituting this expression into (1) and (2) and integrating, the 

system of coupled equations of motion are as follows: 
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where 𝜔𝑏 and 𝜔𝑣 are respectively the bridge frequency and the 

vehicle one and are determined as follows: 
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Assuming that the mass of the vehicle is an order of magnitude 

less than that of the bridge, the solution related to the vertical 

displacement of the beam is: 
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As it can be seen, the response of the vehicle is characterized 

by four specific frequencies: 

 

• 
2𝜋𝑣

𝐿
: “pseudofrequency” given by the motion of the 

vehicle; 

 

• 𝜔𝑣: vehicle frequency; 

 

• 𝜔𝑏 +  (𝜋𝑣
𝐿⁄ ) ,  𝜔𝑏 −  (𝜋𝑣

𝐿⁄ ): frequencies related to 

the first bridge frequency and translated due to the 

motion. 

 

Next, once yb(t) has been obtained, the frequency domain 

analysis can be directly performed through its Fourier 

Transform (FT). In particular, by transforming the vertical 

component of the vehicle acceleration, the spectrum in the 

frequency range is obtained as can be seen in the following 

figures. Specifically, numerical analyses have been carried out 

considering the following data: 

 

• ‘L’ Bridge length: 25 m; 

• ‘m’ bridge mass per unit length: 4800 Kg/m; 

• ‘E’ Bridge elastic modulus: 2.75 x 107 kN/m; 

• ‘I’ Bridge moment of inertia: 0.12 m4. 

• ‘fb’ bridge first frequency: 2.08 Hz. 

Two kind of investigations have been performed: the first one 

is aimed at stressing how the right vehicle velocity is crucial to 

determine the bridge frequency, while the second one has been 

carried out to show the importance of knowing a priori the 

frequency of the vehicle in order to perform the modal 

identification through a VBI-based method. 

Firstly an analysis is performed for different values of the 

vehicle velocity.  

 

 

Figure 2. Fourier transform of the vertical component of 

vehicle acceleration in the case of four different constant 

vehicle velocities (green solid line: pseudo-frequency; red 

dashed line: bridge first frequency fb; blue dotted line: vehicle 

frequency fv equal to 2.91 Hz). 

As can be seen in Figure 2, considering the minimum speed 

reported (5 m/s), the highest peak in the FT is quite close to the 

bridge first frequency 2.08 Hz (the red dashed line). On the 

other hand, considering higher crossing speeds, the first natural 

frequency of the bridge becomes more difficult to identify. In 

fact, in case of 15 m/s and 20 m/s there are two peaks related to 

the frequency of the bridge which are translated with respect to 

ωb due to the speed of the vehicle. 

Further, in Figure 3 a similar analysis is reported considering 

four different vehicle frequencies. In this case the vehicle 

velocity has been set equal to 10 m/s. Results stress the 

importance of knowing the frequency of the vehicle before a 

test based on the bridge-vehicle interaction is carried out. This 

problem occurs because of the impossibility to distinguish 

between the first bridge frequency and the vehicle one if the 

latter is unknown.  

 

 
Figure 3. Fourier transform of the vertical component of 

acceleration in the case of four different vehicle frequencies 

(green solid line: pseudofrequency; red dashed line: bridge 

first frequency fb; blue dotted line: vehicle frequency fv). 

fv = 2.9 Hz 

fv = 3.5 Hz fv = 4.1 Hz 
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This issue is clearly shown by the results obtained with 2.2 Hz 

and 2.9 Hz as vehicle frequency. In these two cases, both the 

frequencies of the vehicle and of the bridge are extremely close 

and this makes impossible to determine which is the natural 

frequency of the bridge. On the contrary, considering higher 

vehicle frequencies than that of the bridge, the two appear to be 

clearly separated in the frequency domain. 

4 DESCRIPTION OF THE EXPERIMENTAL TESTS 

Based on the theoretical analysis above described, an 

experimental campaign has been carried out. Specifically, an 

instrumented vehicle with some accelerometers and an 

acquisition platform has been prepared in order to acquire the 

vertical accelerations of the car during the multiple passages 

operated over the two bridges selected for the tests. 

 Tested bridges 

Two bridges of the city of Palermo have been selected for the 

tests.  

The first bridge considered for the tests is the Corleone bridge 

in the south-west of the city.  

 

 

Figure 4. Front view of Corleone bridge. 

The Corleone bridge was built between 1958 and 1965 and it is 

a structure consisting of two distinct bridges in reinforced 

concrete, substantially identical to each other, with an arched 

structure. The overall span is about 140 m, the width about 30 

m, the direct and superficial foundations rest on the rocks of the 

limestone complex. Each bridge, about 2.60 m apart from the 

other, supports a roadway of about 10.50 m in width as well as 

a cantilevered sidewalk of 2.40 m. 

 

The second is the recent bridge over the Oreto river, in the 

south-east of the city.  

 

 

Figure 5. Aerial view of the new bridge over Oreto river. 

The structure is composed of a single-span 35 meters long 

bridge. It consists of 6 lanes (2 of which are dedicated 

exclusively to the tramway site) for a total width of 30 meters. 

The body of the structure is made of steel and consists of a deck 

supported by four arches of circular section, also made of steel 

and connected in different points with the lower currents of the 

structure according to the Nielsen reticular arrangement.  

 Test vehicle 

The vehicle used for this test is a Toyota RAV4 hybrid car. The 

choice of hybrid vehicles is due to the fact that, in this manner, 

vibrations related to the thermal engine are decreased. 

 

 

Figure 6. Test vehicle. 

 Equipment 

In the experimental campaign, the piezoelectric accelerometers 

Seismic Miniature ICP Accelerometer PCB - models 393B04 

and 393B31 have been used to acquire the response in terms of 

vertical accelerations of the vehicle. These feature high 

sensitivity, wide frequency range, small size and low weight, 

high curability and ease of assembly.  

 

Note however that, the piezoelectric accelerometer PCB 

393B31 has higher sensitivity with respect to the other 

accelerometer. This detail has allowed investigating the 

influence of this parameter in the results obtained from the 

acquisitions.  

 

 

Figure 7. Position of the PCB accelerometers: PCB 393B31 

(a), PCB 393B04 (b). 

 

These piezoelectric accelerometers have been positioned in an 

area as close as possible to the center of the car, in particular, 

under the front seats. (Figure 7). 

These two devices have been connected to a PC thanks to the 
Digital ICP® - USB Signal Conditioner 485B39, which 

conditions and returns the digitized signal simply by 

connecting the ICP via the USB port to a pc.  

In addition to the PCB piezoelectric accelerometers, vehicle 

vertical accelerations have been acquired through a MEMS-
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type accelerometer installed on an Android smartphone 

(Xiaomi Redmi 8); the device is manufactured by ST 

Microelectronics (model LIS2HH12).  

The smartphone that houses the MEMS accelerometer has been 

positioned under the dashboard of the vehicle (Figure 8), 

properly fixed, in a way that is as integral as possible with the 

car.  

 

 

Figure 8. Position of the smartphone with the accelerometer 

LIS2HH12. 

the MEMS accelerometer has been added to the set-up in order 

to compare the results obtained using this low-cost and 

widespread technology and those obtained from the much more 

expensive piezoelectric accelerometers. 

5 MODAL IDENTIFICATION OF THE VEHICLE 

The first part of the experimental campaign has been dedicated 

toward obtaining the first frequency of the vehicle. To this aim, 

a road test has been carried out with the following instruments 

in the vehicle: 

• Computer; 

• ICP Conditioner; 

• Accelerometer PCB-Type 393B04. 

The test has been performed on a 160 m flat straight track. A 

constant speed of 5 km/h has been maintained for the entire 

journey time. A total of 6 passages have been performed, each 

one of 90 seconds.  

 

Figure 9. One of the recordings of the vertical acceleration of 

the vehicle during its dynamic identification test. 

Once these signals have been recorded, a code has been set up 

in MatLab environment to identify the vehicle frequency. In 

particular, the Fourier transform has been carried out for each 

signal and the average of all six has been determined. In this 

manner, the vehicle own frequency has been obtained equal to 

2.08 Hz. 

6 EXPERIMENTAL TESTS IN THE FIRST BRIDGE 

The bridge where the first part of tests has been carried out is 

the Corleone bridge. It is a bridge built more than 50 years ago, 

so it has been possible to test the feasibility of the indirect 

approach over an old structure. 

 Plan of testing 

The test procedure is the same as that previously described.  

The following steps were carried out on the infrastructure: 

• 7 passages in conditions of negligible vehicular traffic at 

10 km/h; 

• 8 passages in heavy traffic conditions at 10 km/h. 

In order to illustrate the results of acquisitions, below it is 

reported one of the records of the vehicle vertical accelerations 

(Figure 10): 

 

Figure 10. One of the recordings of the vertical acceleration of 

the vehicle passing the Corleone bridge by means of a 

piezoelectric accelerometer (case of crossing at 10 km/h). 

In addition to these recordings, as already mentioned, the 

accelerations from the MEMS accelerometer installed on board 

a common smartphone has been acquired.  

 Experimental results 

The recorded acceleration data have been filtered using a low-

pass filter with a limit of 20 Hz and analyzed in the frequency 

domain using the Power Spectral Density (PSD) function 

according to the Welch method. In particular, the PSD of each 

signal has been evaluated and then the average of all the PSDs 

thus obtained has been carried out. Since the structure is 

composed of two structurally independent lanes, dynamic 

identification has been performed by analyzing the signals of 

the two lanes separately, comparing the frequencies obtained.  
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The comparisons of the PSDs obtained in the different cases of 

vehicular traffic encountered at the time of the passage on the 

infrastructure are shown below. In particular, the result 

obtained using the accelerations recorded through the 

piezoelectric accelerometers (Figure 11 and Figure 12) are 

reported.  

Considering both the PSDs related to the case of light traffic, 

three peaks are evident and the most marked is close to the 

frequency of the vehicle (fv,light): for the Trapani and Catania 

directions are 2.17 Hz and 2.21 Hz respectively. The other 

peaks are likely corresponding to the first two bridge 

frequencies: these are 1.26 Hz and 3.34 Hz in the case of the 

bridge towards Trapani and  1.32 Hz and 3.40 Hz in the other 

direction. In the same way, considering the other PSD related 

to the condition of intense traffic, it can be seen how the three 

peaks are even slightly clearer and thus, it is possible to 

determine the same frequencies. 

 

Figure 11. Comparison of the PSDs obtained from the 

acquisitions made in the presence and absence of vehicular 

traffic on the Corleone bridge towards Trapani. 

This suggests that acquisitions made in presence of vehicular 

traffic could also improve the results of the dynamic 

identification of the structure.  

Since the results indicate that the influence of the traffic is 

positive for the modal identification of the bridge, it has been 

decided to combine the data to analyze the frequencies obtained 

and to compare the two lanes results. These are reported in 

Figure 13. 

 

 

Figure 12. Comparison of the PSDs obtained from the 

acquisitions made in the presence and absence of vehicular 

traffic on the Corleone bridge towards Catania. 

 

Figure 13. Comparison of the PSDs of all the overall 

registrations made on the Corleone bridge for each lane. 

As it can be seen, the PSDs related to the two lanes are quite 

similar. Note that, in the literature [18] the first frequency of 

the bridge has been defined equal to 1.40 Hz while the 

determined first frequency approximately equal to 1.33 Hz, 

thus showing a certain level of reduction that, if confirmed, 

could denote a non-optimal structural condition of the bridge.  

As previously specified, the tests on the Corleone bridge have 

been also carried out using a MEMS accelerometer. The 
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comparison of the PSDs is therefore reported for the two types 

of accelerometers in absence of traffic towards Trapani (Figure 

14) and in the condition of intense traffic (Figure 15): 

 

Figure 14. Comparison of the PSD obtained from acquisitions 

from MEMS accelerometers and piezoelectric ones carried out 

in absence of vehicular traffic on the Corleone bridge towards 

Trapani. 

 

Figure 15. Comparison of the PSD obtained from acquisitions 

from MEMS accelerometers and piezoelectric ones carried out 

in presence of vehicular traffic on the Corleone bridge 

towards Trapani. 

From the last figures it is possible to deduce that, even in the 

case of acquisition using a MEMS accelerometer, there are 

three peaks in the PSD. The values of the frequencies 

corresponding to them show a limited difference compared to 

the same frequencies obtained utilizing a piezoelectric 

accelerometer. Also in the tests carried out in the presence of 

intense traffic, the results show that the frequencies identified 

by means of a MEMS accelerometer are quite close to those 

obtained from the signals acquired through the piezoelectric 

one with an error of less than 7%.  

7 EXPERIMENTAL TESTS IN THE SECOND BRIDGE 

The other bridge where the second part of tests has been carried 

out is the new bridge over the Oreto river. In this structure, the 

same tests done in the Corleone bridge have been conducted. In 

addition, the bridge has been chosen for testing the influence of 

the vehicle velocity on the results in terms of frequencies 

obtained.  

Numerous passages have been performed with the 

instrumented vehicle on the infrastructure, to acquire the 

vertical acceleration component for each passage and then 

process all the recorded data. Specifically: 

• Ten passages for each of the speeds used (5 km/h, 10 km/h, 

20 km/h) in absence of traffic condition. 

This has been done to investigate one fundamental aspect in the 

success of the method: the optimal speed which gives the best 

results for the dynamic identification of the modal 

characteristics of the infrastructure. 

Below (Figure 16), one of the time histories of the car vertical 

accelerations obtained is reported, according to the procedure 

just described, by carrying out the passages at 5 km/h that 

provides for a crossing lasting about 16 seconds: 

 

Figure 16. One of the recordings of the vertical acceleration of 

the vehicle passing the new bridge over Oreto river by means 

of the piezoelectric accelerometer (case of crossing at 5 

km/h). 
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 Experimental results 

 Once the signals have been obtained, filtered by a low-pass 

filter with a limit of 50 Hz, they have been analyzed in the 

frequency domain using the Power Spectral Density (PSD) 

function according to the Welch method. In particular, the PSD 

of each signal has been evaluated and then the average of all 

the PSDs thus obtained has been carried out. First of all, the 

comparison of the three PSDs obtained in the different speed 

cases is reported (Figure 17). 

 

Figure 17. Comparison of PSD functions related to the 

passages on the new bridge over the Oreto river at different 

speeds. 

As it can be seen in this figure, considering the result obtained 

at a speed of 5 km/h (in black), two peaks in correspondence of 

the frequencies 1.94 Hz and 2.59 Hz are evident. In particular, 

the first is very close to the vehicle frequency (2.08 Hz). The 

second is probably the first frequency of the infrastructure. 

Analyzing now the other two PSDs corresponding to the higher 

speeds (10 km/h, 20 km/h), the evaluation of the frequencies 

related to the bridge is hindered by the excessive speed of the 

vehicle. In this regard, only the peak relative to the vehicle's 

natural frequency is evident. 

8 CONCLUDING REMARKS  

The feasibility of using a passing vehicle to scan the bridge 

frequency was tested in this study.  

First of all, the equations of motion which govern the physical 

problem of the interaction between the vehicle and the bridge 

has been analyzed. With this aim, different variables that 

influence the good realization of the indirect method have been 

analyzed; in particular, the velocity of the test vehicle and its 

frequency. On this base, a vast experimental campaign has been 

carried out to examine the validity of the indirect method as a 

way for dynamic identification of the structures. Based on the 

field tests, it is confirmed that: 

• The velocity of the vehicle, chosen during the 

experimental tests, is crucial to obtain the best possible 

results. In particular, it has been noticed that the lower the 

velocity, the best the results are. 

• The traffic conditions do not give a relevant detrimental 

effect on the dynamic identification of the structure. The 

same results, in terms of frequencies, are achieved with or 

without the presence of vehicles on the deck during the 

tests. This could suggest that it is possible to use this kind 

of indirect methods even in high traffic conditions. 

• The validity of cheap sensors, which are MEMS 

accelerometers, is also investigated. By comparing the results 

obtained between this accelerometer and those obtained by the 

piezoelectric one, it is shown how even cheap and widespread 

accelerometers such as those in smartphones, allow to obtain 

good results comparable to the most expensive devices. This 

consideration is extremely important to evaluate a possible 

implementation of the crowd-sensing system on the indirect 

methodology. 

•  
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ABSTRACT: One of the promising techniques for online damage monitoring of structures is the electromechanical impedance 
(EMI) based method. This method uses the electrical admittance of a piezoelectric transducer to detect damage. A piezoelectric 
diaphragm consisting of a circular piezoelectric material laid on a brass circular thin electrode is a favorable transducer. Although 
the brass electrode makes the installation of the transducer easy, it affects the measured electrical admittance. This effect is 
important when the electrical admittance of a free piezoelectric transducer is measured to calibrate its material properties. In this 
paper, the effect of such an electrode on the electrical admittance is investigated. Results show that the electrical admittance is 
drastically affected by the Young’s modulus of brass. From a calibration point of view,  the Young’s modulus of the piezoelectric 
material and the piezoelectric strain coefficient have the most significant effect on the real and imaginary parts of the electrical 
admittance respectively. 

The bonding layer between the brass electrode and the host structure also affects the measured electrical admittance. To 
investigate the effect of the bonding layer, two transparent polycarbonate plates have been selected as a host structure carrying 
eight piezoelectric diaphragms with pristine, flawed and partial bonding layers. The experimental measurements show that the 
flawed bonding layer changes the signal less than the partial bonding layer. However, all bonding layers are capable to transfer 
the shear stress induced by the piezoelectric element. This stress transfer that enables the interaction between the piezoelectric 
diaphragm and the host structure, leads to an electrical admittance having some pronounced peaks that are essential for damage 
detection. 

KEY WORDS: Structural health monitoring; Electromechanical Impedance based method; Piezoelectric diaphragm; Bonding 
layer. 

1 INTRODUCTION 
Failure of engineering structures can lead to the loss of human 
lives. Tiny crack-like damage can be a root cause for 
catastrophic failure when it remains undetected. That is where 
structural health monitoring (SHM) comes into the picture.  

Amongst others, EMI based SHM is a promising real-time 
technique benefiting from piezoelectric transducers installed on 
a host structure. A piezoelectric transducer converts electric 
potential into deformation like an actuator. Inversely, it can be 
used as a sensor because it can convert applied deformation into 
electrical charge. Both sensing and actuating behaviors of a 
piezoelectric transducer appear in its electrical impedance.  

EMI based SHM uses the electrical impedance of a 
piezoelectric transducer to detect structural damage as this 
leads to a change in the electrical impedance of the 
piezoelectric transducer [1]. If this change is greater than a 
predefined threshold value, the presence of damage is definite.  

Electrical admittance, the inverse of electrical impedance, is 
often used for damage detection because it is more sensitive to 
incipient damage [2]. The electrical admittance is the ratio of 
the current passing through the piezoelectric transducer to the 
electric potential over it.  

To compare a baseline electrical admittance with that of an 
unknown, probably damaged, state of a structure, parametric 
[3] and non-parametric [4] damage metrics can be used. A 
widely-used non-parametric damage metric is the root mean 
square deviation (RMSD). Eq. (1)  presents RMSD as follows:  

 𝑅𝑀𝑆𝐷 = √
∑ (𝑅𝑒(𝑌𝑖

𝑈)−𝑅𝑒(𝑌𝑖
𝐼))

2𝑛
𝑖=1

∑ (𝑅𝑒(𝑌𝑖
𝐼))

2𝑛
𝑖=1

∗ 100 (1) 

Where 𝑅𝑒(𝑌𝑖𝑈) and 𝑅𝑒(𝑌𝑖𝐼) are the real part of electrical 
admittances of unknown and intact states of the host structure 
respectively; 𝑛 is the total number of frequencies at which the 
measurement of electrical admittance has been done. 

A transducer consisting of a circular piezoelectric ceramic 
(active element) mounted on a round brass electrode, Figure 1, 
has been recently used for EMI based SHM [5]. This type of 
piezoelectric transducer is handy and robust from an 
installation and monitoring point of view. First, traditional 
piezoelectric ceramics are very fragile and a lot of care should 
be taken because they are easily broken during the installation 
(bonding). Second, a pair of wires are normally connected to 
the top and the bottom surfaces of an attached piezoelectric 
transducer. In the case of piezoelectric ceramics, accessing the 
bottom surface requires a conductive bonding layer. If this 
bonding layer also has a connection with the top surface, the 
electrical measurement will be problematic. To overcome these 
issues, piezoelectric diaphragms can be used because they are 
very rigid and have both electrodes at the top surface, Figure 1. 
Moreover, they are low-cost and waves excited by this device 
would travel mostly omnidirectional that guarantee a 360-
degree scan. However, the brass electrode affects the measured 
electrical admittance. 
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Figure 1. Piezoelectric diaphragm. 

The electrical admittance of a free piezoelectric ceramic is 
normally used for calibration of the piezoelectric material 
properties [7]. A similar method for calibrating the material 
properties of piezoelectric diaphragms has not been described 
in the literature. In this paper, first, it is shown that the effect of 
a brass electrode on the electrical admittance of the 
piezoelectric transducer is so important that the available 
material calibration of a ceramic piezoelectric transducer can’t 
be generalized to a piezoelectric diaphragm.  

Second, the effect of different material properties on 
electrical admittance is investigated. This sensitivity study can 
support users to perform an approximate material calibration 
by identifying the material properties that significantly affect 
the electrical admittance. These investigations are carried out 
using numerical simulation. 

Piezoelectric diaphragms are attached to the host structure 
using an (epoxy) adhesive. However, because of the large area 
of the brass electrode, there is always a possibility of the 
presence of air bubbles or non-attached areas in the bonding 
layer. Such flaws will affect the measured signals, but cannot 
be detected using non-destructive inspection unless the host 
structure is transparent. Therefore, in this paper, two 
transparent polycarbonate plates have been selected as the host 
structure to investigate the effect of different qualities of 
bonding layers on the measured electrical admittance.   

2 ELECTRODE EFFECT 
A numerical simulation procedure presented by Khayatazad et. 
al [8] is used to perform the investigations of this section. All 
numerical simulations are performed using commercial finite 
element software Abaqus CAE version 2020.HF5. To 
investigate the effect of a brass electrode on the electrical 
admittance of a free piezoelectric ceramic, the results of the 
following two models are compared: 
• a free circular piezoelectric ceramic, Figure 2-a. 
• a free piezoelectric diaphragm whose active element is the 

previous model, Figure 2-b. 
To investigate the effect of a brass electrode on the electrical 

admittance of an installed piezoelectric ceramic and of an 
installed piezoelectric diaphragm, a circular steel disk is 
assembled to both models, Figure 2-c-d. 

The material properties of all model components are given in 
Table 1. The polarization axis of the piezoelectric material is 
axis 3 which is perpendicular to the plane of the ceramic. 
Piezoelectric materials are typically orthotropic, however 
isotropic elastic behavior is considered for the sake of 
simplicity. 
 

 
Figure 2. The geometry of model components, (a) the 
piezoelectric ceramic, (b) the piezoelectric diaphragm, (c) the 
steel disk hosting a piezoelectric diaphragm, (d) the steel disk 
hosting a piezoelectric ceramic. 

Table 1. Material properties of the piezoelectric material, brass 
and steel. 

 
A steady-state direct dynamic analysis is performed with a 

frequency resolution of 100 Hz. Wherever two different models 
are connected, tie constraint is used; the bonding layer is not 
physically modeled for the sake of simplicity. To simulate the 
electrodes, the electric potential of all nodes of the top and 
bottom surfaces are constrained to their corresponding center 
points. There is no mechanical boundary condition 
implemented for any of the numerical models; they all deform 
in a free mode. The center points of the top and bottom 
piezoelectric ceramic’s surface have an assigned electric 
potential of 1 and 0 Volts respectively. Since all of the 
aforementioned parts have circular geometry, axisymmetric 
modeling is used for the numerical simulation. The mesh sizes 
are 0.2×0.2 mm², 0.2×0.3 mm² and 0.2×0.2 mm2 for the 
piezoelectric ceramic, brass electrode and steel disk 
respectively. Table 2 presents the element type used for each 
part. The models allow to calculate the reactive electrical nodal 
charge (RCHG) of the center point of the top surface of the 
piezoelectric ceramic. Having obtained RCHG, the electric 
current can be calculated as i2πfRCHG where i and f are the 
imaginary unit and excitation frequency respectively. The 
electrical admittance of the piezoelectric ceramic can be 
calculated by dividing the electric current by the electric 
potential which is equal to 1V.  

Top electrode

Piezoelectric ceramic 

Brass electrode 

DuraAct piezoelectric transducer 

Electrodes

Brass electrode 

Top electrode

Piezoelectric ceramic

Steel disk

R= 15 mm t= 0.2 mm

R= 25 mm t= 0.3 mm

Brass electrode

t= 3 mm

R= 50 mm

(a)

(c)

(b)

(d)

Piezoelectric material 
Piezoelectric strain coefficients, 10-10[C/N]  Permittivity, [F/m] 10-9 
𝑑15 𝑑26 𝑑31 𝑑32 𝑑33  𝜀33

𝑇  
5.35 5.35 1.75 1.75 3.9  9.33 

 
Young’s 

modulus, [N/m2]  Poisson ratio  Structural 
damping  Density, 

[kg/m3] 
𝐸  𝑣  𝜂  𝜌 

65.3×109  0.35  0.01  7700 
 

Brass 
Young’s 

modulus, [N/m2]  Poisson ratio  Structural 
damping  Density, 

[kg/m3] 
𝐸  𝑣  𝜂  𝜌 

97×109  0.3  0.005  7700 
 

Steel 
Young’s 

modulus, [N/m2]   Poisson ratio  Structural 
damping  Density, 

[kg/m3] 
𝐸  𝑣  𝜂  𝜌 

210×109  0.3  0.005  7800 
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Table 2. The types and number of elements used for the 
numerical simulation. 
Part Name  Description Number 
Piezoelectric 
ceramic 

CAX8E 8-node quadratic axisymmetric piezoelectric 
quadrilateral. 

75 

Brass 
electrode 

CAX8R 8-node quadratic axisymmetric quadrilateral, 
reduced integration. 

125 

Steel disk CAX4R 4-node bilinear axisymmetric quadrilateral, 
reduced integration, hourglass control. 

3750 

 
For the sensitivity analysis, d31, 𝜀33𝑇 , EPZT , 𝜂𝑃𝑍𝑇, 𝜌𝑃𝑍𝑇, EDIA  

and 𝜌𝐷𝐼𝐴 are individually increased and decreased with 20% 
compared to the baseline values mentioned in Table 1. Bhalla 
and Soh mentioned that the piezoelectric parameters can 
deviate up to 20% of the values reported by manufacturers [7]. 
The selected parameters are expected to have a considerable 
effect on the result. 

3 BONDING LAYER  EFFECT 
The deformation of a piezoelectric diaphragm is transferred 
through a bonding layer to the host structure. To evaluate the 
impact of the quality of the bonding layer on the measured 
electrical admittance, a set of experiments was designed. To 
investigate the quality of the bonding layers, the host structures 
were made from transparent polycarbonate specimens. 
Therefore visual inspection of the bonding layers became 
feasible without damaging the specimens. To compare the 
electrical admittance, two square shaped specimens carrying 
each four piezoelectric diaphragms placed symmetrically were 
manufactured, Figure 3. 

 
Figure 3. Four piezoelectric diaphragms are symmetrically 
installed on a polycarbonate plate.  

The used piezoelectric diaphragms are commercially known 
as LF-W50E10B-C. It is assumed that the attached 
piezoelectric diaphragms have the same electrical admittance 
when they are in a free boundary condition. In this way, the 
electrical admittance of the attached piezoelectric diaphragms 
is dependent on the quality of their bonding layer. The first 
specimen (PLX1) was instrumented with four piezoelectric 
diaphragms (PZT1 to 4) according to the procedure presented 
in [9] to achieve a good quality bonding layer. A cyanoacrylate, 
M-bond 200, was used as the bonding agent. A photograph of 
the backside of each installed piezoelectric diaphragm on PLX1 
is shown in Figure 4. PZT 2, 3, and 4 were properly bonded. 
The bonding layer of PZT1 shows flaws in the form of some 
trapped air as can be seen in Figure 4-a. 

In contrast to specimen PLX1, for the second specimen 
(PLX2) the goal is to investigate the impact of partial bonding 
on the electrical admittance. The first idea, used for transducer 

PZT5, was to partially bond the piezoelectric diaphragm using 
a Teflon tape covering part of the brass electrode at its bottom 
surface. After applying the adhesive drops beneath the brass 
diaphragm, a uniform pressure was applied on the piezoelectric 
diaphragm for 2 minutes. A deflection in the brass electrode 
(PZT5) originated because of a difference in thicknesses 
between Teflon tape and bonding layer while the uniform 
pressure was applied. This deflection is undesired because this 
experiment should only investigate the influence of partial de-
bonding. To install PZT6, 7 and 8, insufficient adhesive drops 
were used which led to low-quality bonding layers without 
introducing any deflection. Figure 5 shows the backside of 
PLX2. For a better visibility, Figure 6 shows a mask 
representing the attached regions of PZT5-8 mounted on PLX2.  

 

 
Figure 4. Although a well-defined procedure is followed for the 
installation of piezoelectric diaphragms, (a) a flawed bonding 
layer is possible among (b-d) good quality ones. 

 
Figure 5. Partially de-bonded adhesive layer using (a) Teflon 
tape and (b-d) insufficient adhesive. 

 

 
Figure 6. Masks of the bonded regions of PLX2. 
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To calculate the electrical admittance of the piezoelectric 
diaphragms, a data acquisition device (NI 6356) accompanied 
with a circuit presented in [10] was used. A chirp was used to 
excite the piezoelectric diaphragms. This chirp generates 
samples of a linear swept-frequency cosine signal at the time 
instances defined based on a 12-second excitation and a 
sampling rate of 1.25 million samples per second. The 
instantaneous frequency at the beginning of the chirp was 20 
kHz and the instantaneous frequency at the 12th 
second was 200 kHz. Each measurement was repeated 5 times 
to compensate for the effect of environmental noise. These 
measurements were conducted using free boundary conditions 
by supporting the specimen onto rubber bands. 

4 RESULTS 

 Numerical results 

Figure 7 shows the real part of the electrical admittance of the 
free piezoelectric ceramic and the free piezoelectric diaphragm 
obtained from the numerical simulations using datasheet 
material properties. As can be seen, the brass electrode 
drastically affects the electrical admittance, hence the material 
calibration method for piezoelectric ceramics reported in 
literature [7]  can’t be generalized to piezoelectric diaphragms. 
Figure 7 also presents the experimentally determined real part 
of the electrical admittance of the piezoelectric diaphragm 
PZT2. This experimental result verifies the numerical 
simulation since there is a very good match between both. Note 
that the numerical result could perfectly match the 
experimental result if optimized material properties were used 
in the numerical simulation.  

 
Figure 7. The brass electrode affects the electrical admittance. 

Figure 8 presents the numerically determined electrical 
admittance of the models depicted in Figure 2-c (steel disk with 
piezoelectric diaphragm) and d (steel disk with piezoceramic). 
Comparing Figure 7 and Figure 8, it can be concluded that the 
effect of adding the brass electrode to the piezoelectric ceramic 
is larger than the effect of adding the brass electrode to the 
interaction model of the piezoelectric ceramic and the steel 
plate from an electromechanical point of view. The reason 
therefore is that the stiffness and the mass of the brass electrode 
are comparable to those of the piezoelectric ceramic but they 
are quite small with respect to those of the steel disk. However, 
as will be discussed later, the presence of the brass electrode is 
not negligible from a material calibration’s point of view. 

The frequencies of the first three peaks in Figure 8 
correspond to the first three natural frequencies of the model. 
These correspond to flexural mode shapes; the last peak is 
related to an in-plane mode shape, Figure 9. So the sensitivity 

analysis discussed hereafter covers a combination of out-of-
plane and in-plane mode shapes.  

 
Figure 8. The electrical admittance of the piezoelectric ceramic 
and the piezoelectric diaphragm installed on the steel disk. 

 
Figure 9. The first four mode shapes of the model shown in 
Figure 2-c; axisymmetric view. 

To perform the sensitivity analysis on the model depicted in 
Figure 2-c, each of the seven parameters introduced in section 
2 has been changed by 20% with respect to its baseline while 
the other parameters remained constant. Next the electrical 
admittance has been obtained and compared to the baseline 
electrical admittance using the RMSD metric. Because the 

Piezoelectric ceramic

Brass diaphragm

Steel disk

Frequency = 2757 Hz

Frequency = 11357 Hz

Frequency = 25241 Hz

Frequency = 35759 Hz
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electrical admittance is a complex number, the RMSD metric 
has been calculated for both its real and imaginary parts. 

Figure 10 and Figure 11 show the results of the sensitivity 
analysis for the real and imaginary parts of the electrical 
admittance respectively. Table 3 presents the corresponding 
RMSD values of the sensitivity analysis for the real and 
imaginary parts. Moreover, the average RMSD value and the 
rank of each parameter are also presented. 

As can be seen in Figure 10, first EDIA and then 𝜌𝐷𝐼𝐴 are the 
most important parameters affecting the real part of the 
electrical admittance. Although the mass and stiffness of the 
brass electrode are small with respect to those of the host disk, 
they can significantly change the electrical admittance.  

 
Figure 10. Results of the sensitivity analysis based on the real 
part of the electrical admittance.   

 
Figure 11. Results of the sensitivity analysis based on the 
imaginary part of the electrical admittance.   

Table 3. RMSD values of the real and imaginary parts of the 
electrical admittance. 
 RMSD of the real part [%]  RMSD of the imaginary part [%] 
 Increase Decrease Mean Rank  Increase Decrease Mean Rank 
𝑑31 43.3 35.3 39.3 4  9.8 12.0 10.9 2 
𝜌𝑃𝑍𝑇 18.6 37.9 28.25 5  3.0 1.3 2.15 6 
𝐸𝑃𝑍𝑇 43.1 38.6 40.85 3  7.4 7.3 7.,35 3 
𝜂𝑃𝑍𝑇 1.2 1.2 1.2 6  0.0 0.0 0.0 7 
𝜀33
𝑇  0.0 0.0 0.0 7  13.4 13.4 13.4 1 

𝐸𝐷𝐼𝐴 82.3 73.2 77.75 1  3.6 5.1 4.35 4 
𝜌𝐷𝐼𝐴 62.1 71.4 66.75 2  4.4 3.1 3.75 5 
 
Figure 11 which is obtained based on the RMSD values of 

the imaginary parts, introduces the capacitance of the 
piezoelectric diaphragm, 𝜀33𝑇 , as the most effective value while 
EDIA is the fourth in rank. This clarifies why the imaginary part 
of the electrical admittance is less appropriate for damage 
detection [11].  

Fortunately, 𝜀33𝑇  can be easily measured using a multimeter 
and there is no need to involve this parameter in the material 
calibration procedure. 𝜂𝑃𝑍𝑇 is ranked 6th and 7th in the real and 

imaginary parts of the sensitivity analysis respectively. So for 
an approximate material calibration, it can be neglected. 𝜌𝑃𝑍𝑇 
is ranked 5th and 6th in the real and imaginary parts of the 
sensitivity analysis respectively. This value will also not 
deviate too much from the value reported by a manufacturer. 
For example, if the density of piezoelectric material is reported 
7700 [kg/m3], a deviation of +20% would mean that the new 
density is 9240 [kg/m3] and such deviation is not practically 
possible. Although 𝜌𝐷𝐼𝐴 has a rank of 2 in the real part of the 
sensitivity analysis, the same can be stated for this material 
property. 

From the remaining parameters, 𝐸𝐷𝐼𝐴 , d31 and EPZT are the 
most important material parameters for an approximate 
material calibration. Based on the real and imaginary parts of 
the sensitivity analysis, 𝐸𝐷𝐼𝐴 has an average rank of 2.5 and 
therefore it is the most significant parameter for the material 
calibration. The effect of this parameter and also of 𝜌𝐷𝐼𝐴 can be 
seen in the electrical admittance of a free piezoelectric ceramic. 
The second most significant parameter is 𝐸𝑃𝑍𝑇 with the 3rd rank 
in both real and imaginary parts of the sensitivity analysis. 
Finally d31 has an average rank of 3 and it is without any doubt 
a very important parameter because it is responsible for 
converting the electrical energy to mechanical one and vice 
versa. 

 Experimental results 

As stated higher, to avoid conclusions based on experiments 
influenced by environmental changes, all reported results are 
the average of 8 independent experiments with identical free 
boundary conditions. The individual experimental results only 
showed very limited variation, indicating the stable 
environmental conditions and the robustness of the EMI 
technique using piezoelectric diaphragms. 

Electrical admittances of PZT1 to PZT4 are shown in Figure 
12. The signal of PZT3 has a tangible deviation from those of 
the other transducers between 140 kHz to 160 kHz. The last 
peak shows a frequency shift of approximately 1 kHz, whilst 
the amplitude of all signals is almost identical. Although PZT1 
has some entrapped air bubbles in its bonding layer, the peaks 
present in its electrical admittance signal are in between these 
of the other PZTs. The flaws in the bonding layer did not lead 
to any noticeable loss of signal nor to any noticeable peak 
frequency shift. In general, the electrical admittances of these 4 
piezoelectric diaphragms match fairly well. To quantify the 
deviation of signals, the RMSD metric has been used and the 
electrical admittance of PZT1 is considered as the baseline for 
this calculation.  Table 4 presents the RMSD values; the 
maximum deviation is 14.6% belonging to the PZT3 as 
mentioned earlier. This deviation might have originated from 
the misalignment of the piezoelectric diaphragm and or 
different piezoelectric material properties. The RMSD value of 
PZT1 is zero because it is compared with itself. 

Figure 13 shows the electrical admittance of the piezoelectric 
diaphragms installed on the host PLX2. The purpose of this test 
specimen was to evaluate the effect of partical de-bonding of 
the adhesive layer. As could be anticipated, more deviation can 
be seen between these signals with respect to the signal 
obtained from piezoelectric diaphragms on host PLX1. 
Deviations can be observed both in terms of peak frequency 
shift and peak amplitude. However, none of the peaks present 
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in the signals of diaphragms with good quality bonds have 
disappeared. Diaphragm PZT 5, which has been deflected and 
has the vastest non-attached region, shows the most deviation. 
Especially the second peak of the spectrum shows a significant 
frequency shift and an enormous drop in signal amplitude. To 
compare the other results with a specific good quality baseline, 
the electrical admittance of PZT1 (installed on PLX1)is also 
depicted in Figure 13. As can be observed, the deviation of the 
signals of PZT5 to PZT8 from that of PZT1 is much more 
pronounced than those of PZT2 to PZT4. This statement is 
confirmed by the RMSD values reported in Table 4. The 
maximum RMSD equals 32.1% and belongs to PZT5; this is in 
line with what was discussed earlier. The average and the 
minimum RMSD values of the signals of the transducers 
installed on PLX2 are more than the maximum RMSD values 
of the transducers installed on PLX1. 

 

  
Figure 12. The electrical admittance of the four piezoelectric 
diaphragms installed on PLX1. 

Table 4. RMSD values of the real electrical admittance. 
 PZT1 PZT2 PZT3 PZT4 PZT5 PZT6 PZT7 PZT8 

RMSD (%) 0 6.5 14.6 6.8 32.1 14.8 18.0 24.5 
 
Generally, it can be concluded that a partially de-bonded 

adhesive layer will significantly affect the measured signal. 
However, it is believed that such diaphragm and its electrical 
admittance signal can still be used for the sake of damage 
monitoring.  Since (all) peaks are present and pronounced in 
the real part of the electrical admittance, the interaction of host 
structure and the piezoelectric diaphragm can be evaluated. 

 

 
Figure 13. The electrical admittance of the four piezoelectric 
diaphragms installed on PLX2. 

5 CONCLUSION 
Material calibration of a piezoelectric diaphragm used for SHM 
applications involves several physical, mechanical, electrical 
and electromechanical properties. If a thorough calibration is 

not feasible, an approximate one would be useful. An 
approximate material calibration in this context means to 
identify most significant material properties affecting the 
electrical admittance of the piezoelectric diaphragm. Based on 
the sensitivity analysis performed in this paper, the Young’s 
modulus of the brass electrode and the piezoelectric material 
and also the piezoelectric strain coefficient are the most 
important material properties for an approximate material 
calibration procedure. It should be mentioned that a 
piezoelectric material has an orthotropic elastic matrix. In this 
paper, it was assumed that the piezoelectric material is an 
isotropic elastic material. Moreover, 3 piezoelectric strain 
coefficients (d31 = d32, d33 and d15 = d26 ) are normally 
considered for a piezoelectric material but just d31 affecting the 
transferred shear stress between the piezoelectric ceramic and 
the beneath media was investigated in this paper. A more 
comprehensive sensitivity analysis can be performed as future 
work. 

The effect of the bonding layer’s quality has been 
investigated experimentally. Two polycarbonate plates have 
been instrumented with four piezoelectric diaphragms each. 
The first plate had 3 diaphragms with good quality bonding and 
one diaphragm with a slightly flawed bonding layer due to 
some air porosities.  The electric admittances of all 
piezoelectric diaphragms showed a good match with each 
other, the small flaws did not have any noticeable effect on the 
electrical admittance signal. The second plate had 4 diaphragms 
with an intentional partial debonding of the adhesive layer. The 
electrical admittance signal of these piezoelectric diaphragms 
irregularly deviated from a good quality baseline. Except for 
one diaphragm that was slightly damage due to bending, the 
partially de-bonded layers did not lead to loss of pronounced 
peaks in the electrical admittance signals, which is essential 
from an SHM point of view.  
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ABSTRACT: Driverless cars and driver assistance technologies have attracted significant interest for future transportation. 
Understanding the interactions between vehicles and pavement is crucial to deliver the promised safety and efficiency depicted in 
futuristic transport visions. Taking advantage of its centimeter-order readout resolution and kilometer-order sensing distance, 
distributed fiber optic sensing (DFOS) technology, which is widely used in conducting the structure health monitoring (SHM), is 
a potential tool to monitor and coordinate the movements of vehicle fleets to understand the interactions. This study aims to verify 
the capability of the newly developed dynamic fiber optic strain sensing technology to track vehicles on pavements. A 15-m long 
fiber optic cable was attached on top of an asphalt pavement in the longitudinal direction. By taking dynamic strain readings at 10 
Hz from the fiber using Brillouin optical time domain reflectometer (BOTDR) system, the movement of a vehicle, including the 
speed and the direction, on the pavement was successfully monitored. 

KEY WORDS: Vehicle tracking; Traffic monitoring; Intelligent Transportation System (ITS); Distributed fiber optic sensing 
(DFOS); Dynamic strain sensing. 

1 INTRODUCTION 
As cities develop, Intelligent Transportation System (ITS) has 
gained increasing attention. Building reliable and responsive 
Vehicle-to-Vehicle (V2V), Vehicle-to-Infrastructure (V2I) and 
Vehicle-to-Pedestrian (V2P)  communication systems is crucial 
to deliver a safe and efficient ITS [1]. Different types of in-road 
sensors have been applied to monitor traffic. Some of them are 
installed along the roadsides, including roadside Lidar, which 
was applied to detect vehicle speed by Zhang et al. [2]; and  
video cameras, which can track vehicles, classify them by their 
length, and measure their speed and the traffic flow rate [1]. 
These sensors monitor the traffic by only focusing on traffic 
from the microscopic or macroscopic view but lack of 
measurements of infrastructure (pavement) reactions. Other 
sensors are embedded in or attached on the road. For example, 
Oh et al. used inductive loop detectors to monitor the speed, 
volume, class of a vehicle on pavement [3]. The tests done by 
Zhang et al. showed the capability of a cement-based 
piezoelectric sensor for traffic flow detection, vehicle speed 
detection and weigh-in-motion measurement [4]. These sensors 
can reflect the reaction of pavement under traffic, but they 
cannot provide continuous-in-space tracking information of 
vehicles since they are point-sensors. Therefore, a type of 
sensors that can provide both continuous dynamic tracking 
information of vehicles and reaction of pavement is needed. 

Distributed fiber optic sensing (DFOS) technology, which is 
able to take continuous strain, temperature and acoustic 
measurements, is suitable for this application. Among DFOS 
technologies, Brillouin Optical Time Domain Reflectometry 
(BOTDR) has been widely used in structural health monitoring 
(SHM) of large-scale civil infrastructures [5]. Its capability of 
taking strain measurements over kilometers at centimeter-order 
sampling interval enables it to both locate vehicle position and 
measure pavement deformation under traffic loading. 

However, conventional BOTDR systems can only take static 
strain measurements. This is because the frequency scanning 
method and large number of averages are applied to increase 
the signal noise ratio with sacrificing the measurement speed 
[6]. More recently, Luo et al., Yu et al. and Li et al. developed 
and improved a small-gain STFT-BOTDR (Fig. 1) to make its 
measurement speed 60𝐻𝑧  with 4𝑚  spatial resolution and 
100𝜇𝜀 [7-9]. Based on these works, Luo et al. further 
developed a fast data acquisition method. The most recent 
small-gain STFT-based stimulated BOTDR system can take 
real-time strain measurement at up to 23𝐻𝑧 with an accuracy 
of 7𝜇𝜀  and a repeatability precision of 3𝜇𝜀 . Its spatial 
resolution is 2𝑚, whereas its readout resolution is 20𝑚𝑚 [6]. 

 

 
Figure 1. Prototype of the Dynamic-BOTDR box. 

This paper describes its capability to track vehicles by 
measuring the dynamic pavement deformation induced by them 
using the new BOTDR system. By attaching an optical fiber to 
asphalt pavement and connecting it to the system shown in Fig. 
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1, results show that it is possible to track the position and 
monitor the speed of a moving vehicle running on pavement. 

2 PROPOSED VEHICLE TRACKING METHOD 

 Proposed method 

As shown in Fig. 2(a), vehicles and pedestrians induce 
pavement deformation underneath them as they move on a 
road. A heavy vehicle causes larger strain than a light vehicle, 
and pedestrian will induce even smaller strain. The position of 
peak strain reflects the position of the vehicles and pedestrians. 
From the value of induced strain and the range of the strain 
fiber, vehicles can be distinguished from pedestrians and 
different vehicles can be classified. Since the dynamic-BOTDR 
system introduced in Section 1 is able to measure strain 
dynamically, an optical fiber installed on pavement can monitor 
its traffic by taking measurement using the BOTDR system. In 
this way, a transportation communication system shown in Fig. 
2(b) can be built.  

By measuring traffic (vehicles and pedestrians)-induced 
strain on pavement, optical fiber can assist Vehicle-to-
Infrastructure (V2I) and Pedestrian-to-Infrastructure (P2I) 
communication. By extracting the tracking information of one 
vehicle from optical fiber measurements and sending it to other 
vehicles, Vehicle-to-Vehicle (V2V) communication can be 
assisted. In the same way, Vehicle-to-Pedestrian (V2P) 
communication can be built by sending the tracking 
information of pedestrians to vehicles or the other way around. 
This work focuses on the V2I branch of the figure, which aims 
to use the newly developed BOTDR system to track vehicles. 

 

 
Figure 2. (a) Illustration figure of measuring traffic-induced 
pavement deformation using optical fiber (b) A transportation 
communication system via optical fiber. 

 Strain sensing principle of BOTDR system 

BOTDR is based on the Brillouin scattering, which is an 
interaction of light photons with local acoustic phonons [10]. 
The Brillouin frequency shift of a scattered light is in a linear 
relationship with the strain applied on the fiber [11, 12]: 

𝑣𝐵(𝜀) = 𝑣𝐵(𝜀𝑟) + 𝐶𝜀(𝜀 − 𝜀𝑟) (1) 

where 𝐶𝜀 is the strain coefficient, 𝜀 is the strain applied on the 
fiber and 𝜀𝑟 is the reference strain. 

The position of the measurement point along the fiber is 
determined by the time interval between the pump light that is 
launched into the fiber and the back-scattered light that is 
received at the same end of fiber [5]: 

𝑙 =  
∆𝑡 ∙ 𝑐

2𝑛
(2) 

where ∆𝑡 is the time interval, 𝑐 is the light velocity in a vacuum 
and 𝑛 is the refractive index of the optical fiber. 

3 TEST SETUP 
As shown in Fig. 3, a specially designed 15𝑚-long steel wire-
reinforced ribbon strain optical fiber cable manufactured by 
Fujikura Ltd (Japan) was point-glued every 2𝑚 to the surface 
of a section of asphalt pavement in the Richmond Field Station, 
California. The cross section of the cable is shown in Fig. 4. 
The two steel wires and coating protect the fiber from breakage 
and the flat shape makes the cable easy to install and operate. 
The Brillouin parameter of the cable is 𝐶𝜀 = 0.047𝑀𝐻𝑧/𝜇𝜀. 
The optical fiber installed on the pavement surface was 
connected to the BOTDR interrogator system as shown in 
Fig.1. During the test, a vehicle that weights about 1.68𝑡 
moved on the pavement with its left front wheel on top of the 
fiber. When the vehicle moved on the pavement, the BOTDR 
system took dynamic strain measurements along the fiber at 
10𝐻𝑧.  

 

 
Figure 3. Illustration figure of asphalt pavement and optical 
fiber layout (a) Plan View (b) Main view (c) Site photo. 
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Figure 4. Cross section of steel wire-reinforced ribbon strain 
cable manufactured by Fujikura Ltd. 

4 RESULTS AND DISCUSSION 
The aim of the test was to track the vehicle moving on the 
pavement. During the test, the vehicle started the engine at one 
end of the fiber, then accelerated to 1.36 𝑚/𝑠  and finally 
decelerated to stop at the other end of the fiber, as shown in Fig. 
5. The fiber was designed to be underneath the left front wheel 
of the vehicle. The strain profiles measured by the BOTDR 
system at different times along the fiber form the footprint plot 
shown in Fig. 6. Yellow stands for tensile strain, whereas blue 
represents zero strain, so that the yellow area shows the 
movement of the vehicle. At time = 0 sec, the left front wheel 
applied force on the fiber so that the length of the yellow area 
was about 2𝑚 which is the spatial resolution of the BOTDR 
system. The discontinuity of the yellow area within 4.6s~7.7s 
and 11.3s~12.4s is because the wheel failed to contact the fiber 
during these time periods. From 7.7s to 11.3s, two parallel 
lines, which correspond to the front and the rear wheel 
respectively, appear in the figure since the two left wheels (both 
front and rear wheel) were in contact with the fiber. The 
distance between the two parallel lines is about 2.3𝑚, which is 
close to the actual wheelbase of the vehicle. The time versus 
distance plot is approximated as red dashed arrows. The slopes 
of them show the speed of the vehicle. The speed increases 
from zero to 1.36 m/s within 13s and then decreases to zero in 
the end. 

 

 
Figure 5. Illustration figure of the test: vehicle moved forward. 

 

 
Figure 6. Footprint of sedan moving forward. 

Fig. 7 shows the strain variation with time at four different 
locations: 1.36 𝑚, 3.66 𝑚, 5.36 𝑚 and 8.04 𝑚. When the left 
wheel reaches these locations, the tensile strain value increases 
and reaches the peak. The strain at 1.36 𝑚 reaches the peak 
first, whereas that at 8.04 𝑚 reaches the peak last. The loading 
from the moving vehicle induces about 60𝜇𝜀 tension at all four 
locations. The strain at 3.66 𝑚  (purple line) has two peaks 
which are caused by the front and the rear wheel, respectively.  

 
Figure 7. Strain variation with time at 1.36 𝑚, 3.66 𝑚, 5.36 𝑚 
and 8.04 𝑚 

5 CONCLUSION 
This study demonstrates the feasibility of the newly developed 
BOTDR system to track vehicle movement by measuring the 
tensile strain of pavement induced by them. A field test was 
conducted by having a vehicle move along asphalt pavement 
with an optical fiber cable attached in the longitudinal 
direction. Dynamic strain readings were taken at 10 𝐻𝑧 by the 
newly developed dynamic small gain STFT based BOTDR 
system. From the footprint formed by the strain profiles at all 
times during the test, the movement and the speed of the vehicle 
were successfully extracted. The vehicle induced about 60  
tensile strain on the fiber right underneath it. This study verified 
the capability of the BOTDR system to conduct vehicle 
tracking by dynamic strain sensing.   

The test result also shows that, when the fiber is attached on 
pavement surface, the wheel will only introduce tension to the 
fiber if it is right on top of the fiber. To avoid missing any 
tracking information, different fiber installation configurations 
need to be explored. This includes installing multiple parallel 
fibers with small spacing intervals and embedding fiber inside 
pavement. Moreover, since different vehicles apply different 
loadings to the fiber, vehicle classification from strain values 
and the length of the strained fiber can also be investigated in 
the future. The BOTDR system is also capable in detecting 
pavement degradation through static strain sensing. 
Accomplishing dual purposes (vehicle tracking and pavement 
degradation monitoring) using the same optical fiber in 
pavement can also be further explored as future work. 
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ABSTRACT: This paper describes the first version of a sensing system for monitoring movable scaffolding systems, an 
equipment used for the construction of large multi-span viaducts. This research project involves BERD, a company that provides 
innovative solutions for bridge construction and CONSTRUCT-ViBest, a research group of FEUP, responsible for the 
development of sensors. This project has the following main objectives: i) development of a monitoring system including strain 
gauges, temperature sensors and accelerometers; ii) development of data processing techniques to extract useful information 
from the collected data; iii) development of an user  interface tool to present relevant results and allow the user to take decisions 
at different stages of the bridge construction process. The focus of this document goes to the first part of this project, where the 
architecture of the developed data acquisition system is detailed. The main concern was to use wireless, compact, autonomous, 
and robust solutions. The efficiency of the developed monitoring system is demonstrated with the results of the first in-situ 
measurements and tests. 

KEY WORDS: Bridge construction, continuous dynamic monitoring, data acquisition systems. 

1 INTRODUCTION 
The continuous dynamic monitoring of structures is an area 
that has lately assumed great importance in Civil Engineering. 
The main reason is related to the subject of Operational Modal 
Analysis (OMA), which aims to identify the modal parameters 
of a structure in operating conditions (particularly with regard 
to natural frequencies, damping ratios and mode shapes) 
taking into account the measured ambient vibrations at critical 
points.  

In these cases, the measurement of vibrations is performed 
without disturbing the normal functioning of the structures, 
which may be implemented in buildings, bridges (railway, 
roadway, highway), dams and offshore structures. Given the 
importance of this subject, the Laboratory of Vibrations and 
Structural Monitoring FEUP (CONSTRUCT-ViBest) has 
carried out consistent work in this area [1], both in the 
development of numerical tools for identifying modal 
parameters and in the continuous measurement of vibrations 
in actual structures (see www.fe.up.pt/vibest).  

Parallel to this area, CONSTRUCT-ViBest has also 
developed and implemented vibration measurement 
techniques that enable to solve specific problems of current 
systems and to evolve toward a new generation of 
measurement systems [2, 3]. In particular, the difficulties that 
are to be overcome include: a) excessive cost of traditional 
measurement systems; b) excessive dependence on external 
power supply; c) frequent failures in data acquisition 
attributed to heavy operating systems; d) difficulty in being 
physically integrated into structures, taking up too much space 
and being barely manageable, and; e) when using cables, the 
number of sensors is limited due to the exponential 
complexity of the acquisition system.  

In contrast, data acquisition systems based on 
microcontrollers and new sensors offers the following 

advantages: a) cost attractive; b) enable wireless solutions; 
c) autonomous and small size (easily integrated into 
structures); d) possibility of installation of high number of 
sensors; e) low power consumption (can run on batteries or 
solar panels); f) simplicity of functioning and robustness; 
g) low maintenance, and; h) may be easily customized.  

In this context, this paper intends to divulge the 
instrumentation solutions that have been used in the context of 
the research project SMART_OPS - Intelligent monitoring 
system for large movable scaffolding systems used in bridge 
construction, particularly involving measurement systems 
including strain gauges, temperature sensors and 
accelerometers. The general architecture of these systems is 
described, as well as its implementation in a case study 
structure followed by the presentation of the first results. 

2 NEW GENERATION OF MEASUREMENT SYSTEMS  
The interest of the research in measurement systems emerged 
from the technological evolution of the last decades in the 
topic of sensors and data acquisition systems based on 
microcontrollers. This was encouraged by the easy access to 
this technology and by the easy access to information 
available on the internet. In fact, the quantity of tutorials and 
blogs around this topic is immense. 

At same time, researchers who work in actual structures 
with data acquisition systems, often face many challenges and 
problems. The lack of robustness of some traditional 
instrumentation solutions is one of these difficulties. The 
failure of these systems when working for long periods is not 
the only cause of that lack of robustness. Sometimes there are 
also external causes like power failures and adverse weather 
conditions, beyond to other causes of diverse origin. Some 
data acquisition systems are also too complex, involving too 
many cables and connections. The high cost of measurement 
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systems is another factor that hinders the widespread use of 
these systems in common Civil Structures. 

In this context, the objective of the research in this area is to 
develop instrumentation that meets the following 
characteristics: i) wireless and compact size, for easy 
integration and installation in structures; b) robust, allowing 
the functioning of the system for long periods with no crashes; 
c) long autonomy; d) flexible, by allowing a variety of 
different sensors in several mounting schemes; e) accurate, 
and; f) cost attractive. 

Certainly, the role of these systems is not to substitute the 
traditional systems. However, there are many applications 
where these instruments have the same effectiveness as the 
traditional ones, with additional advantages. In fact, they can 
simplify the process of installation and operation; they can be 
custom-made, including the use of 3D printing; maintenance 
and replacement is facilitated, and; more interesting, their 
attractive cost may allow the generalization of dynamic 
monitoring systems in Civil Structures. Nevertheless, the 
implementation of these new data acquisition systems also 
raises some challenges. Particularly with regard to the 
following issues: a) power supply; b) data transmission; c) 
reduced energy consumption; d) miniaturization of the 
systems, and e) reliability.  

Probably the main question about these new systems, most 
of them based on distributed sensor networks, is how to power 
them. If they need external electrical energy materialized by a 
cable, then the wireless functionality does not make any sense. 
In this case, the power and data transmission are provided by 
the physical connection. If they are fully wireless, they need 
to have a local power supply. It is worth to mention that most 
of the times, sleep modes in dynamic monitoring are not 
useful, since the frequency rates are usually high. In addition, 
many energy-harvesting solutions do not provide enough 
power for continuous measurement systems.  

In parallel to this issue, it is necessary to consider how and 
how often data is transmitted. It is generally accepted that 
Civil Engineering structures do not need continuous online 
observation, except for special cases. Therefore, the 
continuous data transmission might be not mandatory in many 
applications. This will save a lot of energy and will increase 
autonomy and the robustness of the system. So, it is suggested 
that data may be accessed by several ways. In some 
applications the most interesting is to get data physically by 
accessing sensors periodically to copy files or replace memory 
cards. On the other hand, data also may be transmitted 
wirelessly, but in this case, it should be selected a limited 
period of the day to do that. In this case, the wireless 
connection is established, the data is transmitted, and in the 
end the wireless communications are disconnected. This 
means that the transmission only works for a few minutes 
each day, saving a lot of energy. Another possibility is to send 
data continuously and have a procedure to routinely replace 
the system batteries, a valid solution in the context of a 
construction site. 

3 RESEARCH PROJECT SMART_OPS 
The SMART_OPS project is linked to an innovative bridge 
construction system patented by the BERD company. OPS 
means Organic Prestressing System, which take advantage of 

hydraulic actuators to compensate static or quasi-static 
deflections of scaffolding systems particularly during the 
concreting phase [4]. This technology permits to use 
scaffolding systems that are normally used in the construction 
of decks until 60 meters length, to spans up to 90 meters.  

Although the OPS has already sensors for a continuous 
monitoring of structural deflections, additional measurement 
systems allows to better understand the behavior of the 
scaffolding systems and, at the same time, to provide real-time 
information to operators and stakeholders at all stages of the 
working cycle. Obtaining and processing this additional 
information is one of the objectives of the SMART_OPS 
research project, which will also contribute to the 
improvement of the safety and risk management in bridge 
construction [5]. 

In this project, two types of independent measurement 
systems were adopted. A commercial one based on classic 
sensors and classic data acquisition systems, and systems 
based on the new generation of sensors. Other project goal is 
to compare the performance of both, and to investigate the 
possibility of safely use the more accessible technology in the 
monitoring of scaffolding systems. With this aim, this paper 
dedicates section 6 to compare the first measurements 
obtained with both solutions.  

4 INSTRUMENTATION BASED ON NEW SENSORS 
With this regard, several types of new sensors were used in 
this project, namely, systems working with strain gauges, 
temperature sensors and accelerometers. In this section, the 
architecture of the adopted solutions is described. While the 
use of accelerometers and temperature sensors had already 
been used in previous applications, the strain gauges system 
was used firstly in the context of the SMART_OPS project. 

4.1 Strain gauges 

The functioning of the strain gauges units is based on the use 
of the HX711 module which is an Avia Semiconductor’s 
patented technology. It integrates a 24-bit analog-to-digital 
converter associated to a programmable gain amplifier which 
works independently for each of the two available channels.   

The strain gauge module used in this project works with two 
HX711 modules, enabling the simultaneous acquisition of 
four channels. It integrates an ATmega328P microcontroller, a 
microSD card to save data locally, and a precision Real-Time-
Clock used to organize a folder structure with 10 minute files. 
Depending on the location of each module, it can operate with 
different number of channels (1 to 4) and may work at 
different output data rates. The strain gauges used for this 
application are of three-wire type, resulting that a three-wire 
quarter-bridge circuit that must be completed for each channel 
inside the module.    

This system is powered by 3 batteries of 3400 milliamps 
capacity each. Depending on the different options used for 
each module, the autonomy may vary significantly. With four 
channels acquiring at the maximum data output date, this 
battery solution lasts about a week.  

4.2 Temperature sensors 

The temperature sensors used in the developed 
instrumentation are of DS18B20 type from MAXIM company 
(instead of PT100 used with the commercial system). These 
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digital sensors measure temperatures from -55°C to +125°C, 
having an accuracy of ±0.5°C from -10°C to +85°C, which is 
adequate for this application.  

The major advantage of this sensor is its simplicity, because 
no extra hardware is required and because it has a 3-wire 
communication with the microcontroller. In addition, due to 
the unique 64-Bit address, a high number of sensors can be 
used simultaneously through a single digital port on the 
microcontroller. 

The temperature sensors are connected to the same units of 
the strain gauges (see figure 1a), which store temperature 
readings each 10 minutes.  

4.3 Accelerometers 

These devices are composed of a tri-axis MEMS 
accelerometer which is operated by means of an ATmega328P 
microcontroller (see Figure 1b). The data is saved locally in a 
microSD card. The files have a duration of 10 minutes each 
and are organized in a folder structure identified according to 
the time and date of the measurements. 

The MEMS accelerometer is of digital type integrating a 20 
– bit ADC, and includes internal antialiasing filters, 
programmable frequency rate and dynamic range. In this 
application, the frequency rate was fixed at 62.5 Hz, being the 
low-pass cut-off frequency set to 15.625 Hz and the high-pass 
cut-off frequency set to 0.24 Hz.    

This system is powered by 3 batteries of 3400 milliamps 
capacity each, enabling an autonomy of 2 months in 
continuous operation. 

At this stage, aiming the energy saving, the on-line data 
transmission of accelerometers (as well as all previous 
described sensors) is disabled. This means that the data needs 
to be physically acceded, by changing the microSD card by an 
empty one. Because of the optimized design of the sensors, 
the enclosures are designed to minimize the size of the 
devices, recurring for this effect to 3D printing. 

5 INSTRUMENTATION LAYOUT 
The structure under analysis is a movable scaffolding system 
(MSS) used in the construction of a set of viaducts crossing 
the Danube River 10km from the center of Bratislava, 
Slovakia [5]. This equipment was instrumented when the west 
viaduct (53m + 10x67.5m + 53m) was under construction. 
The positioning of the various sensors throughout the 
structure is shown in the Figures 2 and 3, which corresponds 
to the sections instrument by two independent data acquisition 
systems (DAQs) arranged in parallel (a commercial one and 
the one developed at FEUP). 

Figure 2 represents the location of the 11 measuring points 
using strain gauges and temperature sensors primarily 
intended to assess axial stresses on the structure’s bars. In 
fact, to have some redundancy, these sensors are duplicated on 
each two sides of the main truss. However, only one side is 
analyzed in this paper.  

On the other hand, Figure 3 represents the location of the 
accelerometers of both DAQs which were positioned in the 
same sections and measured the same directions. “ETNA102” 
and “ETNA104” (representing the commercial system) 
measured accelerations in one side of the main lateral truss 

and the other unit “ETNA103” measured signals in the other 
side of the structure.  

A more detailed description of the installation of the 
previously described instrumentation may be consulted in 
reference [5]. 

6 COMPARISON OF THE FIRST RESULTS 
In this section, a comparison of the first results involving the 
two DAQs used in this project is performed. The dates of the 
available data involving either the commercial system or the 
one developed at FEUP varies according to the 
instrumentation installation plan. The most interesting phases 
of comparison of results correspond to the concreting phase 
and to the launching of the movable scaffolding system. This 
results from the structure being subjected to relatively sudden 
variations in load, causing significant increase in stresses in 
the steel bars, as well as a variation in the structural dynamics. 

One of these events occurred in the third week of December 
2019 when the 10th span of the previously mentioned viaduct 
was under construction. As a result, next sections are referred 
mainly to that period. 
 

 
     (a) 

 
      (b) 

Figure 1. (a) Strain gauge unit, also used to measure 
temperatures; (b) Sensor unit used to measure accelerations. 
 

Ext. 5 Ext. 3

Ext. 1

Ext. 2

Ext. 6

Ext. 7

Ext. 8

Ext. 10

Ext. 4Ext. 9

Ext. 11

 
Figure 2. Location of the 11 measuring sections using strain 
gauges and temperatures. 
 

 
Figure 3. Location of the 3 measuring sections using 
accelerometers. 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure 

282 

6.1 Strain gauges measurements 

As representative results, Figure 4 shows a comparison of the 
measurements of the two DAQs in the period of 10 to 26 
December related to sections 1, 4 and 11 (ext1, ext4 and 
ext11, respectively in Figure 2). The similarity of the 
measurements is very good, which demonstrates the 
suitability of the system used in this project for strain 
measurement. 

The mentioned examples are related to linear strain gauges 
aiming the measurement of axial strain in bars of the structure. 
In addition, some drift is noted when comparing both DAQs. 
This issue is being studied and will be discussed in later 
publications.     

6.2 Temperature measurements 

Figure 5 represents a comparison of the temperature 
measurements taken by both systems at same sections as the 
strain gauges mentioned before. The used sensors are of 
different types, but are positioned side by side, which means 
that the temperature measurement can be compared. The 
proximity of the measurements is very good. 

Although the sensors are not of the same type, the similarity 
of the results shows that sensors of DS18B20 type are suitable 
for these applications, despite being cheaper than PT100 
based temperature sensors. This economic benefit is not 
related to the sensor itself, but mainly because the signal 
conditioning system for PT100 sensors is more complex.  
 

 
(a) 

 

 
(b) and (c) 

 
Figure 4. Comparison of strain gauges collected by the two 
DAQs: (a) Section1; (b) Section 4; (c) section 11. 
 
 
 
 
 

6.3 Accelerometers 

Regarding the measurement with accelerometers, Figure 6 
compares the color maps representing the evolution of the first 
singular value spectra obtained by the Frequency Domain 
Decomposition method (FDD) during the period from 14th to 
23th December, relative to the measurements taken with 
ETNA seismographs (from Kinemetrics) and with the 
accelerometers used in this project. Samples of two different 
scenarios may be found in Figure 7 where the spectra are 
represented for two specific periods of one-hour duration.  

The main difference between the two systems has to do with 
the noise level of the sensors. Clearly, the commercial system 
has a lower noise level compared to the other system, which 
makes it perform better, particularly when the vibration levels 
are very low. Even so, using the alternative system developed 
in this project, it is still possible to identify the natural 
frequencies of the structure over time. Moreover, considering 
that the developed system is much more interesting in terms 
of cost, size and autonomy, it can be concluded that it may be 
successfully used in the monitoring of structures like the one 
studied in this project. 
 

 
(a) 

 

 
(b) 

 

 
(c) 

Figure 5. Comparison of temperatures collected by the two 
DAQs: (a) Section2; (b) Section 4; (c) section 11 
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(a)  
 

(b)  
 

Figure 6. Evolution of the 1st singular value FDD obtained 
from signals collected by the two DAQs: a) Etna commercial 
system; b) Accelerometer used in the project. 

 

 

 
 
Figure 7. Two sample spectra comparing the two DAQs. 
   

7 CONCLUSIONS 
This paper aims to compare the performance of two different 
Data Acquisition Systems in the context of the objectives of a 
research project involving BERD company and 
CONSTRUCT-ViBest research group of FEUP. One system 
is composed of equipment involving well-known commercial 
solutions, and the other is a system based on a new generation 
of sensors using equipment developed at FEUP. 

It was stated that the role of these new systems is not to 
substitute the traditional DAQs, but there are many 
applications where these devices have the same effec-tiveness 
of the traditional ones with additional advantages, such as 
lower cost, high robustness, high autonomy, flexibility and 
low maintenance.  

Within this scope, strain gauges, temperature sensors and 
accelerometers from both solutions were tested in a movable 
scaffolding system used in the construction of a viaduct 
crossing the Danube River close to Bratislava. In general, it 
was observed a very good correlation of the measurements 
obtained by these two distinct systems, showing that solutions 
based on a new generation of sensors may be used 
successfully in the dynamic and static monitoring of 
scaffolding systems, contributing to provide real-time 
information to operators and stakeholders at all stages of the 
working cycle, as well as to improve the safety and risk 
management in bridge construction. 
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ABSTRACT: In practice, the commonly used P-wave based ultrasonic inspection tests for concrete are adequate to evaluate either 
material thickness or its elastic properties. In general, the test configurations of such methods are not suitable for the estimation 
of the depth of surface-breaking cracks, which is crucial to predict the residual load capacity of a structural member. The methods 
based on the ultrasonic surface waves (UWS), on the other hand, have the potential to realize such inspection. Since the surface 
waves propagating in a medium display variation when they encounter with a vertically aligned crack, it is possible to estimate its 
depth by monitoring the changes in the wave characteristics. Based on this principle, hereby a UWS based diagnostic procedure 
is presented for the estimation of depth of surface-breaking cracks in concrete elements. The diagnosis is demonstrated on six lab-
scale steel-fiber reinforced concrete (SFRC) beam specimens, which are subjected to the crack-controlled three-point bending test 
in order to create a specific crack depth in each one. The beams are then examined by implementing a multi-channel ultrasonic 
test configuration. The recorded surface waves propagating in the beams are processed by utilizing the signal processing 
techniques, including wavelet transform and two-dimensional Fourier transform to extract two diagnostic features related to the 
wave attenuation and dispersion in phase velocity. Finally, the reliability of these two features are demonstrated by examining 
their sensitivities with respect to the visually measured crack depths. 

KEY WORDS: Condition assessment; Crack depth estimation; Fiber-steel reinforced concrete; Ultrasonic surface waves; 
Dispersion; Attenuation. 

1 INTRODUCTION 
The most commonly used ultrasonic tests for the condition 
assessment of concrete include the ultrasonic pulse velocity 
(UPV) and impact echo (IE); both base on observing the P-
wave [1,2]. While the first one is primarily used to evaluate the 
material thickness, the latter one is preferred to detect defects. 
Alternatively, the test methods based on the ultrasonic surface 
waves (USW) provide information on the variation of material 
properties along a medium since the USW methods enable to 
monitor the wave characteristics, such as attenuation and 
dispersion [3]. Because these wave characteristics will be 
altered in the presence of any crack, they can be used to 
estimate the crack depth.  

Surface breaking cracks occur mostly under bending and 
align in vertical direction. Estimation of the depth of such 
cracks are previously targeted by many researchers. However, 
in the previous studies, the cracks were modelled as artificial 
clear-cut notches in the laboratory environment, rather than the 
real cracks [4-8]. These studies revealed satisfactory results 
using the frequency dependent surface wave features. 
Nevertheless, the extraction and interpretation of the wave 
features obtained from the signals recorded on the real 
structural concrete elements require improvement of the test 
configuration and utilization of advanced signal processing 
techniques. 

Hereby, a diagnostic procedure is developed to estimate the 
depth of surface breaking cracks. The experimental 
investigations are pursued on steel-fiber reinforced concrete 
beam specimens comprising cracks of different depth. A multi-
channel test configuration is implemented to capture the 

surface waves propagating on these beams. And, then the 
recorded wave signals are processed to reveal the relationships 
between the crack depth and the diagnostic features, namely the 
attenuation coefficient and dispersion index. The attenuation 
coefficient is determined by utilizing discrete wavelet 
transform while the dispersion index is extracted using two-
dimensional Fourier transform. 

2 CONDITION ASSESSMENT METHODOLOGY 

 Attenuation 

Attenuation in propagating waves occurs due to geometric 
radiation and material damping. The spatial attenuation 
coefficient 𝛼𝑥, which is associated with the material damping, 
is determined from a propagating wave by [9]: 

where 𝐴𝑖 is a wave quantity at distance 𝑥i with respect to the 
excitation source, and 𝛽 is the geometric attenuation constant, 
which is equal to -0.5 for the surface waves due to their 
cylindrical wave-front. The wave quantity 𝐴𝑖 can simply be the 
amplitude in time signal, or any magnitude associated with a 
specific frequency extracted using signal processing 
techniques, such as the Fourier or wavelet transforms. The 
wavelet transform is superior to the conventional Fourier 
transform since temporal information is kept after the 
transformation. The continuous wavelet transform (CWT) of a 
signal 𝑝(𝑡) is given as [10]: 

𝛼𝑥 =
1

𝑥𝑖+1 − 𝑥𝑖

[𝑙𝑛 (
𝐴𝑖+1

𝐴𝑖

) − 𝛽 𝑙𝑛 (
𝑥𝑖+1

𝑥𝑖

)] (1) 
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where 𝜓(𝑡) is called the mother wavelet function, 𝑎 is the 
dilation parameter (scale) and 𝑏 is the location parameter for 
time shift. The dilated and shifted wavelet function is denoted 
as 𝜓(𝑡 − 𝑏 𝑎⁄ ), and 𝜓∗ is its complex conjugate. Eq. 2 enables 
to examine any particular frequency by substituting the 
appropriate scale parameter 𝑎. However, if a broader frequency 
range is targeted, then, instead of the CWT, the discrete wavelet 
transform (DWT) would be more efficient. By utilizing the 
DWT, any signal 𝑝(𝑡) can be decomposed into its sub-signals, 
of each is associated with a specific frequency band-width, 
which requires the following discretized mother wavelet [10]: 

 
𝜓𝑗,𝑘(𝑡) =

1

√𝑎0
𝑗

𝜓 (
𝑡 − 𝑘𝜏0𝑎0

𝑗

𝑎0
𝑗

) (3) 

where 𝑗 and 𝑘 are integers, the fixed dilation step 𝑎0 = 2, and 
the translation factor 𝜏0 = 1. In this study, the DWT is 
preferred to determine the attenuation as it is demonstrated by 
Kirlangic et al. [7] as a reliable and convenient method. 

 Dispersion 

Surface waves propagate near the surface boundary of a 
medium by the combined acts of both horizontal and vertical 
particle displacements, and carries two thirds of the wave 
energy [11]. In homogeneous half space, the surface waves 
propagate at a constant Rayleigh wave velocity VR. However, 
in the case of a geometrical boundary, such as a defect or crack, 
the surface waves may exhibit dispersive behavior since the 
wave reflections and refractions caused by the crack will 
interact with the initial wave propagation. Dispersion can be 
described as the variation in the velocity of different 
frequencies travelling through a medium; in other words, the 
frequency-dependent wave velocity, which is known as the 
phase velocity. The wavelength 𝜆 is related to the phase 
velocity 𝑉𝑝ℎ and frequency 𝑓 by: 

       𝜆 = 𝑉𝑝ℎ/𝑓 (4) 

The dispersion in propagating waves can be visualized with 
a plot of phase velocity vs. frequency, which is called the 
dispersion curve. The procedure for the detection of dispersion 
in surface wave can be summarized in three steps: (i) 
acquisition of the time signals (time-offset domain), (ii) 
transformation of the data from the time-offset domain (𝑥 − 𝑡) 
into a frequency-wavenumber domain (𝑓 − 𝑘), and (iii) 
extraction of the phase velocity (dispersion curve). The 𝑓 − 𝑘 
plot represents the relationship between wavenumber 𝑘 and 
frequency 𝑓; whereas the wavenumber is related to the 
wavelength by: 

𝑘 = 2𝜋/𝜆 (5) 
And from Eqs. 4 and 5: 

𝑉𝑝ℎ = 2𝜋(𝑓/𝑘) (6) 
Eq. 6 provides the phase velocities 𝑉𝑝ℎ to be determined from 

the 𝑓 − 𝑘 plot, which are then used to constitute the dispersion 
curve. Once the dispersion curve is obtained, it can be used as 

a diagnostic tool to estimate the condition of the inspected 
medium. 

The dispersion in wave propagation can be determined 
experimentally by utilizing a multi-channel test configuration, 
which allows acquiring multiple time signals at different 
locations. Then, the two-dimensional Fourier transform (2D-
FT) of the captured signals is performed to obtain a two-
dimensional spectrum in frequency-wavenumber domain (𝑓 −
𝑘 plot), where the incident, reflected and transmitted waves can 
be identified. The peaks in the plot are used to compute the 
phase velocities which constitute the dispersion curve of each 
event [12]. In the case of a homogeneous half-space medium, 
the dispersion curve appears as a straight line with a slope equal 
to the 𝑉𝑅. However, any disruption in the phase velocity due to 
any anomaly appears in the 𝑓 − 𝑘 plot which can be used to 
interpret the damage condition. In this work, the dispersion 
curves attained from experiments are used to define a 
diagnostic parameter called “dispersion index” (DI), which 
relates the dispersion in phase velocity 𝑉𝑝ℎ to the damage 
content as [13]: 

𝐷𝐼⟨𝐷𝑎𝑚𝑎𝑔𝑒𝑑⟩ = ∑
|𝑉𝑝ℎ

⟨𝐷𝑎𝑚𝑎𝑔𝑒𝑑⟩(𝑓) − 𝑉𝑝ℎ
⟨𝐼𝑛𝑡𝑎𝑐𝑡⟩(𝑓)|

𝑉𝑝ℎ
⟨𝐼𝑛𝑡𝑎𝑐𝑡⟩(𝑓)

 (7) 

The dispersion index is basically the cumulative variation in 
phase velocity caused by the crack normalized with respect to 
the reference dispersion curve obtained from the intact case. 

3 EXPERIMENTAL PROCEDURE 

 Beam Specimens 

Seven laboratory scale steel-fiber reinforced concrete (SFRC) 
beams (50 x 10 x 10 cm3), of which concrete mix consists of 
1,054 kg coarse aggregate, 797 kg sand, 310 kg CEM I 42.5R 
type cement, 202 kg water, 3.5 kg superplasticizer, and 39.3 kg 
35-mm-long hook-end steel-fiber, are produced. Following 28-
day curing period, six of the beams are subjected to three-point 
bending test in accordance with EN 14651: Test method for 
metallic fiber concrete - Measuring the flexural tensile strength 
[14] in order to create real-shaped cracks due to bending. 
During the bending tests, the crack mouth opening 
displacement (CMOD) is monitored, and once a predetermined 
crack width is reached, loading is aborted; so that a different 
crack depth for each beam could be reached. The loading paths 
and the cracks created in each beam are shown in Figure 1 and 
2, respectively. The beams are named after B0, B1, B2, B3, B4, 
B5, and B6; as the increasing number refers to increasing 
CMOD; which varies from 1.00 mm to 2.25 mm with an 
increment of 0.25 mm. The crack depth is measured visually 
using a ruler, and found ranging from 53 to 94 mm as given in 
Table 1. The bending strength, on the other hand, is determined 
ranging between 3.65 MPa and 5.34 MPa (Table 1), of which 
average strength is 4.64 MPa. Finally, the compressive strength 
is measured as 31.8 MPa from three standard size cylindrical 
specimens tested in comply with EN 12390. B0 is not subjected 
to bending test in order to reserve it as the control beam.  
 

 
𝑊𝑇(𝑎, 𝑏) =

1

√𝑎
∫ 𝑝(𝑡)𝜓∗ (

𝑡 − 𝑏

𝑎
) 𝑑𝑡

∞
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 (2) 
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Figure 1. The load vs. crack width curves from the bending 
tests. 

 
B1 B2 B3 

   
B4 B5 B6 

   

Figure 2. The beams with cracks. 

 

Table 1. The beam properties. 

Beam Bending 
Strength (MPa) 

Crack Width 
(mm) 

Crack Depth 
(mm) 

B0 N/A N/A N/A 
B1 5.34 1.00 53 
B2 4.79 1.25 58 
B3 3.65 1.50 79 
B4 4.49 1.75 76 
B5 4.63 2.00 90 
B6 4.93 2.25 94 

 Ultrasonic Tests 

The ultrasonic test instrumentation consists of an ultrasonic 
pundit (Proceq Pundit Lab), two transducers with 54 kHz 
resonant frequency, a two-channel oscilloscope, and a 
computer. One of the transducers is mounted 15 cm away from 
the crack to be used as the transmitter, whereas the other one, 
which is deployed as the receiver, is shifted along an 18-cm-
long array. The receiving transducer is moved to 10 locations, 
of each separated 2 cm apart as illustrated in Figure 3. The 

transmitter has 6 cm source offset with respect to the first 
location of the receiver. The coupling between the transducers 
and the beams are achieved by vacuum grease. At each 
location, one signal is recorded after averaging the acquired 
100 signals. At the end of the ultrasonic tests, for each beam, a 
data set consists of 10 signals are attained. 
 

  
Figure 3. Ultrasonic test configuration. 

4 DATA ANALYSES 
The time histories recorded on the intact beam (B0) and the one 
with the deepest crack (B6) are normalized and plotted in 
Figure 4. A significant reduction in the wave-front of the 
surface waves after the crack can be clearly observed in the 
time histories obtained from B6. For this beam, the maximum 
amplitude in the receiver #6 (R6) is measured approximately 
equal to only 10% of its neighbor receiver #5 (R5), which 
accounts for 90% drop in the wave energy. The R-wave 
velocity (VR) shown on the time histories in Figure 4, which is 
calculated based on the arrival times, is found as 2528 m/s for 
the intact beam. On the other hand, for B6, due to the crack, 
two different patterns of surface wave velocity, one before and 
the other after the crack, are detected. Before the crack, the VR 
is determined 2659 m/s, which is in good agreement with the 
measured velocity on B0, while after the crack no clear arrival 
time is detected. The crack damps the initial wave-front 
significantly, resulting in a weak one followed by stronger 
refracted waves from the crack tip. Since the wave-front 
passing the crack becomes so weak, the VR could not be 
determined with high confidence, and thus is not considered as 
a measure of the crack depth. 

 Attenuation 

The recorded signals are processed with the discrete wavelet 
transform (DWT) to determine the wave attenuation. The 
decomposition of the raw signals with the DWT results in 
multiply decomposed sub-signals, of each is called a “level”. 
Each of these levels is associated with a specific frequency 
bandwidth, and hence a certain range of wave-lengths. Among 
six different levels, the one representing the frequency 
bandwidth of 31-62.5 kHz, which overlaps with the 
transmitter’s bandwidth, is chosen and subjected to the Fourier 
transform to calculate the spectral energy at each receiver 
location to determine the attenuation. The attenuation trends 
shown in Figure 5(top) represent a decrease in the spectral 
energy of these sub-signals for B0 and B6. Since the beams 
have equal dimensions, the contribution of geometrical 
attenuation to the total attenuation is not eliminated as it is same 
for all beams. Therefore, the crack depth is evaluated based on 
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the total attenuation 𝛼 by fitting the attenuation trends to 
𝑒𝛼(𝑥1−𝑥𝑖), where 𝑥𝑖 is the distance to the source transducer. The 
computed coefficient 𝛼 for each beam is normalized and 
displayed in Figure 5(bottom), where a significant increase in 
attenuation, almost 18 times, is apparent between the intact and 
the most damaged beams. Figure 5(bottom) suggests that the 
crack depth in B1, B2 and B4; and B3, B5, and B6 should be 
close to each other. Since the sub-signal level is corresponding 
to the wave-lengths between 4 and 8 cm, it can be predicted that 
the crack depth is at least 8 cm in B3, B5, and B6, which is all 
in agreement with the measured depth given in Table 1 for these 
three beams. The variation in attenuation displayed in Figure 
5(bottom) is in good agreement with the visually measured 
depth of the superficial cracks given in Table 1 for B1, B2, B5, 
and B6; whereas B3 and B4 exhibit contradictory results 
indicating that the depth of surface cracks observed on these 
two beams may vary throughout the beam cross-section. 

 
Figure 4. Time history for each receiver for (top) B0 and 
(bottom) B6. 

 
Figure 5. (top) Attenuation trends, (bottom) Attenuation 
coefficient of the beams. 

 Dispersion in Phase Velocity 

In order to obtain the dispersion curves of the phase velocity 
Vph, initially two dimensional Fourier transform (2D-FT) is 
performed on the recorded signal array for each beam, so that 
the frequency-wavenumber plots, as shown in Figure 6, can be 
generated. Once, the 𝑓 − 𝑘 plots are derived, the phase velocity 
is obtained for each frequency by selecting the associated 
wave-number pointed by the maximum peak as indicated in the 
𝑓 − 𝑘 plots given for B0 and B6 in Figure 6(left) and 6(right), 
respectively. The dispersive effect of the crack on the phase 
velocity is clearly observable on the 𝑓 − 𝑘 plot for B6 with 
respect to the intact beam B0. Yet, the quantification of the 
dispersion in velocity requires further data manipulation. For 
this reason, the Vph is computed using Eq. 6, and then is plotted 
(the dispersion curves) as shown in Figure 7. The calculation of 
the overall dispersion, as described in Eq. 7, requires a 
reference dispersion curve that represents the first anti-
symmetrical (flexural) Lamb mode, which is displayed along 
with the experimental dispersion curves in Figure 7. This 
theoretical flexural mode is derived using the Rayleigh-Lamb 
frequency equation [11] for a 10-cm-thick concrete plate of 
which has a P-wave velocity of 4513 m/s and 𝑉𝑅 = 2528 m/s, 
in accordance with the intact beam B0, and the Poisson’s ratio 
ν = 0.2. The disruption in the dispersion curves pictured in 
Figure 7 is then quantified with the dispersion index 𝐷𝐼 as 
defined in Eq. 7. The control specimen B0 is found to display 
the smallest index, 𝐷𝐼 = 0.165, as expected; since no crack 
exists in this beam, the dispersion is solely caused due to the 
beam geometry. For the rest of the beams, the normalized 𝐷𝐼 is 
presented against the measured crack depth in Figure 8. In this 
figure, the 𝐷𝐼 is observed to increase in general with the crack 
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depth, except for B1, which presents an unexpected outlier 
value. The cause of this abnormally large dispersion in B1 
could not be clarified; however, the probable cause is most 
likely equipment or operator originated error during the test. 
According to this plot, 𝐷𝐼, which is the indicator of total 
dispersion in beams, increases in proportion to the crack depth, 
as observed in the attenuation coefficient earlier. The 
determination coefficient R2 = 0.958 as a result of the linear 
regression analysis performed for the five samples given in 
Figure 8, where the undamaged specimen B0 and B1 with 
outlier value are not included. 
 

 
Figure 6. The 𝑓 − 𝑘 plot for (left) B0, (right) B6. 

 

 
Figure 7. The dispersion curves. 

 

 
Figure 8. The DI vs. Crack depth. 

5 CONCLUSIONS 
The evaluation of the crack depth based on the wave 
attenuation and dispersion are investigated for the steel-fiber 
reinforced concrete. The attenuation and dispersion behaviors 
are examined by utilizing the DWT and the 2D-FT, 
respectively. The attenuation coefficient is found to distinguish 
the crack depth up to 8 cm. Beyond that, the decomposed levels 
comprising different wave-lengths should be investigated to 
have a better estimation of the crack depth. Regarding the 
dispersion, on the other hand, the disruption in phase velocity 
is apparently observed in the 𝑓 − 𝑘 plots obtained for the 
cracked beams. Furthermore, the 𝐷𝐼, which is the indicator of 
total dispersion, is observed to increase with the crack depth in 
a linear fashion. 
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ABSTRACT: The generation and the extent of microcracks damage have a significant influence on the durability of special 
concrete structures such as nuclear power plants and reservoirs. Based on the theory of nonlinear ultrasonic modulation, the edge-
band peak counting method and the concept of damage index (DI) are proposed to evaluate the extent of microcracks damage. 
The cementitious materials samples with different damage degrees can be obtained by alkali-aggregate reaction, and the results 
of cumulative and continuous microdamages in concrete samples show that the DI increases with the extent of microcracks 
damage, which is consistent with the theoretical research. The peak value of DI increases with a higher water-cement ratio in an 
appropriate range, indicating a higher alkali-aggregate reaction degree. The nonlinear ultrasonic modulation method could be a 
good indicator of the damage in cementitious material structures. 

KEY WORDS: Nonlinear ultrasonic modulation; Concrete; Microcracks; Alkali-aggregate reaction; Damage index. 

1 INTRODUCTION 
As the most widely used building materials, there are amount 
of microcracks generated in the early stage of the structure 
during curing process [1, 2]. The generation and development 
of microcracks may lead to negative effect on durability and 
fatigue resistance of concrete structure, especially for particular 
structure buildings such as nuclear power plants and reservoirs.  

The traditional method of detecting cracks generally adopts 
linear ultrasonic technology that based on the ultrasonic non-
destructive testing method[3]. From the perspective of time 
domain[4] or frequency domain[5] in the received signal, most 
of them analyzed the ultrasonic parameters such as second 
harmonic[6], amplitude, frequency and attenuation[7]. 
Qualitative evaluation[8] and empirical results have been 
extensively studied in the sizeable cracks domain of voids or 
surface cracks, whose width over 0.5 mm[9] inside the 
cementitious materials. Duo to the non-sensitivity of linear 
ultrasonic technology to the early stage of fatigue cracks with 
widths below 100-150μm, utilizing the properties of nonlinear 
mechanical behavior to detect and evaluate microcracks have 
essential implications in cementitious materials[10, 11].  

A method of nonlinear ultrasonic modulation under 
broadband excitation to detect the microcracks in cementitious 
material has been introduced to avoid the inherent limitations 
that the linear ultrasound is insensitive to microcracks 
expansion in materials or structures in the early stages, and it 
displayed sensitivity to the nonlinearity of the test system. 
These properties that rapidly dynamic detection and a broad 
detection range can be applied to the detection of complex 
structures[15,17]. 

Using this model, we have derived a nonlinear dynamic 
equation of a beam with a breathing crack by the finite element 
method. Based on the ultrasonic wave generation from 
nonlinear interaction between two ultrasonic waves, single-
frequency and double-frequency signals are used as excitation 
signals. The coupled solution of the wave equation is solved 

when a single-frequency signal and broadband signal act on 
solid materials simultaneously. The generation mechanism of 
modulated signals is analyzed using nonlinear ultrasonic 
modulation. The sideband peak counting method and the 
concept of DI are proposed. Furthermore, the characteristic of 
DI increased with material nonlinearity is analyzed 
theoretically, which is consistent with the experimental results. 

2 THE MECHANISM OF NONLINEAR ULTRASONIC 
MODULATION IN SOLID MATERIALS 

 The formulation and solution of the nonlinear ultrasonic 

modulation equation 

The ultrasonic wave equations through solid elastic materials 
have been studied based on one-dimensional properties of 
longitudinal waves and stress-strain constitutive relationship. 
The equations of motion of the micro unit in elastic material 
can be expressed by neglecting the influence of volume[18]. 
The three-dimensional ultrasonic wave equation can therefore 
be obtained based on strain-displacement and displacement-
stress relationships [19]. For an unidirectional plane wave (i.e. 
longitudinal wave), the general one-dimensional wave equation 
for isotropic elastic media could be calculated without 
considering the influence of tangential stress [18]. 

However, the research on nonlinear ultrasonic theory is 
mainly focused on isotropic elastic solid materials. Duo to the 
limitation of the linear-elastic hypothesis for anisotropic 
materials, the linear-elastic theory was modified by introducing 
the nonlinear coefficient such as  and  [20-22], as shown in 
Eq.(1a)  and Eq.(1a) . 
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Where the parameters  and  are the second and third order 
classical nonlinear perturbation coefficients, respectively,  is 
a measure of the material hysteresis,  is the amplitude of local 
strain change, and (t) is the strain change parameter with time. 

Under the assumption of infinitesimal deformation  =u/x 
and the general relationship (c2=E0/) among sound velocity 
(c), modulus of elasticity (E0) and density (), the nonlinear 
ultrasonic wave equation in isotropic elastic material under 
one-dimensional condition is obtained.  

 ( )











++












+
















=




−




εεH

x

u
δ

x

u
β

x
c

x

u
c

t

u
，

3

1

2

1
32

2

2

2
2

2

2

...   (2) 

Then the equation is simplified by preserving second-order 
nonlinear terms, and Eq. (2)  could be degenerated as Eq.(3) . 
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According to perturbation theory[23], the solution of wave 
Eq. (3) can be expressed as Eq. (4). 

 ( ) 10 uβutxu +=,  (4) 

Where u0 and u1 are the displacement caused by the linear 
wave and the nonlinear wave, respectively. If we assume the 
nonlinear waves is a tiny disturbance and u0 is far greater than 
u1, Eq. (5) is deduced by substituting Eq. (4) into Eq. (3) 
without considering the high order terms of . 
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Based on the wave equation under dual-frequency excitation, 
the nonlinear wave equation is solved by inputting two beams 
of ultrasonic signals of different frequencies, amplitudes, and 
initial phases to the solid material. The nonlinear coefficients 
are then obtained, while the attenuation of the acoustic wave 
signal is considered. In order to study the solution of the 
equation under broadband excitation, a broadband excitation 
signal is input to the solid material. The signal components are 
composed of signals with frequencies i (i=1~n). Their 
amplitudes are A1~ An , respectively. If the displacements are 
defined as )/(),( cxtftxu ii −=  (i=1~n), then 


=

−=
ni

i cxtftxu
~1

)/(),(  is still the solution of the linear elastic 
wave equation according to the principle of superposition. The 
multiple acoustic wave fields are generated under a broadband 
excitation signal and the coupling between these acoustic wave 
fields would cause nonlinear characteristics. Therefore, for the 
convenience of following research, the effects of the third-order 
and higher-order nonlinear coefficients are all neglected when 
solving the approximate solution of the nonlinear wave 
equation. Considering the initial phase value of each signal 
component, it is assumed that the linear displacement of the 
broadband signal could be expressed as follows (Eq. (6)). 
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3 3 3
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where , and . By 

substituting ( )1u xh =
 and Eq. (6) into Eq. (5), Eq. (7) is 

shown as below. 
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Without considering the phase and signal attenuation, the 
linear displacement of the wideband signal is assumed to be Eq. 
(8). 
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where the frequency of the fundamental frequency signal is 
i, and the frequencies of the higher order harmonic and 
modulated wave signals are 2i and i±j, respectively. 

By considering the interaction between the high-frequency 
carrier signal and the broadband signal, and ignoring the 
coupling between the broadband signals, Eq. (8) can be 
simplified as the displacement field of the coupling between the 
high-frequency carrier signal and the broadband signal, as 
shown in Eq. (9). 
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Where Am is the amplitude of high-frequency carrier signal; 
m is high-frequency signal frequency; m=kmc, Ai and i are 
the amplitude and frequency of broadband signals, 
respectively. Through inputting a single high-frequency carrier 
signal to Eq. (9) and considering the coupling effect of a 
broadband signal, the number of modulated wave m±i is 
obviously larger than that of the fundamental wave and high-
order harmonic, where only a fundamental high-frequency 
wave and a high-order harmonic exist. Therefore, in this paper, 
the nonlinearity of materials will be studied according to the 
number of modulated wave signals, while the influence of 
fundamental and higher harmonics can be neglected. The 
change of modulated wave number reflects the damage degree 
of cementitious materials, and the damage index of nonlinear 
modulation method can be defined according to this theoretical 
characteristic. 

When there is no damage in the material, only fundamental 
signals will be introduced in the response signal when a 
broadband signal is used as a low-frequency vibration signal 
and a high-frequency harmonic signal is used as carrier waves. 
However, when there is damage happened in the internal 
material, modulated waves will be generated on both sides of 
high-frequency fundamental signals. The number of modulated 
waves will vary with the material nonlinearity, which provides 
the fundamental mechanism for materials damage detection. 

/t x c = − 1 2 3 ....... n      
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 The definition and Mechanism of modulation sideband 

peak 

The mechanism of nonlinear ultrasound modulation in solid 
material can be found in many literatures[12] Combined with 
nonlinear ultrasonic modulation theory, a newly developed 
nonlinear technique based on the sideband peak count (SPC) is 
introduced to detect the microcracks damage of cementitious 
materials in this paper. The SPC is defined as the ratio of the 
frequency peak number above a threshold to the total number 
of peaks in the normalized frequency domain. The calculation 
of SPC can be shown as Eq. (10). 

 peak ( )

total

N th
SPC

N
=  (10) 

Where Npeak(th) is the number of frequency amplitudes of 
modulation sidebands above the threshold. Ntotal is the total 
number of frequency amplitudes. 

The DI is defined as the difference between the sideband 
peak count value of the damaged material and undamaged 
material (referring to the measurement value of intact sample), 
as shown in Eq.(11). 

 intDI ( ) ( )damage actSPC th SPC th= −   (11) 

Where SPCdamage(th) is the sideband peak count value of the 
damaged material and SPCintact(th) the sideband peak count 
value when the material is intact. 

3 EXPERIMENTAL SETUP AND PROGRAM 
The experimental setup of the detection system included a 
digital signal generator with a force hammer as the excitation 
signal generating system and an oscilloscope as the signal 
collecting system. The digital signal generator generated a 
high-frequency excitation signal, which is transmitted by an 
ultrasonic transducer of the centre frequency 50 kHz. The test 
piece was struck by the hammer to generate a low-frequency 
vibration signal. The sensor of the force hammer recorded the 
hammering vibration frequency to calculate the output energy. 
The ultrasonic response signal carrying information about 
damage in the material was received by an ultrasonic transducer 
of the center frequency 100 kHz. Then the received signal was 
captured by the oscilloscope. The schematic diagram of the 
apparatus is shown in Figure 1 and the experimental setup 
connected as Figure 2 displayed the sample testing for SPC 
striking by the hammer. The tapping forces used in this study 
is within the appropriate range (40-180N) which occurred no 
damage to the concrete/mortar samples. 

The signal amplitude emitted from the signal generator was 
set to 20 Vpp to obtain the excitation signal with high energy. 
For the oscilloscope, the sampling frequency was 2.5 MHz, and 
the recorder length was 1 M points. When the wave propagates 
through solid materials, symmetric modes Si (i=0, 1 . . . n) and 
antisymmetric modes Ai (i=0, 1 . . . n) with velocities of surface 
ultrasonic waves were generated. Among them, S0 and A0 are 
the lowest-order symmetric mode and antisymmetric mode 
waves. When selected, frequencies with fewer modes and less 
dispersion of group velocity and phase velocity in 
antisymmetric modes should be selected. 

 

 
Figure 1. Schematic diagram of experimental equipment. 

 

4 EXPERIMENTAL STUDY OF MICROCRACKS 
DETECTION MEASUREMENT IN CONCRETE 
MATERIALS 

 Preparation of concrete sample with microcracks 

The concrete materials included: P-II 42.5R OPC was used as 
cementitious material; the fine aggregate was the actual project 
sand and the coarse aggregate was natural aggregate, and 
aggregate grade matching is showed in Table 1. Concrete 
samples with binder to aggregate ratio of 1/4 and sizes of 40 
mm×40 mm×160 mm were manufactured as shown in Table 2. 
With the aiming of shortening the time of experiment and 
accelerating alkali-aggregate reaction, for the large size and 
high strength of concrete samples, the alkali content of samples 
was increased to 1.5% according to the rapid concrete microbar 
method[26], that is, NaOH analytical with a purity of 96% was 
added to the concrete samples requiring microcracks. 

 

(1.5% ) (1 )m 100%62
80

NaOH

R X

WN
B

−  −
= 

 
  (12) 

Where R is Alkali content in cement, N is the pureness of 
NaOH, X is the replacement percentage of cement by admixture 
and W

B  is water-binder-ratio. 
Four groups of concrete samples were prepared to study the 

experiments on the effects of the expansion rate of concrete, 
cumulative micro-damages, continuous micro-damages and 
water-cement ratio on microcracks. The water-cement ratio of 
groups named 1, 2, 3 were 0.6 and the samples in named 4 were 
0.55, 0.60 and 0.65, respectively. After curing in normal 
temperature water to setting age, as shown in Table 2, the 
concrete samples were tested for the first time. Then, for the 
microdamage sample, using NaOH solution curing as section 
4.1 was applied to induce microcracks. Finally, curing the 
samples to corresponding age was studied. 

 

 Determination the expansion rate of concrete samples 

and SEM image analysis 

SEM electron microscope scanning test was used to observe the 
formation of alkali silicone gel and the interfacial transition 
zone between aggregate and bonding material in the slices of 
samples with different soaking time in NaOH solution. For 
concrete slices at 5 ages of 0, 7, 16, 29, 42 days, SEM 
micrographs at 500X magnification and 5KX magnification 

https://www.osti.gov/biblio/5144494


Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure  

296 

were selected at the ages of 0, 16, 42 days for illustration in 
Figure 3. The area of microcracks from the SEM results of the 
concrete slices was obtained and as shown in Figure 4, It can 
be seen that the proportion of microcracks area increases with 
age increasing. 

 Analysis of relationship between damaged degree and 

DI value of concrete material 

4.3.1 Influence of cumulative microdamages on DI value of 
concrete materials 

When test pieces of the second group were sampling objects, 
the first detection of the second group samples were at the age 
of 14 days. In the next testing process, two groups named 
WI~WIII and NI~NIII were divided, in which the WI~WIII 
samples did not accelerate the alkali-aggregate reaction and the 
NI~NIII samples went on the stepped-up reaction. After 
processing the data and calculating the DI, the variation curves 
of the DI with the threshold value are shown in Figure 5. 

From Figure 5(a), it can be seen that the DI value increases 
to the peak value (2.62e-4 to 0.0017) and then decreases to 0 
with the threshold value increasing. However, for WI samples, 
the DI curves at different curing ages nearly coincide so that 
their peak values are close to 0. In Figure 5(b), the DI peak of 
each sample at different test curing ages did not change 
obviously with increasing curing ages. It can be seen from 
Figure 5(c) that the DI curves has the same trend in different 
ages, and the peak value of DI increases significantly with 
growing ages, as shown in Figure 6. This indicates that the 
alkali-aggregate reaction of the sample increases gradually, so 
that the microcracks expands during the curing process. 

 

 
Figure 2. Experimental Detection System. 

 

 
(a) SEM results for 0 days 
during the trial age(500K) 

 
(b) SEM results for 0 days 
during the trial age (5KX) 

 

 
(c) SEM results for 16 days 
during the trial age (500X) 

 
(d) 5KX SEM results for 16 

days during the trial age 

 
(e) SEM results for 42 days 
during the trial age (500X) 

 
(f) SEM results for 42 days 
during the trial age (5KX) 

Figure 3. SEM scan results of concrete at different test ages. 

 

Table 1. Aggregate Grade matching. 

Aggregate category Fine aggregate Coarse 
aggregate 

Aggregate size /mm 0.16~2.5 2.5~5 5~10 
Grade ratio /% 30 40 30 

 

Table 2. List of samples. 

Damage-
induced 
method 

1 2 3 4 

Non-
damage 

Cumulative 
damage 

Non-
damage 

Cumulative 
damage 

Continuous 
damage 

Continuous 
damage 

Sample 
No. 

W1~W3 N1~N3 WⅠ~WⅢ NⅠ~NⅢ Ⅰ~Ⅳ 
11/12/13/ 
21/22/23/ 
31/32/33 

Ages of first detection /day 
12 14 14 14 

 

https://www.ajtmh.org/content/journals/10.4269/ajtmh.13-0209
https://www.ajtmh.org/content/journals/10.4269/ajtmh.13-0209
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Figure 4. Analysis of the proportion of microcracks area in the 
transition area of the concrete interface. 

Table 3. Test piece arrangement for each sample. 

Sample 
No. 

Ages of different detection /day 
1st 

detection 
2nd 

detection 
3rd 

detection 
4th 

detection 
5th 

detection 
WI~WIII 
NI~NIII 14 21 30 43 56 
 

 
(a) DI of WI 

 
(b) DI peak value of WI 

 

0.000 0.001 0.002 0.003 0.004
-0.002

0.000

0.002

0.004

0.006

0.008

 

 

D
I

Threshold

 the age of 7 days
 the age of 16 days
 the age of 29 days
 the age of 42 days

 
(c) DI of NI 

0 5 10 15 20 25 30 35 40 45
0.000

0.002

0.004

0.006

0.008

 

 

D
I

curing ages (day)  
(d) DI peak value of NI 

Figure 5. Calculation value of nondestructive concrete DI in 
cumulative damage detection. 

4.3.2 Influence of Concrete continuous damage on DI 
Samples of the third group were selected as the research object 
to prepare continuous damaged, and accelerated by alkali-
aggregate reaction in different curing ages, as displayed in 
Table 4. When the samples were tested at the first detection age, 
the results were taken as the reference data, then accelerated 
alkali-aggregate reaction was carried out on each sample to 
prepare microcracks. And the second detection was carried out 
to process the data and calculated the DI of each sample, as 
shown in Figure 7 
The experimental results show in Figure 7. For concrete 
samples at different ages, the DI values gradually increase from 
0 to the peak value and then decreased to 0 with the increasing 
threshold value. For different curing samples, a larger DI peak 
value is get with a longer curing time. The DI peak value is not 
only related to the curing age but also the alkali-aggregate 
content. For standard samples with little difference of the 
content, the DI peak value curing day curves should tend to be 
stable after curing for a certain number of days [14]. However, 
the effect of the alkali-aggregate reaction is covering a long 
period. Within 42 days of the curing age, the aggregate still 
reacts with alkali active substance, and the alkali-aggregate 
reaction do not finish, so this trend could not be reflected totally 
in Figure 7. 

 
 

Table 4. Detection time of continuous damaged concrete samples. 

Sample No. Sample Ⅰ Sample Ⅱ Sample Ⅲ  Sample Ⅳ 
curing age at first detection of samples / day 14 
curing age at second detection of samples / day 21 30 43 56 
curing age at third detection of samples / day 7 16 29 42 
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Figure 6. Relationship between peak DI and test maintenance 
age of concrete samples. 
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Figure 7. Calculation value of DI with continuous damage 
detection of concrete. 

5 CONCLUSION 
This paper proposed a nondestructive assessment method of 
microcracks detection in cementitious materials based on 
nonlinear ultrasonic modulation technique. The extent of 
microcracks damage, which is defined by damage index (DI), 
can be effectively detected through theoretical analysis, 
numerical modeling and experimental testing. The main 
conclusions are as follows: 

1) By deducing the solution of nonlinear ultrasonic 
modulation equations of concrete materials, the concept of DI 
is proposed to define the extent of microcracks damage and the 
feasibility of this modulation technology for microcracks 
detection in concrete was proved. The experimental results of 
DI value demonstrate that the peak value of the DI would 
increase significantly with increasing of the number of 
microcracks. 

2) From the experimental results of SEM images, it can be 
seen that microcracks can be introduced by the alkali-aggregate 
reaction and will increase significantly with the curing age（
from 0 to 42 days ） , which leads to the occurrence of 

microcracks and expansion of the sample (the crack area ratio 
from 0.39% to 3.26%). 

3) Through investigation of the influence of tapping force to 
modulation technology, it is found that the absolute value of 
tapping force had no influence to the value of DI as long as the 
tapping force is within the appropriate range (40-180N). The 
cumulative microcracks damage results of concrete samples 
showed that the peak value of DI increased nonlinearly with the 
increasing of curing ages, and that of the control samples 
showed a slightly change in the testing ages. This phenomenon 
illustrated the feasibility of using nonlinear ultrasonic 
modulation method to continuously monitor the damage 
increment of the concrete sample. 
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ABSTRACT: There is a great potential for model-based approaches in which guided waves are utilised for damage detection, 
localisation and size estimation. However, to be effective, the model must accurately represent guided wave propagation 
behaviour, especially wave velocity dependence on the angle of propagation. Unfortunately, improperly assumed or derived 
through homogenisation elastic material properties can lead to larger wave velocity changes than caused by damage. In order to 
account for this problem, the elastic constants are estimated based on experimental measurements of Lamb waves and 
optimisation techniques. In the proposed approach, experimental measurements of full wavefield data of propagating Lamb 
waves are conducted by scanning laser Doppler vibrometer. The obtained wavefield data is processed by using the 3D Fourier 
transform. Slicing the data at selected frequencies enables to get wavenumber profiles. These profiles can be directly translated 
to wave propagation velocity dependence on the angle of propagation. Data can also be sliced at selected angles giving 
dispersion curve images. At the same time, wavenumber profiles or dispersion curves can be calculated by using a semi-
analytical model for the range of material properties. Genetic algorithm is used in which the best fit between experimental data 
and the semi-analytical model is optimised.  

Experiments were conducted on a unidirectional CFRP panel and the above-mentioned procedure was applied. Identified 
material properties were used in the in-house code of the time domain spectral element method for simulations of the 
propagating waves. Finally, numerical results were compared to the experimental full wavefield data showing much better 
accuracy than in case of application of homogenisation techniques. 

KEYWORDS: Lamb waves; dispersion curves; spectral element method; composite laminates; elastic constants. 

1 INTRODUCTION 
Composite laminates such as carbon fibre-reinforced 
polymers (CFRP) have found a wide range of applications in 
the aerospace industry, automotive, energy industry as well as 
in everyday products. The knowledge about their mechanical 
properties is indispensable for the design of a structure that 
fulfils assumed requirements (strength, stiffness, vibration 
characteristics). Elastic constants are used in computational 
models in the design and analysis process of structures. 
However, such constants are often not provided by 
manufacturers or only selected constants are specified. In such 
a case, often some assumptions and simplifications are made 
including homogenisation of material properties. It causes the 
discrepancy between mathematical and physical model. 
Comparison of experimental results with numerical one often 
leads to conclusions that the model is inaccurate. This issue is 
especially significant for the guided wave propagation 
phenomenon. Guided wave mode velocities directly depend 
on elastic constants of the medium in which they propagate. 
Therefore, wrongly assumed elastic constants lead to 
underestimated or overestimated velocities of propagating 
waves. Hence, if the signal-to-signal comparison is performed 
errors increases with the signal duration. 

Material properties can be obtained from destructive tensile 
testing [1]. However, if this approach is used for fibre-
reinforced composites, a quite large spread of results is 
obtained. Also, troublesome cube-cutting must be employed 
to obtain orientation-dependent elastic constants [2]. A similar 

problem arises when the ultrasonic method is used in which 
elastic constants are estimated based on the velocities of bulk 
waves [3]. In both cases, special preparation of specimens is 
needed and cannot be applied to the existing structure without 
destructive intervention. 

The method which utilises dispersion curves of Lamb waves 
does not have above-mentioned limitations [4]. Moreover, 
experimental measurements can be taken from one side of the 
specimen. The minimisation of the objective function which is 
constructed based on the difference between experimental and 
modelled dispersion curves is leading to improvement of the 
accuracy of guided wave propagation model [5]. However, 
such an approach can be less accurate in terms of 
determination of elastic constants in comparison to pulsed 
ultrasonic polar scan method [6]. 

The aim of the current study is an improvement of the 
accuracy of our in-house implementation of the time domain 
spectral element method for simulations of guided waves [7] 
through the determination of elastic constants of a fibre-
reinforced composite. 

2 OPTIMISATION STRATEGIES 
Since the spectral element method (SEM) model usually 
contains a large number of degrees of freedom, it is difficult 
to incorporate it into optimisation process – computation of 
dispersion curves, which are a part of an objective function, 
would take too long. Therefore, Lamb wave dispersion 
characteristics are computed using a modified semi-analytical 
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finite element method [8]. The modification consists of the 
replacement of uniformly distributed nodes across the 
thickness by Gauss-Lobatto-Legendre spectral nodes. Hence, 
we refer to the modified semi-analytical model as semi-
analytical spectral element (SASE) model. 

2.1 Semi-analytical model 

The semi-analytical model can be formulated and solved in 
two ways [9]: 

• as a second‐order polynomial eigenvalue problem 
 for given frequencies , 

• as a standard eigenvalue problem  (assuming 
given real values of wavenumbers k). 

Both strategies were explored in our previous research work 
[10] taking into account the anisotropic behaviour of Lamb 
waves in fibre-reinforced composites (angle of propagation  
is considered). Visual representations corresponding to these 
strategies are given in section 2.2 and 2.3, respectively. 

2.2 Chosen frequency slices 

Full wavefield data set acquired by scanning laser Doppler 
vibrometer (SLDV) is a 3D matrix representing spatial 
dimensions x, y and the time t. 3D Fourier transform leads to 
wavenumber-wavenumber-frequency representation 

 in the Cartesian coordinate system or wavenumber-
angle-frequency representation  in the cylindrical 
coordinate system. The data slices at frequencies 100 kHz and 
350 kHz are shown in Figure 1. The elliptic-like pattern of 
wavenumbers is visible (wavenumber surface). 

In order to obtain corresponding curves from the semi-
analytical model for a given pair , wavenumbers k are 
calculated. Unfortunately, solving a second‐order polynomial 
eigenvalue problem is about 10 times more costly than solving 
a standard eigenvalue problem. Therefore, we used the latter 
strategy in this paper. 

 

 
Figure 1. Wavenumber-wavenumber-frequency data sliced at 
two chosen frequencies. 

2.3 Chosen angle slices 

The slices of wavenumber-wavenumber-frequency data at 
selected wave propagation angles ( ) are 
presented in Figure 2. The slices reveal patterns which 
represent characteristic dispersion curves . Dispersion 

curves can be computed quite fast by the semi-analytic 
method by swept over real wavenumber range. 

 

 
Figure 2. Wavenumber-wavenumber-frequency data sliced at 
30 and 90 degrees of wave propagation angles. 
 

2.4 Objective function  

Objective function consists of two parts: experimental which 
is in the form of image and semi-analytical which is in the 
form of points which forms dispersion curves calculated for 
the given elastic constants  

. The semi-analytical dispersion 
curves are converted to a binary image of the same resolution 
as in the experimental. In this way, we have experimental 
images and semi-analytical images of dispersion 
characteristics at selected angles of propagation. The 
following wave propagation angles were considered in this 
paper: 0, 15, 30, 45, 60, 79 and 90 degrees. Semi-analytical 
images are used as filter masks for experimental images. Sum 
over pixel values of resultant images is used as an objective 
function (see [4] for more details). 

2.5 Genetic algorithm parameters 

The genetic algorithm was used as an optimisation procedure 
due to the complex nature of the problem and form of the 
objective function. The objective function is not 
differentiable, hence gradient methods cannot be applied.  

It should be noted that the genetic algorithm can be stuck in 
local minima causing unwanted premature convergence. The 
mutation rate of 0.05 along with random offspring generation 
every 100-th generation was employed to alleviate the 
problem. 

The remaining genetic algorithm parameters were as 
follows: the number of individuals 100, the maximum number 
of generations 800, generation gap 0.7, precision 9 bits, 
crossover rate 0.7,  random offspring generation rate 0.1. 
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3 EXPERIMENTAL MEASUREMENTS 

3.1 Specimen 

The investigated specimen had dimensions 1200 x 1200 x 
2.85 mm and was made out of carbon fibre-reinforced 
polymer (CFRP). This specimen was composed of 40 layers 
of ThinPregTM NTPT 736LT prepregs stacked in one direction 
(90 degrees). The material properties of the specimen are 
given in Table 1. It should be noted that only a few parameters 
are available in the specification delivered by the 
manufacturer. Other parameters were assumed as indicated in 
the table. 

Table 1. Specimen mechanical properties. 

Property Value 
Epoxy density [kg/m3] 1150-12501,3 

Fibres density [kg/m3] 18001 
Young’s modulus of epoxy resin [GPa] 3.432 
Young’s modulus of carbon fibres [GPa] 2301 
Poisson’s ratio of epoxy resin 0.262 
Poisson’s ratio of carbon fibres 0.202 
Volume fraction of reinforcing fibres 0.5521 

1Provided by manufacturer 
2Assumed 
3Assumed 1200 [kg/m3] 

3.2 Experimental setup 

Lamb waves were excited by a piezoelectric disk (PZT) of 
diameter 10 mm attached to the back surface of the specimen. 
Chirp signal with the frequency range 0-500 kHz lasting 200 
µs was generated every 10 ms and applied to the PZT element 
through the signal amplifier. 

The specimen central area of 455 x 455 mm was measured 
in 499 x 499 points using SLDV. In every measurement point, 
2048 time samples were registered with a sampling frequency 
of 1.28 MHz. The measurements were taken 20 times in every 
grid point and averaged to improve the signal to noise ratio. 

The measurement results were stored as a 3D matrix of size 
499 x 499 x 2048 points. Median filtering was applied to 
remove noise in spatial images. Next 3D Fourier transform 
was applied. The results of this operation are presented in 
Figures 1 and 2. The resulting matrix was used for the 
determination of elastic constants. 

Additional measurements were taken to validate the SEM 
model. The same setup was used but instead of a chirp signal, 
Hann windowed signal was applied for excitation at carrier 
frequencies 16.5 kHz, 50 kHz and 100 kHz. Five cycles in 
signals were used for each case. Moreover, measurements 
were taken only in one-quarter of the specimen at a grid of 
491 x 491 points. 

4 SEM MODEL 
The goal was to model as accurately as possible full wavefield 
of guided waves which were acquired by the experimental 
setup at frequencies 16.5 kHz, 50 kHz and 100 kHz. The time-
domain spectral element method was used in which a shell 
model based on the first-order shear deformation theory is 
implemented [7]. In this model, the composite laminate is 
represented only by a mid-surface. Therefore, equivalent 
elastic properties must be calculated. Two approaches were 
investigated: (i) rule of mixture and homogenisation based on 

material properties given in Table 1, (ii) application of 
identified elastic constants through the optimisation process 
described in section 2. Elastic constants estimated by both 
methods are given in Table 2. It should be noted that in the 
shell model, the assumption is made that the strain in the 
thickness direction is zero. Therefore only 6 of 9 constants 
given in Table 2 are required in the SEM model. 

It should be added that the unstructured mesh of the SEM 
model was generated by using gmsh software [11] rendering 
pzt disc at the centre where equivalent piezoelectric forces 
were applied. The mesh was tailored to the highest 
investigated carrier frequency to ensure at least 8 nodes per 
wavelength. 

Table 2. Elastic material properties (Voigt notation). 

Property [GPa] Homogenised Optimised 
C11 130.11 138.67 
C12 3.56 5.72 
C13 3.56 6.53 
C22 12.31 12.36 
C23 3.36 5.99 
C33 12.31 11.80 
C44 4.48 3.12 
C55 4.51 5.11 
C66 4.51 4.89 

5 RESULTS 

5.1 Determination of elastic constants 

As it was mentioned before, elastic constants were determined 
by using the genetic algorithm to fit modelled dispersion 
curves of Lamb waves to experimental ones. It can be noticed 
that optimised elastic properties given in Table 2 are 
significantly different than elastic constants estimated through 
homogenisation. The differences are as large as around 6% for 
C11 and up to 45% for C13 elastic constant. 

These differences also contribute to differences in 
dispersion curves. Comparison of dispersion curves calculated 
by SASE method for homogenised material properties with 
dispersion curves calculated for optimised material properties 
is given in Figure 3. White dispersion curves are overlaid on 
experimental images. Red and yellow colours on experimental 
images resemble dispersion curves where on the horizontal 
axis is frequency f and on the vertical axis is wavenumber k. 
SASE curves calculated for the homogenised material 
properties are significantly overestimated at angle 0° (in this 
case perpendicular to fibres) and slightly underestimated at 
angle 90° (parallel to fibres). The best fit is at about 45°. In 
contrast, SASE curves calculated for optimised material 
properties almost perfectly matches the red and yellow spots 
on experimental images. The objective function value F is 
97.11 for a homogenised case and 16.78 for the optimised 
case, respectively. In other words, the fitness of dispersion 
curves calculated by SASE model to experimental one is 
much better for the latter case (the lower F means better 
fitness). 

5.2 SEM model accuracy analysis 

It should be underlined that the SASE model is used in the 
optimisation algorithm. It enables to use of one element per 
composite layer giving very accurate dispersion 
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characteristics. The purpose of SEM model is different. It is 
used for full wavefield analysis and often analysis of the 
interaction of Lamb waves with defects. It requires a dense 
mesh of nodes. Since the representation of each layer of a 
composite laminate is prohibitive due to high computation 
cost, approximate theories are used. In the present approach, 
first-order shear deformation theory was applied. However, 
higher-order theories can be used as well (see [12]). 

Since guided wave damage detection methods usually rely 
on fundamental Lamb wave modes, i.e. S0 and A0, accurate 
representation of these modes by the model is crucial. 

We focus here on A0 mode analysis. In particular, 
transverse displacements are extracted from the SEM model 
and interpolated at the uniform grid of points so that the 
Fourier transform can be applied. Numerical full wavefield 
data sets calculated for the carrier frequencies 16.5 kHz, 50 
kHz and 100 kHz were processed by the 3D Fourier transform 
and next combined. Due to the fact, that Hann windowed 
signal with 5 cycles has some frequency bandwidth, the 
combined image gives a good representation of A0 mode 
dispersion curve as presented in Figure 4.  

Figure 4 shows the comparison of A0 mode dispersion 
images calculated by the SEM model for the homogenised 
material properties and optimised material properties. White 
A0 mode dispersion curves calculated by SASE model for 
optimised material properties are given as a reference.  

It is confirmed that homogenised material properties lead to 
significant error in dispersion curves which directly translate 
to errors in phase velocities given by relationship . 

It is important to note that despite low-order approximation 
of shell SEM, dispersion images match very well SASE 
dispersion curves (right column of Figure 4). Only slight 
discrepancies at higher frequencies (100 kHz) are visible. 
These discrepancies are consistent for each investigated angle 
of propagation – wavenumbers are underestimated, therefore 
phase velocities from SEM model are too high by about 0.7%.  

5.3 Full wavefield comparison 

Another visualisation is shown in Figure 5 to underlined the 
importance of accurate modelling of guided waves velocity. It 
is selected frame of propagating wave at the time instance 
0.5 ms. Reinforcing fibres are located vertically, hence 
wavefront is elongated in the vertical direction. 

The first image in Figure 5 shows that the application of 
homogenised material properties causes that the A0 mode 
reaches the left edge too fast. In contrast, the application of 
optimised material properties results in a wave pattern which 
is very similar to the experimental one except for wave crest 
amplitudes. 

6 CONCLUSIONS 
We presented the guided wave propagation framework which 
consists of two steps. In the first step, 9 elastic constants of 
the carbon-fibre-reinforced composite are determined through 
the optimisation process. Genetic algorithm is employed for 
optimisation of difference between dispersion curves obtained 
experimentally and dispersion curves calculated numerically 
by SASE method. 

In the second step, full wavefield simulations were 
performed by using the time domain SEM.  

It has been shown that very good agreement can be obtained 
between SEM and experiment if optimised elastic constants 
are used. Such an approach is much preferred in comparison 
to homogenisation techniques because it leads to much lower 
errors in guided wave velocities. 

Analysis of improvement in wave attenuation modelling 
and wave crest amplitude distribution through optimisation is 
a task which is planned in the future.  
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SASE (homogenised) vs experimental SASE (optimised) vs experimental 

  
  

  
  

  
  

  
  

Figure 3. Comparison of dispersion curves calculated by SASE method for homogenised material properties (left) with 
dispersion curves calculated for optimised material properties (right). White dispersion curves are overlaid on experimental 
images. 
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SASE (optimised) vs numerical SEM (homogenised) SASE (optimised) vs numerical SEM (optimised) 

  
  

  
  

  
  

  
  

Figure 4. Comparison of A0 mode dispersion images calculated by the SEM model for the homogenised material properties 
(left) and optimised material properties (right). White A0 mode dispersion curves calculated by SASE model for optimised 
material properties are given as a reference.  
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Numerical SEM (homogenised) Numerical SEM (optimised) Experimental 
   

   
   

Figure 5. Wavefield of propagating guided waves for the excitation frequency 50 kHz at the time instance 0.5 ms; from left to 
right: numerical SEM model for homogenised material properties, numerical SEM model for optimised material properties, 
experimental wavefield. 

 

ACKNOWLEDGMENTS
The research was funded by the Polish National Science 
Centre under grant agreement no 2018/29/B/ST8/00045. 

REFERENCES 
[1] W. T. Wang and T. Y. Kam, Material characterization of laminated 

composite plates via static testing, Compos. Struct., vol. 50, no. 4, pp. 
347–352, Dec. 2000. 

[2] J. L. Rose, J. J. Ditri, Y. Huang, D. P. Dandekar, and S.-C. Chou, One-
sided ultrasonic inspection technique for the elastic constant 
determination of advanced anisotropic materials, J. Nondestruct. Eval., 
vol. 10, no. 4, pp. 159–166, Dec. 1991. 

[3] A. Castellano, P. Foti, A. Fraddosio, S. Marzano, and M. D. Piccioni, 
Mechanical characterization of CFRP composites by ultrasonic 
immersion tests: Experimental and numerical approaches, Compos. Part 
B Eng., vol. 66, pp. 299–310, Nov. 2014. 

[4] P. Kudela, M. Radzieński, P. Fiborek, and T. Wandowski, Elastic 
constants identification of woven fabric reinforced composites by using 
guided wave dispersion curves and genetic algorithm, Compos. Struct., 
vol. 249, p. 112569, Oct. 2020. 

[5] W. H. Ong, N. Rajic, W. K. Chiu, and C. Rosalie, Determination of the 
elastic properties of woven composite panels for Lamb wave studies, 
Compos. Struct., vol. 141, pp. 24–31, May 2016. 

[6] A. Martens et al., Numerical study of the Time-of-Flight Pulsed 
Ultrasonic Polar Scan for the determination of the full elasticity tensor 
of orthotropic plates, Compos. Struct., vol. 180, pp. 29–40, Nov. 2017. 

[7] P. Kudela, J. Moll, and P. Fiborek, Parallel spectral element method for 
guided wave based structural health monitoring, Smart Mater. Struct., 
vol. 29, no. 9, p. 095010, Sep. 2020. 

[8] A. Marzani, E. Viola, I. Bartoli, F. Lanza di Scalea, and P. Rizzo, A 
semi-analytical finite element formulation for modeling stress wave 
propagation in axisymmetric damped waveguides, J. Sound Vib., vol. 
318, no. 3, pp. 488–505, 2008. 

[9] I. Bartoli, A. Marzani, F. Lanza di Scalea, and E. Viola, Modeling wave 
propagation in damped waveguides of arbitrary cross-section, J. Sound 
Vib., vol. 295, no. 3–5, pp. 685–707, Aug. 2006. 

[10] M. Radzieński, P. Kudela, T. Wandowski, and W. Ostachowicz, 
Strategies for identification of elastic constants in highly anisotropic 
materials using Lamb waves, in Proceedings of the 2020 EWSHM, 2020. 

[11] C. Geuzaine and J.-F. Remacle, Gmsh: A 3-D finite element mesh 
generator with built-in pre- and post-processing facilities, Int. J. Numer. 
Methods Eng., vol. 79, no. 11, pp. 1309–1331, Sep. 2009. 

[12] W. Ostachowicz, P. Kudela, M. Krawczuk, and A. Zak, Guided Waves 

in Structures for SHM: The Time-Domain Spectral Element Method. 
Wiley, 2012. 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure  

308 

 
 
 



ABSTRACT: Impact sounding signal has been shown containing information about the flaws of structural integrity and 

subsurface objects from previous research. As a non-destructive testing (NDT) method, one of the biggest challenges in impact-

sounding based inspection is the subsurface targets detection and reconstruction. To address this issue, this paper presents the 

importance and practicability of using solenoid to trigger impact sounding signal and using acoustic data to reconstruct 

underground objects. First, by taking advantage of Visual Simultaneous Localization and Mapping (V-SLAM), we could obtain 

the 3D position of the robot during the inspection. Second, our NDE method is based on Frequency Density (FD) analysis for 

the Fast Fourier Transform (FFT) of the impact sounding signal. At last, by combining the 3D position data and acoustic data, 

this paper creates a 3D map to highlight the possible subsurface objects. The experimental results demonstrate the feasibility of 

the method.  

KEY WORDS: Impact Sounding; Robotic Inspection; Acoustic Data; Frequency Density Analysis. 

1 INTRODUCTION 

The civil infrastructure (e.g., buildings, bridges, tunnels, 

dams, concrete towers) in the United States is reaching its life 

expectancy and the cost of inspection and repair is estimated 

to reach $2.9 trillion over the next 50 years [1]. Report of the 

Federal Highway Administration (FHWA) indicates that more 

than 12% of all bridges (which are 72000 bridges) in US are 

structurally deficient, which leads to significant public 

concerns and financial issue to keep these bridges in healthy 

condition. It is critically important to increase the inspection 

frequency of civil infrastructure to maintain the structural 

integrity of infrastructure and conduct rehabilitation 

operations in a timely manner. The inspection of civil 

infrastructure is a time-consuming, expensive, and labor-

intensive task. To inspect the structural integrity of civil 

structures, the inspectors need to detect subsurface defects 

(i.e., cracks, delamination, voids) using NDT instruments such 

as ground penetration radar (GPR) [2], seismic pavement 

analyzer (PSA) [3,4], hammer sounding [5], impact sounding 

devices, etc., in addition to visual inspection of surface flaws. 

Since most of the civil structures are made of concrete, 

many different NDT sensors could be used as the inspection 

tools. [6,7] points that GPR equipment is being used to locate 

many different things: from cracks in ice sheets and dams to 

sewage or utility pipes to metallic rebars. Ultrasound also 

could be used to evaluate wall of building by measuring the 

signal amplitude of the ultrasound through the media [8]. 

Impact-echo, invented by the U.S. National Bureau of 

Standards and Cornell University [9,10], could also be used 

for evaluating concrete and masonry structures [11]. 

However, with the current NDT inspection methods, it is 

still difficult to access certain inspection areas especially for 

subsurface area. In this paper, we focus on using impact 

sounding inspection method to detect subsurface area. Imapct 

 

Figure 1. Picture of our inspector and the robot inspecting a 

slab at a test field. 

sounding is triggered by solenoid and it is composed of 

striking the surface of the concrete and receiving the resulting 

sound. From the pattern in the impact-sounding waveform and 

PSD of its signal, we can indicate the existence and locations 

of the subsurface targets. According to the [9], the response of 

impact-sounding could be analyzed by using Fourier 

transform technique since it is dominated by P-wave sounding 

echoes. In the meanwhile, by analyzing the power 

accumulation ratio [12], the sound intensity ration [13] and 

the area of interval PSD [14], the PSD of acoustic signal 

frequency could be used as the signal features to be 

researched. However, impact sounding analysis is very 

sensitive to noise which will make it be unreliable in practical 

applications. In order to solve this issue, [15] implements 

Deep Neural Network (DNN) as the classifier for impact-

acoustic signal analysis; Sarmiento [16] also represents a 

impact-sounding inspection method by converting the impact-

sounding data into spectrum and classified it by using the 

inception v3 model. However, DNN method also has the 

drawbacks which are that it needs a large amount of training 

samples, depends largely on the empirical principles, and also 
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the characteristics of the impact acoustic features suppress the 

generalization ability of DNN. 

The approach proposed in this paper is an automatic impact 

sounding robot system for the inspection of concrete slab as 

illustrated in Figure 1. The aims of this paper are twofold. The 

first aim focuses on automatic robotic inspection method in 

order to free the most cumbersome aspects for inspector and 

reduce the inspection duration. The second is the creation of a 

comprehensive representation of the impact-sounding results, 

this paper aims at creating a 3D imaging for underground 

objects by using robot localization results and acoustic results. 

In this paper, the proposed system is evaluated for concrete 

slab inspection. However, the proposed approach is not 

limited to above inspection and could be adapted to more 

general structures. In section II, the design of the proposed 

system is introduced. In section III, the theoretical basis of the 

impact sounding signal analysis and DNN based signal 

processing are introduced. In section IV, the experimental 

results are demonstrated, and finally the conclusion of this 

research is discussed. 

2 IMPACT-SOUNDING INSPECTION SYSTEM 

2.1 Visual pose tracking 

In order to localize pipes in the scanned structure we need the 

pose of each data point. When we combine acoustic detection 

and pose, we can triangulate data points and obtain depth of 

the pipe. The last but not least important reason why we use 

SLAM is that we use information obtained to generate global 

acoustic inspection map. To obtain a better pose information, 

we used Intel D435i Realsense which has an IMU integrated. 

We first initialize our system by using our previous work 

[17] on V-SLAM to generate visual pose. V-SLAM takes 

synchronized RGB image and depth image as inputs and 

outputs the pose of the camera; also, outputs 3D map of the 

environment. 

There are few approaches to solve V-SLAM problem [18], 

we chose feature-based approach. For each RGB frame 𝑖 we 

perform feature detection 𝐹𝑖 = {𝑓(𝐼𝑖
𝑅𝐺𝐵 , 𝑥𝑖 , 𝑦𝑖)|𝑖 = 0,1,2, …} , 

and using pinhole camera model and additional depth image, 

we have 3D information of the feature; then we perform 

feature detection 𝐹𝑗 = {𝑓(𝐼𝑗
𝑅𝐺𝐵 , 𝑥𝑗 , 𝑦𝑗)|𝑗 = 0,1,2, …}  on the 

next RGB frame 𝑗. After we have the features on both images, 

we match corresponding features 𝑀𝑖,𝑗 = 𝑚𝑎𝑡𝑐ℎ(𝐹𝑖 , 𝐹𝑗). 

 [
𝑥𝑖𝑚
𝑦𝑖𝑚
1
] = 𝑀𝑒𝑥𝑡 [

𝑋
𝑌
𝑍
1

]

𝑖𝑛𝑡

 (1) 

Given initial pose and intrinsic parameters Mint of the 

camera we can estimate pose after each frame which can be 

achieved using (1), where (𝑥𝑖𝑚 , 𝑦𝑖𝑚)
𝑇  are pixel coordinates 

and (𝑋, 𝑌, 𝑍, 1)𝑇 homogeneous coordinates of that pixel point 

on 3D. From all this information we form an equation of the 

form 𝐴�⃗� = �⃗⃗� , then we solve this equation which combined 

with physical properties outputs the needed information to 

find rotation matrix 𝑅 and translation vector 𝑡. This way we 

can estimate pose of the camera after each frame related to the 

previous frame, and by chain rule 𝑇𝑖,𝑧 = 𝑇𝑖,𝑗𝑇𝑗,𝑘𝑇𝑘,𝑙…𝑇𝑦,𝑧  we 

can also know relationship between initial frame and current 

frame. 

To reduce the drift we express our problem as a graph (2). 

To reduce the memory usage, we only save the keyframes. 

Keyframe, consists of pose and image frames and is 

introduced to represent the scenario visited. Each keyframe, it 

is a pivot of a local area that passed a pre-defined motion 

threshold. Meanwhile, we detect the overlapping between 

keyframes, and we form an edge connection if enough 

overlapping exists between any two frames. Thus, we can 

represent the whole scenario 
𝑣𝑒𝑟𝑡𝑖𝑐𝑒𝑠

𝑒𝑑𝑔𝑒
 data structure, where 

vertices (V) denote keyframes, edge (𝐸) denotes an edge. 

 𝐺 = {𝑉, 𝐸} (2) 

For any two keyframe, 𝑖 and j, the edge 𝐸𝑖,𝑗 is defined with 

equation (3) 

 𝐸 = 𝑇𝑖𝑗 = [
𝑅3𝑥3 𝑡3𝑥1
𝑜1𝑥3 1

] (3) 

where 𝑅3𝑥3 is rotation matrix and 𝑡3𝑥1 is translation vector, 

that relates vertex 𝑉𝑖 and 𝑉𝑗. 

After we express our SLAM problem in a graph, we use 

graph optimization methods to optimize the results [19,20]. 

There are many methods for optimization and we use 

Levenberg-Marquardt(LM), which is also called damped 

Gauss-Newton method. This method is a robust method, and 

even if it starts far off the optimum it will converge fast. The 

update step of this method is given with: 

 �̂�𝑘+1 = �̂�𝑘 − (𝐻 − 𝜆𝐼𝑛)
−1𝑔 (4) 

where 𝐻  is the Hessian matrix, 𝐼𝑛  - identity matrix, 𝜆  - 

weight and 𝑔  - gradient. As we can see this method will 

become as gradient descent method if 𝜆 → ∞. Hessian matrix 

is calculated using 𝐻 = 𝐽𝑇𝐽, where 𝐽 is the Jacobian. We use 

the optimized pose 𝑇𝑖,𝑗 = 𝐸𝑜𝑝𝑡{𝑖,𝑗} as the correction step in our 

VIO system. 

2.2 Impact-sounding measurement 

In order to reveal subsurface flaws in an automatic way, the 

impact sounding system is designed. This system includes 

solenoid which is used to provide the impacting action as well 

as microphone which is used to receive the echo sound. 

as microphone which is used to receive the echo sound. It 

should be noted that we provide two modes to operate impact 

sounding module: 1) manual mode, that is, the operator 

chooses the location to collect acoustic measurement through 

the Android controller. 2) automated acoustic inspection 

mode, that is, we set the system to trigger the solenoid and the 

microphone at 0:5HZ rate. The acoustic detection and 

mapping algorithm will be discussed in Section. II-C. 

2.3 Acoustic inspection 

In order to achieve automated acoustic inspection system, 

once an impact sounding signal is received, we have to 

perform the following procedures to detect the subsurface 

objects: 1) we need to crop the impact sounding signal from 

the raw audio wave; 2) we propose to use fast Fourier 

transform (FFT) to perform frequency analysis over the signal 

of interest. 
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1) Automatic signal detection 

Using a microphone to record the audio signal, we have to 

detect the start and end of the echo signal, so we could get the 

information we need for analyze. To do so, we must build 

proper time windows for the raw audio signal. The raw audio 

signal is a time domain wave indicating volume magnitude. 

We perform a two steps operation to detect the target echo 

wave. Firstly, we know that our echo sounding is within 2000 

Hz, and we filter the original wave with a low pass filter. 

Secondly, the echo sounding’s maximum magnitude will over 

0.999, and we detect the first time tstart of the magnitude over 

0.999. Then, we select the signal of interest (SOI) as tstart -

0.01s, tstart +0.3s. Thus, we can store the SOI as a 2D array, 

e.g. S = (t,m), where t is the time and the m is the 

corresponding volume magnitude. 

2) Frequency analysis and representation 

We used frequency analysis based on previous research [21-

23], to perform defect detection and area classification based 

on FFT. We know (see in Figure 2) that the energy of the 

source will be absorbed by the area have the pipe below which 

causes the echo sounding to have a lower energy. 

 

 

Figure 2. (a) raw impact sounding data collected on area did 

not have a pipe below it and it’s FFT signal. (b) raw impact 

sounding data collected on area above the pipe, and it is FFT 

signal. The FFT of (a) has a much higher magnitude for 

frequency between 0 500HZ than that of (b), which is caused 

by the energy absorption of the pipe below. 

Since the SOI S = (t,m) is discretized data, we directly 

deploy the Discrete Fourier Transform (DFT) to recover the 

audio using frequency and corresponding magnitude. Given 

the original discrete sampling data, {𝑠(0), 𝑠(1), 𝑠(2), … , }, we 

expect an approximate recover of the wave using discrete 

sampling [24], 

 𝑆(𝑓𝑘) = ∑ 𝑥(𝑛)𝑁−1
𝑛=0 𝑒𝑥𝑝(−𝑗|2𝜋𝑓𝑘𝑛) (5) 

where 𝑥(𝑛) ∈ {𝑥(0), 𝑥(1), 𝑥(2), … , 𝑥(𝑁 − 1)}  denote the 

Npoint DFT magnitude, 𝑓𝑘 =
𝑘

𝑁
(𝑘 = 0,1, … , 𝑁 − 1)  denotes 

the sampling frequency for approximating the original wave. 

Then, we can obtain the FT transformation of the audio data S 

from time domain to frequency domain as {𝑓𝑘 , 𝑥𝑘}. 
To enable visualization of the result and to quantify the 

acoustic measurement, in this paper we introduce frequency 

density (FD) representation rather than power spectral density 

(PSD) [25]. Given the frequency pattern {𝑓𝑘 , 𝑥𝑘}, the PSD is, 

 𝐸𝑃𝑆𝐷 = ∑ 𝑥𝑖
𝑁−1
𝑖=0 𝛿𝑓 (6) 

where 𝛿𝑓 = 𝑓𝑖 − 𝑓𝑖 − 1  However, we notice that PSD 

represents the area under the acoustic measurement, which 

means the low frequency response and high frequency 

response could result in the same PSD value. To solve this 

ambiguity, we propose frequency density (FD) to describe the 

energy of the acoustic measurement and the frequency serves 

as weight, that is, 

 𝐸𝐹𝐷 = ∑ 𝑥𝑖
𝑁−1
𝑖=0 × 𝑓𝑖 (7) 

3 ACOUSTIC INSPECTION AND 3D REGISTRATION 

This paper is aiming at delivering a 3D model, with concrete 

defects highlighted, and the 3D model should reflect the real 

metric of the scenario. In this section, we discuss a machine 

learning approach to predict the pipe and estimate the depth of 

the pipe under a single impact-sounding measurement. Then, 

we introduce a migration approach to aggregate measurements 

for sub-surface depth estimation. 

3.1 Sub-surface object detection and depth prediction 

An acoustic measurement is considered as a function 𝐸: 𝐸 →
𝑅1, where 𝐸  ̧ is the acoustic domain, and 𝑅1  for a acoustic 

measurement that is a vector of sound magnitude. Each 

acoustic measurement is mapped into natural numbers first, 

ranging from 0 to 2𝑀, where 2𝑀 is the maximum. Then, we 

normalize to float value using the maximum value, that is, 

𝐸 = {𝑒0, 𝑒1, … , 𝑒𝑛−1}, where 𝑛 denotes the length of the array. 

Once we obtain the measurement 𝐸, we expect we could 

detect whether there is a pipe buried at the current location. 

Besides, we also expect our algorithm can estimate the depth 

of the pipe. Thus, it can help us to build a 3D model to 

visualize the pipe and perform condition assessment. 

Intermediate Feature Extraction 

We believe both pipe detection and the depth estimation 

share the same encoder to extract the intermediate feature. It 

has been tested and proved as one of the most promising 

advantage for multi-modal task leaning. The intermediate 

feature extraction model is called Hyper Feature Model which 

is using the same kernel as proposed in [26]. In this paper, the 

Hyper Feature Model has two layers compared to a single 

layer represented in [26], each layer has a total 128 channels. 

The convolutional operation is, 

 

 

Figure 3. Model structure for depth prediction. It takes the raw 

acoustic signal and uses a Hyper Feature Model to extract 

hyperplane features. The intermediate feature is used to 

predict the pipe buried underground or not. Then, we develop 

a second model that takes the intermediate feature and 

estimate the depth if a pipe detected, called Depth Model. 
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 𝑌 = ∑ (𝑤𝑖𝑒𝑗 + 𝑏𝑖)
𝐾
𝑖=0  (8) 

where K denotes the total number of parameters of the kernel, 

𝑤𝑖 denotes the weight of the kernel, 𝑏𝑖 is the corresponding 

bias, 𝑒𝑗is an element of a segmented spectrograms. Finally, we 

use a maximum pooling to generate a single vector feature for 

pipe detection and depth estimation. 

Joint Task Leaning 

The Hyper Feature Model takes the segmented 

spectrograms as input, and performed 2D convolutional 

operation over the input to generate hyper features. To deliver 

our goal, the regression model is separated for pipe detection 

and depth estimation. In this paper, the hyper feature is 

represented as f(ME). 

For the pipe detection, we regard this as two classes 

classification problem, and design a single two layered fully 

connected layer with 128 states and 2 states, respectively.  

For the depth estimation problem, our output is only a 

single value, i.e., depth. Thus, we employ a 𝐿2  loss, and 

predict the depth with float value. The Depth Model is a 3 

layered model that consists of 256, 128, and 1 state 

respectively.  

Loss Design and Training 

It has been stated that our model takes one acoustic 

measurement as input and perform pipe detection and the 

corresponding depth estimation. Even though the prediction is 

separated, but we train the model in a joint approach and 

optimize simultaneously. The pipe detection is a two-class 

classification problem, and we use a cross-entropy loss as, 

 𝐿𝑜𝑠𝑠(𝑝𝑖𝑝𝑒) = ∑ 𝑦𝑀𝐸,𝑖 𝑙𝑜𝑔(𝑝(𝑀𝐸, 𝑖))1
𝑖=0  (9) 

where 𝑝(𝑀𝐸, 𝑖) is the prediction of a corresponding acoustic 

input. 

The depth estimation is a single value estimation, and we 

employ 𝐿2 distance loss as, 

 𝐿𝑜𝑠𝑠(𝑑𝑒𝑝𝑡ℎ) = ‖𝑦𝑀𝐸,𝑑𝑒𝑝𝑡ℎ − 𝑝𝑀𝐸,𝑑𝑒𝑝𝑡ℎ‖ (10) 

where 𝑝𝑀𝐸,𝑑𝑒𝑝𝑡ℎ denotes the predicted depth of an acoustic 

input. 

We finally optimize both submodels together as a joint 

optimization, that is, the total loss is, 

 𝐿𝑜𝑠𝑠 = 𝑊0𝐿𝑜𝑠𝑠(𝑑𝑒𝑝𝑡ℎ) +𝑊1𝐿𝑜𝑠𝑠(𝑝𝑖𝑝𝑒) (11) 

It is a weighted sum of the two loss and optimize to regress 

the global model. 

3.2 3D acoustic registration 

In this section, this paper proposed a method that could 

combine the output pose information obtained from the 

SLAM results with acoustic data and then register them 

together in a 3D acoustic FD map. In Figure 4, the black lines 

represent the pose information provided by SLAM while all 

the red points represent the solenoid impact points. The color 

map indicates the different FD status, the brighter the color is, 

the more chances there is a subsurface object exists. 

However, only by combining FD map with trajectory map, 

we still cannot predict the underground/subsurface objects. In 

order to get the final position prediction of the pipes which 

buried in the slab, we need to propose the acoustic signal to 

get the final results. 

 

Figure 4. A 3D acoustic registration method which could 

combine the 3D pose information with impact-sounding 

acoustic information. 

In this paper, to get the depth information of subsurface 

objects, we used Back Projection (BP) algorithm [6,27]. At 

each impact measurement point, Back Projection algorithm 

will take this point as the center and generate a semi-

hemisphere with radius 𝑟 . Radius 𝑟  could be calculate by 

extracting the peak signal in impact-sounding data, which 

represents the depth of the subsurface objects. Since a semi 

hemisphere is created, the potential target could be shown up 

on any points located at the surface of this semi-hemisphere. 

Along with the movement of impact-sounding measurement, 

there will be more semi-hemispheres with different radius get 

generated, their intersection should be the location of the 

targets. By this way, as shown in Figure 5, a 3D subsurface 

object image could be generated. 

 

 

Figure 5. Back Projection algorithm implement in acoustic 

subsurface objects localization. 

4 EXPERIMENTS 

4.1 Impact-sounding data preparation 

In order to perform impact-sounding inspection and target 

recognition, we perform field data collection at a well-

designed test facility (see Figure 6 for more details). Our 

automated data collection system synchronized the acoustic 

reading 𝐸  and the pose estimation 𝑃  to obtain the coupled 

measurement 𝑀 , that is, 𝑀 = (𝐸, 𝑃) . We collected several 

measurements at each location, in order to enable our training, 

we need to preprocess our collected measurement. For all 

collected data, it comes with the ground truth information 

including depth and length information of utility pipes and 

rebars. 

Our data collection follows the following steps: 

• Firstly, we overlay the trajectory to the 3D Testing slab 

model and manually label each acoustic measurement 
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with yes or no to decide whether there is a pipe located 

under the current location. Thus, we have the pairs 

indicated an acoustic measurement detect pipe or not as, 

𝑇𝑝 = (𝑥𝑇 = 𝐸, 𝑦𝑇 = 0)‖(𝑥𝑇 = 𝐸, 𝑦𝑇 = 1), where use 1 

to denote yes, and 0 to represent no. Meanwhile, we also 

annotate the distance to the nearest pipe, that is, 𝑇𝑑 =

(𝑥𝑇 = 𝐸, 𝑦𝑇 = 𝐷𝑑𝑒𝑝𝑡ℎ). 

• Secondly, we do not learn on the raw acoustic 

measurement, but using segmented spectrograms as 

discussed in [26], that is, 𝑀𝐸 = 𝑚𝑠(𝐸)  where 𝑚𝑠(⋅) 
denotes segmented mel-spectrograms operation. Each 

segmented measurement, we fixed the size as 60 × 41, 

and the training pairs consist of 𝑇𝑝 = (𝑀𝐸, 1|0) , and 

𝑇𝑑 = (𝑀𝐸,𝐷𝑑𝑒𝑝𝑡ℎ). 

• Finally, the impact sounding system is triggered by the 

operator to perform inspection. We collect impact 

sounding data at total of 126 different points, and it 

contains 406 sets of sounding data synchronized with 

pose. 

 

   
           (a) Testing slab               (b) Collection Trajectory 

Figure 6. Shows the testing slab area while (b) shows the 

robot trajectory of the data collection while the blue lines 

indicate the position of the buried pipes. 

 

 

Figure 7. The left figure shows the raw data which contains 5 

impact soundings at one location. The right figure shows the 

SoI which is cropped from raw data using method described 

in Section. II-C 

Given a testing slab (see in Figure 6, once we collect the 

impact-sounding data along the trajectory shows in Figure 6 

(b), we perform SOI detection as illustrated in Figure 7 Then, 

we perform FFT operation over the SOI. For the region 

classification of acoustic data, it is illustrated in Figure 8. We 

can clearly visualize the difference between different area via 

the frequency response. 

Figure 8. Region classification based on acoustic data 

collected at different regions, i.e., normal slab area and objects 

buried areas. 

4.2 Acoustic subsurface object detection 

We use Olsen solenoid as impact sounding sensor, which 

could be triggered by a square wave with 12V amplitude as 

well as a 5Hz frequency. The original audio signal should 

have the process of data preparation to withdraw the SOI we 

need. We already have the pose information using the visual 

pose tracking. Using this pose information, after we 

synchronized the acoustic reading 𝐸 and the pose estimation 

𝑃 , we could localize the pipes and able to create a global 

acoustic inspection map. 

For the audio analysis, first, we divide total data into 

intervals of 0.75 seconds. We choose 0.75 because the 

intervals should be over half the time between taps. Then we 

set a threshold to check which intervals have relevant data. 

After that, we “Pads” the relevant data intervals with one 

interval at the end and beginning of additional time to avoid 

out of bounds errors. Next, we should find the index bounds 

of the intervals which is our SOI. Using some specific 

function, we designed for our signal analysis, we create 

envelopes for every portion of the sound data with taps 

detected in it. However, some envelops are just irrelevant 

noises. These envelops including a large amount of noise, so 

they were classified as “having data”, we remove the areas 

where the maximum envelope size is over 3 standard 

deviations away from the mean maximum to get rid of them. 

Next, we find the tap information, and add it to the data 

frame. We synchronized sound data, timestamps, and position 

data, so for every SOI area, we have their position 

information, time range and sound data. After figuring out the 

location of the tapping areas based on the real situation of our 

test platform, we assume the robot moved on to the next 

tapping location each time a large change in position (3 cm or 

more) is detected. 

Finally, we add the pipe info as the ground truth for our 

analysis, so our data-frame also have the ground truth data of 

tap location and whether there is a pipe directly below and the 

distance to the nearest pipe. 

Now, we have the synchronized pose and SOI data. we could 

use frequency density representation to visualize our result. In 

Figure 9, FD outputs a lower normalized energy at pipeline 

location, where green cylinders indicate the pipes’ location.  
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Figure 9. FD visualization result. In this figure, the color from 

dark to white indicates the energy difference from small to 

large. 

5 CONCLUSION 

This paper introduces an autonomous impact-sounding 

inspection system that is able to create a comprehensive 

representation of the subsurface inspection results. First, this 

system implements visual inertial fusion to estimate the pose 

of the solenoid. Then, based on the features extracted from the 

impact-sounding signal FD, an improved acoustic inspection 

and 3D registration method was implemented to perform the 

classification and target re-localization. Finally, the proposed 

DNN based method is used to predict the depth of subsurface 

objects, according to the estimation of FD distribution of the 

acoustic signal. The experiments show the effectiveness of our 

proposed 3D subsurface objects reconstruction methodology. 
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ABSTRACT: This paper studied about the damage in GFRP induced by cyclic loading. Many previous researches studied about 
the fatigue damage of GFRP laminate. However, the fatigue damage in thick laminates that are often used in civil engineering 
applications has not been studied enough. Furthermore, methods to evaluate the fatigue damage in GFRP structures have not been 
established yet. Therefore, this paper provides information on fatigue damage evaluation a thick laminate and new monitoring 
technology for GFRP focusing on electrostatic interaction. Since GFRP which consists of glass fiber and resin is an insulator, it 
can store electric charge when being sandwiched by two metal plates. This pair looks like a capacitor, and its capacitance depends 
on thickness, area and permittivity of the material between the metal plates. This study examined the capacitor to detect the damage 
using static test. Firstly, bending fatigue test using thick GFRP was conducted in order to reveal fatigue damage in a thick laminate. 
During the fatigue test, stiffness, natural frequency and damping ratio were also reported at certain cycles. Moreover, in the 
experiment, the fatigue damage was also observed visually and related with degradation of material properties. As a result, it is 
observed that both stiffness and damping ratio decreased. Secondly, uniaxial static tensile test was conducted in order to find 
whether the damage caused by static loading would decrease the capacitance or not. In this test, a hole with a diameter of 4.8 mm 
was introduced at the center of the specimens so as to induce the failure there. The loading was stopped at every 10% of the failure 
load of the specimens and then the capacitance was recorded. The static test revealed that the capacitance decreased just before 
the failure, but no relationship between elastic modulus and capacitance was observed.  

KEY WORDS: GFRP; Fatigue; Damage inspection. 

1 INTRODUCTION 
GFRP which consists of glass fiber and resin has been 
increasingly adopted as primary members of bridges since the 
mid-1970s because of its high specific strength and corrosion 
resistance [1]. One of the most popular GFRP civil structures is 
pedestrian bridges. There are hundreds of 9 to 27 m long short 
span bridges in the world. Moreover, a 131 m long cable stayed 
GFRP pedestrian bridge was constructed in 1992 [1]. On the 
other hand, the application to road bridges is also increased. 
The first road bridge was Ginzi bridge constructed at Bulgaria 
in 1981 [2].  Since the mid-1990s, the GFRP highway bridge 
girders have been developed in the USA, and they are adopted 
to short span bridges with a length ranging from 9.1 to 11.9 m 
[3]. The researches focusing on the structural behavior of 
GFRP road bridges have also been conducted these days [4] 
and further innovation is expected in this area. 

However, it is necessary to consider fatigue behavior when 
the bridges are vulnerable to heavy loads like cars or trucks. 
Although GFRP is said to be high durability material, it is 
known that fatigue damage would occur in this material and 
many researches have focused on this behavior [5] - [13]. In 
order to evaluate the fatigue strength, Talreja classified the 
damage mechanism of different types of FRP laminate and 
revealed that the fatigue limit depends on the property of the 
resin when the ultimate strain of the FRP is more than the 
fatigue limit of the resin [5]. Broutman and Sahu proposed the 
method to predict the fatigue strength under variable stress 
amplitude [6]. This method which needs only S-N curve and 

the tensile strength of the material agreed better than the 
Miner’s rule [7].  

Another major topic in the fatigue of FRP is the descent of 
its stiffness. This is thought to be caused by delamination or 
crack in the resin. The descent of stiffness is classified into 
three stages. It is known that the stiffness decreases rapidly at 
the early stage of fatigue life, and then decreases gradually 
during most of the fatigue life. Finally, the stiffness decreases 
rapidly soon before the failure [8]. Andersen et al. proposed an 
equation to predict stiffness degradation [9]. Hwang and Han 
proposed the concept called “Fatigue modulus” and tried to 
predict the fatigue strength using the Fatigue modulus and 
ultimate strain [10].  

Although many fatigue characteristics of FRP have been 
studied as described above, it is worth studying about GFRP 
used for bridges because the laminate structure is different from 
those which is used for other structures like an airplane. The 
GFRP used for bridges has a thick cross section, but most 
researches focused on thin laminates. Moreover, it is necessary 
to develop a monitoring method for detecting fatigue damage 
in FRP bridges in order to maintain them for decades. 

Therefore, in this study, the authors studied about two topics: 
the fatigue failure in a thick GFRP laminate and the new 
method to detect the damage in the material. Firstly, a bending 
fatigue test using the thick GFRP was conducted. In the 
experiment, typical fatigue damage was observed visually and 
the material properties were also recorded. Secondly, a static 
tensile test was conducted to detect the inner damage of FRP. 
During the static tensile test, the capacitance was recorded at 

Experimental study on detection of fatigue damage in GFRP by capacitance 

measurement 
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every 10 % of ultimate strength and compared with the stiffness 
of the specimen. 

2 BENDING FATIGUE TEST USING THICK GFRP 
LAMINATE 

2.1 Specimen 

The GFRP laminate used in this study was prepared by hand 
lay-up molding using woven glass fabric and unsaturated 
polyester. The laminate structure is (#0°)32, and a total 
thickness is 15.5 mm. This was determined in reference to the 
maximum thickness of GFRP laminate used for small hydraulic 
gates and pedestrian bridges. Fiber volume fraction was 46.6%. 
A three-point static bending test which was conducted before 
the fatigue test resulted in the bending elastic modulus of 21.8 
GPa and the bending strength of 369.7 MPa. 

The specimen shown in Figure 1 was cut out from the 
laminate. The specimen has the narrow region near the center 
in order to induce maximum stress in this region. The width of 
this region was set by a simple theoretical calculation and stress 
amplitude here was expected to be twice as large as or larger 
than those at the encastre end. The curvature of the region was 
decided with JIS K 7119 [14]. Four strain gauges were attached 
on the both sides of the specimen, and the strain was monitored 
during the test. 

2.2 Experimental procedure 

The fatigue test was carried out with a vibration-based fatigue 
testing machine. This testing machine was originally developed 
for fatigue test using a specimen which includes welded joints 
[15] [16]. This study tried to apply the machine to GFRP. 

The fatigue test set up is shown in Figure 2. In the fatigue 
testing machine, cyclic loading is applied from the eccentric 
mass inside of the vibrator. An inverter is used so as to control 
the rotation frequency of the mass. Loading amplitude can be 
controlled and depends on both the rotation frequency and the 
natural frequency of testing set up. This test was performed 
under the rotation frequency equal to 13.7 Hz. This is set to 
apply variable stress on gauge 2, and the maximum value is 30 
% of the bending strength. The specimen is fixed at left end, 
and tied with a steel plate at right end. The steel plate is 
supported by a coil spring so that the stress ratio (R = min/max 
stress) can be controlled by adjusting the place of the steel plate. 
This test was conducted under R = 0.1 for the tensile side.  

 

 
Figure 1. Top view of the specimen. 

 

The test was conducted following the procedure below. 
1. Measure the stiffness and the vibration. 
2. Increase the rotation frequency gradually. The rotation 

frequency was determined by 1,000 cycle 
3. Stop loading. Measure the stiffness and the vibration. 
4. Resume loading. 
5. Repeat 3. and 4. until the failure 

Loading was stopped at 5 thousand cycles and every 10 
thousand cycle until 50 thousand cycles. 

During the test, stress range, stiffness and vibration 
characteristics were recorded.  Stress range was calculated by 
multiplying the difference between maximum and minimum 
strains on each gauge and bending elastic modulus. The strain 
was recorded at every 500 cycles using a data logger (DRA-
107A: Tokyo Measuring Instruments Lab.). Each recorded data 
had strains for 250 cycles, and then the range and median of the 
strains were averaged to represent the recording cycle. In the 
stiffness measurement, mass which is 46.6 N was loaded on the 
static loading point shown in Figure 2. Displacement was 
measured by the displacement transducer (CDP-25: Tokyo 
Measuring Instruments Lab.). For recording vibration 
characteristics, the impact was hit on the static loading point 
using a hammer. Then strains are measured at the gauges and 
used for determining natural frequency and damping ratio. 

2.3 Fatigue life and stress history 

The fatigue failure occurred at 64,900 cycles. The laminate 
structure was fractured and the loading amplitude suddenly 
dropped down at that time. The failure mode will be discussed 
in 2.4.  

Figure 3 shows the stress range history at each strain gauges. 
Four strain gauges were attached on both sides of the specimen 
as shown in Figures 1 and 2. The gauges on the surfaces 
subjected to tensile and compression stresses were named A1 ~ 
A4 and B1 ~ B4, respectively. During the test, gauges 2 and 3 
were broken down due to the high range of cyclic strain. 
Therefore, stresses there were estimated by the equation below. 
This calculation is conducted under the assumptions that partial 
elastic modulus decreases due to fatigue damage, and that 
descent of elastic modulus occurs uniformly in the thickness. 

𝜎𝑖,𝑛 = 𝐶𝑖
(𝜎1,𝑛+𝜎4,𝑛)

2
                      (1) 

𝐶𝑖 =
2𝜎𝑖,1

(𝜎1,1+𝜎4,1)
                                    (2) 

 

 
Figure 2. Schematic view of fatigue testing set up. 
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(a) Gauge A1 and B1 

 
(b) Gauge A2 and B2 

 
(c) Gauge A3 and B3 

 
(d) Gauge A4 and B4 

Figure 3. Stress range history. 

 
 

 
(a) Uniform elastic modulus 

 
(b) Different elastic modulus 

Figure 4. Stress and strain distribution under bending moment. 

 
where, 𝜎𝑖,𝑛 represent that normal stress at gauge i at n cycle. 
Estimated stress ranges are shown in Figure 3 (b) and (c) like 
“est A2”. 

Focusing on Figure 3 (a) and (d), the stress range on A and B 
were almost the same. The stress range at A1 and B1 started to 
decrease at 63 thousand cycles. On the other hand, the stress 
range at A4 and B4 increased at the same time. This is thought 
to be the effect of the partial decrease of elastic modulus. A 
previous study says that FRP subject to cyclic loading loses its 
stiffness soon before the failure [8]. This results in the “hinge” 
at the partial area of the specimen. Paepegem and Degrieck [11] 
discussed residual strength and stiffness of FRP subject to 
cyclic bending stress and concluded that a sort of hinge was 
formed near the clamped cross-section at the end of fatigue life. 
Although their study was conducted using the specimen which 
has only 2.72 mm in thickness, the same type of failure may 
have occurred in the thick specimen and this phenomenon 
changed the bending moment distribution. 

Comparing the recorded stress ranges and the estimated 
stress ranges in Figure 3 (b), they agreed well on B2 until 60 
thousand cycles. Over 60 thousand cycles, however, the 
recorded B2 increased sharply and then loading ended. Fatigue 
failure occurred where the strain gauges A2 and B2 were 
attached, and this sharp increase of strain means that the 
laminate structure was damaged severely at the loading cycles. 
On the other hand, the recorded A2 increased sharply after 50 
thousand cycles. It seems that the failure of the strain gauge A2 
occurred at 50 thousand cycles because the gauge was subject 
to high strain amplitude. It could have shown the same 
tendency as B2 if gauge A2 worked well until the failure of the 
specimen. 

In Figure 3 (c), the recorded and estimated stress ranges are 
different. The B3 started to decrease from 10 thousand cycles 
and the difference between the recorded and the estimated 
results is almost 10 MPa at 60 thousand cycles. On the other 
hand, these stress ranges in A3 agreed well until 30 thousand 
cycles, and after that, the recorded stress range increased 
slightly. Then, it increased sharply from 40 thousand cycles 
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because of the failure of the strain gauge. The tendency which 
shows the increasing difference between both sides A3 and B3 
was measured only in Figure 3 (c). Since the stress range is 
calculated based on the initial elastic modulus in this study, the 
increase in the difference between A3 and B3 means that strain 
amplitude changed as well. This implies that stiffness 
degradation near the measured point was not uniform in the 
thickness direction. Figure 4 shows a schematic diagram of the 
bending stress and strain in the cross sectional area which has 
a uniform or different elastic modulus. Assuming that there is 
no axial force and bending moment does not change during the 
test, the neutral axis changes as the elastic modulus decreased 
at one part more than another. This results in a decrease in the 
strain range on the side where the damage is less than the other. 
Thus, the difference in the stress range between A3 and B3 
increased. The descent of the stress range only at B3 implies 
that the elastic modulus of the top side where A3 attached 
decreased more than the side of B3. However, the actual fatigue 
damage in the specimen should have been more complicated, 
and the distribution of the elastic modulus in the thickness 
direction may not be as simple as shown in Figure 4. The 
method to estimate the distribution of elastic modulus in the 
fatigue test should be further investigated in future study. 

2.4 Visual observation of fatigue damage 

Figures 5 ~ 7 shows the top, bottom, and side images of the 
specimen which were observed at the beginning of the test, 40 
thousand cycles, and when the failure occurred at 64,900 
cycles. The black lines drawn on the specimen as shown in 
Figure 5 are the guide used for attaching strain gauges. The 
horizontal shadow in Figure 5 (c) is due to the imperfection of 
the manufacturing. 

As shown in Figure 6 (a), the white area was measured at 40 
thousand cycles. This was observed only on the top side where 
gauge A2 attached. The previous researches on the fatigue of 
FRP indicate that this “whitening” is the specific phenomenon 
of FRP which is caused by the diffuse reflection due to the 
micro-crack or delamination [12]. The whitening occurred at 
the edge near the position where gauge A2 was attached. Then 
it propagated as the loading cycle increased. However, the 
propagation was not monotonic until the failure. When the 
loading cycle was 50 thousand cycles, the whitening did not 
reach the position where strain gauges were attached. Then the 
failure of laminate structure suddenly occurred at 64,900 
cycles. Therefore, it implies that micro-crack propagation does 
not occur at the same rate. The stiffness degradation of FRP 
which is one characteristic of fatigue damage can be divided 

 

   
(a) Top view: A side                                 (b) Bottom view: B side                                        (c) Side view 

Figure 5. The photo at the beginning of the fatigue test. 

 

   
(a) Top view: A side                                 (b) Bottom view: B side                                        (c) Side view 

Figure 6. The photo at the 40 thousand cycles. 

 

   
(a) Top view: A side                                 (b) Bottom view: B side                                        (c) Side view 

Figure 7. The photo at the failure. 
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into three stages [8]. The propagation of whitening can also be 
divided into three stages that are initiation, propagation, and 
final failure if it is related to stiffness degradation. Furthermore, 
the whitening was observed only on the top side where positive 
stress applied; therefore, it can be said that positive cyclic stress 
causes more fatigue damage than negative in the FRP. This 
agree with the consideration in 2.3 which says the descent of 
the stress range at top side was greater than the bottom side. 
Koricho et al. [13] also conducted a bending fatigue test for a 
twill E-glass/epoxy composite, and concluded that edge 
delamination and interlaminar delamination started tensile 
loaded side and propagated to the compression side. The result 
in the current study agrees with their observation although the 
laminate structure is different. However, since the shear stress 
may also affect the fatigue behavior, it is necessary to measure 
the distribution of the micro-crack and delamination precisely. 

2.5 Degradation in stiffness and vibration characteristics 

The change in the stiffness of the specimen is shown in Figure 
8. This is also summarized in Table 1. The stiffness is defined 
as the ratio between the static load and the displacement which 
was measured as written in 2.2. As shown in Figure 8, the 
stiffness decreased sharply at 10 thousand cycles. The 
whitening which seems to be the micro-crack was first 
observed at 20 thousand cycles. However, it may have occurred 
at 10 thousand cycles because stiffness degradation is related 
to the micro-crack. The stiffness hardly changed between 10 
thousand and 50 thousand cycles. Then, the stiffness decreased 
toward the failure. It is known that the stiffness degradation is 
divided into three stages [8]. The test result in this study 
showed the same tendency. The stiffness decreased by 26% in 
the first stage (0 ~ 10 thousand cycles), 1% in the second stage 
(10 ~ 50 thousand cycles), and 13% in the third stage (from 50 
thousand cycles to failure). 

Figure 9 and Table 1. show the change in the natural 
frequency. The natural frequency was identified as the 
frequency which provides the maximum Fourier amplitude. 
The Fourier amplitude was derived from the discrete Fourier 
transform of the recorded waves. The natural frequency slightly 
increased until 10 thousand cycles, but did not change 
significantly. The change from the initial of the test was 7% at 
most. It is known that the natural frequency is a function of 
√𝑘 𝑚⁄  where 𝑘 is the stiffness and 𝑚 is the mass. The increase 
of the natural frequency contradicts with the result that the 
stiffness had decreased during the test. It is necessary to 
examine the reason why the natural frequency slightly 
increased.  

Damping ratio 𝜉 which is shown in Figure 10 and Table 1 is 
derived from equation (3). 

𝜉 =
𝜔𝑏−𝜔𝑎

2𝜔𝑛
                                    (3) 

where, 𝜔𝑛 , 𝜔𝑎 , 𝜔𝑏  represent the natural frequency and the 
frequencies which provide 1

√2
 of maximum Fourier amplitude 

[17]. Although the natural frequency hardly changed during the 
test, the damping ratio decreased intensely from 10 thousand 
cycles. The number of cycles at which descent in the stiffness 
and the damping ratio occurred was the same. The stiffness 
degradation may affect the damping ratio.  

 
Figure 8. The change in the stiffness. 

 

 
Figure 9. The change in the natural frequency. 

 

 
Figure 10. The change in the damping ratio. 

 

Table 1. The change in the damping ratio. 
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In a future work, further consideration is need about the reason 
why the damping ratio decreases during the fatigue test. It is 
necessary to pay attention to the damping and the natural 
frequency because the amplitude of the resonance vibration 
may change due to the fatigue damage. 

3 STATIC TEST FOR MEASURING THE 
CAPACITANCE 

3.1 Concept of damage detection 

This study examined the method to detect the inner damage 
which occurs in GFRP. Figure 11 shows the schematic image 
of damage detection. The capacitor is formed by sandwiching 
GFRP, which is an insulator, between metal plates. Its 
capacitance is calculated using equation (4). 

𝐶 =
𝜀𝑆

𝐷
                                    (4) 

where,  𝐶 : capacitance, 𝜀: relative permittivity, 𝑆: area of the 
metal plates, 𝐷: distance between metal plates. 

The damage in GFRP is known to be micro-crack, 
delamination and fiber breakage. Since these damage types are 
expected to change the distance or the material properties 
between the metal plates, the capacitance may decrease. This 
study tried to detect the capacitance descent due to the damage 
in GFRP in the static tensile test. 

3.2 Outline of the test 

A static tensile test was conducted with a thin GFRP laminate. 
The specimens are shown in Figure 12. The specimens 
consisted of two types that are without the capacitor and with 
the capacitor. Three specimens were prepared for each type. 
They were cut out from the woven roving GFRP laminate with 
a laminate structure of (#0°)4. A circular hole with a diameter 
of 4.8 mm was provided in each specimen. In order to form the 
capacitor, the aluminum plate with 0.5 mm in thickness was 
attached on both sides of the specimen using the cyanoacrylate 
adhesive as shown in Figure 12. 

The tensile test using the specimens without the capacitor 
provided the maximum load and the tensile strength shown in 
Table 2. The strength was derived using the cross sectional area 
of both the net section and the gross section. Secondly, the 
tensile test using the specimens with the capacitor was 
conducted. The loading speed in each test was set to be 2 
mm/min. However, in the second test, the loading was paused 
every 10% of the maximum load, and then capacitance was 
measured as shown in Figure 13.  

 

 
Figure 11. The concept of damage detection. 

 

 
Figure 12. The specimens without and with capacitor. 

 

Table 2. The result of static test without capacitor. 

 
 

 
Figure 13. The image of the static test. 

 

 
Figure 14. Representative load-disp. Curve. 
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Figure 15. Capacitance-load curve. 

 

 
Figure 16. Relationship between capacitance and stiffness. 

 
Figure 17. Stiffness-load curve. 

3.3 Result of the test 

Figure 14 shows the representative load-displacement curve 
which is specimen 2 in the second test. The load decreases some 
times in Figure 14 because the test was conducted under 
displacement control and the loading was paused at every 10% 
of the maximum load. The capacitance was measured when the 
load became stable at each paused point. As shown in Figure 
14, the load decreased a little at stage 9 which load is about 
8 kN. Partial fiber breakage or delamination was thought to 
occur at this point. 

Figure 15 shows the capacitance-load relationship. It can be 
confirmed from Figure 15 that capacitance was constant from 
the beginning to a certain load, and then decreased rapidly. The 
load where the capacitance decreased rapidly corresponds to 
the stage where the load decreased slightly as shown in Figure 
14. The partial damage noted in the last paragraph is thought to 

change the capacitance. However, it seems that the dobonding 
also occurred at the same time. The debonding may also have 
decreased the capacitance because it changes the distance 
between the two aluminum plates. It is necessary to keep the 
bonding between the aluminum plates and the specimen until 
inner failure occurs. 

The test also provided the stiffness defined as the gradient of 
the load-displacement curve at each stage. For example, the 
stiffness at the stage 2 which is about 2 kN in Figure 14 is 
derived as the gradient between about 1 and 2 kN. The stiffness 
are plotted in Figure 16, where the horizontal and vertical axes 
show the capacitance and the stiffness, respectively. In Figure 
16, no relationship can be observed between the capacitance 
and the stiffness. This is because of two reasons. Firstly, the 
stiffness have high standard deviation. The stiffness at first few 
stages was lower than others because slipping seemed to occur 
between the jig and the specimen. Secondly, the stiffness did 
not decrease significantly even after the capacitance decreased. 
The stiffness once decreased but then recovered as shown in 
Figure 17. The stiffness should not recover if partial fiber 
fracture occurs during the static test. Therefore, Figure 17 
implies that the inner damage which decreased the capacitance 
was the delamination or the debonding of the aluminum.  

It was difficult to relate the residual material property of 
GFRP and the capacitance in the static test. However, a fatigue 
test using the specimen with the capacitor may be able to relate 
them. The micro-crack which was caused by the fatigue test can 
change both the capacitance and the elastic modulus. 
Moreover, it is difficult to apply this detection method to the 
thick laminate because the capacitance of intact GFRP 
decreases as the thickness increases. It is necessary to insert 
aluminum plates in the laminate in order to detect the micro-
crack in a thick GFRP by checking capacitance. 

4 CONCLUSION 
This study conducted the bending fatigue test and the static 
tensile test using GFRP laminate. The summary of this study is 
written below. 

It is shown that the 15.5 mm thick GFRP laminate was 
broken at 64,900 cycles by cyclic bending stress where the 
maximum stress value is 30% of its strength. During the test, 
the stiffness and the damping ratio decreased rapidly until 10 
thousand cycles, and then they sustained constantly. On the 
other hand, the natural frequency hardly changed. It is also 
shown that the fatigue damage occurred in a certain area not 
only in-plane direction but also in the thickness direction. The 
top side which is subject to tensile stress was thought to be more 
vulnerable to fatigue damage such as micro-crack or 
delamination. 

The static test showed that the inner damage of the GFRP 
could change its capacitance. The delamination was thought to 
have occurred just before the failure of the specimen. It was 
concluded that the method using capacitor can be adopted to 
detect damage in a thin GFRP laminate, and a further study is 
needed. 
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ABSTRACT: While SHM science and engineering have matured in recent decades, by now indeed a coherent and well-established 
branch of structural mechanics, most practicalities are of qualitative nature. The present work suggests a simple, user friendly, 
method for quantitatively assessing both damage location and level of damage deterioration along service life. Setting is within 
framework of plane stress isotropic linear elasticity, focusing on a representative configuration of a large plate that contains a 
small hole-type damage at a distance from the remote boundaries, with a-priori unknown location. Health monitoring is based on 
inducing a remote uniform tension field and measuring strains at selected points. The underlying assumption is that, according to 
Saint-Venant principle, at sufficient distance from the hole the field characteristics are reasonably approximated by the classical 
Kirsch solution. Starting with the simple case of circular hole we show how just a few strain measurements can expose the location 
of the hole, its radius and possible deterioration (increasing hole diameter). Next, using Inglis and finite element solutions, we turn 
to more complicated shapes, like elliptic and square holes, and show how the monitoring procedure provides damage location and 
size of the “equivalent circular hole”. That notion will be examined in some detail, including sensitivities, reliability, and limits 
of validity. Field strains induced by remote tension have been taken from FE computational analysis or from available analytical 
solutions. We shall argue that the predictive power of the suggested method, even though of approximate nature, provides a 
practical and simple tool of quantitative SHM.  

KEY WORDS: SHM, damage detection and estimation, equivalent circular hole hypothesis. 

1 BACKGROUND 
Structures, of all kind, fail due to defects growth mainly caused 
by service loading history and environmental effects [1]. In 
aerospace platforms those failures have quite often a painful 
cost in human-life. Common avoidance methods are based on 
safety factors and different levels routine of maintenance. A 
major shortcoming of most available methods is lack of 
structure health state data at any relevant time. 

The emerging and promising structural diagnosis discipline, 
Structural Health Monitoring (SHM), provides practical tools 
to detect and characterize damage on-line. This approach is also 
useful in context of condition-based maintenance. Examples of 
SHM techniques [2] are VBM (Vibration Based Method) and 
ultrasonic monitoring. 

The basic architecture of monitoring systems consists of 
three components: 1. a network of sensors that collects 
information about the structure state. 2. the information 
transmission system - which can be wired or wireless. 3. the 
data analysis unit - in which the information transmitted from 
the measurements is translated into parameters that allows 
analysis of the structure condition. A simple method for SHM 
system, possibly using fiber-optics as strain sensors, discussed 
below. 

SHM systems are commonly defined by the following five 
different levels [3]: 

 
1. Existence. Is there a damage in the system? 
2. Location. Where is the damage in the system? 
3. Type. What kind of damage is present? 
4. Extent. How severe is the damage? 
5. Prognosis. How much useful service life remains?  

 
Several methods discussed in the literature [4]-[5] suggest 

qualitative assessment procedures for damage severity. In fact, 
most of available methods and SHM systems, installed in 
aircrafts, do not provide quantitative information on damage 
characteristics. Upshot is an ongoing lack of on-line essential 
information on state of damage and deterioration.  

2 OBJECTIVES AND METHODOLOGY  

2.1 Research question 

Is it possible to construct an on-line, damage monitoring 
method, based on strain measurements, aiming at quantitative 
damage characterization? 

2.2 Methodology 

The research basic configuration (a common geometry in 
aircrafts) is a thin plate containing a circular hole in the center 
and loaded by remote uniaxial tension, as shown in Figure 1. 
 

 
Figure 1. Illustration of the basic configuration. 

A simple quantitative procedure for SHM, damage detection and growth 
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Here S is the applied load, A is a generic point, r and  are 
polar coordinates with origin located at the center the hole (with 
radius a), and (x,y) denote the Cartesian axes.  

The uniform strain field induced by remote tension is of 
course perturbed due to hole presence, thus exposing data for 
both strain measurements and numerical finite elements 
investigation of damage characteristics. Monitoring procedure 
includes the following stages: 1. identify the strain pattern, 2. 
establish a quantitative method to link strain field with damage, 
3. collect strain data from measurements or finite element 
analysis, 4. apply the method developed to determine existence, 
location, and severity of the damage. 

Moreover, a new hypothesis is suggested, in context of strain 
data collected at the far field, enabling identification of an 
“equivalent circular hole” for a variety of hole geometries, see 
Figure 2. 

 

 
Figure 2. Comparison between far and near field. 

3 THE CIRCULAR HOLE 

3.1 Basic analysis  

The research starting point is the basic Kirsch solution [6], of 
the circular hole configuration stress field, with stress 
components 
 

 𝜎𝑟 =
𝑆

2
(1 − 𝜉−2) +

𝑆

2
(1 + 3𝜉−4 − 4𝜉−2)cos2𝜃 (1)  

 𝜎𝜃 =
𝑆

2
(1 + 𝜉−2) −

𝑆

2
(1 + 3𝜉−4)cos2𝜃 (2)  

 𝜏𝑟𝜃 = −
𝑆

2
(1 − 3𝜉−4 + 2𝜉−2)sin2𝜃 (3)  

Where  
 𝜉 ≜

𝑟

𝑎
 (4)  

Thus, in terms of stress and strain plane invariants, we have 
the Cartesian relations 

 
 σ𝑥 + 𝜎𝑦 = σ𝑟 + 𝜎𝜃 

 
(5)  

 
𝜖𝑥 + 𝜖𝑦 =

1 − 𝜗

𝐸
(σ𝑥 + 𝜎𝑦) 

(6)  

 
 

𝜖𝑥 + 𝜖𝑦 =
1 − 𝜗

𝐸
(1 − 2𝜉−2cos(2𝜃))𝑆 (7)  

 
 
 
 

Now, we define 
 

 Δ ≜ 𝜖𝑥 + 𝜖𝑦 
 

(8)  

 
Σ ≜

1 − 𝜗

𝐸
S (9)  

implying the ratio 
 

 𝛥

𝛴
= 1 − 2𝜉−2 𝑐𝑜𝑠(2𝜃) 

 

(10)  

The incremental form follows as 
 

 δΔ

Σ
= −2

𝛿(𝑎2)

𝑟2 co𝑠(2𝜃) 
 

(11)  

Finally, combining (9) with (10) we find 
 

 δΔ

∆ − Σ
=
𝛿(𝑎2)

𝑎2  
(12)  

 
Thus, in terms of hole diameter, we have in (14) the damage 

function connecting two distinct damage states, namely  
 

 
𝑑2 = 𝑑1√(1 +

Δ2 − Δ1

Δ1 − Σ
) 

 

(13)  

 𝑑2
𝑑1

= 𝐹(𝜖𝑥, 𝜖𝑦) 
(14)  

 
where 𝑑1 and 𝑑2 denote the hole diameter under identical 
remote tension condition, in two distinct measurements.  
 

3.2 Existence identification 

We turn now to the strain data obtained from finite element 
analysis, performed on a large rectangular plate with a centered 
circular small hole under uni-axial tension, as shown in Figure 
3. The length and width of the plate are 100 [mm] each, the 
elastic constants values are E=73 [GPa] and 𝜗 = 0.33 and the 
applied stress is S=100[MPa].  

 

  

 
Figure 3. finite element model. 
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Here, the hole diameter is d=6 [mm], while the distance from 
the hole center to the data gathering line is h=35 [mm]. 
Calculation have been performed with clamped left boundary 
and uniformly stressed right boundary, simulating realistic field 
SHM conditions (like for helicopter blade). A minor 
asymmetry is therefore expected in the strain field. 

In a flawless plate, the axial strain is uniform and depends 
only on external load and material properties. Extracting the 
results of finite elements analysis, for a plate with a circular 
hole, reveals changes induced by hole presence, see Figure 4. 

  
Figure 4. Axial strain along x axis 

 
Therefore, by comparing axial strain measurements, we can 

identify and confirm that a hole indeed exists. 

3.3 Hole center location identification 

Another diagnostic observation obtained from the graph 
presented, is identification of the location of the hole center. 
Figure 5 displays a zoom view of the area within the black box 
in Figure 4. The middle minimum point shows the estimated y 
coordinate above the hole center as derived from the analysis, 
which is indeed close to the real hole center (recall, that 
numerically, remote left boundary is clamped, inducing a slight 
asymmetry in strain field). 

 

 
Figure 5. Zoom view to hole location 

4 THE EQUIVALENT CIRCULAR HOLE HYPOTHESIS 

4.1 Hypothesis 

To determine the level of damage severity, a new quantitative 
method is proposed based on the hypothesis of the equivalent 
circular hole. That hypothesis centers on the assumption that a 
hole-type damage geometry induces strains that generate an 

equivalent circular hole damage. The size of that hypothetical 
circular hole (the damage parameter) is expected to reflect 
changes in damage severity along service life. 

4.2 Illustrations and discussion 

Sample calculations, over a range of hole geometries, show a 
similar pattern of axial strain profile. We have detected both 
existence and location of the different holes, by applying the 
same procedure demonstrated for the circular hole (see  
Figure 6). The equivalent hole hypothesis serves to evaluate 
deviations from the actual hole area. Results show that for an 
elliptical hole with low eccentricity (less than 4) an accuracy of 
1% is achieved. Higher ellipse eccentricity and square hole 
geometry result in 7-10% accuracy.  

 

 
Figure 6. comparison of different holes geometry 

4.3 Solution validity 

The method developed in this research assumes linear isotropic 
elasticity along with plane stress response, with known field 
parameters. In addition, due to end conditions, the classical 
circular hole solution becomes progressively less accurate for 
strain measurements at surface zones shown on Figure 7. 

 

 
Figure 7. Schematics of solution validity area  

The criterion for incorrect solution area is a large deviation 
(tens of percent) from the exact solution. The area boundaries 
are determined by comparison of the numerical results. A 
further analysis should account for the validity of Saint-Venant 
principle [7] to ensure reliability of strain data. 
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5 CONCLOUSIONS  
A quantitative SHM method based on strain measurements is 
suggested. The equivalent hole hypothesis is introduced, and 
several illustrations with different hole geometries are 
presented. 

Solution of sample problems suggest a practical, user 
friendly, quantitative SHM method, providing essential data on 
damage existence, location, severity, and deterioration. The 
method simplicity calls for future studies and applications with 
possible extension to anisotropic composites. 
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ABSTRACT: Ultrasound measurements in concrete are a well-known technique in civil engineering and non-destructive testing. 
For consistent monitoring of a concrete structure, the common techniques, using external sensors can often not provide the 
appropriate degree of repeatability, as the surface of structures changes, and comparable coupling conditions cannot be guaranteed 
when a measurement is repeated after some time. By embedding ultrasound transducers in concrete, we aim to develop a strategy 
for long-term monitoring of infrastructure, especially bridges, as a supplement and extension to other techniques. Applying the 
so-called coda wave interferometry to these measurements we can detect subtle changes in the medium far beyond the resolution 
limit of traditional time of flight methods. A smart sensor layout enables cost-efficient sensing of the entire area of interest. 
Embedding the transducers might remove uncertainties like coupling or positioning changes, while other challenges remain. 
Temperature and moisture content influence the structure and the transducers. These drifts need to be recorded and removed and 
good coupling must be ensured while not being able to visually inspect the sensor. In a multidisciplinary research group funded 
by the German Research Foundation, we aim to solve these problems on the way towards an ultrasound monitoring system for 
reinforced concrete structures. In various experiments in the lab and field, we determine the influence of temperature variations 
on the measurements and the equipment. As the monitoring task is the detection of irreversible damages - not reversible changes 
- a smart system requires a smart way of discrimination between permanent damages and reversible changes. With the data 
collected in these experiments, we present an approach to an environmental correction to ultrasound data to avoid a 
misinterpretation of these environmental changes as damage indicators. 

KEY WORDS: Coda Wave Interferometry; Embedded sensors; Long-term monitoring; Ultrasound; Temperature Influence. 

1 INTRODUCTION 

Classical Ultrasound (US) Non-Destructive Testing (NDT) 
methods require specialists to conduct on-site measurements 
with externally attached sensors and measurement instruments. 
For monitoring (or repeated NDT) a consistent and repeatable 
sensor placement must be ensured to make measurements 
comparable over time. Therefore, at the German “Federal 
Research Institute for Material Science and Testing” (BAM) 
US-transducers were developed suitable for embedding. These 
sensors have been extensively tested and characterized [1]. In 
combination with Coda Wave Interferometry (CWI), a data 
evaluation technique utilizing the entire waveform - especially 
the multiply scattered coda instead of only the first arrival - 
which can resolve subtle changes in the US-velocity and 
therefore detect small changes in the material, these sensors are 
an excellent tool for long term structural health monitoring. 
Using this method DFG research group “FOR 2825:  Concrete 
Damage Assessment by Coda Waves (CoDA)” tries to 
investigate the possibilities of damage assessment and 
monitoring in engineering structures by uniting experts from 
the fields of civil and structural engineering, wave and material 
simulation, and NDT. Due to the high sensitivity of the CWI 
method, multiple factors can influence the results and therefore 
overshadow damaging events. Certainly, temperature is one of 
the most prominent influences [2-4]. Fortunately, quantifying 
temperature change has not been a major challenge since 
Fahrenheit invented the modern temperature scale. Therefore, 
by recording concrete and environmental temperature the 

influence of temperature on the CWI should be removable – at 
least partially. This improves the detectability of other changes 
possibly caused by irreversible damages. 

In this work, we want to present two experiments. The first 
experiment is a large-scale concrete specimen at a BAM test 
site near Berlin, where we implemented embedded ultrasonic 
transducers a long time after casting the specimen. In this 
specimen, we recorded US measurements for more than one 
year, with the only change being the natural temperature 
variation in a yearly cycle. In the second experiment, we 
measure ultrasound in three small concrete specimens. These 
specimens were heated and cooled in a climate chamber at 
temperatures between -24°C and 40°C to simulate the natural 
temperature ranges large concrete structures might be exposed 
to during a year. These values are derived from DIN EN 1991-
1-5/NA[5]. By determination of the relationship between 
temperature and CWI velocity change, we want to propose a 
technique for temperature reduction within an ongoing long 
term experiment.  

2 METHODOLOGY AND EXPERIMENTS 

 Coda Wave Interferometry 

Coda Wave Interferometry is a technique adapted from 
seismology, analyzing repeated seismic, acoustic, or ultrasonic 
measurements, utilizing the multiple scattered part of a 
recording for detection of subtle changes in the velocity of 
media [6]. When analyzing the multiple scattered part of a 
wave, small changes accumulate and are more prominent than 
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in the direct wave. Furthermore, a volume is sensed rather than 
the direct path, so fewer sensors are required to monitor a larger 
area. The basis of CWI is the cross-correlation of two signals 
u1 and u2 recorded at different times t1 and t2. By calculation of 
a correlation coefficient (CC) ranging between positive and 
negative unity, the coda signals can be compared. In case CC is 
close to 1, the signals are considered almost identical, 0 
indicates that the signals are completely different, and -1 
indicates a 180° phase shift. Over the years several CWI 
techniques have been proposed which calculate a velocity 
change by maximizing the correlation coefficient by either 
time-shifting [7] or stretching [8] one of the signals. This idea 
is based on the fact that a general velocity change in the 
medium will not affect scattering properties and therefore 
preserve the waveform while only stretching or compressing it. 
In this work, we will use the stretching technique, as we have 
had good experiences with its robustness and stability. The 
governing equation to maximize is: 

𝐶𝐶(𝑡, 𝜀) =  
∫ 𝑢 (𝑡 + 𝜀)𝑢 (𝑡)𝑑𝑡

∫ 𝑢 (𝑡 + 𝜀)𝑑𝑡 ∫ 𝑢 (𝑡)𝑑𝑡

             (1) 

We want to find a value for ε which maximizes CC on a time 
window [t1,t2] comparing two time-series u1 and u2. The ε 
stretches or compresses the signal, hence the name stretching-
technique. When εmax is found, the associated relative velocity 
change can be calculated, as εmax = dv/v. CC(εmax) is used as an 
additional feature describing structural changes in the medium. 
When comparing multiple consecutive measurements one can 
either fix the reference measurement and compare all 
measurements to this reference or introduce a rolling reference. 
In both cases, it is possible to track the velocity change over the 
entire experiment. Fixing the reference reduces computation 
time, as the stretching only has to be calculated once, but in 
long-term experiments, signals might change to a degree that 
they are not considered similar anymore (CC(εmax) < 0.7), 
requiring a shift of reference. In this work, we have worked 
with the fixed reference method.  

 Embedded Sensors and the W-Box 

The piezoelectric US P-wave transducers used in this project 
are a special production from Acoustic Control Systems, Ltd. 
(ACS, Moscow, Russia) [1]. The sensors have a cylindrical 
shape and a hollow interior, so cement can completely enclose 
the transducer. Due to their shape, they have a two-dimensional 
omnidirectional radiation pattern. The central frequency is 
60 kHz which enables a long penetration depth of the signal in 
concrete while ensuring scattering at larger concrete grains. 
   At BAM we have developed a measurement system called the 
W-Box, which is a small, cost-efficient, and easily 
reproducible, and expandable alternative to commercial 
measurement equipment. While limited in the repetition rate of 
consecutive measurements, its sampling rate of 1 MS/s is more 
than sufficient for performing monitoring with the ACS 
transducers. For further information on the W-Box, we refer to 
Fontoura-Barroso et al. [9]. Figure 1 shows the ACS transducer 
on top of a first-generation version of the W-box with five 
acquisition channels. 

 

Figure 1. 5-channel W-Box with 60 kHz piezoelectric 
transducer specifically designed for embedding in concrete on 

top. 

 Large scale model at BAM test site Horstwalde 

In the fall of 2019, we implemented 19 US transducers and five 
NTC temperature sensors (precision 0.1°K) into a more than 
ten-year-old reinforced concrete model at the BAM outdoor 
test site “BAM-TTS” close to Horstwalde south of Berlin, 
Germany. The ultimate goal is to use a dense sensor network 
for the localization of damages with coda waves. Nevertheless, 
before intentionally forcing deterioration we decided to record 
a full annual cycle with the specimen to quantify the 
environmental influences on US monitoring. By recording 
temperature and ultrasound hourly we try to simulate a 
permanent monitoring situation in a concrete structure and 
determine how fast a large structure reacts to changes, whether 
temperature and velocity changes depend linearly on each other 
and whether this influence of temperature can be removed. A 
detailed description of this experiment with half a year of data 
evaluated can be found in [10]. Several power outages at this 
remote site caused data loss a couple of times, but we could 
collect enough data to evaluate changes in US-velocity and 
temperature from November of 2019 to December of 2020. 
During all times the specimen was protected by a tarp to 
prevent the influence of heavy rain. 

 

Figure 2. Outdoor specimen in Horstwalde with positions of 
19 US-transducers ‘X’ and five temperature sensors ‘O’. The 
specimen is a four- by six-meter concrete block with a height 

of 0.8 m. The sensors are located at a depth of 0.4 m. 
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 Climate Chamber Experiments 

 

Figure 3. Climate chamber with three concrete specimen with 
two US transducers each. The central specimen has an NTC 

temperature sensor embedded in the concrete. 

 

Figure 4. Temperature settings for the climate chamber. 

Concrete objects of different size react differently to changing 
environmental conditions. While for a big object it takes hours 
for a temperature change to diffuse to the core, a small 
specimen is uniformly heated or cooled quickly. Therefore, we 
decided to add investigations of small specimen in climate 
chambers to the large-scale specimen experiments. 

For this experiment, we used three non-reinforced 
specimens, each equipped with two ACS transducers. In 
contrary to the Horstwalde experiment the transducers were 
embedded during casting. The three concrete specimens have 
the same dimensions (40 cm x 10 cm x 10 cm) and sensor 
positions. All three specimen were produced using CEM I 
42.5R cement and Basalt grains with a maximum grain size of 
8 mm. Two Specimen (S1 and S0) were cured in water for 56 
days, while S0 was stored at room temperature after stripping. 
All three specimen were placed in a climate chamber.  

Two different measurement cycles were conducted. In a first 
cycle, the temperature was changed in steps of 10°C 
from -24°C, up to 40°C, back to -24°C, and finally in a last step 
to room temperature. In the second cycle, we measured at 40°C, 
2°C, and -24°C for several hours with immediate temperature 
shifts between those levels. The experimental setup is shown in 
figure 3. One can see the W- Box on top of the climate chamber. 

Besides ultrasound, the device can also record temperature on 
up to three channels, so we were able to track the concrete 
temperature as well as the temperature inside the climate 
chamber. The climate chamber temperature profiles are shown 
in figure 4.  

 Remarks on data processing 

Before application of CWI, all ultrasound measurements are 
preprocessed. After removing erroneous measurements, the 
following preprocessing steps are applied to the data: 

The signal is recorded with a certain number of pre-trigger 
samples. These samples are used to remove the amplitude 
offset. After the removal of the offset, the pre-trigger samples 
are discarded. In the next step, the unwanted crosstalk, caused 
by the measurement equipment shortly after pulsing, is zeroed 
out. In the last preprocessing step, a bandpass frequency filter 
is applied to suppress unwanted high or low-frequency noise. 
The applied bandpass filter is usually a Butterworth filter of 
order four with cutoff frequencies at 10 kHz and 100 kHz. 

3 RESULTS 

Whenever temperature and velocity change are compared in the 
following sections we plot the negative velocity change, as this 
resembles the indirect relationship of temperature and wave 
velocity. 

 Large scale outdoor experiment 

Figure 5 shows the results of fixed reference CWI analysis for 
an entire year of data recording for a neighboring sensor pair. 
As we assume that an environmental temperature change does 
affect the entire specimen and therefore the entire signal, we 
evaluate a large time window of the recorded signal which 
includes the first arrival as well as the coda. After 
preprocessing, all recorded signals were compared to the first 
measurement and an optimal stretching factor was determined 
with formula (1). Unfortunately, throughout the experiment, we 
had several blackouts causing data gaps, with the most 
prominent gap the Christmas Holiday of 2019. 

 

Figure 5. CWI velocity change (blue) in the large concrete 
model for transducers 3 and 4 compared to concrete 

temperature (black). 

The comparison of temperature and velocity change shows 
that both follow a similar trend throughout the entire period. 
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After one year we approach a similar level in temperature and 
velocity change again. This behavior is evident in all transducer 
combinations except those providing noisy data. Nevertheless, 
it is worth mentioning, that already after a couple of weeks the 
correlation coefficient after application of the stretching factor 
does not approach unity. This indicates that a simple stretching 
of the signal cannot account for all changes. After one year of 
recording, the correlation coefficient is at an average value of 
0.7. Considering the long recording period, the large 
temperature difference, and the system restarts this is still a 
reasonable value to consider the signals comparable.  

As the CWI velocity change and temperature change follow 
a similar trend, we decided to plot the temperature versus the 
velocity change and check for linear dependencies (see Figure 
6). Looking at the entire dataset, the linear relationship was 
nothing more than a wild guess. Therefore, we investigated 
periods of cooling and warming – meaning spring to summer 
and autumn to winter separately. As displayed in Figure 6, a 
linear relation for the data also displayed in Figure 5 is a decent 
approximation when separating these periods. We calculated a 
slope of 0.05 percent per Kelvin for a period of temperature 
increase and 0.04 percent per Kelvin for a period of temperature 
decrease by proposing the following relation between velocity 
change ε and temperature T: 

𝜀 =   𝑚𝑇 + 𝑛 +  𝛿                               (2) 
As we are evaluating the temperature change relatively, and the 
starting point is not fixed, the intercept 𝑛 is irrelevant. The 
interesting parameter is 𝑚, the slope linking (negative) velocity 
change and Temperature. The best linear least-square fit to a 
selected range of data points, minimizing the residual 𝛿, was 
calculated by a Python script using the NumPy library. 

 Most other transducer combinations showed similar 
behavior with slopes ranging from 0.03 – 0.06 percent per 
Kelvin. For transducer pairs with a bad signal to noise ratio, the 
slope scatter significantly depending on the chosen interval. 

 

Figure 6. CWI velocity change over temperature. The linear 
fits are indicated by black lines. 

 Climate chamber experiment cycle 1 

 

Figure 7. Gas (air) and concrete temperature and CWI 
velocity change in climate chamber experiment 1.  

An evaluation of the data of the large specimen made in 
spring 2020 raised the question of whether these slopes and the 
linear trend are specific to the structure or not. Therefore, we 
decided to conduct experiments in a climate chamber using 
three small specimens. The results from the first measurement 
cycle can be seen in Figure 7. The stepwise increase in gas 
temperature takes time to diffuse into the specimen, but as we 
hold the temperature at every step for several hours we reach 
an equilibrium. Similarly to the large-scale experiment, one can 
see that the temperature and velocity course are similar. This 
supports the hypothesis of the direct relationship. It is worth 
noting that the velocity changes faster than the temperature 
change measured at the center of one of the specimens. The 
amount of change is different for the three different specimen 
tough. S0 does not seem to react to temperature changes to the 
same degree as S1 and S2, especially at temperatures above 
0°C. Specimen 0 was not water cured like S1 and S2. This 
could be a reason for the different behavior, especially as it 
significantly changes above the freezing point of water. 
Furthermore, the sensors are held in place by a different kind 
of PVC tube which might react differently to thermal changes. 
The difference in temperature change comparing the “sibling 
samples” S1 and S2 is mostly a horizontal shift and might be 
related to the choice of reference measurement for CWI, as the 
slopes are comparable. 

When plotting velocity change over temperature change for 
specimen S1 (see Figure 8) this inert delay does not vanish. We 
had to limit our investigation to a temperature range 
between -10°C and 40°C as the embedded temperature sensors 
cannot reliably record temperatures below -10°C. Temperature 
is measured at a single point, while the velocity changes are 
averages over the entire specimen. It is suggested in literature 
[3] to apply a time shift to either the temperature measurements 
or the calculated velocity change to account for the inert 
diffusion of temperature in concrete. Indeed, a timeshift of 
+1 hr. for temperature did result in an almost linear relationship 
(Figure 8 – line graphs). The slope of the general linear trend 
does not change tough and remains at values between 0.03 and 
0.05 percent per Kelvin. While for this specimen a time shift of 
+1 hr. removed the step pattern, for S2 a timeshift of 35 minutes 

Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure

330



  
 

  
 

was optimal. As no systematic time shift between concrete 
temperature, gas temperature, and concrete velocity change 
could be identified in the data, we decided that there is no solid 
basis for the application of time-shifting. 

 

Figure 8. Velocity change over temperature for the climate 
chamber experiment 1 and specimen S1. When time shifting 

temperature by 50 minutes, the step pattern vanishes (line 
graph). 

When comparing the heating and cooling phase (Figure 8) 
another effect becomes visible. The velocity change at 
temperature changes from and to identical levels is not identical 
comparing those two phases. This indicates hysteresis and non-
linear effects, which could probably partially be removed by 
time-shifting again.  

 Climate chamber experiment cycle 2 

 

Figure 9. Temperature profile (black) and CWI velocity 
change for the three different specimens. 

To investigate how quickly increasing or decreasing 
temperatures like in the stepwise approach in cycle 1 are 
affecting the results we designed a second climate chamber 
experiment where data is recorded at three different 
temperature levels with instant shifts from high to low 
temperatures. Unfortunately, an investigation of the data 
recorded at -24°C is not possible, as mentioned before. 

Figure 9 shows the velocity change and the concrete 
temperature change. One can see a significant difference 
comparing specimen S0 to S1 and S2, just like in the previously 
described experiment. Firstly, the velocity changes in S0 are 
significantly smaller. Secondly, at the high-temperature 
plateau, the velocity does not approach a constant maximum 
following the trend of the temperature change but decreases 
after reaching an initial maximum value quickly. Delayed 
effects, like thermal expansion, seem to influence the material 
and therefore the ultrasound velocity when quickly heating the 
specimen. These effects are not evident for specimens S1 and 
S2. For these specimen, the velocity trend is following the 
temperature curves, as expected. In the first two heating phases, 
the constant plateau is never reached, and the velocity has not 
come to its equilibrium, while the concrete temperature has. 
Therefore, delayed effects are influencing the measurements as 
well. Another interesting effect is a peak of velocity change at 
the beginning of the cooling phases. This effect is evident in all 
specimen, without an obvious cause. If this effect originates 
from the measurement equipment or has a physical cause needs 
to be further investigated.  

 Linear detrending and frequency filtering. 

The small-scale laboratory experiments have shown that their 
slope of linear regressions is comparable to the large scale 
experiment. Therefore, it should be possible to remove at least 
the general temperature trend from data recorded over a long 
period by simple linear detrending: 

𝜺 (𝑡) =  𝜺(𝑡) − 𝑚 ∗ 𝑑𝑻(𝑡)                        (3) 
where ε is the time series of negative velocity change, 𝑚 is 

the slope of the linear regression analysis (equation (2)) and 𝑑𝑻 
is the temperature change compared to the temperature at ε(t=0) 
at all ε. 

 

Figure 10. Part of the large-scale experiment data. By a simple 
linear detrending, the general temperature trend can be 

removed. A low pass filter to remove quickly repeating events 
does not remove all trends 

 In Figure 10 this approach is tested for the big specimen and 
data from October to mid of December. In this period the 
temperature more or less constantly decreased. With the linear 
regression value shown in Figure 6, the general trend can be 
removed, but especially short-term variations remain in the 
data. A closer analysis of these short-term variations shows that 
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they are more or less the daily temperature variations. This can 
be made visible by a frequency analysis showing that a 
significant portion of the data repeats at one cycle per day. 

As short-term variations of temperature induce repeated (e.g. 
daily), cyclic variations of CWI velocity change they differ 
from the nature of slowly developing, permanent damages. A 
crack in the specimen will result in a permanent change in 
velocity. Therefore, a low pass frequency filter removing high-
frequency events should be able to remove these daily 
variations while preserving the influence of permanent damage. 
The black curve in Figure 10 shows the result of such a 
frequency filter to the linearly detrended data. All events with 
a period smaller than three days are removed. This eliminates 
the quickly repeating wiggles and brings the velocity change 
into a corridor of 0.1%. The remaining fluctuations cannot be 
removed easily and have to be subject of further investigation. 
A thorough investigation of hysteresis and applications of 
systematic time shifts between temperature and velocity change 
might improve this result but no clear pattern could be 
recognized in the data.  

4 DISCUSSION 

Temperature change influences the properties of materials and 
therefore also the ultrasonic velocity. In all of the presented 
data, a correlation of temperature and velocity change is 
evident. Whenever temperature increases, the velocity 
decreases. A comparison of negative velocity change per 
Kelvin with gradients ranging from 0.03 to 0.06 the velocity 
change in a range of 50°K at realistic outside temperatures is 
between 1.5 and 3 percent which equivalates 60-120 m/s in 
concrete. This shift needs to be accounted for when using 
repeated active ultrasonic measurements in long term 
monitoring. Comparing the calculated slopes to previous 
studies we find that it is in good agreement with values from 
Niederleithinger and Wunderlich [2] who conducted 
experiments in similar temperature ranges at similar 
frequencies. In different studies, using different frequencies 
and/or higher temperatures, gradients of .16 percent per Kelvin 
[6] and .33 % per Kelvin [11] were calculated but at the used 
temperature material changes are most likely influencing the 
gradient. 

The linear analysis of data from the large-scale experiment 
(Figure 6) showed that the change of velocity with temperature 
behaves slightly differently in cooling and heating phases. This 
is supported by the first climate chamber experiment (Figure 
8), where the velocity evaluation does not match when the 
temperature gradient changes sign. Cooling and heating cause 
thermal expansion and compression. In a stiff material like 
concrete, this can induce permanent changes like 
microcracking, which could be an explanation for this differing 
behavior. An isolated investigation of microcracking in 
concrete needs different measurement methods like computer 
tomography and finite element simulation, as it is below the 
resolution limit of US waves in the used frequency range. 
Nevertheless, the imprint of microscale permanent changes can 
be observed in the macroscale too - especially with a sensitive 
technique like Coda Wave Interferometry. CWI evaluates an 
entire volume rather than just the direct path and can therefore 
detect smaller changes by accumulating their influence. These 
nonlinear effects cannot be explained by linear relations. 

Another factor introducing nonlinearity to the evaluation is 
the delay of temperature diffusion into a specimen. Figures 7 
and 9 show that the concrete temperature is lacking behind the 
gas temperatures (Figure 4). Combined with the fact that CWI 
measures a volume, and therefore an average of different 
temperatures in a specimen that is subject to heat diffusion, 
suggests that either densely resolved temperature and 
ultrasound measurements, the investigation and detection of 
constant time shifts between velocity changes and temperature 
changes or the transfer to nonlinear theory are necessary to 
properly describe temperature influence on CWI monitoring - 
especially in complex concrete structures.  

Both effects combined are amplified if the temperature 
gradient is large. This shows in Figure 9 of the second 
measurements in the climate chamber experiments, where the 
material and therefore the velocity changes significantly, while 
the core temperature remains constant at 40°C. In reality, such 
massive and rapid changes are not expected and are therefore 
of low priority in this project. Nevertheless, they are important 
as they would be possibly damaging events due to high thermal 
expansion. 

With the data showing that there is a general linear trend with 
nonlinear components the most basic approach to removing the 
pure environmental influence of temperature from the data is a 
simple linear detrending. By shifting the velocity change for the 
recorded temperature change multiplied by the calculated 
gradient (equation (2)) we narrow the corridor of velocity 
change to ±.1 %. This cannot correct daily variations, which 
remain in the data as rapidly repeating wiggles. In [10] we 
already proposed low pass filtering the data, to remove high-
frequency variations. This technique could smooth the imprint 
of damages tough. Taking a closer look at Figure 10 one can 
see an abrupt shift in the blue and orange curves sometime 
between September 1st and September 10th. We know for a fact 
that this change does not indicate damage, but a change of 
amplifier. A damage would have the same influence on the data 
though, as it is a rapid and permanent shift. Therefore, we will 
take this event as a test case to the methodology.  

Simple detrending (equation (3)) does not remove the shift 
and if this event was an actual damage it would still be visible. 
The proposed technique of low pass filtering tough removing 
the high-frequency daily variations does smooth out the change 
a little. Nevertheless, it is still a very prominent gradient 
separating it from the other gradual changes. Therefore, it is 
still detectable. Using those two simple steps, a basic 
temperature correction can be conducted almost online in a 
monitoring experiment, after a sufficient amount of data has 
been collected to calculate specimen specific gradients. 

Nevertheless, even in the filtered version, we could not 
remove all influences. First of all, there are nonlinear 
components to the change, as well as the comparison of areal 
effects to pointwise measurements. Furthermore, additional 
effects besides temperature could influence the measurements. 
Physical influences like moisture were minimized by covering 
the specimen with a tarp, but precipitation could increase noise 
and influences the measurements. As the specimen is more than 
10 years old, we would not assume that moisture even in heavy 
rain were to penetrate more than the first few millimeters of the 
specimen. Other possible aspects that prevent a better removal 
of temperature influences are noise, measurement precision, 
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instrument drift, and in general the inhomogeneity and 
unpredictability of a reinforced concrete specimen. We see two 
possibilities to improve the results. In [12] the authors propose 
to remove temperature influence on strain measurements for 
the daily cycle. This technique does require lots of samples 
every day to produce stable results, which is not realistic for the 
ultrasonic monitoring equipment we have at hand right now. 
The second possibility is the construction of a reference 
specimen [4] that experiences the same temperature (and 
possibly moisture) history as the target specimen but is not 
subject to load or other changes. As this would require the 
construction of e.g. a second bridge in bridge monitoring, this 
technique is only realistic for laboratory experiments. 

5 CONCLUSION 

In this paper, we have shown the correlation of US velocity 
change calculated with Coda Wave Interferometry and 
temperature change recorded with embedded sensors. When a 
specimen is not subject to load or other recurring changes, 
temperature has the strongest influence on the CWI results. 
Even after a year of data recording in a large outdoor specimen, 
the CWI technique still produces good results. A general linear 
dependency shows when comparing the data in times of 
increasing or decreasing temperature. The calculated velocity 
change of 0.03 to 0.06 percent per Kelvin is in good agreement 
with literature values and is similar for large scale and small 
scale experiments in a temperature range from -10°C and 40°C. 
With this gradient, most of the seasonal influence of 
temperature on velocity change can be removed. When the 
detrended data is low-pass filtered additionally, high frequency, 
daily variations can be removed as well, while preserving 
abrupt shifts which could indicate damage. This procedure of a 
basic temperature correction cannot remove nonlinear or 
delayed effects but is a viable online correction method, as 
more sophisticated techniques require significantly more 
resources. 

As in this work the technique was only tested for an event 
mimicking a damage, but no real damaging event, future 
experiments with controlled damages need to be conducted to 
verify that the temperature reduction does not remove the 
influence of damage as well. Furthermore, for a complete 
removal of environmental effects, the influences of moisture 
need to be investigated. 
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ABSTRACT: The SIDCOF (Innovative Penstock Diagnostic System) project, carried out within the framework of FUI 22, aims 
to develop innovative NDT methods and tools in three batches allowing: 

• In situ monitoring of penstocks 
• A robotic inspection of the inside of the pipes to avoid human intervention in a complex environment 
• A software platform to process data and help the operator to make decisions 

The presentation will focus on the 1st batch. The work has enabled the development of sensor networks permanently installed 
directly on the pipe for monitoring installations and monitoring in real time the damage caused by rockfall, landslides and water 
leaks. Two dedicated systems have been developed and validated under real operating conditions. 
The first is based on a network of connected autonomous extensometers, each module of which operates wirelessly and is 
energy independent. It is able to follow the deformations of pipes in risk areas following landslides. This tool greatly simplifies 
the implementation of sensors and automatically routes the data produced by these sensors to the cloud. A totally IIOT product. 
The second uses a network of acoustic emission sensors to detect and locate (with an accuracy of the order of a few meters) in 
real time falling rocks, and the appearance of leaks on the pipe. The tool developed is a dedicated multi-channel system for on-
board electronics and processing. The data processed is transferred automatically to the client cloud via the 4G network. 
The SIDCOF project is led by SETEC with CETIM, SOREA, ETE and Sub C Marine as partners, funded by BPI France, 
TENERRDIS, INDURA, Région Occitanie, Région Auvergne Rhône Alpes. 

KEY WORDS: Monitoring, Penstock, Acoustic Emission, Extensometer, Leak detection. 

1 INTRODUCTION 
Maintaining critical structures such as penstocks 

(hydroelectric power plants) in operational conditions often 
becomes complex when these structures are inaccessible and 
likely to be damaged by landslides or rock falls. Sending staff 
to perform periodic measurement campaigns, apart from the 
time required for these inspections, can be dangerous, if not 
impossible, in poor weather conditions. On the other hand, the 
delay between an incident and its consideration by the 
operator can be problematic and cause additional damages. 
All these arguments therefore argue for permanent real-time 
monitoring of the health state status.  

The SIDCOF project, led by Setec engineering company, 
Cetim (research center), SubC Marine (robotic integrator) and 
the hydroelectric park operator Sorea (CNR), has led to the 
development of several innovative pipe monitoring systems, 
including a system based on acoustic emission technique (EA) 
and the measurement of deformations. 

2 ACOUSTIC EMISSION 

2.1 Definition of the technique 

AE testing is a Non-Destructive Testing method (NDT), 
widely used in the industry to evaluate the health state of 
structures such as: 
• Pressure vessels (storage tanks, reactors, …) 
• pipelines, 
• mechanical structure, such as crane, 
• bridges, 
• aircraft structures...  

AE is a passive NDT technique based on the acquisition and 
analysis of elastic waves released by the structure subjected to 
a mechanical stress. The diagnosis is based on the 
quantification of all the signals recorded during the test. By 
using calculation based on the Delta-t (difference of arrival 
time of the signals on each sensor), it is possible to calculate 
the location of the AE waves. 

 
 
 
 
 
 
 
 
 
 
Figure 1. AE Technique basic Principle. 

2.2 Specificities of Penstock monitoring 

A penstock, as studied in the frame of this project has a 
small diameter (<1m) and corresponds to the most common 
middle power hydroelectric installation. Then, comparing to 
the length, we can consider that this penstock is a 1-dimension 
structure (Length >>> diameter). This has an impact on the 
way the AE system can localize events such as rock falls. 
It is also important to consider the fact that these structures are 
localized in mountains, far from any broadband and fast 
network. Then, transmission of information to the data center 
must be well studied and optimized as much as possible. 
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2.3 AE Preliminary study 

This project has been focused on the Penstock that delivers 
water to ‘Les Moulins’ hydroelectric power plant, situated in 
the Maurienne Valley, in the heart of the French Alps. 
The length of the penstock is about 2 km, with a denivelation 
of 600 m between the water inlet and the powerplant. Built in 
the 60’s, it has been partially replaced, but some old parts 
remain and needs to be carefully monitored. Based on the risk 
study performed by the owner, it has been decided to install a 
monitoring system on a critical section of 300 m length, due 
to frequent rock falls and landslides. It is also important to 
note that this area is very close to an active seismic area 
(swarm), that could provoke sudden landslides/rock fall also. 

 

 
Figure 2. Les Moulins penstock 
 

 
Figure 3. An AE sensor and its preamplifier installed inside a 
protection box in a tunnel section 
 
In order to optimize our AE monitoring system, we studied in 
a 1st stage all the parameters that could impact on the 
performances of detection. Then, many types of sensors were 
tested, with different frequencies, different conceptions, more 
or less adapted to this hard environment (differences of 
temperature, snow, ice, …). For each type of sensor, we have 
also evaluated the capacity to detect what was initially 
defined: 

- Strong impact such as rock falls, 
- Leak that could be provoked by a rock fall, a 

landslide or due to the corrosion.  
Based on these results, we have chosen a type of sensors and 
installed a network of 12 sensors able to monitor the 300 m 
section of the penstock. As the penstock is not straight, it is 
important to adapt the location of the sensors to the geometry 
of the penstock. 

2.4 1st On-line monitoring Stage.  

For 16 months (from July 2018 to November 2019) the data 
coming from the 12 sensors have been recorded by a classical 
and high-performance AE data acquisition system (Valle 
AMSY-6). A very detailed study of these data has led to the 
following conclusions:  
• Meteorological conditions such as rain and storms 

strongly impact raw data. It generates a huge number of 
events and can provoke sudden but temporary increase 
of Rms values of each sensor. Then, it is challenging to 
distinguish an event representing an expected rockfall or 
leak inside these raw data. A basic analysis of AE is not 
relevant because it includes a majority of non-significant 
data, not useful to assess the health state of the structure. 
Therefore, it is crucial to restrain the analysis to events 
that are well identified and that can be discriminated 
from ‘background noise’. 

• This 16-months monitoring has given very interesting 
information on some areas that are more prone to 
rockfalls (figure n°4: area at X = 110 m, between sensors 
n°9 & n°10). It can help the end-user to preventively 
protect selected parts of the penstock, and get more 
information on the critical periods (November/December 
in this case). 

 

 
Figure 4. AE Sensors location and AE Events located along 
the penstock  

 
• Our AE sensors and the installation procedure (gluing 

the sensor, protection, …) has been efficient and have 
shown a very good stability to cross more than one year, 
and one winter.   

 

2.5 Development of a specific AE system 

Based on this 16-months monitoring period, it was possible to 
define the specifications of a new innovative AE monitoring 
system. Why? Traditional systems could be utilized. But our 
objectives were to develop a system fitted to the need… not 
just for fun and for the pleasure of research, but to obtain a 
competitive and dedicated system. Our motivation is also to 
be eco-responsible and to use as few resources as possible: 
less performances as possible, less amount of data as 
possible…A small-data concept. 

Area that 
concentrates 
rockfalls 
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2.6 Results 

The AE monitoring system demonstrator has been 
developed in stages, starting at the end of 2018. The final 
version (demonstrator) has been installed on site in September 
2020. 
The sensors permanently placed on the pipe, are set in the 
case of ‘Les Moulins penstock’ every 30 to 50 meters. The 
data acquisition system is based on C-Rio modules (National 
Instruments) that allow 12 synchronous channels (expandable 
to 128 channels). A software has been developed on 
LabVIEW language, integrating some original concepts of 
data acquisition that give the advantage of being less affected 
by unwanted signals provoked by background noise without 
losing any capacity of events location. 
The computer sends information through the 3G/4G network 
to a supervisory system (developed by Setec) that can 
instantly alert hydroelectric plant staff by email, Sms… 
Moreover, it is possible to fully control this system remotely. 
It is for example possible to change data acquisition 
parameters, alarm criteria... from any computers or 
smartphones.  

Validation tests have been done to demonstrate its 
capability in detecting rockfalls and leaks. 
 

• Leaks:  
With our monitoring system, a leak such as what can be 
observed in figure n°5 can be easy detected at a distance 
greater than 50 m, up to 80 m. As a leak generates a 
continuous acoustic activity, Rms indicator is the most 
interesting parameter, as shown in figure n°6 
 

 
Figure 5. Simulation of a leak  
 
. 

 

 
Figure 6. Effect of some leaks on Rms values  
 

• Rockfalls:  
We have provoked high energy sources that can be compared 
to the energy of a rockfall. In figure n°7, we have generated 
such a source every 2 meters approximately, from the position 
0 m to the position 24 meters. We clearly observe a strong 
correlation between the theoretical position and the position 
that has been calculated from AE signals recorded by our 
monitoring system.  
 

 
Figure 7. Rockfall location tests  

2.7 Conclusions 

This acoustic emission system developed in the frame of this 
project shows unique characteristics and architecture that 
allow for high-cost savings compared to standard acoustic 
emission systems and make it compatible with the target 
market. This development has led to a 1st demonstrator that is 
still operational since September 2020.  

We want to highlight the fact that this system has been 
designed to be economical, from all points of view: 
performance, volume of data, and therefore power 
consumption because we aim to make it self-sufficient in 
energy. But we have also proven that this system has 
sufficient performance to answer the problem, no less than a 
commercial system costing 10 times more. 

For example, a classical system would generate around 5 
GO/year of data, when this prototype only generates 450 à 
500 MO/year. This is again a saving of data, but in cascade a 
saving of energy, and post-treatment. 
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Today, this original development deserves to be more widely 
disseminated to other sectors of the industry that may have 
similar problems: detection of leaks in any type of equipment 
under pressure (pipe, pipeline, penstock, storage tank, reactor, 
...), impact detection (mainly for pipes, penstock, ...). 

3 EXTENSOMETRY 

3.1 Definition and benefits of the technique 

Extensometry technology has been developed to measure 
changes in length of an object. The objective of this 2nd 
monitoring system is to complement the information given by 
AE monitoring: AE can detect sudden and local events but is 
not able to detect long term and slow changes; At the 
contrary, Extensometry is designed to measure very small 
deformations that can lead by accumulation to the breakage of 
the penstock. The 2 tools are very complementary and allow 
an optimal monitoring of such structure. 

3.2 Specificities of Penstock monitoring 

The most feared event for a penstock is the mechanical 
failure. For each penstock, many parameters need to be taken 
into account to assess the risk of breakage. Then, a deep 
knowledge of the structure, its environment and history are 
required. For example: 
• The risk is a characteristic specific to each hydroelectric 

installation. 
• It is geographically distributed along the penstock. 
• The risk evolves over time, it may increase and require the 

implementation of new risk reduction measures, or, 
conversely, decrease following maintenance work on the 
installation, and make unnecessary existing prevention 
measures. 

The rupture of a penstock is generally the consequence of a 
chain of facts and multiple causes. Because the final cause of 
failure is the uncontrolled accumulation of stresses in the 
penstock producing plastic deformation of the material and 
thus reducing its breaking strength margin. When ground 
movements are present and considered critical for the 
installation, it is essential to monitor them in geographical 
areas exposed to these phenomena. 

3.3 Preliminary study 

A first measurement campaign was performed in October 
2018 in a risky area (based on previous observations). The 
goal is to measure longitudinal strains. Each instrumented 
straight section of the penstock has four measuring points 
equally distributed over the diameter. At each measuring 
point, two quantities are determined: 
• The longitudinal deformation, 
• The surface temperature. 
Data are recorded every second and sent to the cloud via 
LORA network. Measurements have been analyzed between 
October 2018 and August 2019. It has shown that: 
• The variations in the longitudinal deformations observed 

are between -135 μm/m and +100 μm/m. 
• Mean temperature is around 4°C, varying from -1°C to 

21°C. 
• A strong correlation is observed between the strain and the 

temperature: 92% of the variability of the longitudinal 

strain observed over the period from March to May 2019 
is explained by the temperature variation. 

3.4 Development of a specific extensometer autonomous 

system - SENSCOF 

Based on previous study, an autonomous and communicative 
extensometer, based on the "thick-film strain gauge" and 
“Low Power wide Area Network” technologies has been 
developed at Cetim, called SENSCOF.  

  
Figure 8. SENSCOF sensible element installed on the 
penstock 

 

 
Figure 9. Von Mises stresses calculated in the extensometer 
 
These sensors have been tested on a mechanical bench. The 
linearity deviation observed is less than 1% of the maximum 
applied load (800μm/m). 
 
A specific electronic module has been designed for this 
sensor, powered by a battery, and including a wireless transfer 
every hours of the data (longitudinal strain, temperature, 
battery level) through LORA network. Several SENSCOF 
independents and autonomous modules have been installed on 
the ‘Les Moulins’ penstock in December 2019.  
 

 
Figure 10. Strain trend recorded by SENSCOF n°2 from Dec. 
2019 to Nov. 2020. 
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By using the temperature trends measured by each SENSCOF 
module, it is possible to extract by linear regression or linear 
Kalman observer methods the strain due to the temperature 
variations and the strain from mechanical reason. The figure 
n°10 gives the mechanical strain trend for the same period 
(Dec. 2019 to Nov. 2020). 
 

 
Figure 11. Mechanical Strain trend recorded by SENSCOF 
n°2 from Dec. 2019 to Nov. 2020. 
 

4 FUSION OF DATA 
From these 2 developments (AE and Extensometry), we can 

deliver very accurate information on the health state of the 
Penstock. But from the End-user point of view, it is not very 
easy to extract immediate information from these data.  

A Software platform called ‘Proxymae’ has been designed 
by SETEC to help the end-user by: 
• Performing the archiving of the Data 
• Allowing custom extraction and periodic report 
• Sending alarms  
• Performing more deep analysis of the data. 
 

 
Figure 12. View of Proxymae web page. 

 

5 CONCLUSIONS 

The SIDCOF (Innovative Penstock Diagnostic System) 
project has been successfully carried out resulting in the 
development of several original monitoring tools: 
• An AE monitoring system that has been developed in 

order to fit the market, including original concepts that 
make our system economical and eco-responsible by 
optimizing its performances and amount of data. 

• An extensometer module based on the "thick layer" sensor 
technology which is autonomous and connected to the 
cloud.  

These 2 tools are also designed to work in harsh environment 
and also in areas where data communication is limited. 
 
A dedicated software platform aggregates these data and gives 
a synthetic view of the behavior of the penstock.  
 
Using these 2 monitoring systems, the structure is under 
control. Any landslide, rockfall or water leak will be 
instantaneously detected and people in charge of the 
powerplant will be automatically alerted. 

 
What remains to be done? 
• Further optimize the sensors: integrated amplification, 

increasing the energy autonomy 
• Enrich the software platform: more agility, enhancement 

of specific data, documentary consultation or 
generalization of information ... 

• Continue development: assembly in progress with 
industrial partners to switch from TRL7 to TRL9. 
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ABSTRACT: SCCoDRa is an industrial research project which aims to develop characterization and monitoring tools in the 
perspective of the monitoring program dedicated to the Industrial Centre for Geological Disposal (Cigeo). It has two objectives: 

▪ to screen and develop a potential candidate of a nondestructive testing (NDT) technique (contactless) on metal containers 
for radioactive waste in order to verify their integrity simply, quickly, reliably, and precisely upon reception at the 
disposal facility (in the case of ILW-LL). Such a technique must therefore assess the containers for corrosion by means 
of complete though-thickness mapping. 

▪ to develop one possible methodology for monitoring corrosion in certain metal structures within the facility over time. 
In particular, this applies to the steel tubes (sleeves) placed inside the micro-tunnels for HLW ("HLW disposal cells"). 
Here also, the methodology should be based on innovative technology developed in the areas of NDT, electrochemistry, 
and electrical techniques. 

In this paper, we will focus on this second part of the project to present the progress of work relating to guided waves and MURE 
probe to detect and characterize corrosion on the metal lining.  

KEY WORDS: Cigeo, SCCoDRa, NDT, Acoustic emission, Guided waves, corrosion monitoring, SHM. 

1 INTRODUCTION 
The Industrial Centre for Geological Disposal, or Cigeo, is a 

deep geological disposal facility for radioactive waste to be 
built in France. It will serve for disposal of highly radioactive 
long-lived (HLW) and waste produced by France's current fleet 
of nuclear facilities, until they are dismantled, as well as from 
reprocessing of spent fuel from nuclear power plants. The 
disposal cell for high-level waste consists of a tunnel 
measuring approximately 70-93 cm in diameter and around 
100 m in length. The annular gap between the sleeve and the 
clay rock is filled with a material that imposes corrosion-
limiting environmental conditions (cement and bentonite 
mixed-based grout, etc.). 

Due to reversibility aspect, corrosion is one parameter that 
could be monitor. 
SCCoDRa project focuses on developing innovative tools for 
testing and monitoring steel corrosion over time. 

Ultrasonic Guided Waves (UGW) have shown a potential for 
non-destructive testing (NDT) of corrosion defects in thin-
walled structures such as plates, shells, and pipelines. In 
addition to their high sensitivity to internal defects, they have 
the advantage of rapid propagation over long distances and 
with very little dissipation, allowing inspection of large 
installations and hard-to-reach areas [1] [2].  
Over the last two decades, several guided waves inspection 
(GWI) systems have been developed and are widely used today 
to inspect large industrial structures. However, these 
techniques, generally based on the principle of pulse-echo 
ultrasound, remain global and often qualitative. They may 
allow the detection and localization of corrosion defects 
without providing information on the shape and dimensions. 
To overcome these limitations, a new concept, known as 
Structural Health Monitoring (SHM), has been developed over 

the past 15 years. It consists in the implementation of a network 
of embedded sensors, which automatically and continuously 
monitor the condition of its host structure. It enables the 
observation of changes in the physical and/or geometric 
properties of the in-service structure. The application of an 
inverse transformation on all the acquisitions allows 
reconstructing the properties of the environment and 
determining the characteristics of the damage [3] [4]. 

Acoustic Emission (AE) have also shown a potential for 
NDT of corrosion monitoring. In the literature, several authors 
have studied the detection as well as the identification of 
acoustic emission sources related to corrosion. It appears that 
the emissivity of the sources significantly depends on the 
nature of the material and the exact progress of the crack or the 
corrosion processes [5]. In summary, from all the work carried 
out on the subject of corrosion monitoring by acoustic emission 
[5-14], we can retain that corrosion generates AE, but the most 
emissive corrosion phenomenon is the stress corrosion 
cracking (SCC). The qualitative detectability of corrosion 
depends on the kinetics, the degree of corrosion progress and 
the propagation medium. 

Among electrochemical methods, zero-current potentiometry 
is widely used for corrosion monitoring. A new potentiometry 
technology called MūRE ™, developed by Politecnico di 
Milano University (patent: N. MI 2004-A00969) and produced 
by the firm CESCOR presents many advantages in terms of 
corrosion monitoring of structures like pipes, steel frames, etc. 
It is a series of linear electrodes in nickel or stainless steel used 
as a pseudo reference to make distributed measurements of 
corrosion potential of steels. Studies in the field of civil 
engineering using MūRE sensors [15] have shown that the 
hydration of concrete and the addition of the chlorides 
influenced the potential measured against a new structure. 
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SCCODRA project, plans to combine the global (GWI 
acoustic emission and MURE) and local (Acoustic emission, 
Electrochemical Noise, Linear Polarization Resistance …) 
techniques in order to achieve a more optimal monitoring steel 
corrosion. in this paper, we focus on global corrosion 
monitoring techniques. 

2 GLOBAL CORROSION MONITORING  
Global corrosion monitoring consists of collecting 

information on practically the entire structure via sensors 
distributed over the surface of the tube. The global techniques 
selected are:  

- Guided waves imaging (GWI) 
- Acoustic Emission (AE) 
- Distributed corrosion potential via MURE probe 

2.1 Guided waves imaging  

Different methods of reconstructing corrosion damage with 
guided waves are implemented. In this paper, the numerical or 
experimental results of different reconstruction algorithms 
(topological imaging, RAPID, QRAPID) will be presented.  

Figure 1 shows the schematic of the reference setup used for 
the experimental study, knowing a 1002 × 1002 × 4 mm 
aluminum plate instrumented by two sets of 16 transmitters and 
16 receivers facing each other and driven by a multiplexer.  

 

 

 

 
Figure 1. Experimental setup for mimicking corrosion 
damage (left), detail of the irregular defect (right) 

 
The area of interest in a 400 × 400 mm centered square in 

order to avoid the interferences from the edge-reflected 
wavefronts using time windowing of the ultrasonic signatures. 
The excitation frequency of the transmitters is f = 312.5kHz. 
An irregular defect with three different dimensions as well as 
three levels of thickness-loss was progressively introduced in 
order to simulate the monitoring of a growing corrosion defect. 

2.1.1 Numerical results with topological imaging 
Topological imaging consists in estimating a cost function of 

the difference between the reference signals obtained by a 
direct numerical model of the pristine structure and the 
measurements made on the supposedly defective structure. The 
difference, containing the signature of the defect, is time-
inverted and injected into the so-called adjoint model. An 
analysis of the simulated field, refocused on the echogenic 
zone, allows the topology of the model to be modified by 

inserting the virtual defects. The latter is used to evaluate the 
deviation and in turn generate a modified model. 

The version of the method used in this work is the Time 
Domain Topological Energy method (TDTE), which enables 
to consider all the diffraction physics in a direct, simple and 
unrestricted way, regarding to the nature of the material or to 
the dispersive and multimodal nature of GUW. It requires only 
one iteration while offering a reconstruction of every 
discontinuities with an improved signal-to-noise ratio.  

To illustrate the method, we built a numerical model of the 
problem using a slightly different configuration, namely a 
rectangular 400 × 400 × 5 mm carbon-steel plate, in which the 
introduced corrosion as the same characteristics of size and the 
same proportions of depth (25% to 75% of the nominal 
thickness). To generate a purely monomodal propagation of the 
first fundamental symmetrical Lamb mode (S0), we insonify 
the plate with edge-mounted piezoelectric transmitters. Figure 
2 shows the obtained result of the topological energy 
reconstructed using the sum of four simulations for which the 
insonification is done by a linear transducer array placed on the 
left, top, right and bottom edge respectively, while the 
theoretical profile appears on the right and side.  

 

 
Figure 2. Topological imaging of an irregular defect. 

Summation of the results from 4 insonifications (left), 
expected thickness-loss image (right) 

 
Having carried out multiple insonifications in different 
directions makes it possible to define the contours of this defect 
relatively well and in particular to identify the most critical area 
Although this ideal numerical case provides a very good 
resolution, until now, this technique only shows qualitative 
information about defects. Therefore, the aim of the next part 
is to derive quantitative information from the reconstruction of 
corrosion damage using a novel tomographic algorithm. 

2.1.2 Experimental results of tomographic reconstruction 
In the literature, lots of tomographic reconstruction 

techniques have been documented, all based on advanced 
signal processing techniques exploiting approximations 
underlying the physical phenomena related to wave 
propagation in the structure. The principle is to observe the 
variation of one or more parameters (attenuation, time of flight 
and/or phase shift) sensitive to inhomogeneity, from different 
angles. The measurements are generally performed for each 
element of a sensor array, completely or partially surrounding 
the area to be inspected. Then, a treatment of these 
measurements, according to a given approach, allows to 
accentuate the characteristics of the damaged area. 

Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure

342



The probabilistic method known as RAPID [16] has proven 
advantageous for structural health monitoring using 
permanently mounted piezoelectric transducers. It offers great 
flexibility in the choice of array geometry, simplicity of 
implementation and allows detection and localization of 
defects with few sensors. RAPID translates the changes in the 
characteristics of the ultrasonic signals acquired in the healthy 
and damaged state into statistical data. Then the probability of 
the presence of a defect, is spread out as an ellipse whose focus 
positions are occupied by the transmitters and receivers and 
whose ellipticity is controlled by a shape parameter β. By 
summing the probability densities over all the elements of the 
network, a mapping of the region of interest is obtained. 
Figure 3 shows the progression of the reconstruction using the 
RAPID approach. Despite the simplicity of implementation of 
the method, the reconstruction suffers from artefacts due to the 
raw summation of the rays and does not allow the direct 
quantification of the thickness loss. 

 

 
Figure 3. Tomographic reconstructions using RAPID 

 
On the other hand, research on the classical filtered back-

projection (FBP) method [17] has shown that it is possible, by 
means of a set of projections, to estimate the thickness loss with 
good precision [18]. However, the method has some practical 
drawbacks. It requires a specific scanning scheme (parallel or 
fan) and a very large number of projections, which makes it 
unusable for our application. 

Thus, we propose an innovative GWI technique for the 
quantitative evaluation of corrosion defects in plates and 
pipelines, called QRAPID. The idea is to combine the classical 
FBP method and the RAPID algorithm. Using an appropriate 
mode and frequency selection, the time of flight is used to 
estimate the thickness loss between each pair of transducers. 
This is back-projected in the form of an ellipse linking the 
transducers. The sum of all the contributions of a transducer 
array gives a picture of the spatial distribution of the thickness 
loss. The resulting technique benefits from the advantages of 
both algorithms. Reverse projection in an elliptical pattern 
instead of a linear one allows to overcome the low fill factor of 
the FBP due to insufficient measurement data. Thus, a 
tomographic image can be obtained with fewer transducers. In 
addition, the filtering process reduces artifacts and increases 
the accuracy of the reconstruction. In addition, the simplicity 
of the summation gives the method great flexibility with 
respect to the geometry of the array. Applied to the same 
experimental incremental damage, the reconstruction obtained 
with QRAPID is shown on Figure 4. 

 

 
Figure 4. Tomographic reconstructions using QRAPID 

 

2.1.3 Conclusions 
The results of the reconstruction of experimental 

measurements with QRAPID present a fairly good agreement 
with the theoretical values of the loss of thickness, knowing 
that the three images presented in Figure 4 have the same color 
scale that can be quantitatively adjusted on the effective loss of 
thickness. The estimates obtained with a parallel network 
sometimes show an excess thickness resulting from incomplete 
measurement angles. A threshold has been applied to correct 
this aberration. Otherwise, a horizontal parallel network could 
have been added, as was done in the numerical simulation 
described in the previous paragraph. 
Unsurprisingly, the resolution is not as good as that promised 
by a method such as topological imaging, knowing that the 
smallest details of the defect are smaller than the Fresnel 
length, i.e. √𝜆𝐿 (equal to 108 mm here) with λ the wavelength 
and L the longest distance between transducers, which serves 
as a theoretical limit for tomographic reconstruction with this 
method. 

2.2 Acoustic emission 

The acoustic emission technique will be used mainly for the 
detection of progressive degradations such as stress cracking 
generated by corrosion. A first step consists in carrying out 
local analyzes at the laboratory scale in order to extract 
acoustic signatures specific to degradation phenomena. Then, 
the second step consists in selecting an acquisition chain 
adapted to the measurement environment (size, radiation, 
electromagnetic noise, ...). 

AE sensors based on piezoelectric transducers (PZT) are to-
date the most diffused ones. However, the intrinsic limitations 
of PZT transducers have limited the fields of application of 
these sensors in many industries. This is because a standard 
piezoelectric sensor has a limited operating temperature and is 
not usually suitable for cryogenic or high temperatures, and it 
is not robust against humidity, nuclear radiation and 
electromagnetic interferences. In such context, fiber-optic 
transducers have been investigated through the years as a 
possible solution. Thanks to their passive nature, fiber optic 
sensors (FOS) can outperform electrical sensors in challenging 
operational environments. 

 
The performance of two types of acoustic emission sensors, 

namely optical and PZT, were investigated [19]. The 
experiments were conducted by Optics11 in collaboration with 
CETIM, and the sensors were compared with regard to their 
sensitivity, localization accuracy and precision, directivity, and 
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their AE induced waveforms. The results of the experiments 
showed strong comparable performance between the 
sensitivity of the two sensor types, which were consistent along 
several measurements. Further, both sensor types had a 
uniform amplitude response to AE events at different angles 
from them, making the positioning of the sensors independent 
from the test setup or the measurand signals. The localization 
accuracy and precision of both systems to the AE events in a 
triangular setup were also comparable. In particular, the 
localization accuracy of the optical sensors in all the performed 
tests was below 1cm. These results show that all the above-
mentioned properties retrieved for the FOS are in accordance 
with the PZT performance despite the different resonance 
frequencies and principle of operation. 

2.3 Measurement of distributed corrosion potential 

2.3.1 Principle of the MURE probe 
The MURE probe is made up of a series of linear nickel or 
stainless-steel electrodes used as a pseudo reference to carry 
out distributed measurements of the corrosion potential of 
steels. The use of this technology makes it possible to 
continuously map the variations in potential along the structure 
with a small sensor (depending on the structure to be studied) 
and with thresholding, it is possible to locate the areas of 
activity to be monitored. It also allows the study of anodic and 
cathodic behavior, the appearance of bites and the presence of 
stray current. 

2.3.2 Presentation of the assembly and the probe 
To measure the potential along the pipe, a MūRE ™ probe was 
positioned along a two meters long pipe. The surface of the 
pipe was first roughly polished in order to remove the corrosion 
products present on the surface. The pipe was positioned in a 
cement grout for reproduce radioactive waste disposal 
environment.  

Table 1. Cement grout composition 
Elements Quantity 

(kg/m3) 
Cement 126 

Silica fume 126 

Bentonite 33,6 

Hydrotalcite 
Tap water 

8,4 
881 

MūRE™ is a permanent pseudo reference electrode, made 
for reinforced concrete structures to detect corrosion in early 
stage. It is a series of linear-Ni/Ti-made-electrodes, working as 
pseudo-reference electrodes to measure the local potential of 
steel. This probe was initially design for monitor corrosion of 
steel in reinforced concrete. 

 
Figure 5. schematic representation of the assembly 

 
The purpose of the assembly was to determine if the 

initiation of localized corrosion or modification of 
environment which can cause higher corrosion rate can be 
detected. For the purposes, corrosion condition which can 
cause these phenomena were created. Filling defects and 
capillary were positioned inside the assembly and permit to 
modify locally the environment thanks to injection. 6 
measurement points are presents in the assembly, they are on 
either side of each of the filling defects. Mure 1 and 2 is around 
defect 1 (D1), Mure 3 and 4 around defect 2 (D2) and Mure 5 
et 6 around defect 1 (D1), 

2.3.3 Results 
After a slow increase of potential during the first three month 

(increase of 1 or 2mV/day), the potential stabilized at close 
potentials for the 6 pseudo references (difference less than 
10mV).  

 

 
Figure 6: Potential measured after 87 days (potential is done 

versus MūRE ™probe) 

The potential increase is about 100mV between the first days 
and the 87 days. This increase in potential can be explained by 
the formation of a layer of corrosion products on the surface of 
the steel. The measured potential is relatively high for a carbon 
steel (≈0 Vs MūRE ™) but this value can result from the 
pseudo passivation of the steel surface which can take place 
due to the high pH (pH≈10,7). 

An aeration cell was created in order to determine the 
sensitivity of the probe on this phenomenon. On one side, 
solution where 02 is bubbling is injected in the defect D3.  On 
the other side, solution where N2 is bubbling is injected in the 
defect D1. The re-release of the differential aeration test was 
divided into 5 steps, different injections speeds were tested but 
only one is presented above.  
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Step 1: N2 and O2 solution injection, average N2 injection flow rate (around 10 ml/min for N2 and 10 
ml/min for O2) 
Step 2: no action 
Step 3: cut off circulation of the N2 solution 
Step 4: Injection of N2 + O2 solutions - average injection flow rate N2 (identical reference 1) 
Step 5: Flow stop 

Figure 7: Measured potential thanks to MūRE ™ probe 
during created aeration cell (potential is done versus MūRE 

™probe) 

As expected, a decrease of potential was observed for the probe 
close to deareted area (step 1, Mure 1 and 2 closes to D1). It is 
also interesting to observe that Mure 3 and 4 (close to defect 2) 
have a decrease of the potential even if they are 0.5m to the 
perturbation (O2 injection). When only O2 is injected in D1 
defect (between step 3 and 4), the potential goes back to 
potential previously observed before experiments. This 
phenomenon shows that the system is in aerated condition 
before O2 injection. 
Other perturbation of the environment as chloride addition (not 
presented in this document) results of potential perturbations 
and so can be monitored thanks to MūRE™ probe. 

2.3.4 Conclusion 
Monitoring of a part of pipe was possible thanks to MūRE 

™ probe and has the advantage of having a small footprint of 
the probes and the system.  

At this stage, the results made it possible to discriminate the 
differential aeration zones and in particular those presenting a 
risk of corrosion, namely those with the most electronegative 
potential, positioned on the N2 injection side, in accordance 
with expectations.  

Finally, considering these results, the MūRE ™ technology 
being only qualitative, the results showed its ability to locate 
an active surface with a precision of the order of a few tens of 
centimetres (spacing between two probe turns) under the 
conditions of study. However, a good knowledge of potential 
variations is necessary in order to be able to correlate them with 
the phenomena occurring. 

This technic can be coupled with CND method in order to 
have more quantitative methods.  

3 CONCLUSION 
This work presented the developed methodology for the 
corrosion monitoring of steel tubes (sleeves). This 
methodology is based on a complementarity between global 
and local techniques in order to optimize the resolution as well 
as the robustness of the monitoring. In this paper, in this paper 
we have presented only the global methods (GWI and Mure).   

First results of GWI highlight the potential of this method to 
carry out a quantitative cartography of the structure thickness. 
Analyzes are in progress in order to select the reconstruction 
algorithm offering optimal resolution (topological imagery, 
RAPIDE, QRAPIDE, ...). Other global techniques such as AE 

or OCP via the MURE probe allow early and distributed 
detection of several corrosion phenomena (pitting, SCC, etc.). 
However, the integration of measurement chains such as 
piezoelectric in a highly radioactive environment has many 
limitations (high temperature, electromagnetic noise, radiation, 
etc.). Work is underway to adapt the measurement systems, 
particularly in the case of AE using optic fiber technology.  

 
In addition to applications in the nuclear industry, these 
technologies could be used in sectors such as "Oil & Gas" as 
well as growth sectors such as marine renewable energy. These 
industries have to meet testing and monitoring requirements for 
infrastructure in hostile environments and with long operating 
lives (25 to 30 years in the case of marine renewable energy). 
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ABSTRACT: The industrial application of lightweight materials is increasing across many industries such as the automotive, the 
aerospace and the renewable energy sector. This growth brings new challenges for efficient and reliable damage detection. The 
advancements of both Machine Learning (ML) algorithms and Non-Destructive Testing (NDT) techniques offer the correct setting 
to successfully tackle these challenges. In this work, an automated modal analysis procedure is combined with ML algorithms in 
order to achieve an automatic procedure for damage localization. It is based on clustering techniques associated to the Local Defect 
Resonance (LDR) concept, which looks at the high frequency vibrations to get a localized resonant activation of the defects. The 
measurements were carried out using a Scanning Laser Doppler Vibrometer (SLDV), which provides a quick and efficient way 
of obtaining full-field vibration measurements into high-frequency bands. Results obtained for lightweight plates of different 
materials will be presented. 

KEY WORDS: Damage localization; Non-Destructive Testing; Automated Modal Analysis; Machine Learning; Clustering. 

1 INTRODUCTION 
Lightweight materials are characterized by high specific 
strength and stiffness, which increased their implementation in 
structural applications across numerous industries. Benefits 
deriving from their use relate to having lighter and resistant 
structures, which allow to reduce fuel consumptions in the 
automotive and aerospace industries. To cope with these 
advancements, it remains of high importance to have solid 
damage detection methodologies which guarantee the integrity 
and safety of structures. In this context, using Non-Destructive 
Testing (NDT) techniques to measure vibrational behaviour 
until high frequency regimes allows to obtain localized 
activation of damages, which makes them more easily 
detectable, according to the Local Defect Resonance (LDR) 
concept [1]. This is due to a decrease in stiffness for a certain 
mass of the material, caused by the presence of a defect [2]. 

To discriminate this behaviour, modal analysis can be 
performed to obtain mode shapes which will be dominated by 
defect vibration. However, for large frequency bands, many 
structural modes are excited, and a manual selection of these 
modes becomes a cumbersome and slow procedure. Therefore, 
an automated modal analysis method is important to process 
these big amounts of data without or with limited user 
interaction. Clustering methods have been used to build 
automatic tools for modal analysis, making use of techniques 
such as fuzzy clustering [3][4] and hierarchical clustering 
[5][6]. The idea is to cluster modal parameters which belong to 
the same physical mode.  

Moreover, when it comes to a classification step for damage 
detection, Machine Learning algorithms provide advanced 
computational techniques for feature classification. These 
methods can often achieve state-of-the-art results with 
automatic frameworks [7][8]. 

In this work, starting from vibration data obtained through 
Laser Doppler Vibrometry measurements on lightweight 

plates, an automatic damage localization procedure was 
developed. This procedure allows to obtain mode shapes 
through an automatic modal analysis method, and then applies 
Machine Learning algorithms for the final step of accurately 
localizing the damages. 

2 THEORETICAL BACKGROUND 

 Experimental Modal Analysis 

Modal analysis involves the interpretation of stabilization 
diagrams for the characterization of a structural dynamic 
system in terms of modal parameters: natural frequencies, 
damping ratios and mode shapes. In this procedure, the 
measured Frequency Response Functions (FRFs) are curve-
fitted by a modal model:  

 [𝐻(𝑗𝑤)] = ∑ (
𝑄𝑟{𝜓}𝑟{𝜓}𝑟

𝑡

(𝑗𝑤−𝜆𝑟)
+

𝑄𝑟
∗ {𝜓}𝑟

∗{𝜓}𝑟
∗𝑡

(𝑗𝑤−𝜆𝑟
∗ )

)𝑁
𝑟=1  (1) 

where 𝑄𝑟: modal scaling factor; {𝜓}𝑟: modal vector 𝑟;  𝜆𝑟 
system pole, defined by natural frequency 𝛺𝑟 and damping ratio 
𝜉𝑟 .  

 𝜆𝑟 , 𝜆𝑟
∗ = −𝜉𝑟𝛺𝑟 ± 𝑗√1 − 𝜉𝑟

2𝛺𝑟 (2) 

2.1.1 Polymax 
The analysis of a stabilization diagram involves the interactive 
selection of poles, which are calculated by modal parameter 
estimation techniques. Among these, the “Least Squares 
Complex Frequency Domain” (LSCF) is a discrete frequency 
domain method which provides impressive results by using a 
total least squares approach to fit a rational fraction polynomial 
model to a MIMO FRF matrix. Furthermore, the “Polymax” 
method introduces a right matrix-fraction variant of this 
method, where the model (3) is obtained from the FRF data: 

 [𝐻(𝑤)] = ∑ 𝑧𝑟[𝛽𝑟] ∗ (∑ 𝑧𝑟[𝛼𝑟]𝑝
𝑟=0 )

−1𝑝
𝑟=0  (3) 
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where [𝛽𝑟 ] ∈ 𝐶𝑙∗𝑚 are the numerator matrix polynomial 
coefficients; [𝛼𝑟] ∈ 𝐶𝑚∗𝑚 are the denominator matrix 
coefficients; and p is the modal order. The so-called z-domain 
model (i.e. frequency-domain model which is derived from a 
discrete-time model) is mathematically represented by: 

 𝑧 = 𝑒𝑗𝑤∆𝑡 (4) 

where ∆t is the sampling time. The unknown model coefficients 
of (3), [𝛼𝑟] and [𝛽𝑟], are found as the least-squares solution of 
these equations after linearization [9]. The Polymax technique 
leads to very clear stabilization diagrams which improve the 
quality of interpretation of the results and the consequential 
selection of poles. With Polymax, the mathematical poles are 
estimated with negative damping ratio, and therefore are 
directly excluded from the stabilization diagram.  

 Clustering 

Clustering techniques are algorithms for grouping data points 
into a collection of groups, based on similarity measures, which 
can be defined as calculated distances between the data point’s 
features. Similar data points will be placed together in a group, 
which is defined as a cluster. Clustering techniques can be 
separated into hard clustering methods, where each point can 
belong to a single cluster, and soft clustering methods, where a 
data point can belong to more than one cluster. Moreover, there 
are multiple types of clustering techniques, such as: 
hierarchical clustering, partition clustering, distribution model 
clustering, density-based clustering, etc. In this work, a density-
based clustering method was used to build an automated modal 
analysis procedure, which is explained below.  

2.2.1 Density-Based Spatial Clustering of Applications 
with Noise (DBSCAN) 

The DBSCAN technique [10] is a type of density-based 
clustering, where clusters are formed by the segregation of 
various density regions, based on a similarity measure which is 
usually defined as a distance. Contrary to many clustering 
techniques, the DBSCAN does not require that a predefined 
number of clusters is selected as hyperparameter of the 
algorithm. Instead, a hyperparameter associated to a radius, ϵ, 
should be defined along with another hyperparameter for the 
minimum number of points which should fit inside that radius 
ϵ. Figure 1 illustrates the main principles of the DBSCAN 
technique through a simple example. The two hyperparameters 
which were described above, are defined in the top centre of the 
figure. A data point which contains inside its radius the 
minimum number of points, is defined as a core point (point in 
blue). The existence of a core point marks the beginning of a 
cluster, where all other points inside its radius ϵ are 
automatically added to this cluster. The added points can again 
be core points themselves (if containing inside their radius ϵ 
also the minimum number of points), in which case this 
procedure is repeated, and the cluster propagated. If the added 
points are not core points, they are defined as the so-called 
border points for that current cluster (cf. indicated border point 
example in Figure 1: it does not fulfil the core point criteria as 
it only has 2 points inside its ϵ radius, but is inside the ϵ radius 
of another core point). A point which fulfils neither the criteria 
of a core point and of a border point is defined as noise and will 
not be assigned to any cluster (point in red). This happens when 

its features have little similarity to the ones of other data points. 
The DBSCAN algorithm concludes when all points have been 
analysed and were either assigned to a cluster or were classified 
as noise. One advantage of this technique is that, with these 
principles, the clusters do not need to fulfil a certain criterion 
of circularity or ellipticity of shape. It is therefore very 
adaptable to clusters of different shapes. 

 

 
Figure 1. DBSCAN's principles. 

3 AUTOMATIC MODAL PARAMETER SELECTION 
In this work, an automatic damage localization methodology 
was developed by analysing mode shapes with a Machine 
Learning (ML) tool. The mode shapes were obtained through 
modal analysis performed in very large frequency bands up to 
200 kHz. The reason behind analysing these large frequency 
bands lies in the Local Defect Resonance concept, which states 
that for high frequencies there are mode shapes dominated by 
defect vibration (high vibration amplitudes localized in the 
defected areas), making the damages more easily detectable. 
The use of an automatic modal parameter selection procedure 
will facilitate the modal analysis step by rapidly calculating the 
modes of the structure, substituting what would otherwise be a 
slow manual selection. 

 Methodology 

In order to build this automatic procedure, the previously 
presented DBSCAN clustering technique was used. As 
explained, this technique requires two defined 
hyperparameters: the radius 𝜖 and the minimum number of 
points. The radius is a distance measure which in this case can 
be adapted to a distance calculation between modal parameters. 
In a stabilization diagram, each pole is associated to a natural 
frequency, a damping ratio and a modal participation factor. 
The automatic modal parameter selection methodology 
considered the analysis of the natural frequency (𝑓) and the 
damping ratio (𝜉) of each pole. This was done by expressing 
the way distances are calculated in the DBSCAN technique, in 
terms of these modal parameters. In this way, the distance 
between two points, 𝑝1 and 𝑝2, is calculated as: 

 𝑑𝜀 = 𝑑𝑓 + 𝑑𝜉 = (
|𝑓𝑝1−𝑓𝑝2|

𝑓𝑝1
)   + (

|𝜉𝑝1−𝜉𝑝2|

𝜉𝑝1
) (5) 

As can be seen by this equation, the distances of frequency 
and damping are scaled with respect to the first point’s 
parameters. This is important because the scale of frequency 
values varies strongly from the scale of damping values. With 
this definition of distance, the DBSCAN’s radius 𝜖 parameter 
was defined to be 0.06, and the minimum number of points to 
be 3. This radius number was selected considering the way the 
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stabilization diagram is built in terms of its stable criteria for 
the poles. A pole is selected as stable if it has a frequency 
discrepancy of maximum 1% and a damping discrepancy of 
maximum 5%. Therefore, the maximum radius was selected to 
be 6%. Considering the minimum number of points, this value 
was defined to be low enough to capture small varying points 
in clusters, which in any case will be further refined in a 
subsequent cluster verification step. This cluster verification 
step checks a similarity criterion between the clusters. This is 
done by comparing a representative point for each cluster, 
which is selected as the point with average frequency and 
damping. These representative points are then compared to 
check if they belong or not to an interval of 1% frequency and 
2% MAC between modal participation vectors (𝐿).  

 𝑑𝑚𝑎𝑐 = (1 −
|𝐿𝑝1 𝐿𝑝2|

2

(𝐿𝑝1 𝐿𝑝1)(𝐿𝑝2 𝐿𝑝2)
) (6) 

If two representative points from two different clusters match 
on this criterion, they are assigned to a single cluster. However, 
the representative of the resulting cluster remains the one from 
the original cluster with the highest number of points. The 
reasoning behind this is that perhaps this mode was separated 
into two different clusters, because its damping estimates 
started with a certain value but then converged to a final one. 
Therefore, the original cluster with the highest number of 
points should contain the final converged damping ratio for that 
mode.  

The overall flowchart of the automatic modal parameter 
selection methodology is displayed in Figure 2. 

 

 
Figure 2. Automatic modal parameter selection methodology. 

 Results 

In this work, two datasets were analysed for damage 
localization, one for a Carbon Fibre Reinforced Polymer 
(CFRP) plate (5.43 mm thickness) and another one for an 
Aluminium plate (5 mm thickness), both with Flat Bottom Hole 
(FBH) damages (Figure 8 and Figure 10). The CFRP plate is 
constituted by 24 laminae with [(45/0/-45/90)]3s stacking 
configuration and contains a total of 12 defects of varying 
diameter and thickness. This plate was excited with a 
piezoelectric patch and measured until a frequency of 200 kHz, 
with a grid of 17018 nodes (which can be visualized in Figure 
9), by Laser Doppler Vibrometer and the obtained FRFs 
contain 10190 spectral lines. The Aluminium plate contains 10 
defects with equal diameter and varying thickness, and it was 
measured on 15617 nodes until a frequency of 100 kHz, with 
12800 spectral lines. Both datasets have been provided by 
Ghent University [11].  

Given the high frequency bands inherent in these 
measurements, modal analysis was performed on both datasets 
by segmenting their respective frequency band in 10 intervals.  

The results from the automatic modal parameter selection 
method applied for an interval of [20, 40[ kHz of the CFRP 
plate can be seen in the figures below. Figure 3 shows the 
stabilization diagram, where each red node corresponds to a 
stable pole calculated with the Polymax tool, and the red curve 
is the sum of all FRFs. The stability criteria are 1% frequency, 
5% damping and 2% modal participation vector. The presence 
of many modes can be distinguished in this stabilization 
diagram, along with close columns of poles and certain damped 
peaks, which is a characteristic that usually gets more severe as 
the frequencies get higher and higher in the overall 200 kHz 
spectrum.  Figure 4 shows the different clusters with respect to 
the same stabilization diagram. This figure illustrates that the 
clustering method allows to separate the different modes and 
discards some spurious poles in the stabilization diagram. 
Figure 5 shows the same stabilization diagram, but in terms of 
damping values. 

 
Figure 3. Stabilization diagram. Each red node corresponds to 
a stable pole. 

 
Figure 4. Clustered stabilization diagram. Each cluster has a 
different colour and the purple crosses mark each cluster's 
representative pole. 

 
Figure 5. Clustered stabilization diagram expressed in terms of 
damping. Each cluster has a different colour and the purple 
crosses mark each cluster's representative pole. 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure  

350 

The modal analysis results for all frequency bands are 
summarized in Table 1 and Table 2. The higher the frequency 
band is, the more difficult is the pole estimation and the 
consequent mode calculation. This is a common conclusion 
given the fact that the higher the frequency the higher the 
tendency for highly damped modes, which are of superior 
estimation difficulty for modal parameter estimation 
techniques. From a comparison between the overall 
calculations of modes for both plates, it can be concluded that 
there are more modes for the Aluminium plate. This is a result 
of both the fact that the overall frequency spectrum is smaller 
(increased difficulty in estimating modes for high frequencies) 
and that the Aluminium plate has less damped motion than the 
CFRP. 

 

Table 1. Mode calculations for the CFRP plate for all frequency 
intervals. 

CFRP plate 

kHz [0, 
20[ 

[20, 
40[ 

[40, 
60[ 

[60, 
80[ 

[80, 
100[ 

[100, 
120[ 

[120, 
140[ 

[140, 
160[ 

[160, 
180[ 

[180, 
200[ 

Modes 39 17 9 3 1 4 1 1 1 0 
 

Table 2. Mode calculations for the Al plate for all frequency 
intervals. 

Aluminium plate 
kHz [0, 

10[ 
[10, 
20[ 

[20, 
30[ 

[30, 
40[ 

[40, 
50[ 

[50, 
60[ 

[60, 
70[ 

[70, 
80[ 

[80, 
90[ 

[90, 
100[ 

Modes 28 41 28 21 17 10 8 5 5 4 

4 DAMAGE LOCALIZATION WITH MACHINE 
LEARNING TOOL 

With the mode shapes being calculated automatically for 
defined frequency intervals, the next step for the automatic 
damage localization methodology is to analyse them with a 
Machine Learning tool. The Local Defect Resonance (LDR) 
concept can inspire the following damage localization analysis 
to search for the higher amplitudes within mode shapes. 

 Methodology 

The Machine Learning tool was developed by combining two 
Machine Learning techniques: the K-means clustering and the 
Multivariate (Gaussian) Anomaly Detection. The K-means, 
like the DBSCAN, is a clustering technique and therefore 
belongs to a class of unsupervised learning algorithms. 
However, it belongs to a different class of clustering algorithms 
than DBSCAN, it is a centroid-based technique. For this 
damage detection application, a centroid-based clustering 
technique is more suitable than a density-based technique. 
Mode shapes don’t share a regular density of points for high 
amplitudes and therefore, it is better to section the mode shape 
vector in equal numbers of regions, other than letting this 
number be defined by a density measure. Moreover, the benefit 
of using an unsupervised learning technique is that this ML tool 
is not dependent on labels to be trained.  
Other than the mode shapes, a different input was also tested 
for this algorithm: the 2nd derivatives of the mode shapes. Both 
these inputs are complex vectors, where each point corresponds 
to an amplitude for a certain measured node. The 2nd derivatives 
allow to enhance the presence of a defect within a mode shape. 
Figure 6 displays the absolute plot of mode shape with high 
frequency plate bending motion and its corresponding 2nd 

derivative with respect to the Y direction. As can be seen, in a 
mode shape with high degree of bending motion, the 2nd 
derivative shows small localized regions of high amplitude 
corresponding to certain defect locations. 

 
(a) 

 
(b) 

Figure 6. Absolute of (a) mode shape (b) corresponding 2nd 
derivative with respect to Y. 

The methodology is displayed in Figure 7, along with a 
representation of the absolute values of a mode shape vector. 
The first step, inspired by the LDR concept, is to cluster the 
highest amplitudes with K-means. A first defect map will be 
obtained from the output of this step, where the points whose 
amplitudes were assigned to the cluster with highest amplitudes 
will be classified as defected. This serves as reference for the 
Multivariate (Gaussian) Anomaly Detection step to 
automatically select a threshold to classify the defected points 
based on their real and imaginary values. After this step, an 
improved defect map compared to the one obtained after the K-
means step is obtained. 

 

 
Figure 7. Machine Learning tool's methodology. 

This procedure is repeated for all mode shapes or 2nd 
derivatives calculated within each frequency band selected for 
modal analysis. The result of this algorithm is the sum of its 
outputs for each frequency band. 

 Results 

Figure 9 shows the results of the ML tool on the CFRP plate, 
both for the mode shapes (left) and the 2nd derivatives (right). 
The results are shown both in a top view and in a perspective 
view, where regions of high detectability with lighter colour 
and taller peaks can be distinguished. The CFRP plate has 12 
Flat Bottom Hole (FBH) damages (Figure 8), and their 
detection was achieved, along with the piezopatch’s location in 
the centre, whose influence was affecting the mode shapes. 
Comparing both the algorithm’s result for the analysis of the 
mode shapes and the respective 2nd derivatives, the latter results 
seem to be less noisy, in other words, less affected by 
misclassifications. This goes in line with the purpose of 
applying the 2nd derivatives in the first place, this is, in order to 
highlight the presence of defects in a mode shape and make 
them more easily detectable. 
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Figure 8. CFRP plate. 

 

 
(a) 

 
(c) 

 
(b) 

 
(d) 

Figure 9. ML tool results on the CFRP plate for the mode 
shapes in (a) top view (b) perspective view and for the 2nd 
derivatives in (c) top view (d) perspective view. 

 
The results for the Aluminium plate (Figure 10 with 10 

damages) are shown in Figure 11, also both for the mode shapes 
(left) and the 2nd derivatives (right). Similarly to the previous 
results shown for the CFRP plate, these detectability maps in 
Figure 11 are shown for a top and perspective view. Several 
regions of high detectability which match with the defects’ 
locations can be distinguished. However, the three deepest 
defects were not identified. Since they are not as prominent as 
the shallower defects, the loss of stiffness is not as big. 
Therefore it is likely that their Local Defect Resonance was not 
excited in this frequency band, making their detection not 
possible with this technique. Moreover, comparing both the 
results of the ML tool applied to the mode shapes and their 2nd 
derivatives, the same conclusion as before can be taken. The 
results for the 2nd derivatives look clearer, which is a 
consequence of the fact that they highlight the presence of a 
defect in a mode shape. 

 

 
Figure 10. Aluminium plate. 

 

 
(a) 

 
(c) 

 
(b) 

 
(d) 

Figure 11. ML tool results on the CFRP plate for the mode 
shapes in (a) top view (b) perspective view and for the 2nd 
derivatives in (c) top view (d) perspective view. 

5 CONCLUSIONS 
In this work, an automatic damage localization methodology 
was developed by combining a procedure for automatic modal 
parameter selection with a Machine Learning tool. The physical 
concept of Local Defect Resonance was used to inspire the 
development of this methodology, in order to investigate high 
frequencies and the consequent modes dominated by defect 
vibration. Using a density-based clustering technique proved 
effective in obtaining automatically physical modes from a 
stabilization diagram. Moreover, by combining k-means with 
the multivariate anomaly detection for the Machine Learning 
tool, a quick and effective tool for damage classification was 
created. This methodology was tested on two different plates, 
where several damages were successfully identified. For future 
work, more investigation into the clustering methods will be 
done. Moreover, additional tests will be done to investigate the 
impact of the frequency band on the final damage localization 
results. 
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ABSTRACT: Measurement of stress conditions in steel structures in situ is a longstanding desire to obtain a precise information 
regarding the loads applied on the structure. This is principally possible and can be achieved by measuring the acoustoelastic 
effect. This effect results from the stress-induced tension (or compression) applied on the atomistic structure of a material, which 
is proportional to the acoustic properties of the material. Since a material’s elastic properties such as the Lamé constants being the 
second order elastic constants can be directly measured through the time of flight of acoustic (i.e. ultrasonic) signals a logical 
consequence is to also include the third and hence higher order elastic constants, which has been considered as the acoustoelastic 
effect. Stress measurement has been well proven on high strength steel components in the past by using the acoustoelastic effect. 
However, when it comes to lower strength mass produced steels broadly used in civil engineering such as S235 the situation 
regarding stress measurement becomes more complex. Scatter in the properties of such materials has a huge impact on the third 
order elastic constants determined. This therefore poses some limitations, which have to be handled with care. In the paper to be 
presented the background of the acoustoelastic effect will be briefly explained before results will be presented and discussed, 
which have been obtained along tensile tests on S235 samples initially. Virtually the acoustoelastic constants obtained from those 
tests could be considered as a reference to be applied to analyse the stress states of more complex structures made of the same 
material. However, this quickly leads to some further limitations as will be shown when compared to the results obtained from 
acoustoelastic measurements performed on an S235 steel beam. Conclusions will be drawn as to which extent the information 
measured on a tensile specimen can be beneficially used to assess the stress condition of the steel beam in the longer term. 

KEY WORDS: Acoustoelastic effect; ultrasonics; stress measurement; steel 

1 INTRODUCTION 
Engineering structures are exposed to loads and with this to 
stresses and strains. When designing a structure those loads are 
assumed and the stresses and strains are usually resulting from 
a numerical model. However, how stresses, strains and loads 
behave in reality often remains an unknown and it is a strong 
desire to get those real conditions measured in situ by any 
means. An option to get this done is by the use of the 
acoustoelastic effect, which results from the stress-induced 
tension (or compression) applied on the atomistic structure of a 
material being proportional to the acoustic properties of the 
material. Since a material’s elastic properties such as the Lamé 
constants being the second order elastic constants can be 
directly measured through the time of flight of acoustic (i.e. 
ultrasonic) signals, a logical consequence is to also include the 
third and hence higher order elastic constants, which has been 
considered as the acoustoelastic effect.  

In the 1970ies to 1990ies a lot of publications describing the 
physical background and different applications of the ultrasonic 
stress analysis have been issued. Publications like [1-3] 
describe the background and summarize the state which has not 
significantly changed up to now besides the development of 
robust systems. In recent years, a few individual researchers 
stepped into that area of application related research and have 
been reinvestigating more or less known matter. However, only 
very few groups developed systems which have been applied 
in industrial environment in order to evaluate the stress state of 
e.g. rims of railroad wheels, turbine rotors and rolls for paper 

and steel mills. As part of the qualification process results of 
the ultrasonic analysis of stress states of steel components have 
been compared with those found by partly destructive 
techniques such as hole drilling, ring core and sectioning and 
very satisfying agreements have been found. Different 
examples performed on high strength and high performance 
steels have been shown in the past to work well [3,4] which has 
driven the motivation to wonder how a stress measurement 
approach based on the acoustoelastic effect would work in the 
case of a low alloy steel widely used in structural engineering 
such as S235. This paper provides an insight as to what is 
measured in such a case, how the data recorded needs to be 
interpreted and what can be read out of those in terms of stress 
measurement and assessment including the effort that needs to 
be made. It will also briefly address how this all performs when 
it comes to a more complex structure such as an I beam, being 
a structural element classically known in civil engineering. 

2 BASICS OF THE ACOUSTOELASTIC EFFECT 

  Characterizing the state of art 

Complementary to established techniques in stress state 
evaluation, ultrasonic techniques allow the evaluation of 
stresses in surface layers as well as in the bulk of components, 
respectively. One advantage in that regard is the fast 
determination of stress states, enabling a continuous analysis 
along traces allowing stress distributions to be obtained and 
inhomogeneities to be localized. Data rates are typically around 
1 to 50 Hz depending on the application and the ultrasonic setup 
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used. Resolution and accuracy in residual stress measurement 
of the non-destructive ultrasonic techniques are similar in 
magnitude when compared to the partly destructive drilling 
hole and ring core techniques. A disadvantage is that the 
evaluated stress is a mean value of the particular stress 
component acting along the ultrasonic path. The determination 
of a stress gradient along the path length is usually not possible. 

Quantification of stress states by ultrasound requires the 
acoustoelastic constants to be known. Those material 
dependent constants are usually determined in a tensile test 
experiment. Assuming the acoustoelastic constants to be 
known, a respective sensor for stress measurement needs to be 
chosen and adapted. Kind and number of the sensors and their 
application strongly depend on the stress state to be evaluated 
and the geometry of the component in terms of accessibility to 
couple the sensors. The velocities of ultrasonic waves 
propagating in a material depend on the strain state applied, 
specified as the acoustoelastic effect. Using the fundamentals 
of the finite deformation of an elastic solid, described by 
Murnaghan [5] and the description of the second order elastic 
deformation of solids by Hughes and Kelly [6], the relative 
changes of the velocities of ultrasonic waves can be expressed 
in terms of the material dependent acoustoelastic constants and 
the three components of the strain state. Assuming that the 
principal directions of strain go along with the principal 
directions of the stress state the influence of stress on the 
relative change of the ultrasonic velocities can be described as 
follows [2, 3]:  

 
(𝑣𝑖𝑖 − 𝑣𝐿) 𝑣𝐿 = (𝐴 𝐶⁄ ) ∙ 𝜎𝑖 + (𝐵 𝐶⁄ )⁄ ∙ (𝜎𝑗 + 𝜎𝑘)        (1) 
(𝑣𝑖𝑗 − 𝑣𝑇) 𝑣𝑇 = (𝐷 𝐾⁄ ) ∙ 𝜎𝑖 + (𝐻 𝐾⁄ )⁄ ∙ 𝜎𝑖 + (𝐹 𝐾⁄ ) ∙ 𝜎𝑘  (2) 
(𝑣𝑖𝑘 − 𝑣𝑇) 𝑣𝑇 = (𝐷 𝐾⁄ ) ∙ 𝜎𝑖 + (𝐻 𝐾⁄ )⁄ ∙ 𝜎𝑘 + (𝐹 𝐾⁄ ) ∙ 𝜎𝑖  (3) 

 
where i, j and k are the three components of a normalized 
stress tensor. i, j, k are the axes of a Cartesian coordinate 
system. v is the ultrasonic velocity, where the first index 
represents the direction of propagation and the second the 
direction of vibration. L and T stand for the longitudinal wave 
velocity and shear wave velocity in the stress free state, 
respectively. A, B, C, D, H, F und K are combinations of second 
(Youngs- and shear modulus) and third order elastic 
(Murnaghan [5]) constants. They are weighting the influence of 
the principal stress component on the change of the ultrasonic 
velocities. The material dependent third order elastic constants 
are determined by experimentation using a sample of the 
material of interest as described by Egle and Bray [7]. Second 
and third order constants of some steel grades are given in 
literature (e.g. [1, 2, 3, 8]). Using the Murnaghan constants the 
weighting factors A to K mentioned above are calculated. 
Hence, the influence of any stress state on the velocities of 
ultrasonic waves propagating and vibrating in different 
directions can be evaluated. It is important to note that 
Equations (1) to (3) can only be applied if the directions of 
ultrasonic propagation and vibration are parallel to the principal 
strain and stress directions. The acoustoelastic effect means the 
relative change of ultrasonic velocities under the influence of 
stress, which is in the order of some permille in case of steels 
only. 

It has been found that the acoustoelastic constants of different 
fine grained ferritic steel grades are not very different. Hence, 

using averaged values, the ultrasonic stress analysis yields a 
rough estimation of the stress state even if the particular 
weighting constants of the material under test are not known 
[1-3]. Since the elastic constants Young’s and shear modulus 
are influenced by the temperature and texture within a material, 
the velocities of ultrasonic waves will be influenced too. The 
ultrasonic stress analysis requires to distinguish between the 
influence of temperature and texture on the one side and of 
stress on the other. This dependence is well known in Fe-alloys. 
As regards temperature it does not change more than ± 15° 
around room temperature [3]. To separate the influence of 
texture from stress a lot of approaches have been published 
(e.g.[1, 3]), where the choice to be made strongly depends on 
the material, the geometry of the component and the strength of 
the texture. 

As seen from Equations (1) to (3) the velocities of ultrasonic 
waves propagating along the same direction are influenced by 
all components of the stress states and because of the different 
weighting factors the stress influence is of different size. Hence 
it is recommended to apply two or even all the three wave types 
propagating along the same path in the component. The 
parameter measured is time-of-flight of the applied 
longitudinal, transversal or surface waves.  

The accuracy of ultrasonic stress analysis is influenced by the 
accuracies of the time-of-flight of ultrasonic waves both for 
stressed and stress-free condition as well as for the 
acoustoelastic constants of the material. With adequate 
equipment it is easy to record time-of-flight data with 
reproducibility better than ± 1 ns. By averaging the readings a 
relative reproducibility in the range of 1 out of 105 is 
achievable. 

The measurement error associated with the material 
dependent acoustoelastic constants or weighting factors is in 
the range of 5 to 10 % [1-3, 7]. This error is directly influencing 
the final stress result (see Equations (1) to (3)).  

The error associated with the value representing the stress 
free state shifts the zero point position along the stress axis. It 
is difficult to evaluate that error. A comparison with results 
obtained with established techniques is therefore helpful. 
Compared to hole drilling and ring core techniques a difference 
within ± 30 MPa compared to ultrasonic technique results is 
considered acceptable in the case of steel components. Bearing 
uncertainties in mind this can be considered fairly similar. The 
error associated with the separation or discrimination of the 
texture’s influence heavily depends on the approach applied.  

Automated and semi-automated ultrasonic systems allow the 
evaluation of axial stress states and clamp loads of screws and 
bolts [8-10], longitudinal stress in rails [11, 12], hoop stress 
states of railroad wheel rims [12-15] as well as two axial stress 
states of plates and sheets [3] and surface stress states of forged 
rolls and turbine rotors [3], which have been developed and 
used in industry since years. 

 Evaluation of the two axial stress state in a beam 

When the thickness of a component is small compared to its 
length and width, the stress component along the thickness 
direction is small and can be neglected (plane stress). This 
assumption holds for flat sheets. In order to determine a two 
axial stress state, the application of a longitudinal and a linearly 
polarized shear wave is of advantage. Both types of wave 
propagate along the thickness direction i, while the shear wave 
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vibrates along the principal direction j and k, respectively (2 
and 3). In order to get a reliable value of the shear wave 
velocity, which represents the stress free state vT, a sufficient 
number of measurement points have to be distributed over the 
components’ surface. Applying the stress equilibrium 
conditions, the stress j integrated over the plane thickness (i-
axis) – width (k-axis) results in zero while the stress k 
integrated over the plane thickness (i-axis) – length (j-axis) 
becomes zero as well. Hence, the mean value of all velocities 
of the shear wave vibrating along the j-axis yields the velocity 
representing the stress free state, as the mean value of all 
velocities of the shear wave vibrating along the k-axis yields 
the velocity representing the stress free state as well. If there is 
a texture in the component the value of vT will be different 
depending on the vibration direction of the shear wave along 
the length and along the width direction. Like in most cases of 
steel components, the length direction of a beam corresponds 
with the continuous molding and / or the rolling direction and 
the transverse direction corresponds with the width direction of 
the beam. The two different values of vT characterize the 
influence of texture. Using the value of vTRolling and of vTTransverse 
the individual values for the two stress components k  = Rolling 

and j = Transverse are calculated according to Equations (2) and 
(3). Taking the values of vTRolling and of vTTransverse for the stress 
analysis, the influence of texture is separated. The only 
assumption to be made is a texture, homogeneous along the 
length and the width directions of the beam.  

 Requests for the ultrasonic stress analysis 

As described in the previous chapter the material state has to 
fulfil some assumptions, needed for the quantitative stress 
analysis using ultrasonic techniques. 

Most important is the homogeneity of the (micro-) structure. 
Local changes of e.g. the number and size of ferritic, perlitic or 
bainitic phases change the elastic properties and hence the 
ultrasonic velocities evaluated at different measuring points. 
These local changes have to cause a smaller relative change of 
the ultrasonic velocities than the stress state to be evaluated. 

Texture means the preferred orientation of the grains and 
causes changes of ultrasonic velocities with their propagation 
and vibration direction. In continuously casted or rolled parts, 
as well as in roller or tension straightened parts, the casting, 
rolling or straightening direction is always one of the symmetry 
axes with the other two axes being perpendicular to it. Hence 
the symmetry directions of texture are known. And very often 
texture is homogeneous along the former rolling direction, 
which is often the length direction. Rolling and straightening 
causes local plastic deformation, which is usually minimized 
by a specific heat treatment. Texture has to be homogeneous 
along the length and the local plastic deformations have to be 
small in order to facilitate the ultrasonic stress analysis. 
As mentioned before, a satisfying agreement has been found 
between results of ultrasonic stress analysis and those of 
established partly destructive techniques. The most important 
reason for the agreement in those cases is the homogeneity of 
the structure and the texture of the components.  

3 EXPERIMENTAL SETUP AND MATERIAL 
ANALYZED 

 Experimental setup 

To determine the time-of-flight of ultrasonic waves, the pulse-
echo technique has been applied. The experimental setup to 
receive the time of flight is illustrated in Figure 1. A pulser and 
receiver unit excites a normal incidence piezoelectric 
transducer, which emits ultrasonic waves into the sample 
material and converts the reflected wave signals into voltage, 
conducted to the pulser and receiver unit. Depositing a coupling 
medium such as honey improves the sound transmission 
between the probe and the sample significantly and therefore 
leads into an improved signal quality. A probe mask fixes the 
test point to minimize operational uncertainties. Data received 
is digitized in a PC-oscilloscope and processed. 

 
Figure 1. Experimental setup: 1) pulser and receiver unit  
2) piezoelectric transducer 3) probe mask 4) PC-oscilloscope 
5) PC and operational software. 

In order to acoustically characterize the material S235 three 
tensile specimens were cut out of the center of an I-beam and 
grinded coarsely. The geometry of the tensile specimens is 
conceived in accordance to the specifications of DIN EN ISO 
6892-1 [16]. Specimen dimensions are given in Figure 2. 

 
Figure 2. Tensile specimen dimensions; all sizes in mm. 

 Material 

The material used was in accordance to DIN EN ISO 10025-2 
[17]. As to [17], there are specifications regarding the chemical 
composition summarized in Table 1, as well as mechanical 
properties of which a minimum yield strength of 235 MPa must 
be provided. 
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Table 1. Requirements to chemical composition of S235. 

Element C Mn P 
[wt-%] ≤0.17 ≤1.4 ≤0.035 

S Cu N cE 
≤0.035 ≤0.55 ≤0.012 ≤0.35 

 Time of flight measurements 

In order to characterize S235 on the specimens, 29 equidistant 
measurement positions each 1 cm apart were defined on each 
of the tensile test specimens. 30 time of flight measurements 
were taken at each measurement position and for each wave 
mode. Renewing of coupling between transducer and sample 
was done before recording at each of the measurement points. 
Three different wave modes were used: a longitudinal wave at 
10 MHz, a transverse wave polarized parallel and another 
polarized perpendicular to the measuring trace both operating 
at 5 MHz. The position dependent thicknesses of the specimens 
were measured with a micrometer caliper. To cope with scatter 
and minimize other effects, 50 measurements were done per 
measurement point without renewing the coupling in the case 
of the ultrasonics based thickness measurement. 

 Determination of acoustoelastic constants 

The acoustoelastic constants were determined by recording the 
time of flight at defined loads. Figure 3 illustrates the technical 
implementation. 

 

 
Figure 3. Experimental setup to determine acoustoelastic 
constants: 1) clamping device of a universal testing machine 2) 
tensile specimen 3) piezoelectric transducer fixed with 
adhesive tape and screw clamp. 

A universal testing machine was operated in displacement 
control, using a loading rate of 2.5 mm/h. After each loading 
step of 0,1 % strain, the machine was kept at a constant force 
for 60 seconds to take 5 time of flight measurements. 
Simultaneously, stress-strain curves were recorded to examine 
a possible relationship between acoustoelastic constants and the 
load history of the specimens. 

 I- beam 

Transferring acoustoelastic based stress assessment to 
structural elements, measurement trails were identified parallel 
to the upper and lower girder and in the middle of the web of 
the I-beam shown in Figure 4. Each trail consisted of 37 

equidistant measurement points being 2 cm apart each. The 
beam was kept in the condition of delivery with no further 
treatment applied. Note that the beam also had fillets at its ends 
which were welded in. 

 

 
Figure 4. I-beam with measurement trails indicated on the web. 

4 EXPERIMENTAL RESULTS 

An aspect seriously to be kept in mind when performing stress 
measurement based on the acoustoeleastic effect is the 
sensitivity of the technique. Depending on the material and 
possibly other conditions a 1 ‰ change in time of flight can 
already represent about 150 MPa in stress. In view of this 
sources of scatter in the data measured have to be clearly 
identified. 

 Measurement on Different Samples 

Three samples of the type presented in Figure 2, manufactured 
from the same beam sample and under the same conditions, 
were analyzed along the symmetry axis shown for the 25 mm 
wide section in terms of the time of flight of the longitudinal 
wave, from which the wave speeds have been determined. The 
results are shown in Figure 5 and a difference is to be seen 
between the different samples as well as between the different 
measurement points along each of the samples. 50 
measurements were taken at each of the measurement points, 
which allowed a scatter to be determined shown as scatter 
bands. The differences observed do have different reasons and 
need to be explored such that the stress induced terms can be 
clearly extracted. 

 

 
Figure 5. Through thickness longitudinal wave speed at 
different positions taken on three different samples. 
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 Repeatability of measurement 

Regarding the measurement uncertainties at each position, it 
can be found, that those are up to a few nanoseconds and about 
0.5 ‰ as relative numbers, in relation to the absolute time of 
flight in the worst cases. Due to the speed differences of the 
wave modes it is convenient to rather focus on relative than on 
absolute numbers in order to discuss influences on the 
ultrasound time of flight or velocity. The time of flight 
measurements without renewing coupling are much lower than 
1 ns which indicates that the technical uncertainties are 
negligible, leading to the result, that the uncertainties are more 
material inherent. Performing two test series on the same 
sample led to similar results, as to be seen from Figure 6. single 
positions tend to exhibit relative differences of up to 1 ‰, 
which results in a lower location precision and probably in a 
varying coupling medium distribution. 
 

 
Figure 6. Time of flight profiles using the longitudinal wave 
transducer of two test series on sample 2. 

 Influence of polarization 

Polarization of the transversal wave is another important issue 
since the change in time of flight of the transversal wave is a 
parameter being sensitive to a stress applied on the material. 
Figure 7 shows a comparison between the time of flight of a 
transversal wave polarized in measurement direction versus 
orthogonal to this (transducer turned by 90°). Since nothing 
was changed otherwise it is very likely, that the differences are 
again material inherent and induced by its microstructure. 

Figure 7. Time of flight of transversal wave through the 
thickness of the flat specimen at different positions for two 
orthogonal polarization conditions. 

If the relative difference of the times of flight (𝑡32 − 𝑡31) 𝑡32⁄                         
with 𝑡31 to be the time of flight parallel and 𝑡32 orthogonal to 
the measurement direction is determined along the symmetry 
axis for the three specimens analyzed then a result is to be seen 
as shown in Figure 8. It can be seen that all three specimens 
show a similar behavior with measurement uncertainties to be 
in the range of  0.25 ‰ while the variations between the 
positions can be in the order of several ‰ for which reasons are 
given below. 

 

 
Figure 8. Relative difference of the times of flight of transversal 
waves for the three tensile specimens analyzed. 

5 INFLUENCING MATERIAL AND GEOMETRY 
INHERENT PARAMETERS 

As can be observed from the experimental results presented so 
far, the data recorded is exposed to a significant scatter which 
at that point makes it impossible to use the acoustoelastic effect 
for stress measurement at this stage. Reasons of this scatter 
need to be understood and are tried to be explained throughout 
the following. 

 Specimen thickness 

The profile depth of 40 ns or 5,9 ‰ to be seen in Figure 7 
contains both geometric and microstructural influences 
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contained in the time of flight. Before focusing on the 
microstructure, it is necessary to adjust to the local thickness 
and calculate the position dependent wave velocity. Figure 9 
shows a result of the thickness measurement obtained from a 
caliper and ultrasonic times flight respectively. It is to be seen 
that trends are well comparable but ultrasonic signals scatter 
slightly more and do differ to a certain extent. 

 Texture and lattice inhomogeneity 

Machined surfaces of specimens are still bound to tolerances 
which are to be seen when times of flight of an ultrasonic signal 
are measured. How far those values vary has been shown in 
Figure 9. In Figures 10 to 12 data are shown for a transversal 
wave polarized in (𝑣31) and orthogonal to (𝑣32) to the 
measurement direction and where calculation of the velocities 
were corrected in terms of the thickness measurement using a 
caliper (denoted as ‘conventional’) and the ultrasonic signal of 
the longitudinal wave (denoted as ‘alternative’) respectively 
assuming the wave speed ( ) of the longitudinal wave to be 
constant. It is to be seen that the trends observed with the 
caliper measurements are not always observed the same way 
through the ultrasonic signal which is an indication that further 
microstructural effects do influence the latter. 

 

 
Figure 9. Comparison between caliper and ultrasonic specimen 
thickness measurement. 

Based on the assumption of the speed ( ) of the longitudinal 
wave to be constant, the transverse wave speed (𝑣𝑇) can be 
described as a function of the mean longitudinal wave velocity 
(�̅�𝐿), the times of flight of the longitudinal wave ( ) and the 
transverse wave ( ) leading to 

 𝑣𝑇 = �̅�𝐿
𝑡𝐿

𝑡𝑇
 (4) 

Figures 10 to 12 show the resulting velocity profiles for each of 
the 3 tensile specimens. The mean longitudinal wave velocities 
and standard deviations are given in Table 2. The standard 
deviation is required to estimate the resulting uncertainties 
using Gaussian error propagation as expressed in Equation (5). 

  (5) 

where  indicates an uncertainty. 

Table 2. Mean longitudinal wave velocities and standard 
deviations of the tensile specimens. 

Sample 
  

Sample 1 5.954 0.007 
Sample 2 5.972 0.007 
Sample 3 5.972 0.004 

 
All graphs reveal the commonality, that 𝑣31 is about 2.5 ‰ 
higher than 𝑣32. This difference represents a mechanical 
anisotropy resulting from manufacturing and being specified as 
texture. This commonality can also be interpreted as a 
homogeneity in the manufacturing process. 

Despite that commonality mentioned before there are still 
trends and deviations observed. A very significant deviation is 
to be seen around position 19 in Figure 12 and there are smaller 
ones to be observed in this figure but also in the others too. 
 

 
Figure 10. Transverse wave velocity profiles of sample 1. 

 
Figure 11. Transverse wave velocity profiles of sample 2. 
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Figure 12. Transverse wave velocity profiles of sample 3. 

Reasons for those deviations need to be sought in the 
microstructure still not performed at the present time. One of 
the reasons could be residual stresses as a result of plastic 
deformation possibly resulting from the manufacturing process 
for which some idea is described below.  

 Residual stress 

Residual stresses in structural components resulting from 
manufacturing and operation can have a strong effect on the 
scatter measured with ultrasonic signals. If one assumes that 
this is the dominating effect for the scatter seen in Figures 10 
to 12 then the assumption is valid to determine an average value 
and to define this value equivalent to a mean load or mean stress 
respectively. In the case of external loads to be zero this average 
value has to be considered to be zero too. Figure 13 shows the 
data of Figure 12 added by an average value (straight lines) and 
a sliding mean (green curves) for the velocities of the transverse 
ultrasonic waves polarized in and orthogonal to the 
measurement direction. 

 

 
Figure 13. Transverse wave velocity profiles of sample 3 
including average values and sliding mean. 

If one now assumes that the straight average line represents the 
level of no stress, then the sliding mean value above the line 
could be interpreted as a residual stress of a certain nature (i.e. 

tensile) while the values below the straight line could be of an 
opposite nature (i.e. compressive). It is interesting to see that 
an integration over the sliding mean values with respect to the 
average value turns out to be zero, which is in accordance to an 
equilibrium of stresses, that has to exist in the specimen. A 
similar observation has been made for the two other samples at 
a much lower level. What is still missing at present is the 
validation of those results through alternative means such as the 
application of x-ray diffraction measurement. 

 Further influencing effects 

There are possibly more effects that may influence ultrasonic 
signals and which have been made aware but require further 
analysis [18]. Among those are effects resulting from a 
variation in Poisson’s ratio, plasticity as well as material 
hardening and softening effects. Further effects to be analyzed 
may also be the chemical composition since simple structural 
steels such as S235 are only qualified with respect to meeting 
minimum % values of alloying elements while higher values 
might have an influence on ultrasound velocities as well. 

6 MEASUREMENTS ON BEAM STRUCTURE 
Ultrasonic measurements taken in a first approach on the beam 
structure shown in Figure 4 are presented as relative differences 
in time of flight in Figure 14 similar to what has been shown 
for the tensile specimens in Figure 8. It is to be seen that in the 
middle of the beam the relative difference centers around the 
2.5 ‰ in relative time of flight difference, which is similar to 
the value of the tensile specimens seen in Figure 8. Looking at 
the center measurement trail it is observed that the 
measurements are more continuous than for the trails close to 
the girders. The reason may be, that measurements close to the 
girders are technically more difficult due to the curved surface 
at the intersection between the web and the girders. The 
relatively continuous curved relationship for the mid web 
measurement trail is most likely due to residual stresses 
resulting from the milling process, resulting in the beam to be 
slightly curved. That the results of the two other measurement 
trails do not show a similar behavior towards the end of the 
beam can be explained with the fillets having been welded in. 

 

 
Figure 14. Relative difference of time of flight along the 
different measurement trails analyzed along an I-beam. 
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7 DISCUSSION AND CONCLUSIONS 
Compared to high performance and high strength steels the 
acoustoelastic parameters of structural steels such as S235 
show a significant scatter. The vision of generating reference 
data that could be used for any measurement to obtain 
quantitative values regarding stress in any structure of the same 
as the reference material is not given for a steel like S235 at this 
point of time. The scatter described in ‰ of change resulting 
from material inherent phenomena can be easily larger than the 
‰ being represented by the stress changes. This scatter may be 
added by measurement errors that can easily turn out to be at a 
similar scale. Cleaning the measured data such as referencing 
to a defined signal depth or the thickness of the specimen, can 
be a first help. Averaging the velocities measured over a 
specific distance of interest and comparing this with a sliding 
mean can be another interesting means to assess residual stress 
distributions in a structure to be analyzed.  

A means to enhance the resolution of the measurements is to 
record the acoustic signal as long as possible such that a series 
of backwall echoes is recorded. Digitizing e.g. the first and the 
third backwall echo for time of flight measurement yields a 
relative measurement accuracy being double as high than 
taking the first and second backwall echo for the measurement 
only. The larger the total time of flight value is the higher the 
relative accuracy becomes. However, ultrasonic attenuation 
changes the shape of the ultrasonic backwall echoes, resulting 
in increasing measurement errors. Hence, a compromise has to 
be found to get the best possible relative accuracy. It has to be 
kept in mind that the relative change of the velocity of a shear 
wave of 1 ‰ represents a change of about 100 MPa. Looking 
at the scatter bands as shown in Figure 8 it can be seen that a 
scatter of 0.5 ‰ is likely, even when the signal has been 
analyzed over four backwall echoes. This is based on the fact 
that the transducer has not been removed during the 
measurement otherwise the scatter may easily increase by a 
factor. A recommendation is therefore to optimize the coupling 
conditions and the signal shape in order to get a backwall echo 
sequence which allows a high relative time of flight 
measurement accuracy.   

Further hope in improving the resolution may be seen in 
determining the acoustoelastic parameters referred to in 
Equations (1) to (3), which are to be obtained through tensile 
test measurements. Validations are also worth to be considered 
in terms of using established analytic techniques such as x-ray 
diffraction or microscopy, to further understand the deviations 
measured with the acoustoelastic effect. An instrument worth 
exploring is the use of statistical methods to identify outliers 
and to gradually shape the correct solution on the basis of a 
mathematically inverse problem, such as it has been partially 
described in [19].  

When it comes to more complex structures such as the I-
beam presented before it looks that similar phenomena can be 
measured as to those seen in the tensile specimens. This gives 
hope for further analysis but what needs to get clarified before 
is the differentiation of those mainly material inherent 
phenomena with respect to the signals having been recorded. 
This seems to be a highly challenging task with respect to a 
material like S235. 

With all this scatter in mind and the sensitivity of 
acoustoelastic based stress measurement raises the question on 

how the scatter could be minimized while still optimizing the 
desired stress information response in need. A solution could 
be to make two measurements, one in an unloaded condition 
and the other in a loaded condition and to subtract the one signal 
from the other. The difference can then only result from the 
loads and hence stresses and strains having been applied at the 
locations where acoustic monitoring has been performed. All 
other scattering influences virtually need to vanish, since they 
are assumed to be the same for the two loading conditions. The 
approach might not be applicable to determine absolute stresses 
but could be useful to validate stress and load models in 
engineering structures in the end. 
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ABSTRACT: Corrosion has been statistically placed as the primary cause for pipeline failures well beyond other factors. The 
inability to accurately size corrosion defects located in pipelines can result in erroneous integrity strategies with fatal 
consequences, even when appropriate inspection processes have been conducted. Underestimation or overestimation of the 
defect length and depth ends up on the one hand in pipeline failures and on the other in unnecessary costly assessments. 
Therefore, in recent years, industry, governments, and scientists have joined efforts to improve existing strategies and inspection 
techniques. In view of the obvious interest in methods that allow for defect sizing, the industry specifically urges for reliable 
improvements within the magnetic flux leakage (MFL) technique. This paper describes how calibration curves and associated 
information to be used for the reconstruction of defects based on MFL signals can be generated on a numerical basis. A 
thorough study of different parameters involved allows for the understanding of the relationships between defect dimensions and 
MFL signal features acquired during pipeline inspection. The methodology includes theoretical, numerical, and experimental 
assessments resulting in the development of a reliable three-dimensional model. Calibration curves are reported for inner as well 
as for outer defect configurations to allow the accurate establishment of the defect length and depth in both cases. The results of 
this study for a single defect can be further implemented in order to investigate the superposition of MFL signals coming from 
adjacent and hence multiple defects. Such signal superposition has been verified experimentally as a condition to conduct the 
current work and with this it will be shown how the approach could be applied in practice in the longer term. 

KEY WORDS: Non-destructive testing; pipeline inspection; magnetic flux leakage (MFL); steel; numerical simulation; 
electromagnetism. 

1 INTRODUCTION 
Pipelines are extensiviliy used for fluids and gases to be 
transported over hundreds of kilometers. Compared to other, 
pipelines are the most energy efficient means for 
transportation. Most of the fluids and gases transported are 
inflammable and explosive. As such they are installed over- or 
underground. As a result, pipelines are exposed to 
environmental impact, would that be humidity, temperature, 
any other aggressive gases, or liquids, as well as geotechnical 
movements, such as earthquakes, landslides or any other. 
Pipelines are traditionally made from steel and as such they 
are prone to plastic deformation, corrosion, and cracking. This 
can result in catastrophic failure on a close to monthly basis 
worldwide, as can be seen from statistics (e.g. [1]). Currently, 
there is a big need to get this avoided in all regards. It is 
important to know that from all possible damages in pipelines 
registered, so far, more than half do caused by corrosion [2], 
which is a clear indicator on what to look at first. 
Besides proper design, a way to get catastrophic damage 
avoided, is through regular inspection. In the case of pipelines 
this is mainly achieved through pipeline inspection gauges 
(PIG). Figure 1 shows the first version of the ITION tool 
developed by the CIC (Corporación para la Investigación de la 
Corrosión) as an example of a MFL PIG. A PIG is a complex 
robotic system that runs along the pipeline and is equipped 
with actuators and sensors based on the principles of non-
destructive testing (NDT). A good overview on what 
techniques can be applied in that regard is given in [3]. 

Bearing in mind that a PIG may have to travel over hundreds 
of kilometers, continuously sending actuation signals and 
getting signals recorded by hundreds of sensors, of which the 
data need to be stored, indicates that the PIG needs to carry a 
significant amount of energy with itself in the form of 
batteries as well as a reliable data storage module. It must also 
be designed in a way that the actuators and sensors are as 
close as possible to the pipeline wall with friction to be 
minimized and the PIG not to get stuck along its journey 
through the pipeline. Since many of the pipelines are usually 
under pressure, the pressure difference between the front and 
the rear of the PIG can luckily be used for its propulsion. 

 
Figure 1. Example of a PIG (ITION-I by CIC). 

 
Damage in pipelines is tolerated if it does not compromise 

the structure’s safety. Following state of the art regulations [4, 
5], the request of regulators and pipeline operators towards 
inspection service companies is to validate the PIG’s 
performance along pull-tests in especially prepared pipes 
containing different natural defects of known size induced by 
welding, where the defects have to be detected at 90% 
probability of detection (POD) and with an accuracy of a 
given defect length-, width- and depth-size at a confidence 
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level of 80%. Bearing in mind that most of the damages in 
pipelines result from corrosion, quantification of the damage 
in terms of the volume of metal lost is significant. Tables 1 
and 2 document these accuracy values obtained for two 
popular inline inspection techniques: Magnetic Flux Leakage 
(MFL) and Ultrasonic Testing (UT), respectively with regard 
to wall-thickness measurement. 

 
Table 1. Market driven specification and inspection needs of 
MFL-inspection (t = wall thickness) [5]. 

 
 General 

metal loss 
Pitting Axial 

grooving 
Circular 
grooving 

Depth at 
POD = 
90% 

0.1 t 0.2 t 0.15 t 0.1 t 

Depth 
sizing 

accuracy 
at 80% 

confidence 

0.1 t 0.1 t 0.1 t 0.1 t 

Width 
sizing 

accuracy 
at 80% 

confidence 

20 mm 20 mm 20 mm 20 mm 

Length 
sizing 

accuracy 
at 80% 

confidence 

20 mm 20 mm 20 mm 20 mm 

 
Table 2. Specification of metal loss detected with UT [5]. 

 
 General 

metal loss 
Pitting Axial 

grooving 
Circular 
grooving 

Depth at 
POD = 
90% 

1 mm 1.5 mm 1 mm 1.5 mm 

Depth 
sizing 

accuracy 
at 80% 

confidence 

0.5 mm 1 mm 0.5 mm 0.5 mm 

Width 
sizing 

accuracy 
at 80% 

confidence 

8 mm 8 mm 8 mm 8 mm 

Length 
sizing 

accuracy 
at 80% 

confidence 

6 mm 6 mm 6 mm 6 mm 

 
Developed PIGs using MFL as well as UT techniques 

differentiate defect location with respect to the pipeline wall 
thickness with the damage being either on the inside or the 
outside of the pipeline wall. Bearing in mind, that a pipeline is 
inspected from its inside in the case of a PIG-based inspection 

and the pipeline being placed underground, damages 
occurring on a pipeline’s outer wall need to be detected too. 
Specifically, each of the NDT technique applied has its 
advantage and disadvantage. UT needs coupling, so cannot be 
simply applied in gas, in the case that EMAT based ultrasound 
excitation is not possible. On the other hand, MFL is an NDT 
technique well established with PIGs. It has the advantage of 
being low-cost. In this case, the cross-section of the pipeline 
wall is magnetized and the magnetic response is recorded by 
an array of sensors integrated in a sensor carrier in 
circumference direction (see Fig. 1). 

What is tried to be shown in the following is, how far MFL 
needs to be further developed and what approach needs to be 
taken such that corrosion damage can be quantified on the 
inner and outer side of a pipeline wall. 

2 THE MFL PRINCIPLE AND APPROACH TAKEN 
The MFL principle and its application on a pipeline wall is 
shown in Figure 2. The system consists of permanent magnets 
that due to a yoke do magnetize the pipeline wall. In case the 
wall has a constant thickness the magnetic flux travels in the 
inspection region beneath the sensor array homogeneously in 
parallel lines to the surface. As the axial magnetic component 
is continuous at the surface, a Hall element or anything similar 
magnetic sensing device being placed adjacent to the 
pipeline’s wall can measure this exciting field as a constant 
off-set value (Figure 2 (a)). However, when it comes to a 
change in the cross-section of the pipeline wall, the magnetic 
flux is leaked and the sensor measures a signal accordingly 
(Figure 2 (b)). 
 

 
 

Figure 2. The MFL principle (a) for an undamaged pipeline 
wall, (b) for a defect on the pipeline’s outer side of the wall. 
 

The big challenge is to interpret the sensor signals recorded 
with respect to the quantification of reductions on the wall 
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thickness in order to prevent any incident. As one can 
imagine, this is a difficult task and needs a well based 
approach. 

A defect will cause a magnetic field perturbation which is 
recorded as an MFL signal and is then interpreted in 
accordance to theoretically and possibly numerically and 
experimentally generated knowledge. The process to stablish 
the MFL signal on the basis of a defect as input is named a 
‘forward problem’ (see Figure 3 (a) below). While the 
‘inverse problem’ respond to the necessity of determining 
defect features based on MFL signals obtained after an 
inspection process. The inverse problem can be solved 
utilizing an open loop or closed loop process as shown in 
figures 3(b) and 3(c). In the case of an open loop inverse 
problem (Figure 3(b)), the measured MFL signal is mapped 
versus a library of signal patterns, which represent specific 
defect geometries. This approach has the limitation that it can 
only consider defect cases of which the patterns are known, 
i.e. which are included in the library. A better case is what is 
named to be a closed loop inverse problem. In that case a 
convergence criterion is set, which relates the measured MFL 
signal to a numerical model, where the numerical model is 
stepwise modified as much and until a minimum in the 
difference of the measured data is reached due to a 
convergence criterion set (Figure 3(c)). 
 

 
Figure 3. Schematic representation of prevailing solutions to 
handle the MFL problem: (a) forward problem, (b) open loop 
to solve an inverse problem, (c) closed loop to solve the 
inverse problem. 

 

What all those solutions have in common is that a numerical 
solution is in need. This is specifically true for the inverse 
problem, for which an attempt is described in the following. 

3 NUMERICAL MODELLING OF MFL PROBLEMS 
Numerical modelling of technical problems needs much care. 
This also includes the modelling of MFL problems for which 
a sound mathematical description has been given in [6]. The 
mathematical formulation of the leaked field phenomenon is 
based on dividing between a volume of ferromagnetic 
material (inner region), its surface and a remaining volume 
such as air or vacuum (outer region) around this volume. The 
volume itself is exposed to a magnetic field which interacts 
with the ferromagnetic body, where the interaction is 
described, based on the Maxwell’s equations. The magnetic 
flux in the outer region is described by solving a potential 
problem, i.e., a Laplace equation, while for the inner region, 
due to the ferromagnetic character of the material, a non-
linear differential problem is formulated (Poisson’ equation). 
The inhomogeneity function in this Poisson’s equation is the 
divergence of the magnetization. By formulating the correct 
boundary conditions for the given inspection volume to be 
magnetized, where the boundaries are very far from the region 
of interest and the volume of air has to be magnitudes larger 
than the inspection volume, the problem can then be 
adequately solved. 

The theoretical modelling of the leaked flux problem based 
on the theory of potential distributions has been first 
formulated for the two-dimensional case on a dipole model by 
Zatsepin and Shcherbinin [7, 8]. The model has been proven 
to be correct for crack-like, exceedingly long defects when 
compared with its width and depth. Since this solution is 
limited, further means had to be sought to even describe the 
MFL problems for finite dimensions. A solution in that regard 
has been initially proposed by Dobmann and Münnich [9, 10] 
by applying Green’s theorem on the magnetic field and 
magnetic flux density in the volume of interest including its 
closed surface, as well as on these vector fields in the space 
outside. Fulfilling the transition condition of the field 
components on the surface, i.e., continuity of the tangential 
component of the magnetic field, and continuity of the normal 
component of the magnetic induction, results in solving a 
system of Fredholm’s integral equations of the second kind 
for the inhomogeneous dipole distributions in the defect 
vicinity. The model was validated for the case of a round bar 
with an axial saw cut as an artificial crack-like defect, 
magnetized by sending a dc-current in the bar in axial 
direction. Dutta et al. [11] also considered the MFL problem 
in 3D by deriving elementary expressions only including 
surface integrals when assuming a paramagnetic approach, 
i.e., a constant permeability. The defects having been 
considered were elliptical and circular side drilled surface 
defects. A third analytical 3D approach worth to be mentioned 
has been published by Dyakin et al. [12], where they solved 
the problem with integrodifferential equations of 
magnetostatics. With this the authors provided equations to 
calculate the leaked field due to the presence of a finite defect 
inside some defined bodies. Some of those solutions had been 
further implemented into FORTRAN finite element 
modelling, which allowed the models to be further generalized 
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regarding to the structures’ geometry as well as the defect 
shapes. 

The need to simulate structures and defects with arbitrary 
shapes leads to FE based numerical tools. COMSOL 
Multiphysics with its electromagnetics module allows 
magnetic flux to be simulated. The approach is based on 
partial differential equations which are formulated based on 
the physical boundaries set and for which an approximate 
solution is sought. The solution is found in a Hilbert function 
space applying mathematical projection methods and 
minimization of especially selected functionals based on the 
scalar product definition of the Hilbert space. Further details 
are to be found in [6,13,14]. 

4 ANALYSIS TOOLS OF A DEFECTED PLATE 

4.1 Numerical simulation 

To demonstrate the capabilities of MFL analysis, a plate made 
of the structural steel S235JR, consisting of a surface defect as 
shown in Figure 4 has been considered. The first problem to 
solve in the simulation is to select the proper boundary 
condition at the edge surfaces of plate perpendicular to the 
field direction to excite a nearly homogeneous magnetic field 
in the defect-free state. The assumption to impress a constant 
north-pole on the left edge surface, respectively a constant 
south-pole on right edge surface, results in extremely large 
plate length- and plate width-dimensions to realize the 
homogeneous condition. 
 

 
Figure 4. Steel plate with surface defect considered for 
analysis (diameter 10 mm, depth 50% wall thickness). 
 
As mentioned before the air box must be much larger than 
where the plate is embedded in. This enhances the 
computational effort tremendously. Therefore, a potential 
boundary condition was selected, which allows to reduce the 
plate size to 35 x 25 x 1.2 cm3 and cylindric defects with a 
half-sphere calotte-like surface shape at the deepest position 
to be included. Diameters of 5, 10 and 15 mm and defect 

depths of 20, 50, 80 and 90 % of the plate thickness were 
selected, respectively. By this choice of the boundary 
condition, the air box volume could be reduced significantly. 
However, to sufficiently achieve a numerical convergence of 
the solution of the discretized problem to the exact solution of 
the problem sought, the air box volume had to be stepwise 
increased and the FE-mesh stepwise refined respectively. 
Figure 5 documents this in cm scaling. 
 

 
Figure 5. Volume numerically analyzed to simulate the 
magnetic scalar potential on a steel plate (dimensions in cm).  

 

4.2 Experimental analysis 

The plates analyzed were those of 35 x 25 x 1.2 cm3 (Figure 
4) in size with artificial defects of cylindrical and calotte type 
shape having depths of 30, 50, 80 and 90 % of the plate 
thickness and diameters of 5, 10 and 15 mm, respectively. An 
overview of the experimental setup is shown in Figure 6. 
 

 
Figure 6. Experimental setup. 

 
A sensor system consisting of two Hall sensors measuring the 
axial (Hx) and the radial (Hz) component of the magnetic flux 
had been used as shown in Figure 7. Due to geometric 
conditions of the sensor’s housing and the location of their 
active region, the two Hall sensors measure the leaked 
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magnetic flux at a nominal lift-off of 3.5 mm (axial 
component in field direction) and 2.1 mm (radial component), 
respectively. 

 
Figure 7. Sensor holder with Hall sensors to measure axial and 
radial component of the magnetic flux. 
 
The plates were exposed to a magnetic field strength of up to 
5.2 kA/m, which placed the magnetization in the near 
saturation region. The MFL measurement was performed on 
the front- and back-side of the plate. 

5 NUMERICAL AND EXPERIMENTAL RESULTS 
Since there are different effects affecting the MFL-based 
process for the inspection case considered, it is worth to 
differentiate between those effects and to see, what those 
mean regarding to the parameters measured. 

5.1 Inner and outer defects 

The characteristic parameter to describe MFL is the magnetic 
field strength H. Since this is a vector in space it can be 
divided into the three components Hx (axial), Hy 
(circumferential) and Hz (radial) as can be recognized for a 
pipeline wall in Figure 8.  
 

Hx Hy Hz

 
Figure 8. Coordinate system for pipeline wall structure. 

 
The results obtained for the three magnetic field strength 

components can be seen for the case of an inner defect being 
circular with a diameter of 10 mm and a depth of 50 % in 
Figure 9. The data shown are obtained for a lift-off of 1 mm, 
which corresponds to the field at 1mm of separation to the 
plate’s surface. An inner defect is to be a defect on the inner 
side of the pipeline’s wall and hence on the side where the 
magnetization device and the sensors are placed. It is 
therefore not astonishing that the defect can be clearly 
recognized in this near-field situation (lift-off small compared 
with the diameter and depth). A similar image is also obtained 

for the case of an outer defect (schematically shown in Figure 
2(b)). 
 

 
 

Figure 9. MFL components obtained for a plate with a 10 mm 
circular inner surface defect drilled up to 50 % of the plate 
thickness: a) Hx, b) Hy, c) Hz. 

 
A comparison of the Hx component along a trace at a 

position y = 0.3 cm in x-direction is shown in Figure 10. 
 

 
Figure 10. Distribution of Hx at position y = 0.3 cm in the case 
of: (a) inner defect and (b) outer defect. 
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Figure 10 illustrates the case of an inner and outer defect 
again at a lift-off of 1 mm. Outer defects clearly can be 
recognized for the magnetization conditions considered here. 
However, due to the larger distance from the sensor at the 
inner side of the pipeline wall to the defect on the outer side a 
smaller maximum amplitude and a larger distance between the 
minima positions is to be found. How this performs in other 
cases is shown below. 

5.2 Lift-off 

Lift-off being the distance between a component’s surface and 
the MFL sensing device is an important parameter related to 
defect reconstrucción. Theoretically the sensor should be as 
close to the surface as possible but must be protected against 
wear. Due to the high speed of a PIG (in gas up to 10m/s) 
vibrations occur and practically generate a lift-off variation. 
This is especially observed if the PIG moves through a pipe 
elbow. 
 

 
Figure 11. Influence of lift-off on leaked magnetic flux for an 
inner defect: a) for the Hx component (axial), b) for the Hz 
component (radial). 

 
Figure 11 shows the influence of lift-off for the Hx and Hz 

component respectively, considering an inner defect. The 
leaked magnetic field strength decreases in a non-linear way, 
as to be expected when looking at the magnetic field lines 
shown schematically in Figure 2. An increase of the lift-off 
from 1 to 4 mm reduces the measured leaked magnetic flux 
intensity easily by a factor of 2 to 4. A deeper defect (larger 
wall thickness reduction) leads to a higher magnetic flux. 

Furthermore, the numerical simulation matches well with the 
results obtained from the experimental validation. 

5.3 Magnetization 

It is obvious, that an increase in magnetization of a component 
considered will also increase the component’s MFL. 
Numerical simulations were performed in that regard and 
some results are shown in Figure 12 for a circular defect with 
a 10 mm diameter, a 50 % wall thickness reduction, and a lift-
off of 3.5 mm. Note that there is an off-set considered in the 
MFL signal, which is the MFL signal measured for the case of 
no defect, i.e. in a homogeneous field excitation. It is to be 
seen that from a magnetization of 3 kA/m onwards a linear 
relationship and hence increase between the magnetization 
and the MFL signal is to be observed. 
 

 
Figure 12. Influence of magnetization on MFL signal Hx 

measured. 
 

Again, the numerical simulations match well with 
experimental validations. Similar trends are also observed for 
the Hz component as well as for the outer defects. 

The degree of linear increase also depends on the depth of 
the defect, as can be seen from some results for Hx and 
different wall thickness reductions shown in Figure 13. 
 

 
Figure 13. Influence of magnetization on MFL signal Hx 
measured for different defect sizes. 

 
The information recorded can therefore be used to draw 

conclusions regarding the defect depth. Furthermore, the 
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defect width seems to have an influence on the gradient of the 
linear increase. 

5.4 Defect Size 

The height of the magnetic field strength including its 
distribution is a strong indicator regarding the defect size. 
This can be seen from the simulation results for a circular 
defect with a diameter of 10 mm and varying defect depths 
shown in Figure 14. This trend is also to be seen with different 
other defect diameters as the results show in Figure 15. It is 
important to mention, that this trend can be linearized in the 
first approach but has some non-linear trends. Numerical 
simulations do match with experiments well. What can be 
additionally determined is the width of the defect. The signal 
peak-width at half-maximum amplitude correlates well with 
the defect diameter, which is indicated with the dashed lines 
in Figure 14. With this the defect can be characterized 
regarding its width and depth respectively. 
 

 
Figure 14. MFL signal Hx for an inner circular defect of 10 
mm diameter and different depths at a lift-off of 3.5 mm. 

 

 
 

Figure 15. MFL signal Hx for three different diameters of 
inner defects in dependence of the defect depth as a 
comparison between numerical simulation and experiment. 

6 COMBINED PARAMETER ASSESSMENT 
Detection of defects in steel structures based on MFL is 
associated with the consideration of parameters of which 
some relevant ones have been addressed so far. Besides the 
magnetization strength, which needs to be sufficiently high, 
the magnetic field strength measured including its distribution 
and its different components are the relevant parameters. With 
respect to the sensor, it is certainly the type of sensor being 
used to be relevant, where only Hall elements have been 
considered here. However, another important parameter is the 
lift-off and how this one performs with respect to the 
measured magnetic field strength on the one side and the 
geometry of the defect to be detected on the other. 

A relationship of all those parameters regarding Hx is shown 
for the case of inner defects in Figure 16. The decrease of Hx 
with increasing lift-off is generally seen. What is also to be 
seen is, that the intensity of this decrease depends on the 
diameter of the defect. A smaller diameter leads to a stronger 
decrease. There is also a clear dependence with the defect 
depth, which had already been shown in the context of Figure 
15. However, this sequence varies in dependence of the lift-
off on the one side and the defect depth itself on the other. As 
can be seen, there are conditions for which a differentiation 
between the different defect depths is impossible at a specific 
lift-off and when the lift-off becomes lower the sequence is 
even inverted. The reason for this is the distribution of the 
leaked magnetic field, which needs to be understood such that 
the appropriate conclusions can be drawn. Those conditions 
regarding the lift-off therefore need to be known, if any 
further interpretation and judgement based on MFL signals 
should be made. Numerical simulations look to be a good 
means to get this clarified. 
 

 
Figure 16. Relationship between MFL signal Hx and lift-off in 
the case of inner defects of different sizes. 
 

It is also interesting to see how those relationships behave in 
the case of outer defects, for which the result is shown in 
Figure 17. In that case, the signal behavior is a monotonic 
sequence which can be clearly established regarding the 
defect diameter as well as the depth. It is obvious that outer 
defects with limited depth are harder to be detected than inner 
defects. 
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Figure 17. Relationship between MFL signal Hx and lift-off in 
the case of outer defects of different sizes. 

 
Similar trends like the one mentioned for Hx, have also been 

observed for Hz, where detailed results are presented in [6] 
including lift-off with respect to MFL signals. Although lift-
off looks to be minimized to maximize the MFL recording 
output, there seems to be a threshold below which the 
interpretation of a damage in terms of size becomes difficult. 
In the case considered here a lift-off of 3.5 mm looks to be 
reasonable, but this statement may not be generalized. A case 
specific answer may only be provided through numerical 
simulation. 

7 DISCUSSION AND CONCLUSIONS 
MFL for steel pipeline wall inspection is an established 
technique. It can reliably inspect a pipeline wall’s thickness in 
accordance with state-of-the-art standards. However, this is 
not satisfactory if more could be achieved. The more could be 
achieved through a variety of additional options, such as the 
use of advanced types of sensors, the use of a higher density 
of sensor elements, in the way of matrix arrays, enhancing the 
MFL pattern mapping by scanning of the structure, and 
possibly other measures. All of this generates an over-
proportional amount of data which needs to be recorded, 
processed, and understood. This understanding is also 
associated with advanced signal processing, from which 
features with significance can be extracted, that allow physical 
phenomena to be interpreted allowing a defect’s geometry to 
be reconstructed. 

What has been shown and discussed here has been results 
for the Hx component mainly, as well as for the case of an 
inner defect. The type of inner defect is the defect to be 
detected with the highest sensitivity and therefore also with 
the comparatively highest reliability. Similar conditions can 
be observed for Hz component and for the outer defects, where 
more details can be found in [6]. It should be kept in mind, 
that this may be additional information that can be used for in 
depth signal processing and may possibly enhance a damage’s 
detectability and geometry reconstruction based on calibration 
curves. 

Although MFL signals look continuous, their interpretation 
can lead to significant challenges, specifically when it comes 
to the detection of wall thickness reduction and this 

specifically regarding their quantification. In that case the 
combination of parameters respecting the specific defect to be 
detected needs to be well understood. This can be achieved 
through numerical simulation, which has been shown for a 
limited number of examples here. What is important is, that 
the numerical simulation is performed in an adequate way. It 
requires to properly define the boundary conditions, to check 
that the iteratively step by step and mesh-refinement obtained 
solutions converge, and to get them experimentally validated. 
It also looks like 3D numerical simulation is required to 
simulate the non-trivial cases, being the practical ones at the 
end. All of this requires high computation power, which has 
been provided at its best over the past and will so in the 
future, with possible limitations to emerge.  

Another interesting idea is the treatment of the defect 
reconstruction problem as an inverse problem. What has been 
shown here is, that this is not principally excluded in the 
context of MFL. This work demonstrates the significance of a 
thorough understanding of the relationship between MFL 
signal features and defect dimensions. Insisting on finding a 
solution to the inverse problem, but disregarding this 
relationship, prevents the improvement of the MFL technique. 

The proposal here is the reconstruction of defects using 
established calibration curves according to previously 
determined defect length. For irregular shape defects is 
necessary to consider MFL signal superposition of single 
defects. This is currently a subject for further longer-term 
exploration. 
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ABSTRACT: Aging infrastructure has become a social problem in Japan. To prevent accidents and reduce the maintenance burden, 

it is crucial to improve inspection techniques' accuracy and reliability. The Hammer test is a widely used technique in visual 

inspection. Technicians judge inspected areas by the sound generated during impacts; technicians' perception determines its 

accuracy. The subjectivity of this method restrains its application in practice. To improve the hammer test's accuracy and reliability, 
it is essential to investigate the technique's mechanism and establish explicit judgment criteria. In this paper, the hammer test is 

applied to plates with various defects. Sound signals are collected by a microphone and location info is capture by a camera. The 

obtained data is processed in the time and frequency domain to investigate the correlation between sound and property variations. 

Duration, peak amplitude, attenuation rate, and frequency component are considered. Sound data is further processed to clarify 

the discrimination between intact and defective areas. Diagnostic criteria of defect judgment only based on sound data are 

established. 

KEY WORDS: Hammer test; Defect inspection; Statistical analysis. 

1 BACKGROUND 

According to the annual investigation by the Bureau of Roads 

(MLIT) [1], among 720 thousand bridges in Japan, 27% of them 

have been in service for more than 50 years, and this percentage 

will rise to 52% in the next decade (2029). The investigation 

also reveals that the number of civil engineers involved in 

bridge maintenance work is very insufficient; 20% of 

administrative regions do not have dedicated engineers. What 

was worse is that over half of the dedicated engineers did not 

get specific training or qualifications. 

Aging infrastructure has become a major social problem in 

Japan. The number of traffic restrictions on bridges has grown 
to three times in the last decades. Deterioration of 

infrastructures even causes fatal accidents; a recent case is 

Sasago Tunnel's ceiling panels falling accident (2012) due to 

deterioration of adhesive bolts. 

Following the Sasaki accident, the Japanese government 

revised the norms relating to the maintenance and inspection of 

the road law in 2013 to legalize inspection standards. A detailed 

ministerial decree was issued later in 2014, stipulating that 

infrastructure should carry out the close inspection every five 

years. 

Problems have arisen in implementing inspection regulations; 
the number of skilled technicians decreases due to the low birth 

rate and aging population; simultaneously, maintenance and 

repair costs are rapidly increasing. To minimize the probability 

of accidents in infrastructure and its life-cycle costs through 

preventive maintenance, it is necessary to apply new 

technologies in infrastructure management systems. 

2 INTRODUCTION 

According to Periodic inspection guidelines for road bridges [2], 

the structure's condition, which is the basis for diagnosing 

soundness, should be determined by close visual inspection. 

The hammer test is widely used for close visual inspection of 

infrastructure, where differences in property can be identified 

by listening to the sound produced during hammer strikes. 

Mechanization of hammer test is considered an approach to 
assist visual inspection by improving efficiency and lowering 

learning costs. 

However, this method has the following disadvantages. 

⚫ Conducting hammer inspection is laborious, and 

recording data and classification is time-consuming. 

⚫ The excitation of the test is not consistent owing to human 

operation. The inspection results are based on personal 

perception, which lacks subjectivity due to its reliance on 

technicians' skills and experience.  

⚫ This method can only detect defects but cannot classify 

and rate them. 

Available studies have proved acoustic emission method could 
accurately detect property varieties. In this method, elastic 

waves generated by plastic deformation or cracks in a solid are 

captured by piezoelectric sensors and transformed into 

electrical signals. The acoustic emission method is 

characterized by detecting cracks while the material is in a 

loaded state. 

Though AE method has the merits of accuracy and 

universality, it mainly worked in the ultrasonic frequency range 

of 100–300 kHz. [4] Moreover, the AE test setup and conduction 

require considerable human labor and proper training of 

technicians. 
On the other side, the sound pressure of audible sound (20-

20 kHz) is the change in atmospheric pressure when disturbed 

by sound waves, which could be easily collected by a 

microphone other than surface-attached sensors. This feature 

might assist the realization of automated inspection. 

The feasibility and applicability of utilizing the audible sound 

for abnormal detection are studied in this paper. A hammer 
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detection system equipped with a camera and a microphone is 

tested. The property changes are expected to be disclosed by 

analyzing the sound signals. 

This paper consists of five parts: in addition to the first two 

parts, the third part describes the setup of the test system, 

presents the data processing and analysis process, and 

investigates the feasibility of sound-based hammer test; the 

fourth part describes the testing on different specimens and 

investigates the applicability of the method in crack detection; 

the last part draws conclusions and provides an outlook for 
future research. 

3 FEASIBILITY OF SOUND-BASED HAMMER TEST 

 Test system 

The test object is the desktop of a wooden table. As shown in 

Figure.1, the column and stiffener below the desktop are 

considered a variation of thickness. The test's objective is to 

classify the area with different thicknesses by analyzing the 

sound generated during the hammer test. 

The desktop's width is 480mm; a square area is selected as 

the inspection zone. As shown in Figure.2, each side of the 

inspection zone is evenly divided into four parts; thus, 16 

square blocks (120mm×120mm) are segmented. In 

consideration of image processing and hitting accuracy, each 
block's edges are covered with tapes. 

The test equipment is a video camera mounted on a tripod 

and a lightweight inspection hammer. As shown in Figure.1, 

the camera is mounted on a tripod with a horizontal center 

column to set it perpendicular to the desktop; the desktop's top 

view without distortion will be captured, which is expected to 

simplify the image processing.  

 

  

Figure 1. Test setup.   Figure 2. Segmentation. 

 

The desktop is hammered at the center of each block one by 

one with almost the same strength. To maintain the consistency 
of the striking strength, the same dropping distance and waving 

speed is suggested. 

The video files generated during the test are saved in MP4 

format, with 25 frames per second. As for audio signals, the 

sampling rate is 44.1kHz, which is two times the audible sound 

frequency range; sound channels are restricted to 2 channel 

stereos by the camera. The hammerhead is painted blue for easy 

identification. 

 

 Data processing 

Data processing and analysis are processed in Python with 

scientific computing packages like SciPy, NumPy, and 

Matplotlib. Figure.3 shows the workflow of the pre-processing 

of the video file. The first step is to extract audio from the video 

file; then, the bitrate is transformed to 16 bits for data 

compression; next, two-channel stereo audio is converted into 

one-channel monaural for the same purpose; at last, the audio 

file is output in 16bits monaural WAV file. Meanwhile, the 

video is divided into segments with time stamps and output in 

MP4 format. In this study, since the number of blocks is small, 

manual localization takes image processing for convenience. 

A silence removal program is used to remove the silent part 
before the segmentation. This program mainly marks each 

strike segment's start and end time, output with the timestamps, 

along with strike serial number in a list. 

Video is divided into segments refer to time stamps and 

output in MP4 format. The output segment MP4 file could be 

positioned to a specific strike's location. In this study, since the 

number of blocks is small, manual positioning is used instead 

of image positioning for convenience. 

 

 

Figure 3. The work flow of data processing. 

 

 Data analysis 

Sound signals in audio are processed both in the time and 

frequency domain. Figure.4. shows the procedure of sound 

signal analysis. 

 

 

Figure 4. The work flow of data analysis. 

 

Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure

372



In the time domain analysis, after the sound is divided 

according to timestamps, the oscillation of each segment's 

amplitude is obtained. Figure 5 shows the signal's decay over a 

segment period and its curve fitting results. The conventional 

method is to find dominant amplitude or calculate the overall 

energy of this segment. [5][6] 

 

Figure 5. Curve fitting of signal attenuation. 

To extract features from the amplitude attenuation diagram, 

we introduce the averaged amplitude, 𝑦. [7] 

 �̄�(𝑡 + 𝑇𝑠) = 𝐴 × 𝑒−𝐵𝑡  (𝑡 > 0) (1) 

Where A is the decay coefficient; B is the decay index. 

The decay coefficient A and the index B can be obtained by 

the curve fitting method. Since coefficient A is affected by the 

segment's starting value, the exponent B will be used for the 

subsequent property discrimination. 

In the frequency domain analysis, the fast Fourier transform 

is applied to extract each strike's frequency characteristics in 

the corresponding time segment. After generating the 

amplitude and frequency data, the frequency eigenvalue 𝑉𝑓 is 

introduced to represent the frequency distribution. It describes 

the distribution of the signal around the center of the spectrum. 

 𝑉𝑓 =
1

𝐴𝑠
√∑ {(𝑓𝑖 − 𝑓)

2
× 𝐴𝑖

2}𝑛−1
𝑖=0  (2) 

 𝑓 = ∑
𝑓𝑖𝐴𝑖

2

𝐴𝑠
2

𝑛−1
𝑖=0  (3) 

 𝐴𝑠
2 = ∑ 𝐴𝑖

2𝑛−1
𝑖=0  (4) 

Where 𝑓𝑖  is the i-th frequency; n is the number of data; 𝐴𝑖 is 

the i-th amplitude. 

The desktop part with nothing underneath and the desktop 

part with column/stiffener beneath are considered to have thin, 

thick, and medium attributes, respectively; their results are 

extracted as the representative value. 

Table.1 presents the mean values of decay index B and 

frequency feature Vf of the chosen blocks. Then B-Vf figure can 

be obtained by setting B and Vf on the X-axis and Y-axis, 
respectively. Figure.6 shows the distribution of the B-Vf values 

when striking at 3 locations. A thickness discrimination map is 

generated by distributing these representative values. By 

clustering algorithms such as K-Nearest Neighbor 

classification, regions with similar attributes could be identified. 

The classifier separates the thin and thick attributes with a line 

in this map. According to the thickness discrimination map, by 

projecting B-Vf values on the map, we can estimate the tested 

region’s thickness property. 

 

Figure 6. Thickness discrimination map. 

Table 1. Result of sound signal analysis. 

Segment Location 
Decay index 

B 

Frequency 

feature Vf 

2 Normal desktop 7.02 35.32 

9 
column 

underneath 
12.85 41.31 

10 
stiffener 

underneath 
11.32 34.60 

 

The result shows that regions with stronger support tend to 

have a larger decay index and frequency feature. It reflects the 

phenomenon that compared with normal regions, the stiffer 
region's attenuation is faster, and its frequency distribution is 

more uniform. 

4 APPLICABILITY OF SOUND-BASED HAMMER 

TEST 

 Test system 

The test system is the same as the previous one. However, this 

experiment's objective is to investigate the feasibility of the 

sound-based hammer test in crack detection furthermore verify 

its generality for different defects. Thus, the specimen is a 

gusset plate that had developed fatigue damage in the middle 

this time (red circle). 

Unlike the common test area of a wooden desktop, the gusset 

plate is a dog-bone shaped steel plate with many bolt holes 
(Figure.7). In this case, the conventional unit dividing is no 

longer suitable. Therefore, representative points are selected to 

represent different parts. 

 

 

Figure 7. Dog-bone shaped gusset plate. 

Figure.8 shows 13 striking points marked on the gusset plate. 

Point no.13 is the location of the fatigue crack. Other points 

represent the middle part, parts near the bolt hole, parts away 

from the bolt hole. 
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Figure 8. Striking points. 

 Data processing 

The pyaudioanalysis package is employed for more detailed 

work in the data process and analysis phase. The analysis step 

is divided into block size in the previous analysis; with the 

pyaudioanalysis package's assist, it is possible to further split 
each strike's segment into frames as short as 0.01s. [8] Various 

features will be calculated for each frame, for each segment, the 

statistical value of each frame's features becomes the feature 

values of that segment. As Table.2 and 3 shows, these features 

could be used in the later analysis. 

Table 2. Time domain features. 

Name Description 

Zero crossing 

rate 

The rate of sign-changes of the signal 

throughout a particular frame. 

Energy 

The sum of squares of the signal values, 

normalized by the respective frame 

length. 

Entropy of 
energy 

The entropy of sub-frames’ normalized 
energies. It can be interpreted as a 

measure of abrupt changes. 

 Data analysis 

Feature extraction in this experiment is different from the 

previous one. In the last program, the coefficient method is 

used to find decay index B for each strike. Decay index is an 

intuitive feature that reflects the surface's stiffness to a certain 

extent. [3] In this case, bolt holes' presence causing changes in 

the distance from the edge, which will affect the supporting 
condition of each part, and eventually leads to stiffness changes 

and decay rate changes. 

Instead of finding the isolated feature like the decay index, 

the entropy of energy is introduced in the time domain analysis. 

Set the energy of each sampling point is 𝑒𝑖, then the energy of 

each frame E: 

 𝐸 = ∑ 𝑒𝑖
2
 (5) 

Select every 10 frames as a sub-frame, then the total number of 

sub-frame j: 

 𝑗 = ⌊⌋(𝑖/10)  (6) 

In which, i ∈ [𝑗, 𝑗 + 9] 
Normalized sub-frame energy sj: 

 𝑠𝑗 = ∑ 𝑒𝑖
2𝑗+9

𝑗 /𝐸 (7) 

The entropy of energy: 

 𝐸𝑛𝑡𝑟𝑜𝑝𝑦 = − ∑(𝑠𝑗 ∗ log2 𝑠𝑗) (8) 

The entropy of energy is a relatively complex feature extracted 

from the time domain, reflecting the signal's uniformity in each 

segment. The more uniform the distribution is, the greater the 

entropy. Here, uniformity means the range of amplitude values 

is very wide rather than concentrated in a narrow area. It 

describes the time domain distribution of signal, which 

represents the continuity. 

In the frequency domain, spectral centroid, spectral centroid, 

and spectral entropy are chosen to analyze with the entropy of 

energy, respectively. 

Table 3. Frequency domain features. 

Name Description 

Spectral centroid The center of gravity of the spectrum 

Spectral spread 
The second central moment of the 

spectrum 

Spectral entropy 
The entropy of the normalized spectral 

energies for a set of sub-frames 

 

The spectral spread refers to the second central moment of 

the spectrum, which describes the signal distribution around the 

spectrum center. It is the Vf mention in the last experiment. 

However, this feature is not comprehensive enough to work 

with energy entropy. 

The spectral centroid refers to the center of gravity of the 
spectrum, which contains less information. So, this feature's 

performance is even worse than the formal one. 

The definition of spectral entropy is the same as the entropy 

of energy. The more uniform the distribution is, the greater the 

entropy. As shown in Figure 9, Tests show that energy entropy 

and spectral entropy are very useful in classification under a 

complicated scenario.  

 
Figure 9. Discrimination map of gusset plate. 

 

For crack detection, the cracked part's stiffness is smaller 

than that of the intact part. The amplitude distribution of the 

cracked part is often larger than that of the intact part, which 

leads to a larger energy entropy in the cracked part than in the 
intact part. In this test, the normal part's spectral entropy is 

higher; this may be due to the complex geometry of the gusset 

plate. Of course, there are several misjudgments in the 

discrimination map. It might be the uneven hit by the human 

operation, which needs to be eliminated by normalization with 

the aid of force data in future studies. 

To verify the versatility of the sound-based hammer method, 

the previous experiment is reconducted on a defective desktop 

(voids) using the same method yields the results shown in 

Figure 10： 
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Figure 10. Discrimination map of the defective desktop. 

 

With much more samples as the train set in the wooden 

desktop inspection test, the demarcation line between the 

soundness and void（support condition） becomes clearer. On 

the standard region, since the reaction force or acceleration of 

the surface is relatively identical, these regions' frequency 

entropy tends to be relatively small and gathered together. For 

the defective part (with void), since the surface's vibration will 

be larger than the regular part, the sound pressure tends to have 

various values, which increases the entropy. This result 

indicates the applicability of sound-based hammer inspection 

in void detection. 

 

5 CONCLUSION & PROSPECT  

The study verifies the feasibility of the sound-hammer test and 
its versatility to different types of defects. The inspection 

system equipped with a camera and microphone can detect 

property variance, revealing its potential to improve inspection 

efficiency in maintenance practice. 

More sophisticated classification algorithms, such as deep 

learning and ensemble learning methods, should be introduced 

to improve attribute discrimination accuracy. 

In future research, a batch of simple specimens will be tested 

to find the relationship between acceleration and sound 

pressure, and tests will be conducted on dedicated specimens to 

investigate the practical use of sound-based hammer tests. 
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ABSTRACT: This study examined probability of detection (POD) in acoustic emission (AE) tests for detecting fatigue crack 
growth. AE is a passive nondestructive evaluation method that relies on the propagating elastic waves released from active defects.  
As the amplitude of AE signal depends on the energy released by active defects, conventional probability of detection (POD) 
applications for AE is based on the source amplitude distribution and the attenuation curve. On the other hand, as the AE sensors 
are highly sensitive to structural movements such as friction and rain impact, the AE amplitude distribution can be affected by 
secondary emissions. The method typically requires a threshold to record the signal; therefore, it plays significant role in the 
development of POD model. In this study, the POD models for detecting primary AE signals with and without frictions emissions 
at different threshold levels were studied. The POD models were built based on classical Beren framework using the signal 
response analysis. The signal response was defined as the cumulative AE energy. The progress of crack growth was monitored 
real time by microscopic camera; and the crack lengths in different fatigue cycles were extracted from images.  Four sets of 
compact tension specimens were tested under the same fatigue setting with different thresholds. Two of the samples had 
mechanical filters to isolate the friction emission from loading grips. Using the crack data, and the AE response data from fatigue 
experiments, the POD models to predict the crack length for different levels of noise interference and threshold levels were 
developed.  
 

KEY WORDS: acoustic emission; probability of detection; background noise; crack detection. 

1 INTRODUCTION 
The detectability of a particular size of flaw in materials is 
represented by probability of detection (POD).  If the signal 
amplitude detected by a sensor due to flaw is below threshold, 
flaw cannot be detected by nondestructive evaluation (NDE) 
method [1]. The POD curve is a standard statistical approach in 
NDE methods with values from zero to one and built using 
experimental or model-assisted approach  [2]. In general, POD 
increases with the increase of flaw size. However, as the AE 
method depends on the detection of propagating elastic waves 
released by active defects, the POD of AE depends on the 
energy release rate. 

As the detection of active flaws with the AE method has 
stochastic nature, the conventional POD models need to be 
modified. The first theory of the POD of AE was presented by 
Pollock in 2007 [3]. In this study, POD curve was built crack 
growth behavior (e.g., Paris Law for fatigue loading) and 
attenuation profile obtained experimentally. The POD for a 
specific source and distance was calculated by combining 
source amplitude and attenuation curve with Poisson statistics. 
It was pointed that the POD model for AE would require the 
inclusion of the entire chain of AE measurement from source 
to data acquisition setting [4]. Sause et al. listed the factors 
affecting the POD of AE as source variability, propagation 
effects, sensor variability and data acquisition system [5]. They 
expanded the Pollock’s approach in their study. They defined 
the POD as the ratio of number of detected AE signals (above 
the threshold) and number of total AE signals released from AE 
source. The POD curve depends on the expected AE amplitude 

distribution at the source recorded from a set of experiments 
and the attenuation profile. Diakhate et al. studied the POD of 
accurate source localization in wood materials by applying 
pencil lead break stimulation as an artificial AE source at 
different positions along the wood material for a selected AE 
threshold [6]. They described the crack progress in wooden 
specimen subjected to the stress using the AE data. The POD 
was calculated to characterize the uncertainties of AE testing 
and improve the experimental protocol [7]. Niri et al [8] 
presented a probabilistic framework to implement the AE 
localization in a cylindrical structure. The uncertainties in time 
of flight were determined. In their another study, they used the 
same probabilistic framework to consider the influence of 
ambient noise on the POD model. The probability density 
functions of noise and signal were established [9].  Rauscher 
[10] noted the importance of POD in AE for quantifying the 
reliability of AE measurement. Maghsoudi et al. [11] 
introduced the probability to estimate the magnitude of 
completeness associated with the magnitude, source-receiver 
Euclidian distance and direction by using the AE data.  

The current studies are based on the fact that the detected AE 
events represent the detection of flaw. However, the AE data 
set can be influenced by the presence of secondary emissions 
(such as friction, not representing flaws). Friction released from 
loading fixture and pins in a fatigue testing machine releases 
AE signals with frequency and amplitude similar to damage-
related AE signals [12]. This study presents the likelihood of 
tracking fatigue crack growth with the AE method under the 
conditions of with and without secondary emissions. 

The probability of detection for acoustic emission to assess the crack growth 

in steel structures  
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Registering an AE signal as a true signal representing crack 
growth is verified by crack length – cumulative AE energy 
behavior. Additionally, the influence of threshold to the POD 
of AE is experimentally studied.  

2 DATA SETS FOR THE POD MODEL 

 Noise Isolation with Metamaterial Layer 

The metamaterial is a new class of material with unique 
effective properties gained through periodic arrangement 
composite elements. It is shown that a metamaterial layer can 
generate a band gap in its dispersive curve that can block 
propagating elastic wave due to local resonance. The approach 
to minimize the influence of secondary emissions released from 
a known location was presented in [13].  

 
Figure 1. (a) The concept of blocking secondary emissions, 
(b) unit cell model and its dispersion curve. 

 
The fatigue crack growth in metals generates a wideband AE 

source. The AE sensor typically resonant type detects the 
propagating elastic wave. By placing metamaterial layer 
between the AE sensor and the source releasing secondary 
emission, shown in Figure 1a, the detection of secondary 
emission by the AE sensor is prevented. The unit cell of 
metamaterial layer consists of a cylindrical stub attached on the 
plate surface, shown in Figure 1b. Periodic boundary 
conditions are defined at the four edges of plate. The 
eigenfrequency study by sweeping the wavenumbers to find the 
eigenmodes of the structure at different values of the wave 
vector (, X and M) is shown Figure 1b. The highlighted region 
shows that there is no eigenmode indicating the stop band 
region of unit cell. It is tuned near 150 kHz, typically AE 
frequency used in metals. The stop band range can be varied by 
changing unit cell size as well as stub dimensions.  

 

 
Figure 2. The compact tension geometry with plain sample 
(PL) and sample with stubs (ST). 

 Compact Tension Specimens 

Four standard compact tension (CT) specimens were machined 
out of a 3.175 mm thick aluminum 7075-T6 plates following 

ASTM E-647-15 standard. To study the influence of secondary 
emissions to the POD of AE, two samples with and without 
isolating friction emissions were compared. Figure 2 shows the 
plate dimensions and the configurations with (ST sample) and 
without (PL sample) mechanism to block friction emission.  
 

To study the influence of threshold to the POD of AE, two 
other samples were tested with different threshold values. Each 
CT sample was instrumented with two AE sensors, namely R6 
(near 60 kHz resonant frequency) and R15 (near 150 kHz 
resonant frequency – tuned to the stop band of metamaterial 
layer). The fatigue characteristics of the samples were kept 
identical. Table 1 shows the sample and data acquisition 
characteristics as well as fatigue crack growth behavior at the 
end of each experiment. The fatigue loading was performed 
using a cycle rate of 2 Hz in load control mode with the constant 
minimum and maximum tension forces of 1500 N and 200 N, 
respectively. An optical microscope with a magnification rate 
of 40X was used to measure the crack length at different 
temporal positions.   

 
Table 1. The sample characteristics. 

 

 

3 THE POD MODEL 
The POD AE model was built using the signal response 

analysis where the recorded defect response was correlated 
with the defect characteristic dimension. The first hypothesis is 
that the detectability of crack growth increases with the 
increase of AE amplitude. The AE amplitude is related to the 
source energy release. The energy release of fatigue crack 
growth is related with the AE amplitude. Instead of crack length 
as the measured variable, AE amplitude (𝐴) is defined as the 
independent variable to build the POD model. The POD 
function is defined as [14, 15] 
 

𝑃𝑜𝐷(𝐴) = Φ[
ln(𝐴) − 𝜇

𝜎
] 

(1) 

 
Φ is standard normal cumulative distribution function, 𝜇 and 𝜎 
are the mean value and standard deviation of AE amplitude 
distribution, respectively.  
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Figure 3. The crack growth and cumulative AE energy behavior 
for (a) R6 obtained from PL1 sample, (b) R15 obtained from 
PL1 sample, (c) R6 obtained from ST1 sample and (d) R15 
obtained from ST1 sample.  

 
The second hypothesis is that the cumulative AE energy is 

linearly proportional to the total crack length. Figure 3 shows 
the relationship between crack length and cumulative AE 
energy. The sampling times of the crack length data measured 
by the optical microscope were matched with the AE data 
points by applying linear interpolation function. While R6 
responses obtained from PL1 and ST1 samples are similar, a 
drastic difference between R15 data obtained from PL1 and 
ST1 samples was observed as the ST1 sample had metamaterial 
layer tuned to 150 kHz stop band for blocking emissions from 
loading grips. The classical Berens framework for signal 
response was applied for �̂� (𝑐𝑢𝑚𝑢𝑙𝑎𝑡𝑖𝑣𝑒 𝐴𝐸 𝑒𝑛𝑒𝑟𝑔𝑦) and 
𝑎 (𝑓𝑎𝑡𝑖𝑔𝑢𝑒 𝑐𝑟𝑎𝑐𝑘 𝑙𝑒𝑛𝑔𝑡ℎ) with the Maximum Likelihood 
Estimation (MLE) of linear regression over signal responses 
[15]. The classical Berens POD function was obtained by 
 

ln(�̂�) = 𝛽𝑜 + 𝛽1 ln(𝑎) + 𝛿 (2) 

where 𝛽𝑜 and 𝛽1 are parameters of linear response on 
cumulative AE energy and 𝛿 is the random error. The POD 
function was determined using the distribution property of 𝛿.  
 
The POD is calculated by  
 

POD(a) = Φ[
ln(𝑎) −

𝑙𝑛�̂�𝑡ℎ𝑟 − 𝛽𝑜

𝛽1
𝜎𝛿

𝛽1
⁄

] 

 
(3) 

where �̂�𝑡ℎ𝑟 is the minimum detectable response threshold, 𝜎𝛿  is 
the standard deviation of 𝛿 shown in equation 2. 

 (a)  

(b)  
 
Figure 4. AE amplitude distributions of (a) R6 obtained from 
PL1 sample, (b) R15 obtained from PL1 sample. 

4 RESULTS 
In this section, the AE behaviors of CT samples were compared 
to understand the influence of blocking friction emissions from 
the data set and threshold to the POD of AE.  

 AE Amplitude-based Approach 

The histograms of AE amplitudes with the normal distribution 
function obtained from PL1 sample are shown in Figure 4. The 
total numbers of AE hits detected by R6 and R15 sensors are 
271,473 and 67,021, respectively. As R6 sensor was tuned to 
lower frequency range, it detected more AE signals while its 
threshold was set higher (see Table 1). Both sensors have the 
majority of AE signals near their threshold levels. The mean 
and variance of R6 amplitudes are 51.09 dB and 2.08 dB, 
respectively. The mean and variance of R15 amplitudes are 
45.611 dB and 0.97 dB, respectively. Chi-square goodness-of- 
fit test using Matlab chi2gof function results zero for both data 
sets, which indicates the fitness to normal distribution.  
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 (a)  

(b)  
 

Figure 5. AE amplitude distributions of (a) R6 obtained from 
PL1 sample, (b) R15 obtained from ST1 sample. 
 

Figure 5 shows the amplitude distributions of R6 and R15 
with normal distribution curves using the data obtained from 
the ST1 sample. As the data obtained from R15 sensor of the 
ST1 sample was limited to the crack related activities, number 
of AE hits were significantly less than those of R6 and R15 
sensors obtained from PL1 sample. The total numbers of AE 
hits detected by R6 and R15 sensors are 446,603 and 1163, 
respectively. While all the AE setting and loading variables are 
the same for PL1 and ST1 samples, R6 sensors detect higher 
hits in ST1 sample as compared to PL1 sample. Total 
experiment duration of ST1 sample is longer leading to longer 
crack length, see Table 1, which increases total hits detected by 
AE sensors. The mean and variance of R6 amplitudes are 51.1 
dB and 1.98 dB, respectively. The mean and variance of R15 
amplitudes are 48.73 dB and 18.12 dB, respectively. While R6 
results for PL1 and SL1 are similar, the variance of R15 
obtained from SL1 sample is significantly higher than the 
variance of R15 obtained from PL1 sample. Chi-square 
goodness-of- fit test using Matlab chi2gof function results zero 
for R6 while it results in 1 for R15 due to insufficient number 
of data points to fit into normal distribution. Different 
distribution curve rather than normal distribution can be tested 
for R15.   

 (a)  

(b)  

Figure 6. The AE POD obtained from (a) PL1 sample and 
(b) ST1 sample using equation 1. 

The POD curves using cumulative distribution function of 
AE amplitude histograms are shown in Figure 6. The results of 
R15 and R6 obtained from PL1 sample are similar, Figure 6a. 
The curve depends on the AE threshold values, which were 
different for R15 and R6 sensors (see Table 1). Threshold limits 
the minimum detectable AE signal. For the case of ST1 sample, 
R15 behavior is different than R6. A smoother transition, 
similar to the POD behavior reported in literature, is observed.  

 

 
Figure 7. The relationship between crack length and cum AE 
energy with curve fit and residuals for ST1 and R15 sensor. 

 AE Energy-based Approach 

In the second approach, the cumulative (cum) AE energy is 
defined as the signal response, �̂�. The relationship between cum 
AE energy and crack length, 𝑎, are shown in Figure 3. Using 
the equation 2, 𝛽𝑜, 𝛽1, 𝛿 and 𝜎𝛿  were obtained. As an example, 
Figure 7 shows logarithmic crack length versus logarithmic 
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cum AE energy obtained from ST1 sample and R15 sensor. The 
value 𝑙𝑛�̂�𝑡ℎ𝑟 is assigned as 6 for the R15 PoD model where the 
linear relationship starts with the minimum residual values.  

Figure 8 shows logarithmic crack length versus logarithmic 
cum AE energy obtained from ST1 sample and R6 sensor. 
Larger residuals are observed in R6 data as compared to R15. 
The value 𝑙𝑛�̂�𝑡ℎ𝑟 is assigned as 13 for R6 PoD model where the 
linear relationship starts with the minimum residual values. 
 
 

 
Figure 8. The relationship between crack length and cum AE 
energy with curve fit and residuals for ST1 and R6 sensor. 

 
Table 2 summarizes the values to build the POD curves. The 

value for �̂�𝑡ℎ𝑟 depends on the sensor type. As R6 has lower 
frequency range compared to R15 and no noise blocking 
mechanism at its frequency range is implemented, a higher 
threshold value is set. The goodness for fit is measured by R2. 
In general, both data sets have good fitness to linear regression 
between logarithm of crack length and logarithm of cum AE 
energy. The curve fit values 𝛽𝑜 and 𝛽1 depend on experiment, 
which indicates the influence of AE threshold to the AE data 
set while the samples are exposed to similar fatigue loading. 
The best curve fit is obtained using ST2 sample and R15 sensor 
as 0.956 R2 value. Figure 9 shows the relationship between 
logarithmic of crack length and logarithmic of cum AE energy 
for ST2 sample and R15 sensor. The figure indicates smaller 
residuals as compared to ST1 and R6 data.  
 

Table 2. The POD approach using equations 2 and 3. 
 

Sample, 
Sensor 

𝛽𝑜 𝛽1 𝑅2 𝜎𝛿  𝑙𝑛�̂�𝑡ℎ𝑟 

ST1, R15 3.439 0.5938 0.891 0.2925 6 
ST1, R6 8.724 0.8409 0.921 0.288 13 
ST2, R15 -1.453 1.267 0.956 0.2297 6 
ST2, R6 9.108 0.7103 0.923 0.3236 13 

 

 
 

Figure 9. The relationshipj between crack length and cum AE 
energy with curve fit and residuals for ST2 and R15 sensor. 

 
Figure 10 shows the AE POD curves using ST1 data. The 

result indicates higher POD using R15 sensor as compare to 
R6. This is mainly due to the fact that friction emissions for 
R15 frequency range were blocked with metamaterial and 
lower threshold could be set.  
 

 
Figure 10. The AE POD for ST1 sample. 

 
Figure 11 shows the POD results for ST2 sample. While the 

threshold values are set lower in ST2 sample, the POD for 
detecting crack length smaller than 1 mm is smaller. This is 
interpreted as the influence of friction emissions and boundary 
reflections to obtain good POD curve using cumulative AE 
energy as the response data. The POD curves highly depend on 
the definition of response threshold value, �̂�𝑡ℎ𝑟, used in 
equation 3. A further investigation is needed to study its 
influence and the selection of other AE features as the response 
value such as cumulative count, cumulative hit and cumulative 
absolute energy.   
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Figure 11. The AE POD for ST2 sample. 

5 CONCLUSIONS 
In this study, the probability of detection approach based on the 
classical Beren framework using signal response in relation to 
fatigue crack length was applied to the AE data obtained from 
compact tension specimen under fatigue loading. The 
behaviors of two different sensors, data sets with and without 
blocking friction emissions and two thresholds were evaluated 
to build the POD models. It was shown that decreasing the 
threshold while eliminating secondary emissions from the AE 
data set improved the POD model. However, further decrease 
in threshold caused the detection of secondary emissions, 
including friction emissions and signal reflections from the 
boundaries, which led to the decrease in the POD. Further 
experiments and analyses are needed to validate the AE POD 
model built using AE feature as response data in the Beren 
framework.  
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ABSTRACT: In this work, we propose an innovative, low-cost and low-weight Sensor Node (SN) which can yield fast deployable 
sensor networks for long–term and real–time acoustic emission (AE) monitoring. Thanks to the interface and architecture of the 
developed system, Digital Signal Processing (DSP) functionalities were embedded in the proposed SN which are exploited for 
AE features extraction and signal characterization, compliant with a complete Structural Monitoring analysis. The on–board DSP 
strategy, performed in close proximity to AE transducers at monitoring facility, permits to significantly minimize the sensitivity 
to external noise which is the key reason for the poor signal-to-noise ratio of AE equipment in situ. The results of versatile testing 
experimental campaign demonstrated the applicability of the developed low-cost AE prototype to confidently detect and monitor 
AE activity in various materials. 

KEY WORDS: Structural Monitoring, Acoustic Emission, Low-Cost Sensor Node. 

1 INTRODUCTION 
Over the past decades, technical progresses in the electrical 
instrumentation field have paved the way to the development 
of miniaturized and energy efficient instruments for Structural 
Health Monitoring (SHM). Among the variety of methods used 
for this purpose, the technique based on acoustic-emission (AE) 
provides a valuable approach not only for the continuous 
detection of micro and macro changes in the controlled 
structure subjected to either static or dynamic loads, but also 
for the localization of the damage itself. In spite of this, AE 
based monitoring is still far from ubiquitous long-term 
deployment for several reasons. It is beyond argument that one 
of the problems is the complexity in the design of the optimal 
architecture in terms of sensing systems, which is a pillar for 
the obtainment of high signal-to-noise ratios. However, the 
deployments cost ultimately determines the demand coverage 
and it is worth observing that the existing state-of-the-art AE 
systems are far from being low-cost solutions. 

From this perspective, the global objective of this work is to 
present an innovative sensor network with a number of 
advantages over existing monitoring systems. In this work, we 
propose a prototype of AE system which is specifically 
designed to perform continuous monitoring of large structures 
by means of smart devices and a communication interface. This 
miniaturized acquisition system able to acquire, pre-process 
and characterize signals for a real-time continuous monitoring. 
Each measurement unit, so called ‘Sensor Node’ (SN) of the 
network features up to three independent acquisition channels 
with built-in post-processing functionalities for incoming 
signals. Each channel can be connected to a piezoelectric (PZT) 
transducer to passively acquire acoustic emissions (in terms of 
bulk and/or guided waves) originated by impacts, corrosion, 
cracking or other source phenomena propagating along the 
structure. Besides, being the SN a multi-sensing platform, each 
channel can be equipped with Negative Temperature 
Coefficient (NTC) thermistor sensors for temperature 

monitoring and/or with Microelectromechanical systems 
(MEMS) microphones for rain monitoring. 

Another distinctive feature of the proposed architecture is its 
orientation on the sensor-near monitoring paradigm, i.e. the 
capability to process signals in close proximity to AE 
transducers at the inspected facility. This peculiar feature 
allows a consistent reduction in the length of the coaxial cables 
traditionally used by AE bulk instrumentation and, as an 
immediate byproduct, it minimizes the sensitivity to external 
noise, which is the general key reason for the poor signal-to-
noise ratio (SNR) of AE equipment in situ. 

The paper is arranged as follows. Section II briefly describes 
the sensor node architecture mostly focusing on AE feature 
extraction algorithms embedded into the developed SN, also 
including their mathematical statements. Then, results related 
to the metrological verification of the developed sensor node 
using high-precision measuring equipment are presented. 
Section III is devoted to the experimental campaign presenting 
the methods and the main results coming from laboratory tests 
performed on various materials as well as verifying the 
developed system in the monitoring mode. Finally, conclusions 
will be drawn in Section IV. 

2 OVERVIEW OF THE PROPOSED AE SYSTEM 

 Sensor network architecture and sensor node overview 

The Smart Sensor Network (SSN), whose interface and sensor 
architecture were previously presented in [1] in detail, is 
specifically designed to handle continuous monitoring in large 
structures. The core of the SSN and the main focus of this work 
is devoted to the so called piezoelectric ‘Sensor Node (SN)’, a 
miniaturized acquisition system able to acquire, pre-process 
and characterize AE signals for a real-time continuous 
monitoring. Each device of the network features up to three 
piezoelectric acquisition channels which passively acquire bulk 
and/or guided waves originated by impacts, corrosion, or other 
source phenomena, which travel along the sensorised structure. 
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Up to 64 devices (and 192 transducers) at a time can be 
connected in a daisy-chain fashion and orchestrated by a 
network interface (gateway) unit. The communication between 
the main actors of the network relies on a Sensor Area Network 
(SAN) bus exploiting Data-Over-Power (DoP) communication.  

The printed circuit board of the proposed sensor node (shown 
in Figure 1) is about 30x23 mm wide, consumes less than 40 
mA when the bus supply voltage is 5 V, and weighs less than 
5 g. Communication to a notebook PC or to an embedded 
platform like a Raspberry is performed in a half-duplex fashion 
at an effective speed of 200 ksps by means of a low-voltage, 
high-speed, half-duplex RS485 transceiver (XCVR). A high-
pass capacitive filter made up of purely passive components is 
used both to interface the transceiver to the DoP bus and to 
fail- safe polarize the RS485 data lines. A low-pass inductive 
filter is also present to connect the bus to a low-dropout (LDO) 
voltage regulator, allowing it to draw power from the DoP 
network without interfering with data transmission. In 
particular, a Texas Instrument LM3480 100 mA linear voltage 
regulator is employed. 

 
Figure 1. Printed circuit board of sensor node. 

A coin-size preamplifier is embedded directly on each low-
cost PZT buzzer disk (whose cost does not exceed $2 per unit) 
to enhance the sensitivity and the signal-to-noise ratio of the 
SN acquisition channels. The printed circuit board of the 
preamplifier and its protective case are shown in Figure 2. 

  
Figure 2. Preamplifier on a low-cost PZT disk in a protective 
case. 

In particular, the circuit is made of three main blocks: a high-
gain, common source single stage JFET amplifier with active 
load, a passive filter and a polarization circuit. The frequency 
response presents a gain of 19 dB in the bandwidth ranging 
from 5 kHz to 1 MHz. Moreover, a low noise density of about 

31 nV

√Hz
 at 100 kHz and the low harmonic distortion, with a 

Spurious Free Dynamic Range (SFDR) computed on the first 
harmonic of 40 dB, make the preamplifier suitable for high 
precision acoustic emissions applications. 

The core of the sensor node is the STMicroelecronics 
STM32F3, a low voltage 32-bit mixed signal microcontroller 
(MCU) which integrates both Digital Signal Processing (DSP) 
and Floating-Point Unit instructions. Moreover, the MCU 
embeds high precision analog components, such as four Analog 
to Digital Converters (ADCs) with a resolution up to 12 bit via 
successive approximation and embedded voltage reference, 
four rail to rail input/output, low offset voltage Programmable 
Gain Amplifiers (PGAs) and two 12 bit Digital to Analog 
Converter (DAC) channels which allow to obtain the maximum 
output swing. Program instructions and filter coefficients are 
stored in a 256 kBytes Flash memory embedded within the 
MCU for the purpose of data pre-processing. After pre-
processing, time-domain data are stored in an external 1 Mbit 
serial SRAM, accessible via Serial Peripheral Interface (SPI) 
bus. It features a very low power consumption: when in standby 
mode, only 2 µA are absorbed from the 3.3 V power supply, 
while operative current is less than 2 mA. An industrial 
temperature range device was chosen. 

Moreover, the signal processing capabilities of the node are 
exploited to permit for AE feature extraction, impact 
localization and signal characterization, compliant with a 
complete SHM analysis. Thus, it is possible to perform in 
real- time and over-time the estimation of several signal 
features which are usually required by AE testing protocol for 
damage assessment, such as Peak Amplitude, Rise Time, 
Duration, Energy, Counts, time of arrival.  

In terms of signal processing functionalities, the developed 
AE-prototype is able to collect data in two main modes:  
• recording/transferring mode, including raw data and 

amplitude-time data;  
• monitoring mode, performing on-board post-processing by 

storing AE events in the internal memory and then 
forwarding them when requested by the PC station. 

 On-board signal processing of AE signals 

The embedding of AE feature extraction algorithm on the 
sensor node board has been implemented in compliance with 
internationally recognized American and Japanese standard 
practices for AE inspection, such as ASTM(1985), 
ASTM(2011) [2], [3] for Fiberglass Reinforced Plastic Resin 
Tanks/Vessels, JIS Z 2342-2002 (2002) [4] for pressure vessels 
and also Recommendation of RILEM TC 212-ACD (2010) for 
reinforced concrete beams. Therefore, the embedded signal 
processing capabilities allow to perform several signal features 
extraction such as Peak Amplitude, Rise Time, Duration, 
Energy, AE Counts which are schematically indicated in 
Figure 3. Post-processing of these parameters in turn allows for 
the computation of additional signal parameters, such as 
Average Frequency, cumulative representations of Energy, 
cumulative Hits and cumulative AE count and others which are 
the key features for damage assessment of various structures 
under static and dynamic load. 

Firstly, triggering event over amplitude threshold is 
performed. Then basic AE signal features pinpointed in Table 1 
need to be estimated which determine the time boundaries of 
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an AE event. For filtering noise-like events, which are usually 
characterized by high frequency and short duration, a 
preliminary signal check is performed to exclude unwanted 
signals for further analysis. Optionally, it is also possible to 
filter the signal at an earlier stage by the number of threshold 
crossings between t0 and tend in accordance with existing 
practices in the AE field. 

 
Figure 3. Main acoustic emission signal parameters. 

Table 1. Basic and principal selected parameters of signal. 

Feature Basic selected parameters of AE 

signal 

Unit 

t0 Time of first threshold crossing [s] 
tend Time of last threshold crossing [s] 
tpeak Time of maximum signal voltage [s] 
Umax Peak amplitude - maximum signal 

voltage 
[mV] 

Npeak Number of threshold crossings 
between t0 and tpeak 

[-] 

- Principal AE signal parameters - 
tAE Duration - time between first and last 

threshold crossing of signal 
[s] 

NAE AE count - number of threshold 
crossings 

[-] 

Apeak Peak amplitude, whose calculation 
formula is given in the equation 1 

[dB] 

TRiseTime Rise time, whose calculation formula 
is given in the equation 2 

[s] 

E AE signal energy, whose calculation 
formula is given in the equation 3 

[aJ] 

The next step of the implemented algorithm is to derive more 
challenging AE parameters such as peak amplitude in dB 
relative to 1 µV, rise time in microseconds and AE signal 
energy in aJ (10-18 J) which are mathematically described in 
equations 1-3. 

 𝐴𝑝𝑒𝑎𝑘 = 20 log (
𝑈𝑚𝑎𝑥

1 𝜇𝑉
) − 𝑑𝐵𝑎𝑚𝑝𝑙𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 (1) 

where dBamplification is the overall gain factor in dB.  

 𝑇𝑅𝑖𝑠𝑒𝑇𝑖𝑚𝑒 = 𝑡0 − 𝑡𝑝𝑒𝑎𝑘 (2) 

 

 𝐸 =  ∫ 𝑈𝑖
2𝑡𝑒𝑛𝑑

𝑡𝑝𝑒𝑎𝑘
(𝑡) 𝑑𝑡 (3) 

where Ui is the instantaneous signal amplitude varying in the 
time interval from the time of first threshold crossing, t0 to the 
time end tend of the AE signal under the threshold line. 

 Metrological validation of the algorithm 

After embedding the algorithms into the sensor node, a 
preliminary validation phase was performed. A schematic 
diagram of the employed equipment and the relative 
connections are depicted in Figure 4. Such a scheme involves 
the use of radio pulse type signals consisting of a sinusoidal 
burst packages as simulation of AE events, whose amplitudes, 
repetition periods, and duration are set with high precision by 
the AWG Agilent 33250. The number of preset sinusoids in one 
burst also allowed for a reliable check of the AE count crossing 
threshold. A Digital Oscilloscope (Tektronix PDO 3014) was 
used as a control signal instrument. Moreover, a 10 nF 
capacitor was exploited as the electrical equivalent of a 
piezoelectric sensor typically connected to the SN. 

 

Figure 4. Equipment connection diagram to test AE features 
processed on-board. 

Test signal parameters were chosen as follows:  
• sinusoidal burst frequency –100 kHz,  
• peak signal amplitude – 1.5V (or 3 V peak-to-peak),  
• burst duration – 20 cycles (equivalent to 200 µs of 

duration at a frequency of 100 kHz).  
A sample rate of 500 kHz was chosen to gather data in a time 
window of 1 ms. After manual triggering of the signal’s raw 
waveforms together with on-board processed AE features 
were transferred from the SN to the PC through a companion 
gateway device for subsequent verification. The main results 
comparing the correspondence of built-in algorithms with 
their theoretical expectations as described in Figure 3 are 
provided in Table 2. 

Table 2. Build-in algorithms verification. 

AE feature 
Mathematically 

estimated 

Computed 

in SN 

Absolute 

error 

Peak amplitude, 
dB 123.52 123.71 0.19 

Duration, ms 0.2 0.2 0 
Energy, aJ 97.6405 99.69 2.05 
AE Counts 20 21 1 
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3 EXPERIMENTAL VALIDATION 
The main objective of the experimental campaign was 
(i) testing of the developed prototype of AE system both in 
terms of sensitivity to different materials used in the industry, 
and (ii) assessing the performances in a relatively long-term 
monitoring regime close to in situ conditions. 

 Methods 

As far as the material test was considered, two sample 
1000 mm x 1000 mm square plates with thickness of 3 mm 
were exploited, the first one made of aluminum and the second 
one being a carbon fiber material. The widely known 
Hsu- Nielsen method [5] (pencil lead break) was used as the 
excitation source for wide-band frequency acoustic events. 
Three transducers with built-in pre-amplifiers were arranged in 
lines, each sensor 10 cm apart from the others, and then a pencil 
lead break test was performed 10 cm far from the transducer of 
channel 1 (see Figure 5). With the help of magnetic sensor 
holders and magnets on the back of the plate, the transducers 
were tightly pressed to the surface. A similar approach was 
endorsed for the carbon fiber plate. 

 
Figure 5. Hsu-Nielsen test on an aluminium plate. 

During the long-term monitoring phase, AE activity of real 
scenarios was simulated. To this end, a great number of authors, 
as for instance provided by [6], [7], [8] and [9], note the high 
dependence between the development of dangerous defects as 
cracks with significant growth in intensity of trends of acoustic 
emission parameters such as AE count, Energy, Hits, and in 
some cases Peak Amplitudes. Thus, the experimental setup was 
built to simulate the defect evolution condition and check the 
response of the developed AE prototype during a 4-hour 
continuous monitoring test. As schematically shown in 
Figure 6, three transducers/channels of a sensor node were 
deployed on the carbon fiber plate at distance of 10 cm in 
between. Furthermore, a piezoelectric disk of the buzzer-
emitter was also attached to the surface of the plate at a distance 
of 35 cm using adhesive tape. To excite the buzzer-emitter, the 
leads of its PZT disk were connected to the output of a Tegam 
high voltage amplifier (model 2350) which amplified signal 
from the Arbitrary Waveform Generator (AWG) Agilent 33250 
with an amplification factor of 100. 
As in the preliminary tests, the radio pulse type signals 
consisting of a sinusoidal burst package were used, whose 
amplitude and repetition period were dynamically adjusted in 

compliance with most common signs of defect development 
used in long-term AE monitoring (structure transition from less 
stressed to more stressed state), keeping other output signal's 
parameters as constants. Thus, by setting the frequency to 
70 kHz and selecting 5 cycles of sinusoid in one burst package 
as constant values, the period between burst packages, T, and 
its amplitudes, A, were changed every hour as it described in 
Table 3. 

 
Figure 6. Testing scheme of sensor node in monitoring mode 
on a carbon fiber plate. 

Table 3. AWG settings over 4-hour test. 

Test stage 
Period T, between 

burst packages, s 

Amplitudes A, mV 

(output of AWG) 

1st hour 30 300 
2nd hour 15 400 
3rd hour 10 500 
4th hour 1 600 

Among the settings of the sensor node, the sampling 
frequency was set to 200 kHz, the sampling length was equal 
to 5000 samples, the triggering time to 500 samples and the 
built-in amplifier gain factor was chosen 1 (no gain) since the 
distance between the buzzer-emitter and the transducers was 
relatively small. To visualize the data in real time, the system 
was configured to send every second to a connected laptop the 
parameters of the post-processed data. The configuration was 
carried out in the MATLAB environment. 

 Results and discussions 

An aluminum and a carbon fiber plates with different physical 
characteristics were used to test the sensitivity of the developed 
prototype AE to detect AE-like waves excitation using the Hsu-
Nielsen test. Results pertaining to the sensitivity tests are 
presented in Figures 7-8. As can be seen, the signal amplitude 
in the case of aluminum sheet reaches about 400 mV peak-to-
peak, whereas for the carbon fiber plate almost 1 V peak-to-
peak was measured, which are confident signal w.r.t. 
operational signal-to-noise ratio. Undoubtedly, this preliminary 
confirmed that even low-cost piezoelectric buzzer discs can be 
employed as a possible alternative solution to commercial AE 
transducers. 
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Figure 7. Waveform recorded in SN due to Hsu-Nielsen test on 
an aluminum plate. 

 

Figure 8. Waveform recorded in SN due to Hsu-Nielsen test on 
a carbon fiber plate. 

In particular, Figure 9 shows the Count, Energy, and Hits 
parameters coming from the sensor node were converted to 
cumulative form in the post-processing stage on a PC to 
perform a deeper analysis of the recorded AE trends. The 
vertical axis was represented in a logarithmic form for greater 
informativeness due to the large number of recorded AE events 
within 4 hours. As can be seen, especially from the cumulative 
count trend, the value of this parameter grows every hour on a 
logarithmic scale. Substantial growth of all cumulative curves 
upwards during the last fourth hour of monitoring is due to the 
10-fold increase in the central frequency of the mechanical 
excitation of the signal, making the transition from a period of 
10 s to 1 s. The cumulative AE Hits trend, in turn, demonstrates 
the that all the three channels of the developed system recorded 
the same number of events which is explained by the close 
distance between the transducers. 

Another group of parameters such as Peak Amplitude, Rise 
Time and Duration versus monitoring time are presented as 
scatter plots. In this specific case, the Peak Amplitude trend 

better captured the increase in the signal content by measuring 
a variation of about 1-2 dB associated with stepwise changes of 
the amplitude. The gradual extension of the Duration of the 
selected area of processing signals over a fixed threshold 
amplitude also occurs due to the hourly increase in the 
amplitude of mechanical displacement thereby slightly 
distancing the start, t0 and end, tend of a triggered AE events 
from each other. 

 

Figure 9. 4 hours monitoring test on carbon fiber plate: AE 
count, energy and hits in cumulative representation. 

4 CONCLUSIONS 
In this work, we presented a miniaturized acquisition system 
able to acquire, pre-process and characterize AE signals for 
real-time and over time SHM applications. One of the key 
features of the developed prototype of the AE system is its 
low- cost, estimating the prime cost of the kit of the AE system  
proposed in this work at less than $ 250 that is partly achieved 
due to the use of inexpensive piezoelectric buzzer discs as the 
basis for the AE transducer equipped with a signal preamplifier. 

Moreover, the sensor-near monitoring paradigm, i.e. the 
capability to process signals in close proximity to AE 
transducers at the inspected facility, permits a consistent 
reduction in the length of the coaxial cables traditionally used 
by AE bulk instrumentation and, as an immediate byproduct, it 
minimizes the sensitivity to external noise which is the general 
key reason for the poor SNR of AE equipment in situ. Given 
the fact that the ability to detect changes in AE trends due to 
structural degradation is a key aspect of long-term monitoring, 
the developed AE prototype was successfully tested in 
laboratory conditions by simulating the development of defects 
with increasing intensity and amplitude.  
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Figure 10. 4 hours test on carbon fiber plate: Peak Amplitude, 
Rise Time and Duration. 

The next challenge for the developed monitoring system is its 
verification to detect low in amplitude and energy of acoustic 
emission events compared to the sensitivity of commercial 
systems. Therefore, we aim at transferring the next 
experimental campaign from the laboratory to a real civil 
infrastructure facility in order to validate the AE prototype 
under real long-term monitoring conditions. 
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ABSTRACT: This study discusses a monitoring method to identify the damage location where steel strands or a steel rod breaks 
in the post-tensioned concrete beam. Since the wavelength of the elastic wave generated at the time of the tendon break exceeds 
the thickness of the concrete girder, it propagates on the beam web as Lamb waves. A0 mode in the lamb waves has relatively 
higher signal strength compared with other modes and is extracted. In the A0 mode, the frequency band with the main signal 
strength is identified, and its wave velocity is grasped based on the theoretical velocity dispersion curve. Then, the location of the 
tendon break is estimated from the time of flight. In the experiment, Lamb waves are generated by hammer impact tests. The 
results indicate the wave source location is identified with mean absolute percentage error rate at 9.6%. 

KEY WORDS: PC tendon; Lamb wave; Health monitoring 

1 INTRODUCTION 
In post-tensioned concrete (PC) bridges, unfilled grouting in 
the PC duct might cause corrosion damage to steel strands or a 
steel rod (PC tendon). There have been many cases of tendon 
break due to the progress of corrosion. Since the PC tendon 
plays an important role in the load carrying capacity of the PC 
beam, it is very important to detect its breakage. It is difficult 
to visually inspect the breakage of PC tendon, and various non-
destructive tests or destructive tests such as drilling have been 
performed. However, those methods cannot grasp the breakage 
in real time. Therefore, in this study, we consider a real-time 
monitoring method to capture the waves originating from the 
tendon break and to estimate the breakage location with 
piezoelectric sensors. 

Elastic waves generated at the time of tendon break can be 
captured in real time by installing a large number of 
piezoelectric sensors in the PC beam from the viewpoint of 
acoustic emission. However, considering the case of having a 
long span, it is impractical to arrange a large number of sensors 
over the entire area of the PC structure. In this research, 
monitoring with a limited number of sensors is considered by 
focusing on guided waves. 

Previous studies have shown that elastic waves generated 
when tendons are broken include Lamb waves [1], and their A0 
mode is predominant. It is possible to generate almost the same 
mode by hammering the web of the PC beam, and a monitoring 
method will be examined based on the hammering tests.  

Effective monitoring methods using AE has been proposed 
[2][3], but in this study, we examine a monitoring method with 
limited number of sensors by evaluating Lambs waves. 

2 LAMB WAVES 
Lamb waves are one of the guided waves. The elastic waves 
from tendon break have frequency characteristics of 10 kHz or 
less [4], and lamb waves are generated because the wavelength 
exceeds the plate thickness of the PC beam [1]. Since lamb 
waves propagate over long distances with low attenuation [5], 

it is effective to use lamb waves for break detection monitoring 
of PC beams. Lamb waves have phase velocity dispersibility 
and multimodality in which the phase velocity and group 
velocity change depending on the plate thickness, material, and 
frequency. This characteristic is expressed by the Rayleigh-
Lamb frequency equation (RLFE) [6]. If the longitudinal wave 
velocity of the flat plate is 𝑐𝐿, the transverse wave velocity is 
𝑐𝑇 , the phase velocity is 𝑐𝑝 , and the frequency of the 
propagating wave is 𝜔 , the symmetrical mode (S) and the 
asymmetric mode (A) of the RLFE are equations (1) and (2). 

S mode: 
tan(𝑘𝛼𝑑/2)

tan(𝑘𝛽𝑑/2)
= −

(𝑘2 − 𝑘𝛽
2)

2

4𝑘2𝑘𝛼𝑘𝛽

          (1) 

A mode: 
tan(𝑘𝛼𝑑/2)

tan(𝑘𝛽𝑑/2)
= −

4𝑘2𝑘𝛼𝑘𝛽

(𝑘2 − 𝑘𝛽
2)

2       (2) 

where, 

c𝑝 = 𝜔/𝑘 

𝑘𝛼 = √
𝜔2

𝑐𝐿
2 − 𝑘2

  

𝑘𝛽 = √
𝜔2

𝑐𝑇
2 − 𝑘2

  

𝑘 is wavenumber 
The group velocity 𝑐𝑔 is calculated as follows. 

    𝑐𝑔 =
𝜕𝜔

𝜕𝑘
=

𝑐𝑝
2

𝑐𝑝 − 𝑓𝑑 ∙
𝑑𝑐𝑝

𝑑(𝑓𝑑)

                  (3) 

Here, 𝑑 is plate thickness (m). 
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Figure 1. Phase-velocity dispersion curves (Concrete, 80mm). 

 

 
Figure 2. Specimen. 

 

 
(a) Instrumentation A 

 
(b) Instrumentation B 

 
(c) Instrumentation C 

Figure 3. Sensor arrangement. 
 

Figure 1 shows the phase velocity dispersion curves for a 
concrete plate with a thickness of 80 mm. While the S0 mode 
is relatively stable at 10 kHz or less in both phase velocity and 
group velocity, the velocity of the A0 mode varies significantly 
at that frequency band.  Since the wave generated by the tendon 
break is 10 kHz or less in concrete beams [4], it could be better 
to monitor the S0 mode in which the group velocity is stable, 
but it should be also necessary to take the attenuation of the 
wave into account when the monitoring range is wide. 

 
Figure 4. Waveforms when the beam end face was hammered. 

 
Therefore, the mode of the monitoring target is determined in 
consideration of the signal strength rather than the stability of 
the group velocity of the wave. 

3 SIMULATIVE EXPERIMENT OF TENDON BREAK 

 Instrumentation of the PC beam 

A specimen used in the experiment is shown in Figure 2. The 
specimen was a pre-tensioned I-shaped concrete beam. Nine 
steel strands are arranged as PC tendons, the diameter of each 
is 10.8mm and the given prestress of that was 1128MPa.  

In the experiment, 8 piezoelectric sensors are installed on the 
beam web surface. The sensors are arranged in three 
instrumentations as shown in Figure 3. In the instrumentation 
A, 4 sensors are placed on both sides of the web so as to 
sandwich the web. All the sensors are in the center of the beam. 
The purpose of instrumentation A is to confirm the occurrence 
of S mode and A mode of Lamb waves and to check the main 
frequency bands. The instrumentation B is aimed to examine 
the wave velocity. In the instrumentation C, a total of 2 groups 
of 4 sensors in 1 group are arranged at the end of the girder. 
The purpose of the instrumentation C is to estimate the location 
of the wave source. The sampling rate is 100kHz among the all 
instrumentations. 

 Hammering test to check Lamb waves 

Figure 4 shows the waveforms captured by CH1 and CH5 in 
the Instrumentation A when the beam end face was hammered. 
CH1 and CH5 are installed on the web surface at the same 
position in the longitudinal direction and sandwich the beam. 
First, the waves with small amplitude and in-phase arrived, and 
then the waves with large amplitude and opposite phase arrived. 
This result supports that Lamb waves occurred in the PC beam. 
The waveform of CH1 and that of CH5 showed the same phase 
in the first half of the time history. This is the symmetric 
response of the beam web. Then, the asymmetric response was 
confirmed in the second half of the time history. That is to say, 
the S mode and A mode of Lamb wave occurred, the S mode 
had higher velocity than the A0 mode’s one. Figure 5 shows the 
frequency characteristics of CH1 and CH5. The range from 
1 kHz to 5 kHz was predominant. The occurrence of Lamb 
waves can be supported by the wave velocity considering the 
relationship between the frequency and wave velocity.  
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Figure 5. Frequency characteristics of CH1 and CH5. 

 

 
Figure 6. Hammering on beam web. 

 
Figure 1 explains that the velocity of S0 mode is 3800 to 

3900 m/s and that of A0 mode is less than 2000m/s according 
to that frequency range. Based on these results, signal 
processing of Lamb waves to identify the location of the wave 
generation must be considered. 

Figure 6 depicts waveforms of CH1 and CH5 when the beam 
web was hammered in the Instrumentation A. Although the 
signal strength was slight, the arrival of the S mode can be 
confirmed in the first, and then, the A mode with high signal 
strength could be confirmed. It turns out that to hammer the 
web tends to induce the A mode in the Lamb wave in the beam.  
Considering whether to apply S0 mode or A0 mode for 
monitoring, A0 mode should be used because of the signal 
strength. The signal strength of A mode is relatively higher. 
Wave velocity was not stable in the A mode from 1kHz to 5kHz, 
but in order to limit the number of sensors, the A0 mode with 
high signal strength should be analyzed considering the S/N 
ratio and the wave attenuation in its traveling. Therefore, we 
induce A0 mode by hammering the beam web and focus on the 
A0 mode to identify the location of the wave source.  

The red markers in Figure 3(c) indicate the locations of the 
hammering  point. The  following  chapters discuss a  method 

 
Figure 7. A data group of location and time domain. 

 

 
Figure 8. A data group converted to wavenumber and 
frequency domain. 

 
to estimate the hammering point regarding the point as the 
wave source point of a tendon break. 

4 SIGNAL PROCESSING BY SIGNAL STRENGTH IN 
THE WAVENUMBER AND THE FREQUENCY 
DOMAIN 

By arranging the four sensors at equal intervals as shown in 
Figure 3 (b), a data group of location and time domain can be 
acquired as shown in Figure 7. The meaning of position (m) is 
a coordinate system with the origin at the position of 0.9m on 
the left side of Figure 7 from the center of the beam. When a 
two-dimensional Fourier Transform is applied to this data 
group, it is transformed into wavenumber-frequency domain 
data as shown in Figure 8. The color in the figure means 
normalized signal strength. Figure 9 shows the theoretical 
curves in the wavenumber / frequency domain of the A0 mode 
and the S0 mode for the concrete plate having the thickness of 
80 mm as the web of the specimen. In order to extract a target 
mode, the signals on the curve of the target mode are left, the 
other signals are set to 0, and the inverse two-dimensional 
Fourier transform is performed. 

In this research, the data acquired by the 4-channel sensor 
group with a sampling rate of 100 kHz and intervals of 200mm 
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Figure 9. Wave number and frequency of the A0 and the S0 
modes (concrete, t=80mm). 
 
in the distance direction are transformed into the 
wavenumber/frequency domain. Accordingly, the resolution of 
the wavenumber domain might be low (Figure 8) due to the 
small number of sensors. Ideally, by increasing the number of 
sensors and improving the resolution of the wavenumber region, 
a signal that matches the curve of the target mode should be 
extracted, but due to the limitation of the number of sensors, a 
significant improvement in resolution in the wavenumber 
direction should not be considered. Therefore, our signal 
process does not completely separate the A0 mode and S0 
mode. The wave source location is estimated using the 
theoretical velocity according to the main signal of the A0 
mode. First, the signal band with high signal strength is grasped 
from Figure 8 while examining A0 signal in Figure 9, and the 
group velocity of the A0 mode corresponding to the frequency 
band where signal strength is high using Figure 1. Next, the 
arrival time difference between CH1 and CH8 is acquired from 
the cross-correlation function. Similarly, the arrival time 
difference is acquired for CH2 and CH7, CH3 and CH6, and 
CH4 and CH5. Then, the location of the wave source is 
estimated by averaging the four arrival time differences and 
multiplying by the group velocity of A0 mode at the frequency 
band in which the signal strength is high. 

5 ESTIMATION OF THE LOCATION OF THE WAVE 
SOURCE FROM HAMMERING TESTS 

 Examination of the group velocity for evaluating the 

wave source location 

Figure 10 displays the velocity dispersion curve for the A0 
mode only. From Figure 9, if the main frequency band is 3 to 4 
kHz, the corresponding speed in A0 mode was about 2000 m/s. 
The beam end face was hammered when Instrumentation B, 
and the time of flight between the sensors was calculated using 
the cross-correlation function. 
   Figure 11 shows the wave velocity calculated using this result. 
The hammering works were made 3 times and the average 
velocity is given. It turned out that the velocity was about 2000 
m/s. These results showed good agreement with the theoretical 
group velocity. Based on this result, the wave velocity of 2000 
m/s is used to estimate the wave source location for the beam. 

 
Figure 10. Wave number and frequency of the A0 mode 
(concrete, t=80mm). 
 

 
Figure 11. Wave velocity between the sensors. 

 

 
Figure 12. The instrumented PC beam. 

 

 Hammering test to evaluate wave source 

The hammering experiment used a PC beam that had been in 
service for more than 30 years on an actual bridge (Figure 12), 
the dimensions and impact locations of which were shown in 
Figure 3(c). The time difference Δ𝑡 of the wave was calculated 
by the combination of two sensors that were symmetrically 
installed from the center between two bunches of the sensors. 
The difference in the wave arrival time between the two sensors 
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Table 1. Sensor combination and estimation error rate. 

No. Sensor combination 
Average 
error rate 

(%) 
1 CH1-CH5 72.4  
2 CH1-CH6, CH2-CH5 64.0  
3 CH1-CH7, CH2-CH6, CH3-CH5 29.0  
4 CH1-CH8, CH2-CH7, CH3-CH6, CH4-CH5 9.6  
5 CH2-CH8, CH3-CH7, CH4-CH6 20.8  
6 CH3-CH8, CH4-CH7 41.3  
7 CH4-CH8 72.9  

 
 
 

 
(a) No.1 (CH1-CH5) 

 
(b) No.2 (CH1-CH6, CH2-CH5) 

 
(c) No.3 (CH1-CH7, CH2-CH6, CH3-CH5) 

 
 
 
 

 
(d) No.4 (CH1-CH8, CH2-CH7, CH3-CH6, CH4-CH5) 

 
(e) No.5 (CH1-CH6, CH2-CH5) 

 
(f) No.6 (CH2-CH8, CH3-CH7, CH4-CH6) 

 
(g) No.1 (CH4-CH8) 
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is obtained by the cross-correlation function, but they may vary 
depending on the distance between the sensor and the 
hammering point due to the change in waveform shape during 
the propagation of the Lamb wave. Therefore, as shown in 
Table 1, the accuracy of hammering point estimation will be 
discussed, including the averaging process using multiple 
combinations. Combinations from No.2 to No.6 show the 
estimation after averaging 𝛥𝑡 in each combination.  

 Accuracy of the estimated impact locations 

Table 1 summarizes the results of the mean absolute percentage 
error (MAPE) obtained by equation (4).  

𝑀𝐴𝑃𝐸 (%) =
1

𝑛
∑

|𝑥𝑡 − 𝑥𝑒|

|𝑥𝑡|
∙ 100

𝑛

𝑡=1

          (4) 

Where, 𝑥𝑡  is the true location of hammered point, 𝑥𝑒  is the 
estimated wave source location. The origin of 𝑥 is set to the 
center of the two sensor groups. 𝑛  is the number of sensor 
combinations. 

The impact in each location was three times, and the MAPE 
was averaged results. The MAPE was also summarized in 
Figure 13. The MAPE tends to decrease as the number of sensor 
combinations increases. No.4 that had 4 combinations and the 
symmetrical arrangement from the center of the two bunches of 
sensor groups had the MAPE at 9.6%.  

6 SUMMARY 
This paper discussed a monitoring method to detect a tendon 
break of PC structures in real time and investigate to identify 
the break location by capturing Lambs waves generated in a PC 
beam. To simulate tendon breaks, impact was given to the web 
face of the PC beam, then the Lambs waves were generated. 
The wave source location was estimated by focusing on the A0 
mode of the generated Lamb wave. Followings summarize this 
study. 
(1) It is possible to estimate the wave source location when 

Lamb waves occurred with the following four processes. 
1) To calculate phase-velocity dispersion curves 

according to the plate thickness. 
2) Multi-point measurement is performed with 

piezoelectric sensors, and two-dimensional Fourier 
transform is applied to the acquired data. The sensors 
are separated two groups and are installed on the web 
surface at even intervals in the group. One sensor 
group is installed at the end part of the beam, and the 
other one is done at another end part of the beam. 

3) To grasp the predominant mode in the Lamb wave 
and its main frequency band. Then the group 
velocity of the target Lamb wave mode 
corresponding to the mode and frequency is grasped 
from the dispersion curve of 1). 

4) To calculate the arrival time difference between the 
sensors by the cross-correlation function, and 
estimate the wave source location from the group 
velocity determined in 3). 

(2) By increasing the number of sensors and averaging the 
wave arrival time difference between each sensor, the 
error in the estimation of the wave source location can be 
reduced. 

(3) In the target PC beam, it was possible to identify the wave 
source location with the MAPE at 9.6% by arranging 4 
sensors at equal intervals of 200mm and focusing on the 
A0 mode. 
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ABSTRACT: Acoustic emission (AE) method has been widely used for investigating damage in materials and structures. It 
allows monitoring the damage progress within the material during loading. In conventional parameter-based AE analysis, only 
AE parameters are recorded and analyzed to clarify fracture behavior in materials. Quantitative analysis methods allow for a 
comprehensive fracture characterization of materials in which waveform itself is stored and analyzed. Large number of research 
and case studies reveal that for civil infrastructure monitoring, parameter-based analyses of AE are preferred compared with 
quantitative analyses. This is because, concrete, being mostly used material for constructing civil structures, has a very complex 
nature and without proper and adequate instrumentation, set-up and algorithms, it is difficult to properly characterize fracture 
mechanisms with quantitative techniques. Still, it is very important to obtain these fracture characteristics such as the time crack 
developed, the location of the crack and also the type of the crack to better understand the fracture behavior of a structural 
element under consideration such as how this element behaves under certain load levels and what leads to its failure. There have 
been numerous challenges and solutions in application of quantitative AE techniques to civil infrastructure from reliable AE 
source localization to defect type identification. In this study, these applications and solution methods have been reviewed 
thoroughly and presented. 

KEY WORDS: acoustic emission; quantitative method; infrastructure. 

1 INTRODUCTION 
Acoustic emission (AE) is a passive non-destructive 
evaluation method that has been applied to monitoring defects 
in civil infrastructures since the 1970s. With the rapid 
advancement of hardware and software tools, its applications 
to a variety of structural systems are reported. The method is 
based on the detection of propagating elastic waves released 
by active defects in materials. When the elastic wave 
characteristics are based on the limited boundary coupon 
specimens, they are not directly applicable to large-scale 
structure where boundary reflections are omitted from the 
selected time window of the recorded waveforms. There is a 
large scatter of patterns in the literature defining the 
characteristics of damage modes. One approach is to conduct 
laboratory testing; however, for large-scale structures, it is not 
feasible and difficult to simulate the field condition in 
laboratory. The results of small-scale coupons cannot be 
directly used in large-scale structures due to the influence of 
boundaries on propagating waves detected by the AE sensors. 
Physics based modeling linking fracture mechanics with 
unique numerical models and experimental designs is needed 
to address the challenges. The limitations of sensor spacing 
and background noise influence are predicted to be reduced 
using intelligently designed pattern recognition integrated 
from numerical models to the design of sensing element.   

In this article, the relevant AE sources and signal processing 
methods to infrastructure materials and systems are presented 
with the focus of component-level and full-scale 
demonstration examples. The metrics for quantitative 
assessment of structural state including damage localization, 
severity and characteristics are discussed. The applications of 
the AE method to the structural classification of building 

systems, transportation systems (highways, railways), utility 
systems (oil and gas pipelines) and high potential loss 
facilities (dams, levees, power plants) are presented. Future 
directions for enhancing the full-scale applications of AE in 
Civil Infrastructures are discussed. 

2 A BRIEF THEORY OF AE 
There are numerous books, book chapters and review papers 
[1-3] on the theory of AE method. In this paper, a brief theory 
is presented for the completeness of paper and describing 
common terminology used in AE. 

 Transfer of defect source into AE signal 

The dynamic perturbation caused by sudden growth in 
defects, e.g. fatigue crack growth, releases elastic waves, 
which are converted by AE sensors attached on the structure 
surface to electrical signal. Figure 1a shows an example of 
monitoring fatigue crack in gusset plates at steel truss bridges 
using three AE sensors. Two-dimensional source localization 
requires minimum three sensors. Using time of flight and 
wave velocity, x and y coordinates of defect source can be 
determined.  

The conversion of dynamic displacement under AE sensor 
into electrical signal requires threshold and timing parameters. 
Threshold defines the minimum detectable signal level. Once 
the signal is detected, its end time is determined by hit 
definition time (HDT). As shown in Figure 1b and c, true 
signal (black) can be different than signal registered as AE 
signal (red) depending on threshold and HDT values. If 
waveform streaming is not implemented, true AE signal 
cannot be retrieved in post-processing. Therefore, proper 
selection of threshold and HDT is important for quantitative 
AE.   

Civil infrastructure monitoring with quantitative acoustic emission methods 
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Figure 1. An example of transferring signal released from 
defect into AE signal, (a) fatigue crack detection in gusset 
plates, (b) influence of hit definition time, (c) influence of 
threshold.  

 Defect sources and AE characteristics 

Once AE signal is recorded, AE parameters are extracted from 
time domain and frequency domain signals. Examples of time 
domain features are amplitude (maximum signal value), rise 
time (time from the first threshold crossing to maximum 
signal value), duration (time from the first threshold crossing 
to the end of HDT window) and energy (area under the signal 
duration). Examples of frequency domain features are peak 
frequency (maximum frequency signal), frequency centroid 
and partial powers (energy under different segments of 
frequency ranges).  
Defect sources depending on mechanistic characteristics have 
representative AE characteristics. The detectability increases 
with the increase of AE energy. Buckling or corrosion of a 
steel material emits low AE energy [4-5] whereas crashing 
concrete or masonry elements results in higher AE energies 
[4-6]. The AE frequency depends on viscoelastic properties of 
materials that influence the attenuation characteristics. If a 
material has porous and anisotropic properties, low frequency 
AE sensor is preferred as high frequency signal attenuates fast 
in materials such as concrete and wood.  

 Attenuation effect to AE signal 

As the signal released by active defects propagates in structure 
until it reaches AE sensor, the medium characteristics 
influence the signal energy and frequency reaching to the 
position of AE sensor. Attenuation is defined as the decay in 
amplitude with distance. In addition to amplitude, attenuation 
influences all AE parameters described in section 2.2. In large 
scale structures, AE amplitude detected by AE sensor is 
influenced by the distance between AE source and AE sensor 
more significantly as compared to small scale experiments. To 
overcome this limitation, Tayfur and Alver [7] developed a 
correction algorithm by combining attenuation maps, source 
localization and back calculation to identify AE amplitude at 
source. According to the results from their laboratory 
experiments, correction of the parameters significantly 
enhanced interpretation of the fracture behavior.  

3 METRICS FOR QUANTITATIVE AE 

 Arrival time determination and source localization 

For large scale structures, the first step to develop a 
quantitative understanding of source characteristics is to 
localize the defect as accurate as possible. In quantitative AE 
analysis, for accurate source localization, the first step will be 
picking the accurate onset time which is the arrival time of the 
first elastic wave mode. This can be carried out either 
manually or automatically. For manually picking, it is not 

always possible for a clear distinction between noise and the 
coherent signal itself, particularly where signal-to-noise ratio 
is low. Also, considering the number of recorded acoustic 
emission waveforms during a test which may exceed several 
thousands, it is indeed essential to pick the correct onset time 
automatically. 

There have been several approaches utilized for 
determination of the arrival time of the first elastic wave 
automatically. The simplest picker of these is the amplitude 
threshold picker. It simply detects any amplitude of a signal 
above a pre-set threshold. However, signals with high noise 
levels are not feasible for such a method. One widely used 
approach was offered by [8] which is also applicable for weak 
signals based on short-term average to long-term average ratio 
(STA/LTA). This algorithm continuously calculates the 
average of the amplitude of a signal in two sequential time 
windows. The STA determines the amplitude of the signal 
while LTA provides information about the average noise 
amplitude. When the STA/LTA ratio exceeds a pre-set 
threshold value, the corresponding time is accepted as the 
onset time. Even though the time window energy ratio method 
has been widely used in seismology as it does not require long 
computations, since a static partition window is applied, the 
energy ratio of the window may not be the largest at the first 
arrival time leading to erroneous onset time pick-up. [9] 
applied a similar approach, but used a different envelope 
function. However, since the noise and the signal of acoustic 
emission in concrete are mostly in the same frequency range 
(20 kHz up to 300 kHz), the STA/LTA picker did not provide 
correct results. 

The modified energy ratio (MER) is another approach, 
proposed by [10], which is based on STA/LTA in which the 
pre- and post-sample windows are of equal size [11-12]. The 
method has been successfully applied; however, a careful 
window size selection plays an important role in picking the 
accurate arrival time [13].  Modified Coppens’ method 
(MCM) [14] is also an energy ratio method in which the 
window size selection process is different from the other 
energy ratio methods. Filtering is needed for an enhanced 
performance which slows down the computation.  

Waveform cross correlation methods are also used for wave 
arrival time picking [15,16,17]. This approach is highly 
dependent on the size of correlation window and polarity of 
the arrivals to other sensors. 

Another approach is based on higher order statistics such as 
skewness and kurtosis [18-22]. The method has advantages of 
higher order statistics for non-Gaussian signals with 
implementation simplicity and low computational complexity. 
It also provides accurate results when the S/N ratio is low. 
Lokajicek and Klima [23] applied this method on AE data 
from rock samples and proved that it can be used successfully 
to pick first wave arrival even if the amplitude of the signal is 
just above the noise level. 

Artificial neural networks have been successfully applied 
for arrival time picking [24-27]. Wang and Teng [25] utilized 
artificial neural networks and trained their network by 
STA/LTA time series. Dai and MacBeth [26] also used ANN, 
but they trained their network by noise and P-wave segments. 
Gentili and Michelini [27], used traditional shallow neural 
networks based on four manually defined features; variance, 
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absolute value of skewness, kurtosis and a combination of 
skewness and kurtosis predicted based on sliding windows. 
Zhu and Beroza [28] developed a deep neural network based 
approach in which they trained their network by noise, P-
wave and S-wave of more than seven millions of recorded 
seismic data. They picked the P- and S-wave arrival times 
with a successful rate of accuracy. Chen et. al. [29] applied 
unsupervised fuzzy clustering method and successfully picked 
the arrival times from a noisy microseismic data. 
Convolutional neural networks, a type of deep learning, have 
been successfully applied for automatic onset time picking. 
Zheng et al. [30] used recurrent neural networks to pick 
arrival time for acoustic emission data. Ross et al. [31] trained 
CNNs to pick P-wave arrival from seismic data. Chen et. al. 
[32] proposed a novel two-step method to determine arrival 
times by combining CNN waveform classification and 
unsupervised k-means clustering. Combination of two 
methods exhibited a good performance for picking the 
accurate arrival time even in a noisy signal. Guo et.al. [33] 
combined the waveform and high-order statistics as the input 
to enrich the input data features and accelerate the CNN 
model learning process. They used laboratory monitoring AE 
data and successfully picked arrival times with a high 
accuracy. With rapid improvement in deep learning methods, 
this approach has a promising future; however, training a 
neural network is a time-consuming step. 

One common method used for wave arrival time picking is 
based on an autoregressive process. This approach assumes 
that the signals are nonstationary and can be divided into 
locally stationary segments where each segment is modelled 
as an autoregressive process (Akaike Information Criterion – 
AIC) [34,35]. Even though used both in seismology and 
acoustic emission, this procedure is easy to use in seismology 
as signal and noise are in different frequency ranges. 
However, for acoustic emission or ultrasound signals in 
concrete, usually signal and noise are in the same frequency 
range. Also the signal to noise ratio during concrete fracture 
due to loading is not constant [36]. Kurz 2005 [36] developed 
an adapted AIC algorithm based on the equation proposed by 
Maeda [37] and applied complex wavelet transform and 
Hilbert transform for the characteristic function. They 
successfully applied it for arrival time picking in AE signals 
received from concrete fracture. Sedlak [38] developed a two-
step AIC picker algorithm. Their proposed algorithm firstly 
computes the characteristic function of an AE signal which 
shortens its time window and the AIC picker is applied twice. 
The results showed the superiority of the algorithm in picking 
the onset time. Carpinteri et. al. [39] developed an improved 
AIC-picker based on the degree of accuracy of AE signals. 
This accuracy can be calculated by the second derivative of 
the AIC function proposed by Maeda [37]. They also 
considered another parameter related to the AE wave 
propagation velocity in the monitored structure. Their 
approach provided successful results on concrete test 
specimens under loading.  

An example for arrival time calculation of a signal form by 
using AIC is shown in Figure 2. As it can be seen, when AIC 
function (in blue color) starts to rise, this means that the signal 
arrived to the sensor at that moment. AIC function of a signal 
is calculated as follows 

AIC(k) = k. log{var{X, [1, k]}} + (N − k). log{var{X, [k + 1, N]}}(1) 
 
where, k is row number of the relevant sample in the selected 
window, X is the amplitude and N is the number of total 
samples in the window.  

 
Figure 2. An example for arrival time picking by AIC. 

The next step for quantitative analysis after picking the 
arrival time is an accurate source localization of AE events. 
An AE event can be defined as AE signals received by several 
sensors in a sensor network from the same source within a 
certain time period. There is variety of source localization 
algorithms found in the literature. Localizing AE events in 
one, two or three dimensions depends on the geometry of the 
element under investigation. For example, a wire breakage is a 
one-dimensional problem or source localization in a plate like 
structure is a two-dimensional problem. Methods used for 2D 
localization are similar to the ones used for 3D localization. 
For a one-dimensional problem, at least one arrival time 
difference which means two sensors are needed to calculate 
the AE source location. Similarly, for a two-dimensional 
problem, three sensors and for a three-dimensional problem, 
at least four sensors are needed. For a 3D localization, if there 
are more than four sensors, the problem is overdetermined 
where an iteration algorithm is needed for the calculation and 
hence the localization errors are minimized [40-42]. The 
iterative Geiger algorithm which is one the most commonly 
used algorithms and the direct algebraic localization methods 
are comparatively discussed in [42]. Other iterative algorithms 
such as Simplex and Bancroft direct algorithm are also 
successfully applied for source localization [42]. In recent 
studies, artificial intelligence, genetic algorithms as well as 
Bayesian approaches [43] are also used [44].   

Details of the most frequently used Geiger’s source location 
technique can be found in [45]. Here, it is assumed that the 
medium is elastic, homogenous and isotropic. In case of a 
heterogeneous medium such as a layered material, factors 
such as the wave velocity change need to be considered. In 3D 
space, data should be imported from minimum four sensors 
and system of equations is constituted and unknown 
parameters of the source can be solved. Distance between the 
sensor and source can be calculated from multiplication of 
time difference and velocity of the wave (Equation (2)). This 
hyperbola equation is written for all sensors and solution of a 
system involving i –number of the sensors- equations supply 
intersection point of the hyperbolas which is location of the 
source. Here, coordinates of the sensors and propagation 
velocity of elastic wave are knowns. 

  
𝐷𝑖 = 𝑉𝑝(𝑡𝑖 − 𝑡0) = √(𝑥𝑖 − 𝑥)2 + (𝑦𝑖 − 𝑦)2 + (𝑧𝑖 − 𝑧)2     (2) 
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where distance between the sensor and the source, coordinates 
of the ith sensor, time at which AE initiated and arrival time of 
a wave to ith sensor are defined as Di, (x, y, z), (xi, yi, zi), to 
and ti, respectively.  

In a homogeneous medium, wave velocity can be directly 
calculated using Lamé constants and density of the material. 
However, due to heterogeneous structure of concrete, wave 
velocity changes. To solve i hyperbola equations, numeric 
methods can be used. Tayfur and Alver [46] added a new 
iterative part into source localization algorithm to consider 
elastic wave velocity change due to heterogeneity. At this 
point, using distance -between the sensor and the source- and 
time of flight, different wave velocity values can be calculated 
for each propagation path in each iteration step. Thus, as the 
trial solution changes, wave velocity alters and as the wave 
velocity changes, localization result converges. From 3D 
source localization results presented in Figure 3, wave 
velocity effect can be seen clearly while localizing the AE 
sources.  

 

 
 

 
Figure 3. Wave velocity effect on source localization [46]. 

Source location/cluster-based analysis and frequency-based 
filtering are two typical techniques that can be integrated with 
a multi-dimensional pattern recognition algorithm to 
differentiate extraneous noise and damage sources. Based on 
highly controlled, redundant sensing configuration of testing a 
large-scale composite panel, damage direction can indeed be 
quantified by the cumulative AE event cluster as shown in 
Figure . However, micro-scale crack detection in less 
controlled environment (e.g., highway bridge under traffic 
loading) requires a better scientific understanding of the 
characteristics of elastic waves indicative of damage 
mechanisms in a structure for developing a quantitative 
measurement approach of damage (e.g. frequency content, 
type, orientation). 
 

 
Figure 4. The AE event following the pattern of visual 
damage direction and strain photogrammetry [47]. 

 Moment tensor analysis 

Moment tensor analysis is used to estimate the AE source 
mechanisms and provides quantitative information about 
crack kinematics. The moment tensor holds information about 
the total energy, the orientation of crack planes relating to 
shear and dilatational component. Ohtsu [40] proposed a 
simplified Green’s function for moment tensor analysis and 
named his method SiGMA analysis. SiGMA analysis is based 
on the generalized theory of AE and consists of AE source 
location and moment tensor analysis. The basic equation of 
the method is given in Equation (3).  

DArmr
R

rtf
CxA qpqps

),(Re)( =
                                      (3) 

Here, A(x) is the amplitude of the first motion and Cs is the 
calibration coefficient of the sensor sensitivity and material 
constants. Ref is the reflection coefficient. R is the distance 
from the source to the sensor and r is its direction vector. mpq 
is the moment tensor and DA is area of the crack surface. The 
eigenvalues of the moment tensor are represented by 
combination of shear crack (slip motion) and the tensile crack 
(crack-opening motion) and by solving this equation, cracks 
can be classified and their orientations can be obtained.  At 
least six AE sensors are needed to solve the tensor equation as 
number of unknowns is six. The method has successful 
applications on concrete test specimens [48,49].  

 Quantitative AE features for concrete 

The detection of concrete cracks with AE is considered with 
three modes: tensile, mixed and shear [2]. In terms of 
separating shear and tensile cracks in concrete, average 
frequency (AF, calculated by count divided by duration) and 
RA calculated by rise time divided by amplitude [3].  

Historic Index is commonly used to define concrete defects 
and calculated by [5]: 

𝐻(𝐼) =
𝑁

𝑁 − 𝐾

∑ 𝑆𝑜𝑖
𝑁
𝑖=𝐾+1

∑ 𝑆𝑜𝑖
𝑁
𝑖=1

 
(4) 

𝐻(𝐼) is the historic index at time t, 𝑁 is number of hits, 𝐾 is a 
parameter depends upon number of hits and materials. 𝑆𝑜𝑖 is 
AE signal strength. 

The b-value is defined as the negative gradient of the log-
linear plot of AE frequency amplitude and utilized to different 
stages of concrete damage [50]. b-value analysis was adapted 
from Gutenberg and Richter’s work for seismology studies 
and has been successfully applied [51-54]. The b-value can be 
associated with the magnitude of the fracture. The 
"Gutenberg-Richter Formula" given in Equation (5) is used to 
calculate the b-value. For application of this value to AE, the 
Gutenberg-Richter Formula is arranged for the use of 
maximum AE amplitude values and Equation (6) is obtained. 

logN = a-bM                           (5) 

logN = a-b(AdB/20)         (6) 

Here, AdB indicates the maximum amplitude of the AE hit in 
dB, and N indicates the number of AE hits with an amplitude 
greater than AdB / 20. Large b-value indicates the presence of a 
large number of AE activities with small amplitude, and small 
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b-value indicates the presence of a small number of AE 
activities with large amplitude. 

 Quantitative AE Ffatures for steel 

Structural steel used in bridges is generally ductile and causes 
the release of low energy acoustic emissions [55]. Various 
studies in the past relied on the parametric based AE analysis 
such as cumulative count in order to show the relationship 
between the AE data and stress intensity factor. Baram [56] 
showed the relationship between amplitude distribution and 
fatigue life prediction. The typical empirical relationship 
between the stress intensity factor Δ𝐾 and the number of 
counts 𝜂 of AE activities is 

𝑑𝜂

𝑑𝑁
= 𝐵Δ𝐾𝛼 

(7) 

where 𝑁 is fatigue cycles, 𝐵 and 𝛼depend on the material. 
However, the empirical equations developed in these studies 
may not be applicable to the actual bridge monitoring due to 
variable amplitude fatigue and unavoidable extraneous noise 
that can cause the contamination of the data set. Additionally, 
correlations are highly specific to materials, geometry and 
loading rate [57]. 

Yue et al. [4] utilized the accumulated energy ratio to 
represent damage modes from quasi-static loading of concrete 
encased steel columns. The damage levels are classified as 
slight damage, minor damage, moderate damage, severe 
damage and collapse. The accumulated AE ratio is calculated 
by 

�̃� =
∑ 𝐸𝐴𝐸

𝑆𝐸𝐴𝐸

 
 
(8) 

where ∑ 𝐸𝐴𝐸 is accumulated AE energy and 𝑆𝐸𝐴𝐸 is 
summation of total AE energy. 

The separation of friction and crack growth emissions is 
important in metallic structures. Megid et al. [58] used Kaiser 
effect to separate fatigue crack in eyebars and friction on 
Alexandra Bridge in Canada. The Kaiser effect indicates that 
an AE event released from a damage source at a load level 
does not appear again until the load exceeds the prior load 
level. On the other hand, friction emissions appear at each 
load level. By increasing the truck load in each passage, they 
can distinguish eyebars with active fatigue crack and friction.    

The majority of damage identification approaches in steel 
structures are based on cluster-based analysis. The damage 
modes are identified using AE features and pattern 
recognition algorithms. For instance, Li et al. [59] developed a 
cluster-based approach for identifying stress corrosion in 
bridge girders with four damage modes of passive film 
breakdown, detachment of the corrosion product, crack 
initiation, crack extension and cable fracture.  The challenge 
of cluster-based approach is that the absolute AE parameters 
depend on AE sensors, data acquisition setting, structural 
geometry, loading etc. This makes a generalized cluster 
approach difficult in variety of structural systems.  

 Big data handling strategies 

As the data rate of AE method can be significant and the 
method requires real time data collection in 24/7 from multi-
channel systems (e.g. 256 sensors to monitor a single bridge), 

it is important to develop effective methods to handle big data 
and interpret the results in a timely manner. Typically, each 
AE signal is represented by a set of AE features as described 
above. The data size can be reduced by applying principle 
component analysis while preserving the major information 
representing the data [60]. For instance, Figure  shows the 
application of machine learning approach to reduce data size 
and recognize the data in the defined set of clusters. The 
relevant AE features are defined using cross correlation of AE 
features. Highly correlated features are reduced to one feature. 
The decision making is achieved by adversarial sequence 
tagging method to predict the weld state real time. This 
approach is also called the industrial Internet of Things (IIoT) 
which provides a way to address big data issue in SHM. IIoT 
in AE integrates sensor output with real-time processing 
algorithms that make faster decision making without 
transferring data to the base station [61].  

 
Figure 5. The application of machine learning method to AE 
data for fast decision making, (a) correlation matrix to select 
relevant AE features, (b) machine learning result to determine 
weld quality [61]. 

4 AE APPLICATIONS TO CIVIL INFRASTRUCTURE 
MONITORING 

Following typical infrastructure classification by FEMA, the 
AE applications to buildings, transportation systems, utility 
systems and high potential loss facilities are grouped in Figure 
. In this section, the AE applications demonstrated with 
component or full-scale lab and field experiments are 
presented. The structural systems selected are buildings, 
bridges, rails and high potential loss facilities. 
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Figure 6. Classifications of infrastructure types relevant to AE 
applications. 

 Component and full-scale testing of building structures 

with AE 

Most of AE studies regarding building structures are coupon- 
or component-level evaluation (e.g., concrete cylinder as 
coupon, reinforced concrete beam as component). Shiotani et. 
al. [63] tested full-scale prestressed concrete beams to 
estimate the cable breakage by AE. Failure progress due to 
cable breakage and following re-anchoring were identified 
from the AE activities. Alver et al. [49] tested reinforced 
concrete beams strengthened with carbon fiber reinforced 
polymers. For that, they applied moment tensor analysis, 
calculated the crack modes and revealed the fracture 
mechanisms of the strengthened beams under load. Tsangouri 
et al. [64] tested full-scale prefabricated concrete slabs in 
laboratory. The damage severity was quantified by applying 
load/calm ratios. They successfully classified the damage 
mechanisms from the AE signal features. Carpinteri and 
Lacidogna [6] tested the crack arrest in three-story masonry 
building using AE. They showed the cumulative AE activity 
as a good indicator for crack stability and arrest. Carpinteri et. 
al. [65] monitored the concrete crack in a 6-story reinforced 
concrete structure. They demonstrated the correlation between 
crack length and cumulative AE energy, and reported the b-

value at different crack length advancement. Lacidogna et. al. 
2020 monitored two masonry medieval towers using AE and 
they obtained a correlation between the sources generated by 
the environment and the damage formed in the tower. There 
are other numerous studies in literature most of which indicate 
the superiority of AE for active damage detection, 
characterization and quantification. 

 Full-scale testing of bridges with AE 

The AE method has been applied for damage detection in 
steel and concrete bridges [66]. As presented by Holford et. al. 
[67], the AE method provides a good measure of structural 
integrity and the ability for local and global monitoring of 
structures. Schumacher et al. [54] used AE for damage 
monitoring on full-scale reinforced concrete bridge girders 
and applied b-value analysis. With the aid of the technique 
applied, they could estimate the operational load levels on the 
bridge component. Bayane and Brühwiler [68] monitored a 
reinforced concrete bridge deck for one year under operational 
conditions. They related the AE activity with the traffic 
loading and temperature. The cyclic response of the AE 
sensors showed the robustness of the monitoring technique. 

Tonelli et. al. [69] tested a prestressed concrete bridge. AE 
activities were successfully related with the load. Different 
clusters in the amplitude-peak frequency graph were 
correlated with different types of damage such as concrete 
cracking, debonding, wire breakage etc. As discussed by Nair 
and Cai [66], the challenges are the data contamination with 
background noise and secondary sources such as friction, 
difficulty of quantitative results due to the complexity of 
damage growth, and difficulty of developing a standard test 
procedure applicable to various materials and geometries.  

 Railway applications with AE 

The damage detection in railways has been demonstrated in 
laboratory-scale experiments [70,71]. The most application of 
AE in railways is the detection of wheel flat (Figure 7). Bollos 
et al. [72] studied three different signal processing methods to 
characterize the flat surface at train wheel: time driven data 
(TDD), hit driven data (HDD) and long waveform streaming. 
They used two different sensors (R15 and R30). The train 
speed was 5 mph (8.05 km/h). They found that R30 can be 
used to identify small circumferential noise defect in noisy 
environment using TDD data. They also utilized the long 
duration waveforms to determine the repetitive pattern of 
impact. 

 
Figure 7. (a) AE sensors attached to rail, (b) streamed AE 
signal to detect impacts caused by wheel flat.  

 AE applications to high potential loss facilities 

The full-scale applications of AE in high potential loss 
facilities include loose parts monitoring in nuclear power 
plants [73], partial discharge monitoring in power 
transformers [74] and erosion monitoring in dams [75]. The 
ability of AE to pinpoint the location of defects is essential in 
high potential loss facilities due to their scale. Guo-Yang [76], 
studied the influence of inlet pressure on the AE signals of 
valve leakage and established a quantitative relationship 
between the characteristic quantity of the AE signal and the 
valve leakage rate.   

5 CONCLUSION AND FUTURE OUTLOOK 
Quantitative analysis techniques of acoustic emission for civil 
infrastructure and some applications, drawbacks and solutions 
are presented in this paper. From the applications reviewed, it 
is seen that in order to better understand the fracture behavior 
of the tested object, signal-based methods need to be used. 
One major drawback for these methods is that they are time 
consuming. Despite the successful automatic techniques, still 
computation and evaluation of the results take long time. The 
algorithms used for arrival time picking and their application 
need to be carefully selected and carried out. Elastic wave 
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propagation velocity significantly affects the source 
localization results and in case the tested object is of a 
heterogeneous material such as reinforced concrete, especially 
when it is under load and fracture is continuous, the wave 
velocity on different paths may differ and this leads to 
erroneous source localization. Therefore, this change needs to 
be taken into consideration. Sensor layout is important for 
moment tensor analysis, in case of poorly-placed sensors, 
source locations, types and orientations of cracks cannot be 
obtained well.  

Monitoring the structures in service by AE can be long-term 
and amount of data obtained and handling it is another subject 
of study. In this paper, some of the methods and strategies to 
overcome this problem are presented. Even though AE 
monitoring is successfully applied to full-scale structures, 
factors affecting such as secondary sources and noise need to 
be eliminated in the collected signals. Also it is important to 
pinpoint the defect location in large-scale structures such as 
high potential loss facilities by AE.  

There are several quantitative and AE signal-based analysis 
techniques for understanding the damage characteristics based 
on the direct use of AE features (e.g., b-value, historical 
index) or the combined use of AE features (e.g. principle 
component analysis, pattern recognition methods). It is 
important to understand the influences of sensors (e.g., 
frequency, distribution), data acquisition system (e.g., 
threshold, filter, timing variables) and structural behavior 
(e.g., attenuation, defect modes) to AE signal for developing a 
reliable SHM approach and decision-making strategy using 
the AE method.  
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ABSTRACT: This paper presents recent advances in our understanding of the relationship between fatigue crack growth rate and 
the corresponding acoustic emission activity in R260 steel used in manufacturing of plain rails. The acoustic emission (AE) 
monitoring technique offers the potential to enhance existing structural health evaluation techniques based on conventional 
inspection methods currently used in the rail industry. AE can provide information regarding the structural health of rails without 
requiring continuous access to the rail network. In this way the disruption on normal railway operations arising from structural 
health evaluation intervention can be minimised, maximising the capacity and availability of already busy railway routes. The use 
of AE monitoring to locate propagating fatigue cracks has been widely reported. The present work focuses particularly on the 
monitoring of crack growth behaviour and evaluation of its severity. This is achieved by simulating actual fatigue conditions 
experienced by rails under loading, and subsequent analysis of the AE signals generated. The results discussed in the present study 
show a clear change in signal response with increasing crack length, particularly with respect to the AE energy. The changes 
identified in the AE activity generated confirm the potential of AE as an effective technique for the enhancement of structural 
health monitoring (SHM) for monitoring rails. 

KEY WORDS: Acoustic emission, Structural health monitoring, Rail, Fatigue, Infrastructure, Remote condition monitoring. 

INTRODUCTION 
Worldwide, the demand for cheap, reliable, and efficient mass 
transport of goods and passengers has led to a rapid increase in 
the use of rail transport [1]. As the volume and loads of rail 
traffic increases, the damage caused to railway infrastructure 
will also increase. At the same time, the window of opportunity 
for maintenance and monitoring is gradually reduced as railway 
network operators seek to maximise capacity. Effective real 
time structural health monitoring (SHM) is therefore required 
to provide a safe and reliable railway network, whilst 
maximising route capacity and availability.  
   Acoustic emission (AE) monitoring has the potential to 
address issues associated with conventional inspection, 
resulting in enhanced reliability, availability, maintainability, 
and safety (RAMS) of the railway network. Unlike current 
infrastructure monitoring techniques, which require access to 
the rail network by either inspection vehicles or personnel, 
resulting in reduced network capacity, once in place the AE 
sensors require no further access to allow monitoring to take 
place.  

As fatigue cracks initiate and propagate, acoustic signals are 
released in the form of elastic stress waves as strain energy is 
released [2]. Monitoring of AE signals has long been used to 
detect the presence, and location of fatigue cracks within 
structures. Recent work has focused in exploiting the 
information contained in the AE signals detected further, 
seeking to extract information on the crack growth rate and 
severity.  

The present work looks at the correlation between increasing 
fatigue crack length and changes in the AE signals detected 
using standard piezoelectric sensors. The correlation carried 
out allows for the structural health of infrastructure components 

to be determined in real-time. Validation of signal correlation 
will allow the development of digital twins for the analysis of 
crack growth behaviour.  

These advances will allow railway infrastructure managers to 
develop streamlined maintenance schedules which consider 
actual operational conditions and requirements. In this way, the 
effective use of critical railway network assets can be achieved 
whilst reducing operational and maintenance costs.   

EXPERIMENTAL PROCEDURE 
Standard three-point bending fatigue samples 120 mm (L) x 10 
mm (W) x 20 mm (T) were cut from the web of ex-service R260 
rails provided by Network Rail. A V-shaped notch 2 mm deep 
and an 30o angle was induced using a 0.1 mm diameter spark 
erosion wire. 

Composition and properties of R260 steel 

R260 rail steel is widely used for plain track rail in modern 
railway networks. The composition is defined by EN 14811 [3] 
and shown in Table 1: 

Table 1. Composition of R260 steel as defined by Standard EN 
14811 [3], with compositional elements given as weight 
percentages. 

 
 
 
 
 
 
 
 

C 0.6-0.82 
Si 0.13-0.6 
Mn 0.65-1.25 
P <0.15 
S 0.008-0.030 
Cr <0.15 
V <0.030 
Al <0.004 
N <0.008 
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The mechanical properties of R260 are defined by EN14811 

[3] as shown in Table 2. 
 
Table 2. Mechanical properties of R260 steel as defined by 
EN14811 [3]. 

 

Fatigue testing 

To initiate a crack, pre-cracking was carried out under three-
point bending using a 20 kN Amsler high loading frequency 
vibrophore. A load range of 0.85-8.5 kN (R=0.1) was applied 
at a frequency of 100 Hz, the initiation of fatigue cracks was 
confirmed using metallographic replicas. The length of all 
cracks during pre-cracking was measured using a Karl Zeiss 
optical microscope and analysis suite. 

Subsequently, AE monitored fatigue testing was completed 
using a DARTEC 50 kN servo-hydraulic universal test 
machine. A load range of 0.65-6.5 kN (R=0.1) was applied 
under three-point bending fatigue conditions at a frequency of 
1 Hz with sinusoidal pattern. 

During fatigue testing the crack length was also monitored 
using Direct Current Potential Drop (DCPD), allowing the 
comparison of crack length and captured AE data.  

All samples where run until the critical crack length was 
reached. At this point the samples were considered to have 
failed. The experimental configuration can be seen in Figure 1. 
 

 
Figure 1. Photo showing the experimental configuration with 
one of the samples under three-point bending fatigue testing. 
The positioning of DCPD and AE monitoring. (a) R50a PAC 
sensors, (b) DCPD current application, (c) DCPD monitoring 
probes spot welded to the sample. 

AE signal detection and acquisition 

The AE signals generated during three-point bending fatigue 
testing were detected using two R50a resonant AE sensors 
procured from Psychical Acoustics Corporation (PAC). AE 
signals were recorded using commercial PAC AE-win 
software. A phantom voltage of 28 V was applied from the 
amplification unit. A total amplification of 46 dB was applied 
(40 dB pre-amp and 6 dB main amplification) a minimum 
signal threshold was set at 51 dB. The peak definition time 
(PDT) and hit definition time (HDT) were set to 600 µs. A hit 
lock out time (HLT) of 100 µs was used. The maximum signal 
duration was set at 25 ms. Signals were sampled at a frequency 
of 5 MS/s.  

EXPERIMENTAL RESULTS 
All AE hits acquired have been grouped to give each AE 
parameter per cycle, corresponding to DPCD voltage 
increments of 5 µV. 

The AE signal duration per cycle (D/dn), AE Energy per 
cycle (E/dn) and AE counts per cycle (c/dn) are plotted against 
the change in crack length per cycle (da/dn) calculated from the 
DCPD monitoring. 

 The accurate correlation between these parameters and the 
crack length measured using DCPD or other techniques can 
contribute towards the indirect prediction of the length of a 
fatigue crack rapidly, with limited computational requirement 
and analysis using AE data alone. It may also allow for the 
accurate quantification of fatigue crack severity to be 
established even when continuous monitoring has not taken 
place. This would build resilience into the system allowing safe 
monitoring of infrastructure even if growth events are missed 
or equipment failure occurs. 

In Figure 2 it can be seen that as the crack length increases 
the duration also tends to a similar positive trend. This would 
suggest that the crack growth happens in larger single steps as 
the crack length increase rather than a large number of smaller 
steps. There is however clearly significant scatter in the data. 
Therefore, whilst the overall trend is to large growth steps, 
there are also multiple smaller growth steps occurring at 
different stages of crack propagation.  

 

 
Figure 2. Graph showing a comparison of the crack growth per 
cycle and the AE signal duration per cycle, against the stress 
intensity factor Delta K. The data point colours identifiy 
individual samples. 

  
The observed variation in crack growth increments is likely 

to be due to defects within the steel leading to inconsistent 
crack growth or plasticity at the crack tip. Previous work has 
shown that the AE signals do vary in the presence of defects 
[4], for example in the presence of MnS inclusions. These lead 
to several short bursts of AE signal as the crack passes through 
these areas. Figure 3 shows an example of these MnS inclusions 
which would lead to a series of rapid crack growth increments 
as it propagates through this area.  

Rm (MPa) Elongation (%) Vickers Hardness 

>=880 >=10 260-303 

(a) (b) 

(c) 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure  

405 

 
Figure 3. SEM Micrograph taken from the fracture surface, 
showing MnS inclusions within the material. 

 
The energy per cycle shown in Figure 4, also follows the 

trend of increasing with increasing crack growth. The similarity 
in these parameters is expected, with greater crack growth rates 
leading to a larger AE energy release.  

 

 
Figure 4. Graph showing a comparison of the crack growth per 
cycle and the AE Energy per cycle, against the stress intensity 
factor Delta K. The data point colours identifiy individual 
samples. 

 

 The AE energy shows scatter in the acquired data. As with 
the signal duration, this variation is likely to be due to 
microstructural difference in the material. The MnS inclusions 
in Figure 3 would show bursts of energy larger than that seen 
during normal crack growth due to a sudden increase in crack 
growth, defects such as iron carbides, shown in Figure 5 would 
lead to a greater jump in crack growth and therefore a greater 
E/dn. 

 
Figure 5. SEM Micrograph showing an iron carbide inclusion 
on the fracture surface. 

 
Considered on its own, it is not possible to determine whether 

this increase in AE energy per cycle to due to an increase in the 
number of acoustic signals per cycle, or a similar number of 
signals but with a greater energy. It would be expected that as 
the stress intensity factor increases the crack growth steps 
would be larger leading to a similar number of AE counts but 
with higher energy.  

The change in AE counts per cycle can be seen in Figure 6. 
As with the trend seen in Figure 2, whilst there is an overall 
increase in the counts pre cycle it is not to the same extent as 
that seen in the AE energy per cycle. This indicates that the 
increase in AE energy is an increase in the energy contained in 
individual AE hits rather than due to an increase in the number 
of AE hits recorded. 

 

 
Figure 6. Graph showing a comparison of the crack growth per 
cycle and the AE counts per cycle, against the stress intensity 
factor Delta K. The data point colours identifiy individual 
samples. 

 
This observation demonstrates the potential for the crack 

severity to be monitored using the AE energy.  A simplistic 
approach to this would be based on setting a threshold, where 
by evaluating the AE energy level recorded the level of damage 
sustained can be predicted. However, certain assumptions 
would need to be made for proving the validity of this approach. 
In any case, the proposed method does readily lend itself at least 
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as a semi-quantitative tool. Further, analysis may be based on 
focused conventional inspection using ultrasonic testing. 

Whilst all three AE parameters considered show an overall 
increase with increasing ΔΚ value, following the positive 
gradient seen in the crack growth rate, only AE energy strongly 
follows this trend. Hence, it appears that AE energy per cycle 
would be the most appropriate parameter to consider for 
accurately predicting the overall structural health of a rail 
section. The AE signal duration and counts do increase with 
increasing ΔK as well. However, the trend is not as strong as in 
the AE energy per cycle.  

Future work will focus on further data analysis, looking into 
exploiting the complete AE waveforms to develop a highly 
accurate, real time, remote condition monitoring system 

CONCLUSIONS 
The present study has explored the relationship between crack 
growth and severity with AE parameters of signal duration, 
energy and counts.  All AE parameters that have been 
considered, showed an increase with increasing crack severity. 
However, this increase appears to be stronger for the AE 
energy. This confirms that a relationship can be drawn between 
the AE signals recorded and the structural health of components 
monitored in relation to fatigue crack growth and opens up the 
potential for this technique to be further exploited to greatly 
advance SHM of railway assets. 
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ABSTRACT: Vibration-based inspection tests aim to monitor mostly the shifts in the modal parameters of a structure. As a 
complementary approach to improve the accuracy of diagnosis, the higher harmonics of the resonances caused by any damage/fault 
in the dynamic response of the structure can also be tracked and measured for the damage quantification. This paper presents a 
nonlinear-vibration based diagnostic technique to assess the condition of the corroded reinforced concrete (RC) members. The 
technique utilizes the higher order spectral (HOS) analysis to detect and quantify the nonlinearity in the dynamic response due to 
the deterioration induced by corrosion. The HOS analysis, which is used to measure the magnitude of phase-coupled harmonics 
due to damage, is herein adapted by implementing wavelet transform in order to suit the transit vibration response. The proposed 
diagnosis is demonstrated on two lab-scale RC poles, one intact and the other corroded up to 10% mass loss of the rebars, by 
conducting impact hammer tests. The recorded vibration signals are then examined with the HOS analysis to extract the diagnostic 
index which is a measure for the overall deterioration in the specimens. It is found that the developed feature successfully 
discriminates the corroded pole from the intact one. The pilot study presented herein is planned to be expended with additional 
specimens in order to investigate the sensitivity of the index with respect to the deterioration level. 

KEY WORDS: Assessment of structural integrity; Corroded reinforced concrete; Non-linear vibration testing; Higher order 
spectral analysis; Wavelet transform. 

1 INTRODUCTION 
The state of corrosion in the reinforced concrete (RC) members 
is commonly evaluated by using the methods based on 
electrical resistivity. Such methods are useful to estimate the 
mass loss of the reinforcing bars, and hence the remaining size 
of rebars can be determined [1]. On the other hand, the 
deterioration in the concrete caused due to the corrosion is not 
concerned until it appears on the concrete surface in the forms 
of longitudinal cracking or delamination. And, when such 
deterioration in the concrete is observed, its condition is 
assessed mostly by the means of ultrasonic methods, such as 
pulse velocity, impact-echo, and surface wave techniques [2-
5]. Instead of assessing the reinforcement and the concrete 
separately, an overall approach to diagnose the structural 
integrity of a reinforced concrete element as a whole composite 
material can be more effective in practice, and such a diagnosis 
can be realized by utilizing vibration based methods. 

Conventional vibration based diagnostic techniques are used 
to identify structural parameters, such as the modal frequencies 
and the mode shapes. The changes in such features are 
monitored to evaluate the overall condition of the structure. 
Although these parameters are crucial to identify the overall 
dynamic characteristics of the structure, in practice it is not a 
simple task to make an objective and meaningful interpretation 
of the small changes in the structure’s modal parameters [6-8]. 
Therefore, in addition to monitoring the small shifts in the 
fundamental frequencies of the structure, it is crucial to develop 
supplementary diagnostic features to improve the diagnosis. 
Monitoring the higher harmonics of the fundamental modes can 
provide this much needed complimentary information. The 
damage in a structural member causes the tensional stiffness to 

differ from the compressional one causing a bi-linear behavior 
(direction dependent stiffness) during the oscillation of the 
structure. The degree of such nonlinearity, and thus the extent 
of the damage, can be traced and quantified by performing 
higher order spectral (HOS) analysis on the vibration signals 
obtained from the structure [9-11]. The HOS is defined as the 
Fourier transforms of higher order cumulants of a random 
process [12]. The second order spectrum is the traditional 
power spectrum, whereas the third order is called bispectrum. 
The bispectrum is a useful tool to reveal the phase coupled 
harmonics of the vibration frequencies, which is a direct 
measure of the magnitude of the nonlinearity caused by a 
damage/fault in a system. Previously, the bispectrum found 
common usage in practice for monitoring the rotating 
mechanical systems; however, it has been recently 
demonstrated that the HOS has the potential to be utilized for 
the civil engineering structures as well [13,14]. 

The HOS analysis has the ability of adaptation as to suit the 
type of vibration signal. In the case of vibration responses under 
non-stationary transient excitations, instead of the conventional 
Fourier transform, the HOS can be combined with the wavelet 
transform (WT) [15]. Incorporation of the WT into the HOS 
provides the flexibility of employing any wavelet function that 
can be scaled and shifted in frequency and time domains, and 
thus improves the identification of nonlinearity along any 
vibration signal.  

This paper aims to demonstrate the potential of WT based 
HOS in the analysis of nonlinear vibrations for the estimation 
of corrosion-induced deterioration in the RC elements. For this 
purpose, first the background on HOS and the developed 
diagnostic algorithm are introduced. Then, the developed 
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diagnostic technique is performed on two lab-scale reinforced 
concrete specimens, one intact and the other corroded to 
demonstrate its applicability and effectiveness. 

2 BACKGROUND ON SIGNAL PROCESSING 
The second order spectrum, aka power spectrum, of a random 
process x(t) is described as the second moment of the Fourier 
transform X(f). However, the power spectrum contains no 
phase information, and therefore no direct evidence of phase 
coupling between the frequencies. The third-order spectrum, 
known as bispectrum, on the other hand, provides information 
on the skewness of a signal when decomposed over frequency, 
and thus detect phase coupling present in the amplitude and 
phase modulated signals. The classical bispectrum is given by 
[11]: 
 

 𝐵(𝑓1, 𝑓2) = 𝐸{𝑋(𝑓1)𝑋(𝑓2)𝑋
∗(𝑓1 + 𝑓2)} (1) 

 
where X denotes the Fourier transformation, X* is the complex 
conjugate of X, and f1 and f2 are two independent frequencies. 
Bispectrum B presents a measure of the phase coupling of 
frequency components within the signal resulting from their 
interaction with some nonsymmetrical nonlinear mechanism 
within the investigated system [16]. In the case of such 
nonlinearity, the bispectrum reveals peaks at the pairs of phase-
coupled frequencies, which can be used to quantify the severity 
of nonlinearity. The bispectrum B, which consists of complex 
values, can be normalized as given in the following expression 
[11]: 

 

𝑏(𝑓1, 𝑓2) =
|𝐵(𝑓1, 𝑓2)|

√𝐸{|𝑋(𝑓1)𝑋(𝑓2)|
2}𝐸{|𝑋∗(𝑓1 + 𝑓2)|

2}
 (2) 

 
The normalized bispectrum, which is called bicoherence b, has 
a value between zero and one. Because the degree of phase 
coupling between the higher harmonics increases with the 
nonlinearity, a higher bicoherence b value is expected as the 
severity of damage increases. 

Traditionally, the bispectrum is computed using the 
conventional Fourier transform; however, depending on the 
excitation type (stationary or non-stationary) used in the 
vibration tests, the signal processing technique should be 
adapted as to suit the vibration signals. Hereby, the bispectral 
analysis is modified by incorporating the wavelet transform, 
instead of the conventional Fourier transform. The wavelet 
transform is an integral transform of a signal with a selected 
mother wavelet that can be scaled and shifted as required using 
the following expression [17]: 
 

𝑊(𝑎, 𝑡) =
1

√𝑎
∫ 𝑥(𝑡)𝜓∗ (

𝑡′ − 𝑡

𝑎
) 𝑑𝑡

∞

−∞

 (3) 

 
where a is the scale parameter; which is reversely related to the 
frequency by f = fo/a, fo is the central frequency of the wavelet 
function 𝜓, x(t) is the time signal, t is the time shift, and 𝜓∗ 
denotes the complex conjugate of the wavelet function. The 
wavelet transform provides the flexibility of choosing a 
wavelet function suiting the transient vibration signals better 
than the kernel of the conventional Fourier transform. If the 

conventional bispectrum given in Eq. 1 is adapted by the 
wavelet transform, the wavelet bispectrum BW can be expressed 
as [15]: 
 

𝐵𝑊(𝑎1, 𝑎2) = 𝑊(𝑎1, 𝑡)𝑊(𝑎2, 𝑡)𝑊
∗(𝑎3, 𝑡) (4) 

 
Similar to the regular bispectrum, the wavelet based spectrum 
can also be normalized to attain the wavelet bicoherence bw as 
[15]: 

𝑏𝑊(𝑎1, 𝑎2) =
𝐸{|𝐵𝑊(𝑎1, 𝑎2)|}

√𝐸{|𝑊(𝑎1, 𝑡)𝑊(𝑎2, 𝑡)|
2}𝐸{|𝑊∗(𝑎3, 𝑡)|

2}
 (5) 

3 THE METHODOLOGY FOR DIAGNOSIS  
The proposed diagnostic methodology, namely the wavelet 
transform based bispectral analysis, is implemented as 
explained in the following steps: 
• The resonance and its higher harmonics in the vibration 

time history are determined in the power spectral density 
(PSD). 

• The Morlet function 𝜓 is chosen as the wavelet function, 
given in Eq. 6, of which central frequency fo is set in 
accordance with the fundamental frequency of the 
vibration signal. 
 

 𝜓(𝑡) = 𝑒−𝑖(2𝜋𝑓0)𝑡𝑒−𝑡
2 𝜏2⁄  (6) 

 
where the wavelet duration τ is equal to 1/2πσf; σf is the 
frequency bandwidth of the Morlet function, which is 
herein chosen as fo/σf = 5. 

• The wavelet transform is performed for each harmonic 
separately, the central frequency of the wavelet function is 
scaled up in accordance with the higher harmonic’s order.  

• The wavelet transform based bicoherence bw, denoted as 
WTB hereinafter, is calculated as given in Eq. 4 and 5 by 
using the maximum complex wavelet numbers obtained 
for each harmonic. 

4 LABORATORY STUDY 

 Specimens and Test Equipment 

Two circular reinforced concrete column specimens, one intact 
(C1) and one corroded (C2), (Figure 1) are subjected to 
examination. The columns are 30 cm in diameter and 90 cm in 
length. They are reinforced longitudinally with six 20M rebars 
and confined with 10M stirrups at a spacing of 20 cm. The 
concrete cover is 4 cm. The accelerated corrosion technique is 
used to corrode the longitudinal rebars in C2 up to 10% mass 
loss as described by Wahab [18]. The observed cracking pattern 
due to corrosion includes five longitudinal surface-breaking 
cracks, of two extend all along the column, while other three 
are 30, 50 and 55 cm long. The longest two, which are the 
widest two at the same time (1.5 mm and 2 mm wide), coincide 
on the rebars along the column, and are filled with rust. The 
shorter three cracks are observed to be very fine. 

The vibration test setup consists of an instrumented impact 
hammer, a tri-axial accelerometer (sensitivity = 1000 mV/g), a 
signal conditioner, an analogue filter, and a 4-channel 
oscilloscope to monitor and acquire the data. The accelerometer 
is glued 10 cm down with respect to the top of the columns, 
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while the hammer is struck at the opposite face at the height 
same as the accelerometer’s. The impact is applied horizontally 
to excite the bending modes primarily. The impact tests are 
repeated 50 times for each column. During the tests, the 
strongest possible impact is aimed in order to sufficiently excite 
the higher harmonics, at the same time the saturated signals are 
monitored and avoided. The average vibration signals shown in 
Figure 2 are acquired on the intact and corroded columns via 
the tri-axial accelerometer in three directions, namely 
horizontal 1 (H1), horizontal 2 (H2), and vertical (V); where 
the maximum vibration amplitude ranges between 10g and 30g 
among the three channels.  
 

 
Figure 1. (top) the RC columns, (bottom) the test set-up. 

 The Results of Diagnosis 

Determination of the Resonance Frequencies and the Higher 

Harmonics: The power spectral densities of the recorded 
signals for the intact column reveal three dominant resonance 
frequencies at 795 Hz, 825 Hz, and 1178 Hz (Figure 3: left). 
The former two are considered to be the natural frequencies of 
the bending modes in the horizontal directions H1 and H2 
respectively since both are the strongest frequencies detected in 
all three channels, whereas the latter one, 1178 Hz, is the axial 
vibration mode as it appears only in the vertical channel. In the 
PSDs given in Figure 3, a low magnitude resonance at around 
80 Hz, which is close to the estimated fundamental bending 
frequency at 52.5 Hz, is also visible. However, since the 
magnitude of this resonance is significantly lower, the three 
peaks marked in the PDSs are examined for the nonlinear 
phase-coupling. 

For the corroded column, on the other hand, as shown in 
Figure 3 (right), it is observed that the two bending frequencies 
reduce to 730 Hz and 755 Hz, which indicates 15.7% and 
16.2% reduction in the bending stiffness in two orthogonal 
directions with respect to the intact one. Whereas, the axial 
resonance frequency is found reduced to 922 Hz, which is 
caused by 38.7% loss in the axial stiffness. Based on the PSDs 
shown in Figure 3, it can be concluded that the hammer stroke 
in the horizontal direction H1 excites the orthogonal bending 
modes the most in all three channels of the accelerometer as 
well as the axial mode in the vertical direction. Hence, the 
bispectral analyses are performed on the signals recorded via 
all there channels only for these three resonance frequencies. 
The preliminary observation on the PSDs of all the signals 
suggests that the higher harmonics are the strongest for the first 
bending mode, 730 Hz, detected in the horizontal direction H1 
in the corroded column as expected. In Figure 4, the first three 
harmonics, 730 Hz, 1460 Hz, and 2190 Hz, of the first bending 
mode in the direction of hammer stroke are marked; although, 
the given PSD does not reveal the extent of phase-coupled 
harmonics, yet it indicates their existence.  
 

Diagnosis with the Wavelet Transform based Bispectral 

Analysis: Following the determination of the fundamental and 
higher harmonics, the central frequency in the Morlet function 
(Eq. 6) is set in accordance with the harmonics of the resonance 
frequencies. The total signal duration is processed with the 
wavelet transform as depicted in Figure 5, where a typical 
recorded signal, the deployed Morlet function and the plots for 
wavelet magnitudes are displayed. The wavelet transform is 
repeated three times for each harmonic of the resonance, and 
then the maximum complex wavelet number is substituted into 
the bicoherence calculation (Eq. 4 and 5). Only a single WTB 
value is obtained for each resonance, which is found 0.589 and 
0.983 for the first bending mode obtained via the channel H1 
for the intact and corroded specimens, respectively. The 
difference between the bicoherence obtained from the 
undamaged and damaged columns is 0.394, which indicates the 
significant separation between the diagnostic features, and 
hence the discrimination of the damaged column from the 
undamaged one. Regarding the second bending moment and 
the axial mode, this difference is found as 0.124 and 0.612 
respectively, which are both in agreement with the first bending 
mode. With regard to the horizontal direction H2, similar 
results to H1 are attained, the separation between the diagnostic 
features from the undamaged and damaged specimens is 
observed to be within the range of 0,235-0,410 for all three 
modes.  

Although, the signals acquired via the vertical direction are 
not considered for the diagnosis due to its week vibration 
amplitudes, it is observed that the WTBs obtained for both of 
bending modes provides correct discrimination of the damaged 
column. In short, if the vertical channel included, the WTB 
provides eight successful cases of diagnosis out of a total 
number of nine cases. All the bicoherence values calculated 
using the wavelet transform for each resonance and channel are 
tabulated in Table 1 along with the differences of between the 
features obtained from both columns. 
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Figure 2. The test vibration signals via the three channels of the accelerometer for (left) the uncorroded and (right) the corroded 
RC columns. 

 

 
Figure 3. The frequency spectra via the three channels of the accelerometer for (left) the uncorroded and (right) the corroded RC 
columns.
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Table 1. The diagnostic features (WTB) determined for the RC 
columns. 

Recorded 
Channel 

Vibration 
Mode 

WTB 
C1 

WTB 
C2 

Difference 

Horizontal 
Channel 1 

1st Bending: 
795 Hz (C1) 
730 Hz (C2) 

   
0.589 0.983 0.394 

2nd Bending: 
820 Hz (C1) 
750 Hz (C2) 

   
0.778 0.902 0.124 

Axial:          
1180 Hz (C1)     
  920 Hz (C2) 

   
0.374 0.985 0.612 

Horizontal 
Channel 2 

1st Bending: 
795 Hz (C1) 
730 Hz (C2) 

   
0.547 0.957 0.410 

2nd Bending: 
820 Hz (C1) 
750 Hz (C2) 

   
0.540 0.775 0.235 

Axial:          
1180 Hz (C1)  
920 Hz(C2) 

   
0.525 0.979 0.455 

Vertical 
Channel 

1st Bending: 
795 Hz (C1) 
730 Hz (C2) 

   
0.568 0.718 0.150 

2nd Bending: 
820 Hz (C1) 
750 Hz (C2) 

   
0.195 0.432 0.238 

Axial:          
1180 Hz (C1)     
920 Hz (C2) 

   
0.599 0.083 -0.516 

 

 
Figure 4: The higher harmonics for the corroded column (C2). 

 
Figure 5. (top) The test vibration signal and the Morlet 
function, (bottom) the wavelet magnitude. 

5 CONCLUSIONS 
The nonlinear vibration based diagnostic technique utilizing the 
wavelet based bispectral analysis is introduced and investigated 
for the corroded reinforced concrete. The applicability of the 
developed diagnostic method is demonstrated by the pilot tests 
conducted on two lab-scale reinforced concrete columns. The 
WTB analyses are performed on two bending and one axial 
resonance frequencies recorded via two orthogonal horizontal 
channels. It is found that the WTB obtained from the 
undamaged and damaged cases are well separated from each 
other. 

The proposed diagnostic technique, which is demonstrated 
on the individual structural elements, has the potential to be 
implemented on the real-size structural members under real 
boundary conditions without any prior information on the 
members’ natural frequencies since bispectral analysis is not 
based on monitoring the alternations in the resonance 
frequencies but instead quantifies the higher harmonics caused 
by the damage. This pilot study presented hereby is planned to 
be extended by including multiple specimens with various 
deterioration levels in order to carry out a sensitivity study to 
estimate the exact loss in the stiffness of corroded RC elements. 
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ABSTRACT: Structural health monitoring (SHM) of civil structures often is limited due to changing environmental conditions, 
as those changes affect the structural dynamical properties in a similar way like damages can do. In this article, a n approach for 
damage detection under changing temperatures is presented and applied to a beam structure. The used stochastic subspace-based 

algorithm relies on a reference null space estimate, which is confronted to data from the testing state in a residual function. For 
damage detection the residual is evaluated by means of statistical hypothesis tests. Changes of the system due to temperature 
effects are handled with a model interpolation approach from linear parameter varying system theory. From vibration data 

measured in the undamaged state at some few reference temperatures, a  model of the dynamic system valid for the current testing 
temperature is interpolated. The reference null space and the covariance matrix for the hypothesis test is computed from this 

interpolated model. This approach has been developed recently and was validated in an academic test case on simulations of a 
mass-spring-damper. In this paper, the approach is validated experimentally on a beam structure under varying temperature 
conditions in a climate chamber. Compared to other approaches, the interpolation approach leads to significantly less false positive 

alarms in the reference state when the structure is exposed to different temperatures, while faults can still be detected reliably.  

KEY WORDS: Damage detection, Subspace methods, Temperature effects, Model interpolation, Laboratory beam structure, 

Climate chamber 

1 INTRODUCTION 

Damage detection in the context of automated vibration-based 

structural health monitoring (SHM) often is limited due to 
environmental effects [1], such as temperature. Those methods 
aim at detecting changes in the dynamical behavior of the 

structure, as it is affected by damages. However, the dynamical 
properties usually are also affected by changing temperatures, 
which may lead to false alarms in the undamaged state. 

Consequently, a  damage detection method is required, which 
can differentiate between changes due to damages and those 

caused by variation in temperature. 
In the literature some approaches for temperature rejection in 

vibration-based damage detection methods can be found. 

Features robust to temperature effects are used, such as in [2], 
where a regression analysis of the natural frequency is done 
after a system identification step. Others, e.g. [3], use novelty 

detection approaches, defining normal reference conditions 
firstly and then the corresponding system properties.  

This paper uses an interpolation approach to account for 
temperature changes in stochastic subspace-based damage 
detection methods. Those output-only algorithms are 

promising for the application to automated vibration-based 
SHM, as they do not require information about the excitation 
and are able to handle the data uncertainties. A damage 

detection method introduced in [4] relies on a reference null 
space estimate of the output covariance Hankel matrix, which 

is confronted to data from the testing state in a residual 
function. The residual is evaluated statistically, to decide if it is 
significantly different from 0. The test value of this evaluation 

can be used as damage indicator.  

First temperature rejection approaches for the stochastic 
subspace-based damage detection are proposed. They use 

averaged system matrices, computed from data at several 
reference temperature states [5]. In this algorithm no 
information about the current testing temperature is needed. In 

another approach [6] several reference matrices are considered, 
which are valid for a specific temperature range in the damage 
detection step, using the information of the testing temperature.  

In [7], the authors have presented an interpolation approach 
to account for temperature changes with the stochastic 

subspace-based damage detection, based on a model 
interpolation method from [8]. For a system whose behavior 
depends on an external parameter p, but shows linear behavior 

at fixed working points of this parameter, an interpolation 
approach for linear parameter varying (LPV) systems can be 
used to find a model that is valid at the new parameter value. 

From this interpolated model a reference null space is 
computed, corresponding to the parameter in the testing state. 

In the present context the parameter is set to be the temperature. 
Up to now, the interpolation-based temperature rejection 

approach was validated theoretically on numerical data of a  

mass-spring-damper with a very simple temperature model in 
[7] and [9]. This motivates for a deeper look into the 
applicability of the algorithms to real structures in this study, 

and an application is presented to data from a  reinforced 
concrete beam recorded in a climate chamber at defined 

temperatures and at three different system states. Furthermore, 
some conclusions regarding the choice of the weighting 
functions are made. 

This paper is organized as follows: In section 2 the theoretical 
background of the stochastic subspace-based damage detection 
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method and the model interpolation approach to account for 
temperature changes is recalled. Section 3 introduces the 
laboratory tests in the climate chamber and the application of 

the algorithms to the laboratory data. The section concludes 
with some suggestions for the choice of the weighting function.  

 

2 THEORETICAL BACKGROUND  

2.1 Stochastic subspace-based damage detection 

The dynamical behavior of a civil structure at some temperature 

T = Tj can be described by a stochastic discrete time state-space 
model 

 𝑥𝑘+1,𝑗 = 𝐴𝑗𝑥𝑘,𝑗 + 𝑤𝑘,𝑗  

 𝑦𝑘,𝑗 = 𝐶𝑗𝑥𝑘,𝑗 + 𝑣𝑘,𝑗 ,  (1) 

where 𝑥 ∈ ℝ𝑛 is the state of a system with model order  𝑛, 𝑦 ∈
ℝ𝑟 is the measured output at 𝑟 sensor positions, and 𝑘 denotes 

the time index within the sample. The system matrices 𝐴𝑗 =

𝐴(𝑇𝑗)  and 𝐶𝑗 = 𝐶(𝑇𝑗) are the state transition matrix with 

dimension 𝑛 × 𝑛 and the observation matrix with dimension 
𝑟 × 𝑛, respectively. For the state noise 𝑤 and the output noise 

𝑣 white noise is assumed.  

From a data sample of length 𝑁 a block Hankel matrix is built 

from the output covariances 𝑅𝑖,𝑗 = 𝑬(𝑦𝑘+𝑖,𝑗𝑦𝑘,𝑗
𝑇 ) = 𝐶𝑗𝐴𝑗

𝑖−1𝐺𝑗 , 

where ⅈ denote the time shift and  𝐺𝑗 = 𝑬(𝑥𝑘+1,𝑗𝑦𝑘,𝑗
𝑇 ). The 

Hankel matrix writes as 

 ℋj = [

𝑅1,𝑗 ⋯ 𝑅𝑞,𝑗

⋮ ⋱ ⋮
𝑅𝑝+1,𝑗 ⋯ 𝑅𝑞+𝑝,𝑗

]. (2) 

Due to the relation between the system matrices and the Hankel 
matrix, changes in the dynamical behavior of the structure will 

lead to changes in the Hankel matrix.  

For damage diagnosis the left null space 𝑆𝑗 of the Hankel 

matrix is used, computed in the undamaged reference state. It 

holds 𝑆𝑗
𝑇 ⋅ ℋ𝑗 = 0 , and with the estimate ℋ̂  of the Hankel 

matrix in the testing state a data-based residual 𝜁 can be 
formulated as 

 𝜁 = √𝑁 vec(𝑆𝑗
𝑇ℋ̂),  (3) 

where ′vec′ denotes the stacking vectorization operator. If the 

system has changed, 𝑆𝑗 is no longer the left null space of the 

tested Hankel matrix and the residual mean value will differ 

from zero.  
The residual is evaluated statistically in a hypothesis test (e.g. 

from [10]), which writes as 

 𝑡 = 𝜁𝑇 Σ𝜁
−1 𝜁. (4) 

The asymptotic residual covariance Σζ can be computed from 

the asymptotic covariance Σℋ of the vectorized Hankel matrix 
with  

 Σ𝜁 = 𝐽𝜁,ℋ Σℋ 𝐽𝜁,ℋ
𝑇  , (5) 

where 𝐽𝜁,ℋ = 𝐼 ⊗ 𝑆𝑇. An estimate of the covariance from a 

data sample 𝑦𝑘 , 𝑘 = 1, …, 𝑁 separated into 𝑛𝑏 blocks of length 

𝑁𝑏, with 𝑛𝑏 ∙ 𝑁𝑏 = 𝑁, writes as [10] 

 Σ̂ℋ  =
𝑁𝑏

𝑛𝑏−1
∑ vec(ℋ̂(ℎ) − ℋ̂

𝑛𝑏
ℎ=1 ) vec(ℋ̂(ℎ) − ℋ̂)𝑇. (6) 

In a training phase a threshold for the asymptotically 𝜒2-

distributed test statistic 𝑡  is computed with data from the 
healthy structure, allowing a given type I error (false positives). 
The test value in the monitoring state is compared to this 
threshold.  

 

2.2 Model interpolation in the stochastic subspace-based 

damage detection for temperature rejection 

When a  mechanical structure is exposed to changing 

temperature, this will affect the dynamical behavior of the 

structure. Consequently, the Hankel matrix ℋ̂ in the 
monitoring state under temperature T does not correspond to 

the null space 𝑆𝑗 in the reference state if the reference 

temperature Tj varies from the current temperature T. Besides 
changes due to damage, also changes due to temperature 

variation will lead to a residual mean deviating from 0, which 
may result in an increasing number of false alarms.  

For a robust and reliable damage detection with the stochastic 
subspace-based method the choice of an adequate reference 
null space and a proper covariance is of crucial importance. In 

this context the model interpolation approach for linear 
parameter varying systems from [8] is used in [7] for a damage 
detection algorithm robust to temperature variation. 

For the model interpolation, local models of the state space 

models in (1) are formulated for 𝑗 =  1, . . . ,𝑚 reference 

temperatures 𝑇𝑗. Due to different state bases used for the 

estimation of the local state space models, the state space 

matrices cannot be interpolated directly. Instead the 𝑚 local 
models are combined to a global state-space model, without 
requiring formulation of coherent local models [8]: 

 𝑥𝑘+1 = 𝐴 𝑥𝑘 + 𝑤𝑘  

 𝑦𝑘 = 𝐶(𝑇) 𝑥𝑘 + 𝑣𝑘 ,  (7) 

where  

 𝑥𝑘 = [𝑥𝑘,1
𝑇 … 𝑥𝑘,𝑚

𝑇 ]
𝑇
,   

 𝐴 = [
𝐴1   

 ⋱  
  𝐴𝑚

] ,   

 𝑤𝑘 = [𝑤𝑘,1
𝑇 … 𝑤𝑘,𝑚

𝑇 ]
𝑇
 ,  

 𝐶(𝑇) = [𝜌1(𝑇)𝐶1 … 𝜌𝑚(𝑇)𝐶𝑚] ,   

 𝑣𝑘 = ∑ 𝜌𝑗(𝑇)𝑣𝑘,𝑗(𝑡)𝑚
𝑗=1  .   

The local model for a testing temperature is interpolated with 

a weighting function 𝜌𝑗(𝑇). The weighting function can be 

chosen by taking the effect of the temperature to the dynamical 

behavior qualitatively into account. For section-wise 
approximated linear effects e.g. bell-shaped functions may 
work, centered at the testing temperature T:  

 ∑ 𝜌𝑗(𝑇) =  1𝑚
𝑗=1 . (8) 

Damage detection with the data-driven subspace-based 

residual (3) does not require the state space matrices of the 
reference state explicitly. It operates on the null space of the 
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Hankel matrix of the output covariances (2). As the null spaces 
relating on an arbitrary state basis cannot be interpolated easily, 
the Hankel matrices in the reference state are interpolated 

instead. Consider the parameter dependent formulation of the 
output covariances as 

 𝑅𝑖(𝑇) = 𝐶(𝑇)𝐴𝑖−1𝐺 = ∑ 𝜌𝑗
2(𝑇)𝐶𝑗𝐴𝑗

𝑖−1𝐺𝑗
𝑚
𝑗=1   

                         = ∑ 𝜌𝑗
2(𝑇)𝑅𝑖,𝑗

𝑚
𝑗=1  , (9) 

where the global 𝐺 writes as 

 𝐺 = [
𝜌1(𝑇)𝐺1

⋮
𝜌𝑚(𝑇)𝐺𝑚

] . (10) 

The interpolated Hankel matrix can be computed to  

 ℋ(𝑇) = ∑ 𝜌𝑗
2𝑚

𝑗=1 (𝑇)ℋ𝑗 . (11) 

The interpolated null space matrix 𝑆(𝑇) is the left null space of 

(11) and replaced in the residual 

 𝜁 = √𝑁 vec(𝑆(𝑇)𝑇ℋ̂).  (12) 

The covariance of the interpolated Hankel matrix follows as 

 𝛴ℋ(𝑇) = ∑ 𝜌𝑗
4𝑚

𝑗=1 (𝑇)𝛴ℋ𝑗
 , (13) 

and the residual covariance as  

 𝛴𝜁 = 𝐽𝜁,ℋ 𝛴ℋ 𝐽𝜁,ℋ
𝑇   (14) 

where 𝐽𝜁,ℋ = 𝐼 ⊗ 𝑆(𝑇)𝑇. Finally, the corresponding test writes 

 𝑡 = 𝜁𝑇𝛴𝜁
−1𝜁. (15) 

 

3 APPLICATION TO A BEAM STRUCTURE UNDER 

CHANGING TEMPERATURES 

In former studies in [7] and [9], the model interpolation 
approach for a robust subspace-based damage detection was 

evaluated on numerical data from a mass-spring-damper with 
very simple temperature models. The effect of temperature on 

the dynamical behavior of the structure was simulated by 
decreasing stiffness of the springs with increasing temperature. 
In this work, the method is evaluated under more realistic 

conditions on experimental data of a laboratory beam structure. 
The data was obtained in an experiment by Simon et al. [11].  

 

3.1 Laboratory tests of a beam structure in a climate 

chamber 

A reinforced concrete beam is tested in a climate chamber at 
defined temperatures and at different system states. The test 

setup is shown in Figure 1. The beam is bore at two points and 
the span is 2.72 m. Three geophones measure vertical vibration 

velocities on the top of the beam.  
The structure is excited by an external shaker with a white 

noise signal in the range of 30 Hz to 2000 Hz, to simulate 

ambient excitation as it will occur similarly in e.g. bridges 
under operational conditions. The shaker is installed upside 
down (Figure 2) and isolated against the changing temperature 

conditions. The data is recorded with 5 kHz.  

 
Figure 1. Test setup of the concrete beam with locations of 

geophones, shaker, and loading for the damage introduction. 

 
 

 
Figure 2. Concrete beam in the climate chamber.  

 

 
Three different system states were considered: the 

undamaged reference state, damage level 1 and damage level 

2. For damage level 1 the beam was loaded in the midspan with 
20 kN. In the second damage state the structure was loaded up 

to 28 kN, that was when obvious cracks occur in the middle of 
the beam. The load was removed after introducing the damage. 
The experimental temperatures were chosen to be -25°C, -5°C, 

5°C, 25°C, and 40°C. The temperatures were measured at 
several points inside the chamber and at two locations inside 
the beam. In each system state and at all 5 testing temperatures 

the velocities were recorded, after reaching a constant 
temperature level in the beam. Further details on this 

experiment are described in [11]. 
With an SSI-algorithm the eigenstructure of the system is 

identified. Due to high noise impact above 500 Hz, the data is 

sampled down to 400 Hz. Figure 3 shows the first three 
eigenfrequencies in dependence of the temperature, which can 
be clearly identified in every system state and at every 

temperature. The first and the second eigenfrequency are quite 
close. This is due to the construction of the shaker installation, 

which works as a tuned mass damper to the beam structure. 
Simulation results with a model of the corresponding structure 
with a mass damper have shown a good accordance to these 

first three eigenfrequencies.  
Each frequency is plotted within its 5%-range to give an idea 

of the quantity of the temperature and the damage effect. The 

black full line marks the frequencies in the undamaged state. 
Effects due to temperature become more obvious for the second 

and the third frequency. While the damage level 2 leads to 
significant decrease of the eigenfrequencies of about 5%, the 
effect of damage level 1 does not become obvious in the first 

and the second eigenfrequency. The third frequency increases 
by about 3%. This was not expected and cannot be explained 
from the information gained from the experiments. However, 
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this fact does not affect the usability of the data for the 
application study. 

  
 

Figure 3. 1st to 3rd eigenfrequencies at different system states 
and at different temperatures. The y-axis is scaled to about 5% 

of each frequency. 
 

3.2 Damage detection of the concrete beam under changing 

temperatures 

To illustrate the effect of the changing temperature to damage 
detection of the concrete beam, the proposed method based on 

interpolation will be compared to 1/ taking a fixed reference at 
one of the temperatures (without consideration of the 
temperature effect), and 2/ the averaging approach from [5] that 

defines a fixed reference by mixing data from different 
reference temperatures. 
 

Fixed reference 
 

The tests are done firstly for the case where only data from one 
fixed reference temperature is considered in the reference state. 
The null space in (3) and the residual covariance in (5) are 

computed from a 5 minutes data sample at 5°C. Figure 4 shows 
the test values of the hypothesis test (4) at different testing 
temperatures in the undamaged state and at the two damage 

levels. For the setup of the testing Hankel matrices ℋ̂ data 
samples of 100 seconds are used. From the test values in the 

reference state for the undamaged structure at 5°C (grey bars) 
a threshold is defined, which allows for false positive alarms of 
1% maximum.  

It becomes obvious that changes in the temperature in the 
undamaged state (green bars) effect the test values in a similar 

way as the different damages do. This results in a high number 
of false alarms in the undamaged state, namely for all cases 
where the test temperature is different from the reference 

temperature. While all test values in the damaged cases also 
exceed the threshold, they cannot be distinguished from the test 
values in the reference state due to the temperature effect.  

 
 

Averaging approach from [5] 
 
In [5] a temperature rejection approach has been proposed, 

which uses data from different temperatures in the reference 
state together. From this merged data set the averaged reference 
Hankel matrix and its left null space is computed, as well as the 

covariance of the resulting residual. In Figure 5 the test values 
from this method are presented, where 5 minute data samples 

from three reference temperatures, -25°C, 5°C and 40°C, are 
merged in one reference data set. The testing Hankel matrices 

ℋ̂ are computed from a 100 s data sample. A threshold is 
defined from data in the reference state, thus of the undamaged 
structure at the three reference temperatures (grey bars), 

allowing for 1% false alarms.  
The structure is correctly identified to be undamaged if the 

testing temperature corresponds to one of the used reference 

temperatures. Information about all reference states is 
contained in the merged reference data set and thus considered 
in the reference null space and the covariance matrix.  

If the temperature differs from the reference temperatures, 
the changes in the structure due to temperature lead to higher 

test values even in the healthy states, exceeding the threshold. 
The structure is detected to be damaged. These changes due to 
new testing temperatures have quantitatively the same effect to 

the test values as damages do. While damages can be detected 
at all temperature levels, they cannot be distinguished from the 
healthy state at testing temperatures that are not contained in 

the reference data. 
 

Proposed interpolation approach 
 
In the interpolation approach, the information about the 

temperature depending behavior of the structure at testing 
temperatures different from the reference temperatures can 
qualitatively be carried by an adequate weighting function.  

The test values in Figure 6 are computed with the 
interpolation approach using the parameter depending Hankel 

(11) and covariance matrices (14) of the undamaged system at 
the three reference temperatures -25°C, 5°C, and 40°C. For the 
weighting of these matrices a Gaussian function with a variance 

of 5.5, centered at the testing temperature, is applied. Data 
samples of 5 minutes are used for the reference set up, and the 
testing Hankel matrices are computed from 100 s data samples. 

A threshold is computed in the reference state of the 
undamaged structure at the three reference temperatures (grey 

bars), allowing for 1% false alarms.  
With this approach the undamaged state can be distinguished 

clearly from the damaged state for any testing temperature. 

There is no difference in the test values, whether data from the 
testing temperature was available for the reference set up or not. 
An adequate null space can be found in any case, and false 

alarms in the undamaged state are avoided. The damages can 
be detected reliably.  

In general, the test values of the interpolation method are 
higher than in the other computation methods. This can be 
explained from the choice of the weighting of the local 

reference models. For any testing temperature, the Gaussian 
function with variance of 5.5 leads to a weighted mixture 
between all of the used reference models. This means that even 

at the reference temperatures, where data for a more precise 
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reference null space exists, an interpolated reference null space 
is used, which is affected by the other reference null spaces. 
This leads to some bias and as a result to higher test values of 

the hypothesis test. However, in the damaged case this effect 
persists, and damages still can be detected reliably.  

In the following, some conclusions are made for the choice 

of weighting function. It could be confirmed that the usage of 
bell-shaped functions centered at the testing temperature is 

adequate, if the temperature effects can be assumed to be 
approximately linear for each section. However, the choice of 
the variance of these weighting functions is quite important. If 

a  function with a high variance is chosen, this leads to results 

very similar to the averaging approach in Figure 5. If the 
variance is very low, the test values are similar to those in 
Figure 4, when only one reference temperature is used. In the 

present case the interpolation worked well with a function with 

𝜎 2 = 5.5 variance, but the effect of the width should be studied 
in further applications. In any case it is recommended not to use 
weighting functions that neglect nearby local models, even if a  

good local model is known from existing reference data. In this 
case the test values for testing temperatures different from the 
reference ones would be higher and could lead to false alarms. 

 

 
Figure 4. Test values at different testing temperatures in the undamaged state and at two damage levels.  

Fixed reference null space and covariance matrix are computed with data from one data set recorded at 5°C. 
 

 
Figure 5. Test values a t different testing temperatures in the undamaged state and at two damage levels.  

Averaged reference null space and covariance matrix are computed from a merged data set recorded at -25°C, 5°C, and 40°C. 
 

 
Figure 6. Test values a t different testing temperatures in the undamaged state and at two damage levels.  

Interpolated reference null space and covariance matrix are computed from local matrices at -25°C, 5°C, and 40°C. 
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4 CONCLUSIONS 

In this paper the application of an interpolation approach is 
presented for the consideration of the temperature effect in 
stochastic subspace-based damage detection to experimental 

data. It could be shown that the interpolation approach is able 
to distinguish between damaged and undamaged states reliably, 
and false alarms can be avoided. Some suggestions are made 

regarding the choice of an adequate weighting function.  
Further research should address the method’s performance 

and the choice of weighting functions for more complex 
temperature effects, especially discontinuous behavior as 
shown in [2]. Moreover, the effect of a  more detailed 

consideration of the uncertainties of the reference null space as 
proposed in [12] should be investigated on the test performance 
of the interpolation method. In this context the question also 

arises about the minimum damage size that can be detected 
with an interpolated reference null space, and if the bias in the 

interpolated reference null space resulting from combining 
several local models affects the test sensitivity.  
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ABSTRACT: The joint connection of steel structure usually includes bolt connections, pin connections, welding connections,
which are assumed to be hinged or rigid connection in the finite element simulation analysis. It is difficult to reflect the law of
the actual structural response using the simulation analysis with such hypothesis for the joint connection, where the differences
between the performance of the joint in the simulation analysis and the joint in actual structure are existed. The law of structural
response variations considering the joint stiffness characteristics is studied in the paper. The solid element is used to establish a
three-dimensional solid model of the joint, the bending moment-rotation curve of the joint in the elastic stage is determined, and
the rotational stiffness of the joint is extracted. By releasing the constraint at the end of the beam, the value of the rotation
stiffness of the joint is given, while the boundary conditions of the joint are determined, and the structural model considering the
characteristics of the joint stiffness is established. Based on the actual construction monitoring system of engineering structure,
the influence of the change of joint stiffness on the structural response under different unit load forms is compared and analyzed,
and the sensitivity of different joint stress forms to the change of joint stiffness is explored, which provides a theoretical basis
for the importance evaluation of joint stiffness in the structural simulation analysis.

KEYWORDS: Joint connection; Rotational stiffness; Response variations law; Structure health monitoring

1. INTRODUCTION

Due to the complexity of connection joints of the super
high-rise steel structure, the boundary conditons, stiffness of
steel, and the size and type of structural load change with the
construction process in time and space dimension.Existing
studies have revealed that the accumulation of vertical
deformation of super-tall buildings in the construction
process is prominent. The full simulation of the construction
process based on creep effect is carried out to obtain the
difference of vertical deformation and structural response in
each construction stage of the structure, and the vertical
deformation rule in the construction process of the structure
is studied.[1][2] But most of the research in view of
time-varying structure, material is time-varying, foundation
settlement time-varying of the whole structure of
construction simulation, simulation for detail structure model
of node is relatively rough, pin shaft node is a wider range of
application in the steel structure connection node, the node
stiffness characteristics of changes affect the deformation and

displacement response of the structure, accuracy will affect
the installation location of the component. In the process of
traditional structure design, will be as a hinge pin node, but
in the actual structure, its general characteristics of semi-rigid
nodes design results and the actual structure of the
construction and use of structural analysis results have
differences, lead to the traditional single macro scale model
can't reflect the effects of node characteristics for the overall
structural response. Therefore, for the construction phase of
the structure, especially in high-rise structures, it is necessary
to explore the extraction method based on meso-scale model
stiffness, and transformed into stiffness parameter generation
into the whole stiffness to structure the performance the key
node in response to a change in the construction process, and
more precise control of the whole model in responding to
change in the process of construction.
At present, domestic and foreign scholars have done a lot

of research on semi-rigid connection. The research content
mainly includes the research on the performance of the
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beam-column joints and the research on the influence of the
joints on the structure.From the existing research results,
there are many research methods of semi-rigid
connection,there are mainly experimental analysis[3][4][5],
theoretical analysis and numerical simulation method[6]. Test
analysis method can accurately reflect the whole process of
connection performance and obtain reliable test data, but the
experimental workload is large, the cost is high, and there are
many types of connection used in the actual project, and
there are many influencing factors and parameters, so it is
impossible to make a variety of practical node tests to obtain
data.However, the numerical simulation method can calculate
a variety of complex connection types. The moment Angle
curve is used as the basis for calculating the joint stiffness,
and the influence of various factors and various nonlinear
problems are fully considered. Therefore, the research on the
joint is a significant development in both theory and
calculation methods.However, the research on semi-rigid
joints at home and abroad is mainly focused on the steel
frame beam-column joints which are mainly connected by
high-strength bolt end plate. There are few researches on the
semi-rigid joints of pin joints, so it is necessary to study the
stiffness characteristics of pin joints in steel structures.

2. ROTATIONAL STIFFNESS DETERMINATION
METHOD BASED ON MESO-SCALE MODEL

2.1. Unit type and mesh division of solid model

The selection of element type in finite element calculation
has great influence on the accuracy of calculation results.
There are 8 types of units in ABAQUS software, namely
solid unit, shell unit, thin film unit, beam unit, rod unit, rigid
body unit, connection unit and infinite element. Among them,
the eight-node reduction integral element (C3D8R) in the
three-dimensional solid element has a good effect for the
contact problem, and the solution results for the displacement
are relatively accurate. When the mesh is distorted, the
analysis accuracy will not be greatly affected.Therefore, an
eight-node reduction integral element is selected in this paper
to simulate the solid element of each component of the bolt
node. There are two kinds of eight-node reduced-integral
elements: hexahedron and tetrahedron. Tetrahedron is
suitable for complex geometry, but the accuracy of
calculation results is low.The calculation accuracy of
hexahedron is higher, so this paper uses hexahedron element

to divide the mesh of each component.
The mesh division of bolt, lug plate and bolt joint model is

shown in Figure 1--Figure 4.

Figure 1.Bolt node meshing Figure 2.The mesh of ear plate

Figure 4.Beam meshing Figure 3.Connection plate meshing

Figure 5.Bolted node model meshing

2.2. Rotational stiffness extraction of nodes

For the rotational deformation of the joint, the rotational
stiffness of the joint is represented by the bending
moment-angle curve.In this model, the connection size of the
node is negligible compared with the length of the beam and
column, so it is assumed that the rotational deformation of
the connection is concentrated at a single point. The Angle
between beam end and column end is used to represent the
Angle of node connection. By changing the load value
applied by the model, the rotation Angle and the
corresponding bending moment of the nodes under different
loads are obtained, and then the angle-bending moment curve
of the nodes is obtained, and the rotational stiffness of the
nodes is obtained.

3. STRUCTURAL RESPONSE ANALYSIS
CONSIDERING JOINT STIFFNESS

3.1. Modeling of pin joints in crown structure of Da
Baihui Tower

There are a total of 43 pin nodes in the tower crown structure
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of Da Baiwei. Due to the large number of pin nodes, it is
impossible to model each node. Therefore, pin nodes with
elevation of 324.500 are selected as examples in Figure 6 and
Figure 7 to establish node model. The pin node model is
shown in Figure 8 and Figure 9.

Figure 6.Steel structure
layout of tower crown top

Figure 7.Tie rod joint size
drawing

Figure 8.3D model drawing Figure 9.Vertical view

3.2. Sensitivity analysis method of joint stiffness

Analysis the node type, the stiffness of sensitive load form
and stiffness compared different node load form for different
nodes under the changing nature of the stiffness, the change
of the node displacement and member internal force value,
according to the size of the values of change under different
load form, adopts node stiffness sensitivity analysis method
to determine the stress form sensitivity on stiffness.
Under the action of axial force, bending moment and

internal force of shear joints, the x-rotational stiffness,
y-rotational rod stiffness and XY rotational stiffness of joints
were respectively changed. The joint stiffness was set as
articulated and rigid joints, and the relative change value of
point displacement of the structure was extracted when the
joint stiffness changed from articulated to rigid joints, as
shown in Figure 10, Figure 1 and Figure 12:

Figure 10.The relative change of DX under axial force

Figure 11.The relative change of DY under axial force

Figure 12.The relative change of DZ under axial force

As shown in Figure 10, Figure 11 and Figure 12, by
comparing the variation values of curves Dx, Dy and Dz
under different types of node stiffness, it can be seen that
when the node is subjected to unit axial force load, the
variation magnitude of node displacement is different for
different types of node stiffness. By analyzing the change
value of joint displacements, it can be concluded that in the
Dx direction, the structural displacements are more sensitive
to the change of rotational stiffness when the joint stiffness
types are Y and XY. In the DY direction, the structural
displacement is more sensitive to the change of rotational
stiffness when the joint stiffness types are X and Y.In the DZ
direction, the structural displacement is more sensitive to the

                   Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure

423



change of rotational stiffness when the joint stiffness type is
XY. However, in the DZ direction, the relative change value
of structural displacement is larger, so when the load form of
joints is axial force, the structural response is more sensitive
to the change of rotational stiffness of joints in the XY
direction.

4. SUMMARY

Considering the influence of joint stiffness characteristics on
the structural response, through the modeling of steel
structure pin joints, the relative variation values of structural
displacement responses under different unit load forms are
compared and analyzed, and the sensitivity analysis method
of pin joint stiffness is given. For structures where the
displacement response is the main constraint the rotational
stiffness sensitivity of the nodes with different internal force
components can be obtained.In actual engineering, according
to different concrete displacement restrictions of steel
structures, the key joints sensitive to joint stiffness can be
selected by the proposed method of importance evaluation of
joint stiffness, and the stiffness value of key joints can be
revised.
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ABSTRACT: Cloud platforms today, which are built for big data, are not focused on Structural Health Monitoring (SHM). We 
investigate how a multi-tenancy system can be created in a way that can ingest data from multiple data sources and ultimately by 
multiple SHM (Structural Health Monitoring) systems. Earlier developed, purpose-built SHM applications were used to define 
the minimum requirements for functionality and user interaction. 
We found that using Microsoft Orleans virtual actors as a database, together with a data warehouse, can address all pre-set 
requirements. However, using a single system for multiple clients raises certain concerns with scalability of data storage and 
sensor data ingestion. To prove that the solution can handle the increasing number of clients/users/projects/sensors, we 
benchmark the Orleans virtual actor framework to show that the application can scale out. In addition, we show that the 
implementation can handle a multitude of user interactions. We find that by using Orleans virtual actors as a multi-tenancy 
system we are able to efficiently and effortlessly scale out, handle a variety of sensor data sampling frequencies, user 
interactions, data processing and data analytics. 

KEY WORDS: IoT, cloud platform, SHM Software, SHMS platform, Monitoring software, SHMS. 

1 INTRODUCTION 
In modern structural health monitoring systems, the need for 
processing large quantities of sensor data from high sampling 
rate sensors has become more prevalent [1]. Handling large 
quantities of data poses challenges in ingestion, analysis 
workloads, storage, and visualization. Solving these 
challenges requires multi server setups with pipelines of data 
stream handlers, data warehouses and solutions for 
visualizations which can be time consuming to setup and 
maintain. Creating a structural health monitoring cloud 
platform as a SaaS (Software as a Service) can move the 
infrastructure, development cost, and engineering hours away 
from the individual application, generating value quicker with 
lower initial capital investment [2].  

In this paper, we introduce Senmos, a structural health 
monitoring data platform built as a multi-tenant system. The 
aim of Senmos is to allow both large and small structures to 
obtain the benefits of structural health monitoring without the 
need to develop the advanced infrastructure from the ground 
up currently required to deal with the large quantities of 
sensor data.  

In section 2 of this paper, a general overview of structural 
health monitoring platforms and the minimum requirements 
for developing Senmos are described.  

In section 3, the architecture is described, focusing on the 
technologies chosen and how they satisfy the requirements.  

In section 4, we discuss the relevance of data streams in 
structural health monitoring and explain how these challenges 
are solved using virtual actors as a database.  

In section 5, are described the initial possibilities for data 
analytics and how Senmos is made ready for development and 
implementation of modern data analytics. 

In section 6, the visualization tools built into Senmos are 
presented.  

In section 7, we show how the data archiving solution 
overcomes the challenges presented when dealing with large 
quantities of data in a multi-tenant system.  

And in section 8, we evaluate the scalability of Senmos for 
ingestion of data in Microsoft Orleans through a 
benchmarking experiment. 

2 STRUCTURAL HEALTH MONITORING PLATFORM 
Structural health monitoring systems deal with multiple of the 
large data challenges of IoT (Internet of Things). These 
challenges include: data ingestion where the system must be 
able to handle millions of data points each second; data 
storage of terabytes of data without data access becoming 
slow and unresponsive, and heterogeneous data with data 
types such as time series data, reports, video, and data 
processing results. Creating a multi tenancy system also poses 
data security concerns, as the users and organizations must be 
separated, without the ability to access each other’s data, in 
order to not impose security risks on the structures. 

Based on the list of non-functional requirements for an IoT 
platform described in [3], we extended the list with the non-
functional requirements from KI’s earlier experience in 
developing structural health monitoring systems: 

(1) Data ingestion from endpoints. Dealing with large 
infrastructures or isolated structures, sensors can be 
placed at remote locations where it is important that 
they can send data directly to the data platform. Having 
equipment sending data directly can also limit the 
hardware cost on projects by not requiring an on-
premises server for every deployment. 
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(2) Multi-tenancy. To minimize setup cost and system 
maintenance, the platform must allow multiple 
organizations with a variety of information services and 
clearance levels for different users. 

(3) Support for heterogeneous data. Structural health 
monitoring has a wide variety of data types including: 
time series, reports, video streams, data sets from 
analytics, and data reports from external systems. 

(4) Cloud-based deployment. To scale significantly fast 
and to be deployed all over the globe, cloud-based 
deployment is required as an option.  

(5) On-premises deployment. For some infrastructures, 
the safety of deployment on local on-premises server is 
a requirement. For those instances, the solution must be 
able to be deployed locally, outside the cloud 
infrastructure. 

(6) Scalable data platform. Creating a software as a 
service (SaaS) platform allows all platform 
maintenance for multiple clients to be handled on that 
single platform at the same time, but SaaS requires the 
entire platform to be scalable on organizations, users, 
sensors, and data streams. 

(7) High efficiency. Dynamic data measurements in 
structural health monitoring are often at high data rates 
(100Hz – 2000Hz). Common applications still require 
close to real time alarm systems and data processing. 
Therefore, the system must be able to handle incoming 
data streams with high efficiency to keep up with large 
data streams and alert the users in time. 

(8) Access control and data protection. In a multi-
tenancy system, protecting data from cross access 
between clients, and from outside sources is paramount. 
No organization can be allowed to have access to data 
outside their own organization unless allowed by the 
other party. 

(9) Big data archive. Storing data for later exploration or 
data processing is required. New methods for treating 
data are being developed every year, and the ability to 
use these methods on data going back years can allow 
infrastructure owners to gain new value from their 
stored data. 

(10) Easily accessible data visualization and 

configuration. Making data from structural health 
monitoring easily accessible for visualization and 
configuration promotes data exploration. Data 
exploration can help observe patterns not foreseen 
when initially developing the system, providing new 
value from data. Making it easy to access data also 
helps keep costs and time usage down when analyzing 
data. 

3 ARCHITECTURE 
For Senmos to be used as a structural health monitoring 
platform, its architecture must satisfy the requirements listed 
in Section 2.  

Microsoft Orleans actor framework [4] provides the 
functionality to handle data streams (see Section 4 for further 
details into data streams) and supports heterogeneous data 
formats through the possibility of creating arbitrary data 
transformations in actor methods. The actor model (see 

Section 4.1) enables Orleans to be fully scalable on multiple 
cores, processors, servers, and locations with minimal 
configuration efforts. When using the same actor instances at 
a high frequency, the framework is also highly efficient, by 
allowing the state to be held in memory working as a smart 
cache for low latency requests. Data in Orleans actors are 
invisible to other actors letting the developer create access 
permissions which can be checked when messages pass 
between actors, allowing the functionality for data security. 
Orleans is developed to run on a user defined platform by 
abstracting the core systems used for durability, configuration, 
and execution. They allow the system architect to choose 
between multiple built-in cloud and local data systems for 
deployment, or create their own interfaces with databases. The 
Orleans technology  satisfies then the requirements (2) multi-
tenancy, (3) heterogeneous data, (4) cloud-based deployment, 
(5) on-premises deployment, (6) scalable, (7) efficiency, and 
(8) access control and data protection. 

Amazon Redshift database [5] is the database of choice for 
data archiving of the large amount of heterogeneous data 
generated by structural health monitoring. Redshift allows the 
developer to store all data directly in Amazon S3 (Simple 
Storage Services) [6], which promises infinite scaling, infinite 
data durability and 99.99% data availability. Redshift provides 
a relational query interface for the wide variety of 
heterogeneous data. Specific access control can be defined on 
Amazon Web Services (AWS) to allow access to limited parts 
of the multi-tenancy system in the event of an owner wanting 
direct access to the data warehouse. Amazon Redshift then 
satisfies requirements (2) multi-tenancy, (3) heterogenous 
data, (4) cloud-based deployment, (6) scalability, (7) 
efficiency, (8) access control and data protection, and (9) big 
data archive. As Amazon Redshift is only available on AWS it 
does not satisfy the requirement of on-premises deployments, 
but with the open-source data formats, Redshift can be 
replaced with another data warehouse tool on on-premises 
deployments without the need for reformatting data. 

Microsoft ASP.Net (a web application framework from 
Microsoft) is used for data ingestion from endpoints by 
making a REST (HTTP protocol to transfer data) application 
interface available. ASP.Net is also used for the user interface 
creating visualizations and configurations with Facebook 
React (JavaScript framework for creating user interfaces). 
Because all state is stored on Microsoft Orleans and Redshift 
the ASP.Net applications are completely scalable on both 
servers and locations. ASP.Net then satisfies requirements (1) 
data ingestion from endpoints, (2) multi-tenancy, (3) 
heterogeneous data, (4) cloud-based deployment, (5) on-
premises deployment, (6) scalability, (7) efficiency, and (10) 
visualizations and configuration.  

4 STREAMING DATA 
A data stream is defined as continuously flowing data to a 
system over time. In the case of structural health monitoring, 
data streams usually refer to the constant flow of sensor data 
to the data platform. Structural health monitoring applications 
can be time sensitive, where triggers or alarms need to reach 
the users within seconds rather than minutes. But alarms can 
require calculation in the form of preprocessing, correlation, 
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and comparisons, which is why a solid streaming system is 
required to handle the structural health monitoring data. 

4.1 What are actors? 

In computer science, “actors” are a single threaded instance 
which only communicates with other actors through 
messages. All actor messages are asynchronous, making the 
actor model highly optimized for concurrent programming. 
Each application can scale on actor instances, processes, 
cores, computers, and locations. For this reason, Microsoft 
Orleans [4] was used for the development of Senmos. Orleans 
uses the actor model with the change that all actors are virtual, 
each instance is not locked to a specific location or computer 
but can be started or stopped depending on when actor 
instances are receiving messages. The actor’s state is stored 
on a separate database accessible from all locations where the 
program is executed. In general, the actor model does not 
necessarily have state which is persistent, but in Orleans the 
actors can all have their own object with durable state. 

4.2 Actors as a database 

With actors which can store state and unique identifiers, 
relationships between actor types can be formed and used to 
create databases. Multiple projects today are using actors as a 
database, due to the increasing demand in low latency and 
scalability (projects and businesses such as Skype, Azure, 
Halo-4, Mailcloud limited) [7,8]. The problem with actor-
oriented databases is that they do not included the traditional 
tools found in relational databases, such as transactions and 
query interfaces. The system ReactDB [9] has been built using 
a relational actor programming model in an in-memory 
database, which provides transactions and a query interface. 
Orleans has also started to provide both in a limited manner. 
But even without built in transactions and a query interface, 
Orleans can be used as a database where data transactions and 
querying relationships are up to the developer. All data in the 
actor database is also available when developing data stream 
handlers, enabling stateful algorithms to be executed on data 

streams for advanced analytics. 

5 DATA ANALYTICS 
In most cases, the insight provided by data collected from 
sensors in structural health monitoring is only achieved 
through data analytics. The situations where data analytics are 
used in structural health monitoring can be split into two 
categories: streaming and post processing. 

With stream analytics the live data sent to the system is 
processed with filters, aggregates, combinatory operations, 
and more, to provide new insight. The data is then used either 
by being displayed on the platform directly, to update models 
such as digital twins, or to generate alarms. 

Post processing analytics here refers to data processing with 
the aim to obtain insight from historical data, such as 
calculating damage from fatigue, modal identification, multi 
varied data correlations, AI algorithms, or many other 
possible data analysis methods [1]. 

Senmos is designed with these two data analytics methods 
in mind. Orleans has a stream handler built in which allows 
for the use of queue’s and data stream processing to handle 
stream analytics. Orleans can also be used to send post 
processing analytics tasks to the servers in the cluster with the 
currently least loaded CPU machines, where historical data 
can be accessed from AWS Redshift. Spreading workloads 
according to CPU utilization enables the workloads to be 
spread out equally across the cluster, providing scalability 
outwards to multiple machines. Redshift offers strong built-in 
data analytics tools, which allow to move analytics directly to 
the data warehouse, when applicable. 

6 VISUALIZATIONS 
Senmos enables users to visualize data through two different 
tools: dashboards (6.1) and data archive (6.2).  

6.1 Dashboards 

The dashboards on Senmos can be created by owners and 

Figure 1. Overview Dashboard with values and alarms on an image. 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure  

428 

administrators of each organization through the Senmos user 
interface. The dashboards have a set number of visualizations, 
which can be used in a variety of use cases including:  

• Images with live values and alarm indicators. 
• Graphs with historical data or live updating plots. 
• Text boxes with user defined information. 
• Tables with alarms, errors, sensor information, or live 

values. 
• Local weather update. 
• Analytics such as FFT (Fast Fourier Transform) 

The visualizations are designed to enable the following use 
cases:  

• Dashboards for technical monitoring rooms, where 
overviews are showed around the clock to monitor 
for alarms and warnings critical to safety. 

• Dashboards for displaying relevant sensor groups 
together to help with maintenance reviews. 

• Dashboards with live tracking of vehicle data or 
events with significant change in short intervals. 

• Dashboards for displaying current system status to 
keep track of sensor functionality and data collection. 

Every visualization can be configured through UI without 
prior knowledge of code and access to the user manual. 
Structural health monitoring systems are in many cases 
designed for long lifetimes, where many changes and updates 
occur during the life span of the systems. Allowing the user to 
apply these changes into the system lets the platform 
continually depict the most up to date view of the monitored 
structure. 

6.2 Data archive 

The data archive is a fixed tool for visualizing all sensors, 
sensor channels (sensor channels are here defined as the 
individual data channels of a sensor ex. a three-axis 
accelerometer has three sensor channels X, Y, and Z), and all 
other data stored on the Senmos data platform (see Figure 2). 

The data archive consists of five sections: (1) the sensor 
channel menu, (2) the overview graph, (3) the detailed graph, 
(4) the legend and graph options, and (5) the data download 
option. 

The sensor channel menu (1) allows the user to choose 
which sensor channels they wish to visualize and possibly 
compare to other sensor channels. 

The overview graph (2) displays time series data for a 
period of up to 10 years, and down to 1 day. Multiple sensor 
channels and sensor types can be compared on the overview 
graph enabling the user to explore correlations in the data. 

The detailed graph (3) allows the user to zoom further in on 
the data displayed in the overview graph. If the user clicks on 
a point on the overview graph the surrounding hour of data 
will be displayed on the detailed graph. The user can then 
visualize periods from one hour of data down to milliseconds, 
focusing on events found through the overview graph. 

The legend and graphs menu (4) allow the user to see the 
currently plotted sensor channels and make changes to the 
visualization configurations. 

The data download options (5) makes all data stored on 
Senmos available for download. Granting the users, a quick 
way to find and download data enables the platform to 
become the first step for further data analytics on local 
machines. However, the platform will tend to evolve to a one 
spot location for both data exploration and analysis, allowing 
the user to develop and perform custom data analysis directly 
on the cloud. 

7 DATA ARCHIVING 
Most permanent structures are built to last decades, where 
structural damage and maintenance schedules can have just as 
long timelines. Due to the long timespans, storing long term 
data can be valuable to understand changes in the structure 
over the years. Storing years’ worth of data also poses the 
challenge of still making the entire timeline available for data 
exploration and swift data analytics with a low storage cost. 

Figure 2. Data archive with visualizations of historical data. 
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Dynamic data can be logged at high sampling rates, in some 
cases more than 500 Hz, which, even with compression, can 
lead to the buildup of terabytes of data each year. 

Data also tends to be heterogeneous because a vast amount 
of different data types being collected in SHMS. The data 
types include time series data, reports, images, video, results 
from data analytics, FE-Models, machine data, and operations 
manuals. Each data type must be available for the user and for 
analysis to obtain the most insight into the structure.  

From the set requirements, we know that the data archive 
needs to store large quantities of data (9), with scalable data 
ingestion (6)(7), be deployable both in the cloud (4) and on-
premises (5), support heterogeneous data (3), have access 
control and data protection (8), and support multi-tenancy (2). 

7.1 Data warehouse 

Structuring the data in a data warehouse [10] is intended for 
allowing simple data analytics to be performed on the data. 
AWS Redshift enables the use of S3 (Amazon Simple Storage 
Service) as a data lake, meaning that without scaling the 
redshift instances, the amount of data is completely scalable. 
In structural health monitoring, data analytics are typically 
produced at two different times for each data point logged. 
Once, when the data is entered into the system and any real 
time algorithm is executed, checking for alarm triggers, 
updating fatigue estimations, calculating aggregates, and 
producing new virtual sensor signals from combinations of 
sensor channels. The second time can be for monthly or yearly 
reports when maintenance schedules are updated, or the 
structure’s condition is assessed. For the remaining time, the 
data is standing by, meaning that it is only needed far less than 
1% of the time. 

In the Redshift data warehouse, the data is stored in a star 
schema to provide an understandable view into the data once 
data analytics needs to be caried out. The star schema consists 
of a facts table for each data type, stored in the data 
warehouse which is described through multiple dimensions-
tables with organization structure, sensor channel information, 
and more. 

8 EXPERIMENTAL EVALUATION 
Our goal for the experimental evaluation is to show that the 

Senmos software platform can scale out to a large number of 
servers making the platform viable as a multi-tenancy system. 
Traditional relational databases are not able to scale beyond a 
single server setup setting strict limits on the concurrent 
sensors/users/structures monitored on a system. To use 
Senmos as a SaaS utility, the platform must scale horizontally 
outwards to multiple servers. In the following we explain our 
setup and results. 

8.1 Experimental setup 

To simulate the thousands of sensors sending data to the 
Senmos platform, a console program is created which can 
send sensor data requests directly to Microsoft Orleans. The 
platform can take sensor requests in the form of HTTP 
requests. However, to limit the scope of the experiment, we 
stress the Orleans actor implementation and not the other 
layers related to communication. 

To execute the experiment, the Orleans framework requires 
multiple applications to function. A RDS (Relational Database 
Services) database on AWS was used to store the Orleans 
system storage, DynamoDB on AWS was used to store the 
Orleans actor state, and EC2 (Elastic Compute Cloud) was 
used to run all remaining components. 

On EC2, M5 instances were used with windows server 2012 
R2 and Orleans 1.5.0. The M5 instances were chosen to 
simulate possible future deployments.  

We populated the actor database with organizations, 
projects, sensors, sensor channels, and users. For each sensor 
two sensor channels capable of receiving data were created. 
For each organization 100 sensors were created, and for each 
10 sensors one virtual sensor with calculations from two other 
sensors in the organizations was created. Each virtual sensor 
is setup to calculate a new data channel based on other sensor 
values, such as the difference or combined value in each time 
step. The data requests sent consists of 20 data points for each 
sensor sent once every second (two sensor channels sending 
data at 10 Hz). 
As an example, consider we wish to simulate 500 sensors: 
Each sensor has two sensor channels (X, and Y) making the 
total number of sensor channels 1,000, each sensor channel 
samples data at 10 Hz corresponding to 10,000 data points 
being sent to the system each second from the 1,000 sensor 

Figure 3. Scale out experiment over multiple servers. Figure 4. Single server throughput experiment. 
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channels. For each 10 sensors 1 virtual sensor channel is 
calculated making a total of 50 virtual sensor channels. 

8.2 Experimental results 

The experiments sought to answer two questions (1) how 
many sensor readings can Senmos ingest using a single cloud 
server? (2) Does Senmos scale simultaneously on the number 
of sensors and servers? [11] 

The first experiment (1) was intended to provide a baseline 
for the second experiment (2) by establishing a relationship 
between the number of sensors and the hardware utilization of 
Senmos when both scaling up on a single server and scaling 
out on multiple.  

Figure 4 shows the single server throughput experiment. 
Because every sensor in the experiment sends one package 
each second, Senmos is handling the entire sensor load if the 
throughput (requests executed each second) is equal to the 
number of sensors. We observe that the throughput is lower 
than the number of simulated sensors when we reach 2,000 
simulated sensors. During the experiment we were also 
observing the CPU usage on the windows instance, and when 
the number of sensors reached 1,800, the CPU usage reached 
100% in the Task Manager. For the single server throughput 
experiment a M5.large instance on EC2 was used. 

The second experiment (2) was intended to show that 
Senmos can scale out on the amount sensor requests utilizing 
the computing power of multiple machines. From experiment 
(1) we see that the maximum number of simulated sensors on 
a single M5.large instance at 100% utilization is 1,800 
simulated sensors. To leave room for user requests and data 
aggregates for statistical calculations we choose to aim for a 
CPU utilization of 80% on each server leaving us with 1,400 
simulated sensors pr. server instance to simulate. For the scale 
out experiment we choose to go with the larger M5.xlarge 
instances which are described on AWS to have a factor of 
1.5x more computing power than the M5.large. This lets us 
handle roughly 2,100 simulated sensors on each M5.xlarge 
server instance. This configuration is incorporated as a scale 
factor of 1, meaning 2,100 simulated sensors and one 
M5.xlarge server instance should produce a throughput of 
2,100 requests pr. second. As the scale factor increase so does 
the number of sensors and the number of instances 
accordingly. 

Figure 3 shows that at five M5.xlarge servers and 10,500 
simulated sensors we observe a throughput of above 10,000 
requests pr. second as expected from the experiment. At eight 
times the scale factor with eight M5.xlarge servers and 16,800 
simulated sensors we observe a throughput of above 16,000 
requests pr. second. 

The results indicate that the number of servers can 
potentially scale even further than the 8 M5.xlarge instances 
used in this experiment since we did not hit any bottlenecks. 
Since there are no dependencies across organizations, we 
expect that the number of servers can scale significantly 
higher than the experiment. Further details regarding the 
experimental setup and results can be found in [3]. 

9 CONCLUSION 
In this paper we present Senmos, a structural health 
monitoring platform working as a SaaS system. Creating a 

SHMS platform as a SaaS allows the user to gain the 
following benefits: low initial capital investment in software 
when developing their SHMS, no need for individual server or 
cloud infrastructure, centralized maintenance of infrastructure, 
and access to data analytics tools developed in future projects 
on Senmos to gain value from data. 

Creating a structural health monitoring platform poses 
significant challenges in scaling data tasks, especially when 
working with a multi-tenant system where the data amounts 
are multiplied by the number of simultaneous structural health 
monitoring projects. We show through a benchmarking 
experiment that by using Microsoft Orleans virtual actors as a 
database, we can efficiently ingest and create the necessary 
real time analytics to solve the requirements for any modern 
structural health monitoring platform. To provide data 
analytics and archiving capabilities to the Senmos platform, 
we show that the AWS Redshift data warehouse can store the 
expected large quantity of data without running into 
performance issues with data ingestion and performing any 
queries on the large datasets. 

10 FUTURE 
Senmos will be used for structural health monitoring on 
multiple bridges in 2021. As a part of these projects, multiple 
data analytics tools are planned for integration into the 
platform, including fatigue lifetime estimation, correlation 
visualizations, auto correlation visualizations, automatically 
generation of reports, and filters for real time data streams.  

Currently, the platform can only handle time series data, 
however, in the coming year, in addition to the above, we will 
also see reports and video streaming on the platform. 

Using machine learning and AI algorithms for gaining value 
from data in structural health monitoring is an ongoing 
research subject which is also relevant for Senmos. 

Working with data directly in the cloud allows consultants 
and researchers to gain value without large data transfers and 
workloads on their local computers. We intend to give 
programmatical access to data through platforms such as 
Jupyter or other notebook types. 
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ABSTRACT: Many bridges around the world are in urgent need of refurbishment and face challenges of limited capital investment 

and condition assessment. Public transportation agencies need reliable monitoring technologies to provide advance warnings of 

performance loss and pending failure of their critical assets, probability of which may increase due to climate change and extreme 

weather events. Satellites can be used to address some of these issues by taking several images of a bridge structure at different 

times and analyzing them with advanced processing techniques such as Interferometric Synthetic Aperture Radar (InSAR). With 

this approach, accurate weather-independent displacement measurements can be obtained to complement scheduled visual 

inspection data for bridge performance assessment. This paper presents the InSAR methodology with application to a major bridge 

in Montreal, Canada, namely the historic Victoria Bridge over which acquired satellite images have been validated against 

analytical and numerical predictions. A new calculation methodology is presented for the validation of satellite displacement 

measurements and their comparison to predefined thresholds in order to identify the extent and location of excessive motion on 

the bridge structure. The displacement results of interest include linear rate (or velocity) and thermal sensitivity (or thermal 

expansion rate), where both, taken separately or in combination, are found valuable for an accurate assessment of the bridge 

structural integrity. Finally, a new software platform called BRIGITAL is presented, which can make use of satellite data for 3D 

visualization, data analysis, and detection and early warning of excessive bridge displacements, which can help bridge engineers 

identify hot spots on bridges and take action to avoid possible problems and failures.  

KEY WORDS: Bridges; SAR satellites; Displacement measurement; Data visualization; Performance assessment.    

1 INTRODUCTION 

 Background 

Most bridges that were built in the 1950’s through the 1970’s 

are considered deficient in terms of structural capacity or 

functionality [1, 2]. Several of them are in urgent need of 

refurbishment due to increased traffic loads, accumulated 

deterioration, and the advent of more stringent bridge design 

codes, and face challenges of limited capital investment and 

maintenance. Another key challenge is climate change and 

extreme climatic events, which can affect the structural health 

of bridges and their performance due to developing 

vulnerabilities to temperature change, flooding, wind loading, 

and other factors [3]. If not attended, these deficiencies may 

lead to bridge collapses with tragic consequences like the 51-

year old Morandi Bridge in Genoa, Italy, which collapsed in 

August 2018 and sadly resulted in 43 casualties [4]. In order to 

optimize performance and guard against failures and collapses, 

bridges are inspected on a regular basis according to standard 

protocols and frequencies that depend on local jurisdictions [5- 

7] in order to identify structural problems and material 

deterioration and to plan for their remediation. The inspection 

frequency (e.g. every two years between general visual 

inspections in Canada and the UK), however, may be 

insufficient to tackle some escalating problems, especially in 

the later stages in the life cycle of a bridge, or during 

unexpected loading events. The judicious use of structural 

health monitoring (SHM) on critical bridges can contribute to 

addressing some of today’s challenges.  

For instance, a more accurate knowledge of the life cycle 

performance of a bridge network through SHM can provide 

more complete and timely information to decision makers for 

an improved management of highway bridges regarding their 

maintenance and rehabilitation. Even as in-situ monitoring 

technologies evolve and get integrated into modern sensor-

packed smart bridges, thousands of other bridges may remain 

insufficiently inspected and inadequately serviced. In-situ 

sensors are appropriate for targeted monitoring of selected 

structures but cannot be practically deployed on a large scale 

due to already limited budgets [8].  

     Satellites may help engineers to identify some of the above 

problems in a timely manner by augmenting existing datasets 

from established condition assessment methods with new 

datasets. Satellites that carry Synthetic Aperture Radar (SAR) 

are capable of providing weather-independent, high-resolution 

imagery of the Earth’s surface [9]. The accurate measurement 

of displacements on ground structures requires the processing 

of several radar images taken at different times using advanced 

techniques, such as interferometric SAR (InSAR), which is 

fully described elsewhere [10, 11]. Ground motion maps have 

been available over the past 20 years and the Earth Observation 

(EO) industry providing this service is growing [12]. Early 

warning systems providing advance indications of potential 

bridge problems are of vital importance and current satellite 

technology could be exploited to rapidly identify these 

problems both at the single bridge level and at the network level 

[13-15].  

Satellite monitoring for early detection of excessive displacements on bridges 

Daniel Cusson1, Cristian Rossi2, Istemi Ozkan1 

1Construction Research Centre, National Research Council Canada, Ottawa, Ontario, K1A 0R6, Canada  
2Electron Building, Satellite Applications Catapult, Didcot, Oxfordshire, OX11 0QR, United Kingdom  

Email: daniel.cusson@nrc.gc.ca, cristian.rossi@sa.catapult.org.uk, istemi.ozkan@nrc.gc.ca 

                          Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure
                                                                                                                                     Porto, Portugal, 30 June - 2 July 2021 
                                                                                                                                                                       ISSN 2564-3738

433



 Research Significance 

Excessive deformations can severely affect bridges and can 

lead to connection issues, girder cracking, or other problems 

[16]. Displacement thermal sensitivity (expressed in mm/°C) 

has been identified as a unique parameter that can be 

determined from SAR satellite measurements on bridges [17-

21], which can be monitored for the early identification of 

potential problems. Some non-thermally induced problems 

(e.g. corrosion and seizing of bridge bearings) can also be 

detected if they affect the thermal sensitivity of bridges. 

Previously its calculation has only been determined in the 

longitudinal direction of the bridge [17, 18, 21], which in many 

cases is the most significant contribution to thermal 

deformations. However, there are several cases where the 

vertical component becomes significant and needs to be 

accounted for. For instance, in concrete-slab-on-steel-girder 

composite bridges, displacement thermal sensitivity may have 

a substantial vertical component since temperature changes can 

induce significant bending in the bridge superstructure due to 

the different thermal expansion rates of concrete and steel. A 

detailed calculation approach for displacement thermal 

sensitivity is therefore presented in this paper that also takes 

vertical displacement into consideration. A methodology is 

proposed to use displacement thermal sensitivity as a means to 

monitor bridge structural behavior as measured by satellites 

and predicted by analytical calculations, which may help early 

identification of potential problems that may lead to failure if 

not attended.  

     The limited availability of early warning systems based on 

satellite measurements has also created a strong need to fill this 

technology gap by developing such tools to assist bridge 

engineers in the continuous monitoring of bridges, providing 

crucial data between scheduled bridge inspections. In this 

context, Satellite Applications Catapult in the U.K. and the 

National Research Council of Canada partnered up with the 

main objective to develop a decision-support toolkit for 

authorities in charge of bridge inspection and maintenance. 

Several consultations have been conducted in both countries to 

understand end-user needs and requirements. Based on these, a 

new tool – called BRIGITAL – was envisioned to integrate data 

from different sources (e.g. satellites, in-situ sensors, numerical 

models and visual inspection reports) in order to deliver bridge 

performance indicators on structural stability, integrity, risks, 

and safety.  

     In this paper, actual satellite displacement measurements 

from a major case study are presented in Section 2, which 

served as input data for the development of the decision-

support tool. Novel approaches to determine the expected 

displacements and thresholds for early warnings and critical 

alerts are discussed in Section 3. The development of the 

decision-support tool – currently in its initial phase focusing on 

3D visualization and analysis of satellite data and early warning 

of excessive displacements – is illustrated later in Section 4.  

     This tool, which can be integrated into a larger bridge 

management system, is expected to address the above gaps and 

help authorities to make better and timely decisions based on 

actionable data from satellites and other sensing devices to 

identify safety-critical structures and quantify the risk they pose 

to their users.  

2 INSAR DISPLACEMENT MEASUREMENTS FOR 

BRIDGE MONITORING AND VISUALIZATION 

This section presents a case study (selected from a number of 

bridge case studies [19, 20]) from which the processed satellite 

datasets were used in the development and demonstration of the 

proposed data visualization and early warning platform 

presented later in Section 4.  

 Selected Bridge Case Study 

The 160-year old Victoria Bridge – owned by Canadian 

National Railway (CN) – crosses the St. Lawrence River, and 

links the cities of Montreal and Saint-Lambert in Quebec, 

Canada (Figure 1). The 3 km long bridge carries two railway 

tracks and four narrow roadway lanes.  

    Its structural system consists mainly of steel through trusses 

and steel deck trusses. The railway tracks are laid on timber 

bridge ties, while the roadway riding surface is mostly made of 

steel grating.  

 

Figure 1. View of the monitored Victoria Bridge in Montreal 

(QC), Canada. 

 Acquired Radar Imagery 

For the InSAR analysis, scenes have been obtained from 

Radarsat-2 at a 24-day repeat pass period for two satellite pass 

directions (ascending, when the satellite navigates from south 

to north poles; and descending, from north to south poles). For 

the monitoring of the Victoria bridge, the SpotLight-A (SLA) 

beam mode was selected, which is best-suited for bridge 

monitoring applications since it provides the satellite’s best 

ground spatial resolution (1 m x 3 m).  

     Two image stacks with opposite viewing geometries were 

selected. The first one was the SLA26-asc stack in ascending 

direction; looking sideways to the East with a 48° incidence 

angle. The second one was the SLA12-des stack with a 

descending direction; looking sideways to the West with a 39° 

incidence angle.  

     For the InSAR analysis conducted by MDA [22], a total of 

19 scenes were available from the SLA-26-asc stack and 28 

scenes from the SLA12-des stack, covering a two-year 

monitoring period from May 2016 to August 2018. Viewing the 

data from two different LOS may give additional perspective 

on the interpretation of displacement detected by each image 

stack [23, 24].  
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 InSAR Analysis of Satellite Imagery 

SAR is a remote sensing technique where a radar image is 

formed by collecting and processing a series of transmitted 

coded microwave pulses that have reflected or scattered from 

certain elements on the Earth’s surface.  InSAR is a technique 

where the amplitude and phase of two complex radar images 

acquired at two different times are combined in a so-called 

interferogram. The phase change is cumulatively sensitive to 

all geometric and physical variables that affect the return path 

of the microwaves between the satellite and Earth’s surface. 

Hence, the phase is proportional to surface topography, surface 

displacement along satellite LOS, atmospheric pressure, and 

water vapor. Knowing the phase difference and the radar 

wavelength (5.66 cm for Radarsat-2), the relative displacement 

of a given target over time can be estimated.  

     The persistent scatterer interferometry (PSI) method allows 

the detection of point-like coherent targets in the radar image 

that preserve their structural characteristics through time. This 

method was selected because it preserves the full resolution of 

selected targets, and provides discrimination between high and 

low quality targets, e.g., separating bridge elements from water 

elements [22]. The analysis of radar backscatters from bridges 

can be complicated due to the combination of layover, shadow, 

and multi-bounce effects. Details can be found elsewhere [9].  

     A linear phase model was fit to the PS-InSAR data using 

regression analysis to estimate the following parameters:  

 Residual height (m) – fitted against perpendicular 

baseline (stereo sensitivity) data;  

 Thermal sensitivity of displacement (mm/°C) fitted 

against ambient temperature data;  

 Linear time rate of displacement (mm/year) fitted 

against time from the reference image acquisition;  

 Coherence (ranging 0 to 1) – confirming quality of fit 

and reliability of processed data.  

Figure 2 shows the LOS residual height, linear rate (i.e., 

velocity) and thermal sensitivity components estimated over 

the Victoria Bridge from the ascending stack (SLA26-asc) from 

May 2016 to August 2018. It can be confirmed that the height 

dataset corresponds well to the known elevations of the bridge 

structure, the linear time rates of displacement indicate 

negligible subsidence of the bridge, and the thermal sensitivity 

of displacement varies according to measured ambient 

temperatures (discussed in Section 3).  

 
Figure 2. LOS residual height (top), linear time rate (middle) and 

thermal sensitivity (bottom) over SAR amplitude maps [22].  

3 BRIDGE MOVEMENT PREDICTION AND 

PROPOSED THRESHOLDS FOR EARLY WARNING 

The total displacement pattern that can be derived with the PSI 

technique is modelled by Equation 1, as follows [25]: 

 d(t) = v × t + k × T(t) + n(t) (1) 

where d = measured displacement in mm, t = acquisition time 

in year, v = deformation mean velocity in mm/year, k = thermal 

coefficient in mm/°C, T = ambient temperature in °C, and n = 

function representing non-linear motion in mm.  

     The accuracy of the measurements at PS locations has been 

reported by a number of studies. For instance, the total 

displacement measurement accuracy was found to be within a 

few millimeters [26] and was reported to depend on the number 

of acquired images, the PS signal intensity (the higher the 

better), the satellite acquisition revisit time period (the smaller 

the better), and the atmospheric compensation [27]. The 

thermal sensitivity of the displacement measurements has been 

reported with an accuracy of 0.04 mm/°C [25].  

     As far as geolocation of PS is concerned, the accuracy of the 

geolocation coordinates was found to be in the order of 

decimeters for the horizontal directions and meters for the 

vertical direction [27]. PS geolocation accuracy depends on 

several parameters and can be improved by increasing the 

number of images acquired for InSAR analysis, the image 

resolution, the PS signal intensity, and the sensor geometrical 

distance between acquisitions.  

 Effect of Satellite Viewing Geometry on Displacement 

Measurement 

Satellites typically look at the Earth’s surface with an inclined 

view, resulting in observations and measurements made along 

the LOS direction at a given incidence angle from the vertical.       

     When comparing satellite measurements to theoretical 

calculations or numerical predictions that are typically 

calculated along the vertical and horizontal directions, one 

needs to consider the following parameters:  

α = Incidence angle of the satellite line-of-sight 

      (48° for SLA26-asc and 39° for SLA12-des)  

β = Angle between satellite track heading and bridge azimuth  

      (73° for SLA26 and 234° for SLA12 at Victoria Bridge)  

With the above two parameters, Equation 2 can be used to 

determine the LOS displacement from the calculated vertical 

and horizontal components, as follows:  

 DLOS = – DV cos α – DL sin α sin β (2) 

where DLOS is the line-of-sight displacement (or range); DV is 

the vertical component of displacement; DL is the longitudinal 

component of displacement.  

     As far as horizontal displacement is concerned, Equation 2 

indicates that InSAR measurements from Radarsat-2 will be 

most sensitive to the longitudinal component for East-West 

oriented bridges (β ~ 90° or 270°), such as the Victoria bridge 

in Montreal, and to the lateral component for North-South 

oriented bridges (β ~ 0° or 180°). Previous InSAR studies have 

used similar approaches [18-20, 28].  
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 Prediction of Bridge Thermal Displacement Sensitivity 

The displacement thermal sensitivity of a bridge is defined as 

the elastic displacement response of a bridge in the direction 

considered (i.e., vertical, longitudinal, or lateral) to a unit 

change in temperature (i.e. ∆T=1°C). It is a property of a given 

bridge that can be monitored using satellite data and it is 

believed that through its change over time, an early warning 

system can be established. This section outlines how 

displacement thermal sensitivity can be calculated for various 

bridge types in both longitudinal and vertical directions.  

     For bridges constructed with deck and superstructure having 

similar coefficients of thermal expansion (CTE), the dominant 

thermal expansion or contraction is expected to be in the 

direction of the longest dimension; hence, the longitudinal 

direction in the case of the Victoria bridge (discussed in § 

3.2.1). However, for a composite bridge built with a concrete 

deck and steel girders having significantly different coefficients 

of thermal expansion, additional vertical deck deflections may 

arise due to thermal effects and therefore should not be 

neglected (discussed in § 3.2.2).  

3.2.1 Thermal sensitivity for bridges with deck and 

superstructure of similar CTEs 

A bridge made of deck and superstructure with similar thermal 

expansion coefficients will exhibit negligible vertical 

deflection of the deck due to a temperature change (ΔT) 

assuming negligible thermal gradients across the section depth. 

However, the vertical elements of the bridge are assumed to 

expand or contract in the axial direction due to temperature 

variations (Equation 3).  

     In the longitudinal direction of the bridge deck, the bridge 

will display thermal movement proportional to the length of the 

bridge span under consideration and the change in ambient 

temperature, assuming the bridge temperature is in equilibrium 

with the ambient temperature (Equation 4). Based on the above 

assumptions, the vertical and longitudinal components of 

thermal displacement can be found as follows:  

 DVth = LV × CTE × ΔT (3) 

 DLth = LL × CTE × ΔT (4) 

where DVth = thermal displacement in the vertical direction; DLth 

= thermal displacement in the longitudinal direction; LV = 

length of vertical element; and LL = length of longitudinal 

element. Previous InSAR studies have used similar approaches 

[17-21].  

     For the Victoria Bridge, InSAR data points with high 

coherence values above 0.8 were selected. The LOS predictions 

of thermal displacement sensitivity were calculated with 

Equation 2 for the respective satellite viewing geometry. For 

the SLA26-asc image stack, Figure 3 shows the comparison 

between theoretically-calculated displacements (Eqs. 2–4) and 

InSAR measurements from the satellite, where a good match is 

found, with a mean absolute error (MAE) of 0.15 mm/°C when 

compared to the range of measured values (-0.9 to +1.3 

mm/°C). The key importance of the longitudinal component of 

thermal sensitivity is clearly seen. A few outlier data points, 

however, could not be explained readily, which may be due to 

InSAR processing difficulties related to geolocation, layover 

effects, and some other factors.  

 
Figure 3. Comparison between InSAR and predicted thermal 

sensitivity data for the LOS direction obtained from the 

SLA26-asc stack (Victoria Bridge; May 2016–August 2018). 

3.2.2 Thermal sensitivity for bridges with deck and 

superstructure of different CTEs 

For a composite bridge made of a concrete deck on steel 

girders, significant vertical deflections of the deck may be 

expected to arise due to thermal effects. As steel girders freely 

expand or contract at a higher rate than the concrete deck due 

to a higher coefficient of thermal expansion (CTE), internal 

axial forces on concrete and steel arise under restrained 

movement and lead to the bending of the composite bridge deck 

due to temperature changes.  

     In this section, the methodology and calculations of the 

thermal sensitivity for 1-span, 2-span, 3-span, and 4-span 

concrete-deck-on-steel-girder bridges are presented. As it is 

mentioned previously, for a composite section made up of two 

materials with different values of CTE, such as concrete and 

steel, axial forces arise on the components of the composite 

systems when subject to a uniform thermal increase (noting that 

force direction reverses when temperature decreases). The 

magnitude of the force can be calculated with Equation 5 

below:  

 

(5) 

where:  

P =  Axial force acting on centroid of composite system  

∆T =  Unit temperature change (i.e., 1°C) 

CTEs =  Coefficient of thermal expansion of steel 

CTEc =  Coefficient of thermal expansion of concrete 

As =  Area of steel  

Es = Modulus of elasticity of steel 

Ac =  Area of concrete 

Ec =  Modulus of elasticity of concrete 

By using Equation 5 to calculate the moment at bridge ends (M 

= Pd; where d is the distance between the centerlines of 

concrete and steel) and the boundary conditions for either a 1-, 

2-, 3-, or 4-span bridge, equations for the vertical deflection due 

to a 1°C temperature increase can be formulated using Euler-

Bernoulli static beam theory, provided in Figure 4.  
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𝑦(𝑥) =  
𝑀

2(𝐸𝐼)𝑐𝑜𝑚𝑝

(𝑥2 − 𝐿𝑥) 

where: 

y(x) = vertical deflection for 1°C temperature increase, 

as a function of distance (x) from left end of bridge 

(EI)comp = stiffness of composite system 

(a) Vertical thermal sensitivity – 1 span 

 

Span 1 (for 0 ≤ 𝑥 ≤ 𝐿): 

𝑦(𝑥) =  
𝑀

2(𝐸𝐼)𝑐𝑜𝑚𝑝
(

−𝑥3

2𝐿
+ 𝑥2 −

𝐿𝑥

2
) 

Span 2: Deflections are symmetric with respect to middle support 

(b) Vertical thermal sensitivity – 2 spans 

 

Span 1 (for 0 ≤ x ≤ L): 

𝑦(𝑥) =  
𝑀

2(𝐸𝐼)𝑐𝑜𝑚𝑝
(

−𝑥3

2.5𝐿
+ 𝑥2 −

3𝐿𝑥

5
) 

Span 2 (for L ≤ x ≤ 2L): 

𝑦(𝑥) =  
𝑀

2(𝐸𝐼)𝑐𝑜𝑚𝑝
(

−𝑥2

5
+

3𝐿𝑥

5
−

𝐿2

2.5
) 

 
Span 3: Deflections are symmetric with respect to middle of bridge 

(c) Vertical thermal sensitivity – 3 spans 

 
Span 1 (for 0 ≤ x ≤ L): 

𝑦(𝑥) =  
𝑀

2(𝐸𝐼)𝑐𝑜𝑚𝑝
(−

3𝑥3

7𝐿
+ 𝑥2 −

4𝐿𝑥

7
) 

Span 2 (for L ≤ x ≤ 2L): 

𝑦(𝑥) =  
𝑀

2(𝐸𝐼)𝑐𝑜𝑚𝑝
(−

5𝑥2

7
+

𝑥3

7𝐿
+

8𝐿𝑥

7
−

4𝐿2

7
) 

Spans 3&4: Deflections symmetric with respect to middle support 

(d) Vertical thermal sensitivity – 4 spans 
𝑦(𝑥) = 𝐶𝑇𝐸𝑐𝑜𝑚𝑝 𝑥 

where: 
y(x) = Longitudinal deformation of composite system due to 1°C 

temperature change, as function of distance (x) from left end of bridge 

CTEcomp = Coefficient of thermal expansion of composite 

system given by: 

𝐶𝑇𝐸𝑐𝑜𝑚𝑝 =
𝐶𝑇𝐸𝑐 𝐴𝑐𝐸𝑐  +  𝐶𝑇𝐸𝑠 𝐴𝑠𝐸𝑠

𝐴𝑐𝐸𝑐  +  𝐴𝑠𝐸𝑠
 

(e) Longitudinal thermal sensitivity 

Figure 4. Vertical and longitudinal thermal sensitivities for 

composite bridges with 1, 2, 3 or 4 spans.  

It is noted that the information provided in Figure 4 is not 

exhaustive and only covers simple cases of composite bridges. 

This approach can be expanded to frames and more complex 

types of bridges.  

 Thresholds for Bridge Displacement Linear Rate 

Line-of-sight displacement rates were illustrated earlier in 

Figure 2(b) for the case study bridge considered, where each 

measurement point corresponds to a color-coded permanent 

scatterer. This data can be aggregated to calculate the average 

cumulative displacement over a given period of time covered 

by the acquired satellite imagery. The vertical and horizontal 

components of these measurements can also be estimated from 

Equation 2 given the satellite viewing geometry. Threshold 

values for either the linear displacement rate or the cumulative 

displacement measured along the length of the bridge can be 

set by the bridge authority for use in an early warning system. 

Thresholds may be defined based on observations, past bridge 

inspection measurements, or expert knowledge.  

     For example, in a University of Virginia study conducted for 

the U.S. Department of Transportation [14], two threshold 

levels for the vertical movement of bridge decks were 

established, which are: a warning threshold (yellow flag) and a 

critical threshold (red flag). More specifically, month-to-month 

displacements measured on the bridge were used to calculate 

velocities for each month. If any of these monthly vertical 

velocities are found to exceed 1.3 cm/month (0.5 inch/month), 

then a critical (red flag) alarm is raised. The monthly velocities 

are then aggregated to calculate the median velocity over a 

running period of 1 year (updated monthly). If any of these 

median vertical velocities are found to exceed 2.5 cm/year (1 

inch/year), then a warning (yellow flag) alarm is raised. This 

procedure may be used as a guideline to assist bridge 

authorities in the threshold definition for the displacement 

linear rate of their bridges.  

 Identification of Excessive Displacement 

With visual bridge inspections being conducted under pre-

determined schedules (every year, two years, or longer 

depending on types of inspection and jurisdictions), problems 

can go undetected between consecutive inspections and may 

lead to rapid bridge deterioration or even catastrophic collapse. 

Bridge movement detection and early warning tools based on 

frequent measurements are needed for monitoring critical 

bridges and keeping them safe and in good condition. In the 

previous paragraphs, relationships were given to estimate the 

expected displacements in order to allow one to compare 

predictions with satellite measurements in order to identify 

locations on the bridge where movement (or stability) may 

become a problem if not controlled in time.  

     In the case that a bridge authority does not have access to 

established relationships and threshold values for the 

displacement thermal sensitivity or linear time rate that can 

occur on a given bridge, the baseline deviation method 

presented next may be used. By comparing updated satellite 

measurements with an established baseline for a given bridge, 

changes can be detected without prior knowledge of the 

bridge’s typical displacement thermal sensitivities or linear 

time rates.  
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Therefore, by relying on some simple statistical parameters that 

could be defined by the bridge authority, the approach can be 

made universal. A key assumption of this approach is that the 

established baseline represents the current condition of the 

bridge, whether it is established during: (a) the early life of the 

bridge (which may represent the initial condition of the bridge), 

from which a deviation may indicate damage; or (b) later in the 

life of the bridge, from which a deviation may indicate 

additional damage (most likely) or even perhaps an 

improvement in performance (less likely). The relationships 

presented earlier in Section 3.2 may be used to determine what 

would or would not be considered a worsening case.  

     As a first step, a baseline of the thermal sensitivity of 

displacement along the bridge layout needs to be established 

for future comparisons. For this, one stack of satellite images 

needs to be acquired for a typical period of one year in order to 

cover a full cycle of seasonal temperature variations at the 

bridge so that the average displacement thermal sensitivity 

along the bridge can be accurately determined - noting that 

triggers may be obtained only after the baseline assessment 

period is over.  

     The stack of satellite imagery may be coming from either 

the satellite’s ascending or descending pass. The decision to 

select one pass direction over the other may be related to 

geometric considerations such as the location of the desired 

bridge features of interest for the monitoring program. The pass 

selection may also depend on the time of acquisition in relation 

to bridge traffic and/or ambient temperature since, at near 45° 

latitudes, images from ascending passes are taken at around 6 

pm (local time), while images from descending passes are taken 

at around 6 am at which time the bridge temperature may well 

be at equilibrium with ambient temperature.  

     Once a baseline is established for the linear time rate or the 

thermal sensitivity of displacement, then the InSAR analysis of 

the data may be updated once every 24 days (in the case of 

RadarSat-2) and the updated trend may be compared to the 

baseline. Given that there may be some outliers in the 

measurement points along the bridge layout direction (due to 

variability, unknown/uncontrolled effects, etc.), it is suggested 

to use a best-fit polynomial to describe the overall trends of 

interest in order to allow a meaningful comparison between the 

updated and the baseline datasets.  

     Figure 5 illustrates this approach with randomly-generated 

data points of thermal sensitivity values for a two-span 

composite bridge, using best-fit polynomials for the baseline 

dataset (in green) and an updated dataset (in purple). In the 

figure, the threshold for the warning level is indicated as 1 and 

the incremental threshold for the critical level as 2, for which 

the values may be defined by the bridge authority from 

structural or statistical considerations.  

     In this example, a downward settlement of the middle pier 

was simulated after the first year of monitoring, which locally 

pulled down the best fit of the updated dataset at the given pier 

and triggered a warning between the 30 m and 50 m positions 

on the bridge layout line. Additional settlement of the middle 

pier in the future may lead to a critical alert if the problem was 

not corrected in time after the first warning.  

 

 

Figure 5. Illustration of baseline deviation method with 

randomly-generated data sets. 

4 NEW DATA VISUALIZATION AND EARLY 

WARNING TOOL 

 User requirements 

Bilateral consultations in the U.K. and Canada have been 

carried out to capture end-user challenges, needs, and 

requirements for the development of the tool. End users 

included stakeholders from the bridge and remote sensing 

communities.  

     The consultations were designed to allow the review of 

requirements against existing infrastructure monitoring 

projects, the gathering of detailed user requirements, the 

understanding of how satellite data might be utilized to improve 

planned maintenance and structural repair, the identification of 

other sectors exposed to similar issues, and the identification of 

key activities to conduct during the development phase of the 

new software tool.  

     Workshop participants expressed what they expected from 

such a proposed product, highlighting what features and 

capabilities the tool might need to have. Stakeholders also 

identified several challenges typically found in monitoring 

bridges, such as:  

     (1) Each bridge is unique considering their different 

superstructure, substructure, foundation, climate, loads, etc. 

For this reason, the types of bridges on which satellite 

technology would work best should be identified through 

validation case studies covering most types of bridges and 

conditions.  

     (2) Some complex bridges, like long-span suspension 

bridges, may be difficult to inspect and to install sensors at 

hard-to-reach locations. This highlighted the opportunity for 

using InSAR remote monitoring which can be useful and 

complimentary in these cases.  

     (3) Climate change will likely affect the performance and 

longevity of bridges but the extend of it is uncertain, thus 

calling for the development and validation of additional 

performance assessment monitoring and decision support tools 

to complement the information traditionally obtained from 

mandatory visual inspection. As bridge inspections are 

typically carried out at given intervals, issues developing 

between two consecutive inspections might not be identified in 

time if continuous or frequent monitoring is not used.  
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Considering the above identified requirements, one pressing 

issue for bridge owners is the detection of slowly developing 

deformation problems that may lead to sudden failures if left 

unmonitored for some time between visual inspections. The 

timely detection of these problems on monitored bridges should 

trigger warnings and critical alerts.  

     Moreover, the ranking of bridge movement issues at the 

bridge network level would help engineers in prioritizing 

bridges for inspection and maintenance for given ranges of 

years based on times estimated to reach certain predefined 

thresholds. Finally, data integration with information from 

other sources including in-situ sensors, weather stations, 

inspection reports, etc. is also an important user requirement in 

order to complement the information provided by the satellite 

data.  

 Conceptual Development Plan 

The development plan for the tool includes three phases. In 

Phase 1 (3D Visualization), the focus was on developing a 

software platform for the 3D visualization of processed satellite 

data as well as other types of data that can be geolocated. The 

work plan included consultations, the development and 

demonstration of the 3D visualization tool using processed 

satellite data obtained over two selected Canadian bridges 

(Section 2), and comparison of displacement measurements 

from different satellite platforms (RadarSat-2 vs. Sentinel-1) 

and different sources (e.g. GPS elevation measurements).  

     In Phase 2 (Early Warning), the plan was to develop and 

implement an early warning system (Section 3) to allow the 

comparison of measured displacements with predictions for 

given types of bridges, to identify excessive displacements and 

their locations (Section 4), and to flag warnings and critical 

alerts to bridge authorities.  

     In Phase 3 (Risk Assessment), the plan will be to apply the 

approach at the bridge network level to assess the risks of 

reaching predetermined displacement thresholds and to help 

establish priorities for bridge inspection and maintenance. 

Future phases may also include the application of the tool to 

other types of civil engineering infrastructures.  

 Illustration of Tool Features 

Some of the main features of the tool platform, called 

BRIGITAL, are showcased in the following screenshots taken 

from the tool graphical user interface. Its design has been 

carried out in Unity, which is a prevalent 3D graphics engine 

and development environment. Following the selection of the 

bridge from a drop down menu, two data display modes are 

available: Average or Temporal. The Average Mode is meant 

to show the average displacement rate and average thermal 

sensitivity over the full satellite data acquisition period (in this 

case two years), while the Temporal Mode is meant to show a 

given displacement dataset for a selected acquisition date.  

     Figure 6 illustrates Radarsat-2’s average displacement time 

rate (in mm/year) from the ascending satellite pass over the 

Victoria Bridge (with the digital bridge model toggled off). 

Note that the data presented in the figure had been previously 

filtered by their latitude and longitude coordinates to only 

present the data which are expected to be coming from the 

bridge structure. The dataset can be extended to study the 

ground movement around the bridges and on access roads.  

Figure 7 presents Radarsat-2’s average displacement thermal 

sensitivity (in mm/°C) from the ascending satellite pass over 

the Victoria Bridge shown in the Early Warning Mode, i.e. by 

identifying the data points as being either within a green, 

yellow or red zone based on the extent of the difference 

between the actual measurement and its prediction for a given 

location on the bridge (using the proposed method from Section 

3). These three zones are defined by setting threshold values 

between the green and yellow zones (e.g. 0.5 mm), and between 

the yellow and red zones (e.g. 1.0 mm) in this example. The 

information presented in Figure 7 agrees well with the 2D data 

presented in Figure 3 for the Victoria Bridge.   

 

Figure 6. Average displacement rate data over Victoria Bridge 

(Radarsat-2 SLA26-asc).  

 

Figure 7. Early-warning display of thermal sensitivity data 

over Victoria Bridge (Radarsat-2 SLA26-asc).  

5 SUMMARY AND CONCLUSION 

Many bridges in the U.K. and Canada are in urgent need of 

refurbishment and face challenges of limited capital 

investment. Satellites may assist bridge engineers in addressing 

some of these issues. By taking several images of an area of 

interest at different times and analyzing them with advanced 

processing techniques such as interferometric SAR, millimeter-

level movement on ground structures can be detected and 

measured.  

     This paper presented InSAR basics and the methodology to 

apply this mature Earth Observation technology to bridges in 

relation to the interpretation and validation of radar satellite 

data, and its use for 3D visualization, analysis, and early 

warning of excessive displacements. The concept of 

displacement thermal sensitivity and its potential use to 

monitor bridge behavior was introduced. A case study was 

provided to illustrate the application, which was steel bridge 

structure (i.e. the Victoria Bridge in Montreal, Canada).  

                          Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure

439



For data validation purposes, calculation methods were 

presented to determine the extent of expected displacements 

(linear rate and thermal sensitivity) that can be measured by 

radar satellites on certain types of bridges. For instance, the 

mean absolute error of the displacement thermal sensitivity 

between theoretical calculations and satellite measurements 

was estimated at 0.15 mm/°C for the Victoria Bridge.  

     An approach was developed and illustrated to monitor 

bridge behavior and to determine and assign threshold levels in 

an early warning system for issuing alerts when an unexpected 

behavior is detected on the monitored bridge.  

     Finally, a new 3D visualization, data analysis and early 

warning software toolkit was developed for use with satellite 

displacement measurements to help bridge engineers identify 

and flag unexpected bridge behavior and warn of potential 

failures.  
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ABSTRACT: This work considers the detection of structural changes in railway bridge vibration response induced by train traffic 
using structural health monitoring systems. To achieve this goal, an innovative data-driven unsupervised methodology is proposed, 
consisting of a combination of time series analysis and advanced multivariate statistical techniques such as autoregressive models, 
multiple linear regression, and outlier analysis. The efficiency of the proposed methodology is verified on a complex bowstring-
arch railway bridge. A digital twin of the bridge is used to simulate baseline and damage conditions by performing finite element 
time-history analysis using as input measurements of real temperatures, noise effects, and train speeds, and loads. The 
methodology proven to be highly robust to false detections and sensitive to early damage by automatically detecting small stiffness 
reductions in the concrete slab, diaphragms, and arches, as well as friction increase in the bearing devices. 

KEYWORDS: Structural health monitoring; Damage detection; Unsupervised learning; Data-driven approach. 

1 INTRODUCTION 
Bridge maintenance is vital to the structural integrity and 

cost-effectiveness of any transportation system, and, therefore, 
the detection of early structural changes or damage plays a 
central role in any maintenance programme. With specific 
regard to railway bridges, the heavy moving loads imposed on 
these structures, typically for short periods of time, may be 
undesirable for fatigue [1] or wear life [2], but can be 
considered an advantage for observing the full range of 
structural response behaviour, due to the high amplitude 
response of traffic-induced vibrations. Additionally, although 
the large majority of bridges are assessed through periodic 
visual inspections, these are expensive, temporally 
inconsistent, and prone to human errors in judgment and 
interpretation; this has led to the increasing development and 
deployment of structural health monitoring (SHM) systems, 
particularly for large newly built bridges [3]. Hence, the need 
to define warning strategies and systems to minimize the 
disruption of the network. 

Despite the widespread research in this field, successful 
implementations of SHM on bridges based on traffic-induced 
dynamic responses are still scarce. In most damage detection 
methodologies that have been proposed, the validation of the 
related methodologies is still performed using numerical 
simulations on simple structural elements [4,5], the 
environmental and operational variations (EOVs) in the 
structural response are often disregarded [6-8], the type of 
damage is limited [6], and the loading scenarios are very 
specific [4], which limits their applicability in real and complex 
bridges. 
The set of techniques used herein allows removing all the train-
related features to amplify, with high sensitivity, those 
generated by damage. This approach takes advantage of the 
large magnitude of the signals and the small influence of 
temperature and time dependent structural effects, which 
produce bias and reduce the sensitivity of the majority of the 

damage identification techniques that rely on long-term trends 
[9]. 

After the present introduction, in Section 2 a bowstring-arch 
railway bridge is presented as a case study. This section also 
describes the nonlinear dynamic analyses performed to 
simulate different baseline and damage conditions using as 
input time series of real temperature, noise effects and train 
speeds measured on site. Section 3 details the proposed 
methodology including the feature extraction, feature 
modelling, data fusion, and feature discrimination implemented 
to achieve a single-damage indicator. In section 4 conclusions 
are drawn along with a discussion of the main results and 
achievements.  

2 CASE STUDY 

 The Sado Railway bridge 
The composite bowstring-arch bridge over the Sado River is 
located on the railway line that connects Lisbon and the 
Algarve region, in the South of Portugal (Figure 1a). The bridge 
is designed for conventional and tilting passenger trains with 
speeds up to 250 km/h, as well as for freight trains with a 
maximum axle load of 25 t. Even though the bridge 
accommodates two rail tracks, only the upstream track is 
currently in operation. As shown in Figure 1, the bridge has a 
total length of 480 m, divided into 3 continuous spans of 160 m 
each, and it is part of a longer structure that includes the North 
access viaduct, 1115 m long, and the South access viaduct, 
1140 m long. The bridge deck is suspended by three arches 
connected to each span of the deck by 18 hangers distributed 
over a single plane on the axis of the structure. The 
superstructure is composed of a steel-concrete composite deck, 
while the substructure, which includes the piers, the abutments 
and the pile foundations, is built with reinforced concrete. The 
deck is fixed on pier P1, whereas on piers P2, P3 and P4 only 
the transverse movements of the deck are restrained, while the 
longitudinal movements are constrained by seismic dampers.

Data-driven approach for detection of structural changes using train-induced 
dynamic responses 
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a) 

 
b) 

Figure 1. The Sado railway bridge: a) overview, b) SHM system 

The structural health condition of the Railway bridge over the 
Sado River has been controlled with a comprehensive 
autonomous online monitoring system (Figure 1b) since the 
beginning of its life cycle. To identify each train that crosses 
the bridge and compute its speed, two pairs of optical sensors 
were installed at both ends of the bridge. The structural 
temperature action is measured using NTC thermistors and 
PT100 sensors. Twelve NTC thermistors were installed in three 
sections of the arch.  Additionally, the measurements from four 
NTC thermistors fixed to the steel box girder and three PT100 
sensors embedded in the concrete slab were also acquired. The 
set of sensors also includes one vertical piezoelectric 
accelerometer fixed at the mid span of the concrete slab, two 
triaxial force balance accelerometers at the thirds of the 
mid-span steel box girder, and twelve vertical force balance 
accelerometers fixed along each span of the steel box girder. 
Four longitudinal MEMS DC accelerometers were also 
installed at the top of each pier. Data acquisition is carried out 
continuously by a locally deployed industrial computer in order 
to save the time history while the train is crossing, at a sampling 
rate of 2000 Hz. 

 Baseline and damage scenarios  
A realistic simulation of healthy and damage scenarios was 

conducted in order to test and validate the strategy proposed in 
section 3, since it was not possible to observe damage scenarios 
experimentally. After a successful validation of the 
methodology, it may be applied directly to experimental data 
from different types of bridges, where a baseline scenario is 

defined and further experimental data can be tested to detect the 
occurrence of eventual structural changes. For this purpose, a 
3D finite element (FE) numerical model of the bridge was 
developed in ANSYS software and fully validated with 
experimental data (Figure 2a) [10]. The dynamic numerical 
simulations conducted in the present work aimed at 
reproducing the structural quantities measured in the exact 
locations of the real sensors installed on site (Figure 1b) when 
a train crosses the bridge. To accurately reproduce these 
structural responses, the temperature action was introduced as 
input in the numerical model. Using the measurements of the 
optical sensors’ setup, the train speed and axle configuration 
were obtained, and the type of train was identified. The 
dynamic analyses mentioned hereafter were carried out for two 
of the passenger trains that normally cross the Sado bridge, 
namely, the Alfa Pendular (AP) train and the Intercity (IC) 
train. Their common speeds on the bridge are 220 km/h for the 
AP train and 190 km/h for the IC train. The nonlinear problem 
was solved based on the Full Newton-Raphson method and the 
dynamic analyses were performed by the Newmark direct 
integration method, using a methodology of moving loads [11]. 
The integration time step (∆ ) used in the analyses was 0.005 s.  

Figure 2b summarizes the 100 simulations of the baseline 
(undamaged) condition that aim at reproducing the responses 
of the bridge taking into account the variability of temperature, 
speed, loads and type of train. On the other hand, the damage 
scenarios were chosen based on possible vulnerabilities 
identified for the type of structural system, taken into account 
its materials, connections, behaviour, and loadings [12].  
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Figure 2. Baseline and damage scenarios simulation: a) numerical model, b) baseline scenarios, c) damage scenarios, d) baseline 

time-series of sensor Ac1 using different loading schemes of the AP train at 220 km/h and the IC train at 190 km/h, and e) 
damage time-series considering stiffness reduction D2 and vertical acceleration Ac1, and stiffness reduction D2 and vertical 

acceleration AsV3. 
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As shown in Figure 2c, damage scenarios were simulated, 
along with dynamic traffic loading, according to four different 
groups: i) damage in the bearing devices (D1), ii) damage in the 
concrete slab (D2), iii) damage in the diaphragms (D3) and iv) 
damage in the arches (D4). Each scenario was simulated 
considering only one damage location. Regarding the gruop of 
type D1, four severities of damage were included, namely, 
increases of the friction coefficient from a reference value of 
1.5% to 1.8%, 2.4%, 3.0% as well as to a full restrain of the 
movements between the pier and the deck. The remaining 
damage scenarios consisted of 5%, 10% and 20% stiffness 
reductions in the chosen sections of the bridge (Figure 2c) on 
the concrete slab (D2), the diaphragms (D3), and arches (D4). 
These structural changes were simulated by reducing the 
modulus of elasticity of concrete (D2) and of steel (D3 and D4). 
A total of 114 damage scenarios were simulated for AP train 
crossings. To obtain the most similar and trustworthy 
reproduction of the real SHM data, the noise measured on site 
by each accelerometer was added to the corresponding 
numerical output. 

The time-series illustrated in Figure 2d,e are examples of 
simulated responses for baseline and damage conditions, 
acquired from the accelerometer Ac1. The variations associated 
with different train types and loading schemes are shown in 
Figure 2d. A clear distinction between the bridge responses for 
the AP train and the IC train crosses can be observed, thus 
showing the need of taking into account different train types for 
developing damage detection methodologies. Conversely, the 
same figures allow observing that different loading schemes 
generate smaller changes in the dynamic responses. The 
influence of damage scenarios in the signal obtained for the 
train crossings appears to be much smaller than that observed 
for changes in operational conditions, even when regarding 
sensors adjacent to the damages and for the largest magnitudes 
considered (20% stiffness reductions). This conclusion can be 
easily observed in Figure 2e. 

3 METHODOLOGY FOR DETECTION OF 
STRUCTURAL CHANGES 

 Overview 
The unsupervised data driven SHM methodology presented in 
this paper for detecting structural changes in bridges, based on 
traffic-induced dynamic responses, aims at being robust and 
generic enough to be applied to any type of bridge, and includes 
the four operations shown in Figure 3: i) damage sensitive 
feature extraction from the acquired structural responses, ii) 
feature modelling to remove environmental and operational 
effects, iii) data fusion to merge multi-sensor features without 
losing damage-related information, and iv) feature 
discrimination to classify the extracted features in two 
categories, healthy or damaged.  

 Feature Extraction 
Feature extraction is addressed in this paper using 
autoregressive (AR) models. The AR models are fitted to the 
acceleration responses of the monitored structure, and their 
parameters are extracted resulting in as many sets of 
multivariate data as the number of sensors installed. 

The AR( ) model, where  defines the order or number of 
regression weights in the model, is developed from response 
time-series data , , … ,  and can be written as 

= + . (1) 

Here the current value of the response,  , is defined as a 
linear combination of the  previous response values 
multiplied by AR constant parameters (regression weights) . 
Quantity  is an unobservable random error (or residual error) 
in signal value . This quantity implies the difference between 
the measured time series and the predicted one obtained by the 
AR model [13]. 

Based on a Bayesian Information Criterion (BIC) [14], a 
model order equals to 30 was selected. For each of the 100 
baseline and 114 damaged structural conditions and for each of 
the 23 accelerometers, individual AR (30) models were 
implemented to fit the corresponding time-series and their 
parameters were extracted as damage-sensitive features, using 
the least squares technique, from time-series comprising 2112 
measurements. The outcome was a three-dimensional matrix of 
214-by-30-by-23. 

To illustrate the feature extraction procedure, two of the 
thirty AR parameters obtained for sensor Ac1 are represented 
in Figure 4a. The features are divided according to the 
structural condition in two main groups: baseline (first 100 
simulations) and damage (subsequent 114 simulations). A 
comparison between the values of the two parameters across all 
214 scenarios allows concluding that each feature is describing 
distinct trends and inner relationships in the analysed data. The 
main changes in the amplitudes of the AR parameters are 
induced by the type and speed of the trains. In addition, for each 
speed value, the changes observed in the amplitude of the AR 
parameters are generated by changes in the structural 
temperature values (chosen for autumn, spring, summer or 
winter). The different loading schemes (the seven symbols in a 
row in the case of the AP and three symbols in a row in the case 
of the IC) considered for each train type and speed, and for each 
temperature, are the operational factors with the least impact on 
the parameter variability concerning the baseline simulations. 
The analysis of the AR parameters shown in Figure 4a, as well 
as the time series presented in Figure 2e,d, allow drawing some 
conclusions about the difficulty in distinguishing damage and 
undamaged scenarios, since changes in environmental and 
operational actions result in identical or greater changes in the 
parameters. 

 Feature Modelling 
The suppression of thermal and operational variations is 
conducted following an input-output approach based on the 
multiple linear regression (MLR) model. This model uses a set 
of measured train speeds and bridge temperatures as inputs and 
delivers a matrix output that represents the predicted AR 
parameters. Given  AR parameters,  baseline simulations 
and  operational/environmental actions, the MLR model is 
expressed by the following 

= ∙ + , (2) 
where  is the n-by-(s+1) input temperature and speed matrix, 

 is a (s+1)-by-m matrix of coefficients that weights each 
environmental/operational input,  is the n-by-m regression 
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error, and  is an n-by-m output matrix of predicted AR 
parameters. A thorough theoretical background can be found in 
[15].  

The regression models were fitted to the AR parameters to 
obtain a new matrix of AR parameters of the same size 
(30-by-23) for each of the 214 train crossings, which is 
assumed to be independent (as much as possible, given the error 
associated with modelling) from EOVs. Figure 4b shows the 

series of two parameters across the 214 scenarios obtained for 
the Ac1 accelerometer, after the application of the MLR. The 
direct comparison of these action-free AR parameters with 
those shown before the feature modelling (Figure 4b) allows 
observing that, in fact, the feature modelling enabled removing 
the effects generated by the type and speed of the train and by 
temperature, but not those generated by damage. 
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Figure 3. Flowchart of the data-driven methodology for detection of structural changes 
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Figure 4. For all 214 structural conditions considering the responses of accelerometer Ac1: a) feature extraction of two of the 

thirty AR parameters, b) feature modelling of two of the thirty AR parameters 
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 Data Fusion 
To improve the features’ discrimination sensitivity, data fusion 
was implemented. A Mahalanobis distance was applied to the 
modelled features, allowing for an effective fusion, first of the 
features from each sensor, and in a second stage, of the 
multi-sensor information. The outcome was a damage 
indicator, , for each train crossing. The analytical expression 
of the Mahalanobis distance for each simulation  , is the 
following 

= ( − ̅) ∙ ∙ ( − ̅) , (3) 

where  is a vector of  features representing the potential 
damage/outlier, ̅ is the matrix of the means of the features 
estimated in the baseline simulations, and  is the covariance 
matrix of the baseline simulations. 

Figure 5 shows two plots, one for sensor Ac1 and the other 
for sensor AL-P3, each resulting from the fusion of the 30 AR 
parameters into one single feature (a distance in the feature 

space) for each train crossing. This figure allows observing the 
difference in sensitivity for different sensors in each structural 
condition. The accelerometer located at the second mid-span of 
the concrete slab (Ac1), Figure 5a, exhibits an important global 
sensitivity to damage, since there is a distinction between the 
baseline simulations and the damage scenarios, but it is not 
efficient in distinguish the different types of simulated 
damages. Conversely, the longitudinal accelerometer on pier 
P3 (AL-P3), Figure 5b, is more sensitive to damages on piers 
P3 and P4, with special emphasis on the damage related to the 
full restrain of the bearing devices on pier P3. 

In order to detect all damage scenarios, a data fusion of the 
MLR-based features of the 23 sensors located on the bridge was 
implemented in a second stage, as mentioned earlier. It 
consisted of applying the Mahalanobis distance to the 23 
distances representing each sensor, thus resulting in a single  
214-by-1 vector that represents all the data acquired through the 
23 sensors. As a result, a clear distinction between simulations 
of the baseline condition and damage scenarios was achieved, 
as presented in Figure 6.
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Figure 5. Mahalanobis distance of the MLR-based features for all 214 structural conditions, considering the responses from 

accelerometers: a) Ac1, and b) AL-P3 

Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure

446



 Feature discrimination 
Feature discrimination is addressed herein applying an 

outlier analysis that allows for an automatic discrimination of 
each  into healthy or damaged. A statistical confidence 
boundary  based on the Gaussian inverse cumulative 
distribution (ICDF) function considering a mean  and standard 
deviation  of the baseline feature vector, and for a level of 
significance  is implemented. The inverse function can be 
defined in terms of the Gaussian cumulative distribution 
function as follows 

= (1 − ), (4) 
where 

( | , ) =
1

√2 ∝
,  ℝ. (5) 

Thus, a feature is considered to be an outlier when its  is 
equal or greater than . A significance level of 1% was 
defined, as it is commonly observed in several SHM works 
addressing damage identification [13, 16]. 

Figure 6 shows the effectiveness of the methodology in 
distinguishing baseline from damage scenarios. The approach 
exhibits one (1%) Type I error (false positive), regarding the 
crossing of an AP train at 220 km/h on a summer day with a 
loading scheme 5 (Figure 2b). 
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Figure 6. DI values obtained with MLR-based features for all 214 structural conditions considering the responses from all 

sensors 

4 CONCLUSIONS 
This paper presents an innovative data-driven methodology for 
conducting unsupervised detection of structural changes in 
railway bridge vibration response from traffic-induced 
excitation, applying time series analysis and multivariate 
statistics techniques. The presented methodology consists of 
fusing sets of acceleration measurements to improve sensitivity 
and combines: i) AR models for feature extraction, ii) MLR for 
feature modelling, iii) Mahalanobis distance for data fusion, 
and iv) outlier analysis for feature discrimination. 

The effectiveness of the proposed methodology was 
validated on a bowstring-arch railway bridge through the 
simulation of several structural conditions using only 
experimentally obtained actions as input, namely temperature, 
train loadings and speeds. Damage severities of 5%, 10% and 
20% stiffness reductions in the concrete slab, diaphragm, and 
arches were simulated, as well as friction increases in the 
movements of the bearing. 

 The damage-sensitive features were extracted by fitting AR 
(30) models to the bridge accelerations induced by train 
crossings in different locations along the bridge. The study of 
the AR parameters obtained from different structural 
conditions, allowed drawing conclusions about the supremacy 
of the EOVs when compared with damage, proving the 

importance of feature modelling. A MLR model was 
implemented to modelling the features, allowing for a reduction 
in the effects of EOVs. 

To describe the variability present in the modelled features, 
a Mahalanobis distance was applied to the 30 features of each 
sensor. It was possible to verify that different sensors have 
greater or lesser sensitivity, depending on the location of the 
damage. To enhance sensitivity, the data fusion of the features 
extracted from all the sensors was implemented and a single 
damage indicator for each train crossing was defined and 
obtained. This step proved to be crucial to achieve the highest 
possible level of information fusion and to obtain a clear 
distinction between undamaged and damaged conditions for 
both approaches. 

In order to automatically detect the presence of damage, an 
outlier analysis was performed based on a  computed for a 
significance level of 1%. The robustness and effectiveness of 
the proposed methodology was demonstrated by automatically 
detecting the damage scenarios as different from those 
belonging to the undamaged baseline. Using features modelled 
based on measured actions and structural responses, only one 
false positive detection was made (1% incidence). 
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ABSTRACT: A two-phase feasibility study has been conducted to investigate whether concrete bridges with poor natural radar 

reflectivity could be fitted with artificial corner reflectors at strategically selected locations to improve their monitoring suitability 

from radar satellites. The first phase consisted of identifying the optimal size and positioning of the corner reflectors on a case 

study bridge, being the Confederation Bridge linking the Canadian provinces of New-Brunswick and Prince-Edward Island. The 

optimization was based on several parameters including those related to the satellite viewing geometry and others depending on 

bridge construction details. Based on this theoretical study, the ideal size of the corner reflectors and the most suitable locations 

were identified to maximize the strength of the return radar signals and minimize the theoretical displacement error. The second 

phase of the study consisted of validating these preliminary theoretical specifications by installing a pair of corner reflectors on 

the bridge for field evaluation. These reflectors were installed by the bridge operator on the exterior side of the bridge barrier wall 

according to specifications determined in Phase 1. After the installation of the reflectors, satellite imagery was acquired over a 

period of six months to analyze and compare the backscatters coming from the artificial corner reflectors and the nearby elements 

of the bridge. The results from this feasibility study allowed to conclude that bridges with poor natural radar reflectivity like the 

Confederation Bridge would substantially benefit from having a dense array of corner reflectors for satellite-based monitoring 

which would enable accurate displacement measurements at precisely known locations for bridge performance assessment.  

KEY WORDS: Bridges; SAR satellites; Displacement measurements; corner reflectors. 

1. INTRODUCTION 

 Background 

The use of structural health monitoring (SHM) can help address 

challenges associated with roadway and railway bridges and 

potentially extend their lifespans while complementing bridge 

inspection and maintenance protocols. For instance, radar 

satellites can be used to acquire several images of a given 

bridge structure at different times for detailed analysis with 

advanced processing techniques such as Interferometric 

Synthetic Aperture Radar (InSAR) [1, 2]. With this given 

approach, weather-independent displacement measurements 

can be obtained over time with measured accuracy of a few 

millimeters [3]. Satellite-based monitoring technology is 

expected to provide a cost-effective way, in combination with 

existing inspection methods, to improve critical infrastructure 

assessment and provide bridge authorities with near real time 

information on their structures to ensure their safety and 

optimum performance.  

     Recent validation case studies on several major bridges in 

Canada [4, 5, 6] have shown that a good proportion of bridges 

can be adequately monitored from radar satellites – thanks to 

their natural ability to return up to thousands of strong radar 

signals for InSAR analysis of displacement measurements. 

Such bridges are typically structures with sharp edges over the 

deck such as metallic trusses. However, it has been found that 

some bridges, due to their geometry, material used and 

location, may only return a limited number of weak radar 

signals to the satellite, which is not well suited for detailed 

InSAR analysis [7, 8].  

For example, in a previous study [8] at the 12.9-km 

Confederation Bridge in Eastern Canada – made of a reinforced 

high-performance concrete (HPC) deck on prestressed HPC 

box girder – it was found that just a few of bridge elements met 

the minimum coherence threshold criteria for InSAR analysis 

of satellite data. When the coherence threshold was lowered in 

an attempt to get more point targets on the bridge, a large 

number of noise targets appeared in the scene and introduced 

many phase inconsistencies that limited our ability to extract 

useful phase information for the estimation of displacements.  

     Other researchers have also considered the use of artificial 

corner reflectors (CR) at strategically placed locations on 

structures to get accurate and reliable measurements of 

displacement from InSAR analysis of radar satellite data [3, 9]. 

For example, researchers from the U.K. [9] installed several 

corner reflectors at the Waterloo Bridge over the Thames River 

in London. The bridge was a concrete structure that typically 

provided just a few natural persistent scatterers even from high-

resolution TerraSAR-X satellite imagery. Since the signal noise 

from other objects on the bridge was found to be very low, this 

provided an opportunity to conduct a comparison study of SAR 

reflections from corner reflectors with traditional surveying 

data from automated total station and survey prisms. Reflectors 

were installed at the bridge piers and expansion joints on each 

side of the deck. From their data, they estimated an uncertainty 

of the vertical measurement to be less than ±0.7 mm, and 

determined that the relative displacement measurements 

obtained from SAR acquisitions were accurate up to 2 mm.  
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 Purpose of study 

This study follows an earlier research project, documented in 

[4-8], that identified some shortcomings in using 

Interferometric SAR analysis for some types of bridge 

structures with too few or weak natural radar reflections. The 

main purpose of this feasibility study is to identify suitable 

locations for the installation of artificial corner reflectors on 

selected concrete bridges.  

     The concept of using CRs to provide strong point targets 

(PTs) for InSAR analysis has been used in other industries and 

could be considered to support improved bridge monitoring 

from radar satellites. The last phase of this study tests the 

concept by assessing the signals coming from a pair of corner 

reflectors installed on the bridge to see if CRs can improve its 

SAR response.  

 Objective and scope 

The study has two main objectives, including (i) Determination 

of optimum locations of artificial corner reflectors on two 

selected case study bridges; and (ii) Field performance 

evaluation of pairs of artificial corner reflectors installed on 

each case study bridge.  

     The bridges selected for this study are the Confederation 

Bridge (PEI) and the North Channel Bridge in Cornwall (ON). 

This paper includes a description of the methodology, the data, 

results, analysis, findings, observations, and the limitations of 

the methodology related to the Confederation Bridge only (due 

to page limitation).   

 SAR concepts 

This section briefly describes basic SAR concepts that have 

been used in the analyses to: (i) pre-determine the ideal 

locations of CRs on the bridge for optimum performance, and 

(ii) post-evaluate their performance after installation. Details 

on these SAR concepts can be found in these publications [10, 

11, 12].  

Corner Reflector Orientations – A trihedral radar reflector, 

due to its particular geometry, induces a triple-bounce of the 

incident radar wave on three orthogonal plates such that it is 

reflected back to the satellite receiver with minimum loss of 

signal strength.  

     It is important that a corner reflector be properly aligned 

when installed on a structure, otherwise its backscatter signal 

will be weaker, leading to poor phase quality. Proper alignment 

should take into account the azimuth and elevation orientations. 

Azimuth orientation is dependent on the satellite pass direction. 

For an ascending pass (i.e. satellite going from South Pole to 

North Pole), the right-looking satellite looks approximately to 

the East, so the corner reflector opening must be angled towards 

the West. The elevation angle is dependent on the incidence 

angle, which is different for the various beam modes of the 

satellite.  

Radar Cross Section (RCS) – This represents the area of a 

perfect metallic sphere that would produce the same 

backscatter strength as the observed object. RCS depends on 

material, object size, and object orientation. For a corner 

reflector, RCS loss of 3-4 dB m2 can occur for misalignments 

in azimuth and elevation angles of 20°. RCS is calculated as:  

 𝑅𝐶𝑆 =  
𝜎0𝜌𝑟𝜌𝑎

sin 𝜃𝑖𝑛𝑐

 (1) 

where 𝜎0 is the radar backscatter, 𝜌𝑟 and 𝜌𝑎 are the range and 

azimuth pixel resolutions, respectively, and 𝜃𝑖𝑛𝑐 is the local 

incidence angle.  

     The theoretical peak response of a triangular trihedral corner 

reflector can be estimated as:  

 𝜎𝑇 =  
4 𝜋 𝑎4

3 λ2  (2) 

where a is the corner reflector inner-leg dimension, and  is the 

radar wavelength (e.g., 5.6 cm for RADARSAT-2). 

Spectral Diversity - It measures how point-like a target is by 

splitting the range and azimuth spectra into sub-looks and 

determining the mean coherence. The spectral diversity of an 

ideal point-like scatterer is 1.0; however, a spectral diversity 

larger than 0.4 is typically associated with high quality 

persistent scatterers (PS).  

Signal to Clutter Ratio (SCR) - It measures the target visibility 

and is calculated as the ratio of the point target RCS and the 

average clutter RCS. Clutter levels depend on multiple factors 

including terrain type, vegetation density, soil moisture, radar 

wavelength, incidence angle, polarization, and image 

resolution. Ideal areas with low clutter levels would be flat 

terrains with low vegetation density, which typically have 

values of -10 to -14 dB for C-band radar. SCR is computed as: 

 𝑆𝐶𝑅 =  
𝜎𝑇

<𝜎𝑐>
 (3) 

where 𝜎𝑇 is the point target RCS and < 𝜎𝑐 > is the ensemble 

average clutter RCS near the point target.  

Phase Error and Displacement Error – By adding a persistent 

scatterer to a distributed scatterer, the PS has a defined phase 

with an amplitude that is typically 4 to 8 times larger than the 

background [12]. The addition of a PS phase reduces phase 

variability in proportion to the amplitude phase. SCR can be 

used as an indicator for the standard deviation of the 

interferometric phase, which is directly associated to the 

accuracy of the measurement such as ground displacement 

[10].  

     As SCR increases, both the phase and displacement errors 

decrease. The effective phase error can be estimated as: 

 𝜑𝑒𝑟𝑟 =  
1

√2 𝑆𝐶𝑅
 (4) 

which can be converted to an estimated displacement error 

along the line-of-sight (LOS) by taking into account the radar 

wavelength (λ):  

 𝑑𝑒𝑟𝑟 =  
𝜑𝑒𝑟𝑟.λ

4 𝜋
 (5) 

2. BRIDGE SITE AND SATELLITE IMAGERY 

The Confederation Bridge links the Canadian provinces of 

New-Brunswick and Prince-Edward Island in Eastern Canada 

(Fig. 1). It is a 12.9 km-long structure crossing ice-covered 

water and accommodates a large number of commercial and 

transit vehicles every year.  
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The bridge has a multi-span concrete box girder superstructure 

and consists of three parts: the 1.3 km long west approach (14 

piers, near New Brunswick’s Jourimain Island), the 11 km long 

main bridge (44 piers), and the 0.6 km long east approach (over 

7 piers, near Borden-Carleton, PEI).  

     RADARSAT-2 UF17 Ultra-Fine image stacks were 

acquired to monitor the Confederation Bridge. For the initial 

assessment to determine the optimum locations of corner 

reflectors, the initial stack consisted of 28 scenes acquired 

every 24 days from May 2016 to August 2018. For field 

performance evaluation, 6 new scenes were acquired after CR 

installation from November 2019 to March 2020. Additional 

details of the acquired stacks include: ascending look direction, 

43º incidence angle, 2.3 m x 2.8 m range/azimuth ground 

resolutions, and 20 km x 20 km range/azimuth swaths.  

 

 

Figure 1. Location of Confederation Bridge and footprints of 

RADARSAT-2 beams. 

3. DETERMINATION OF IDEAL LOCATIONS OF 

CORNER REFLETORS 

3.1 Strategy and workflow 

The development and analysis approach used to determine the 

ideal locations of corner reflectors consisted of two main steps: 

(i) method calibration and (ii) CR location identification. 

     Method calibration was used to develop tools to help 

identify the potential locations for the eventual installation of 

the corner reflectors on the bridge. In this step, two sets of 

existing satellite imagery containing in-use corner reflectors 

were analyzed. MDA has significant experience measuring 

movement using corner reflectors and selected 2 sites with 

active monitoring using CRs of sizes 45 cm and 61 cm [13]. 

This imagery was used to understand and validate the response 

of active corner reflectors with the formulation proposed in this 

paper, and to define the proper window sizes to estimate the 

signal-to-clutter ratio.  

     The second step of the approach consisted of the 

identification of potential locations of corner reflectors on the 

case study bridge. In this step, the SCR was estimated using the 

theoretical RCS response of a corner reflector and the clutter 

estimates derived from the satellite image stacks acquired over 

the Confederation Bridge.  

     The calibration of the method included the following 

workflow: (i) extract the 95th percentile from the image stack; 

(ii) estimate RCS and SCR for each pixel; (iii) estimate phase 

and displacement errors at the CR locations; and (iv) compare 

results with theoretical estimates.  

 

 

The identification of corner reflector locations on the bridge 

included remaining workflow: (v) extract the 95th percentile 

from the stack; (vi) estimate theoretical RCS using multiple 

corner reflector sizes (i.e. 45, 50, 65, 80, 100, 150, 200, and 250 

cm); (vii) estimate SCR using theoretical RCS; (viii) calculate 

theoretical phase and displacement errors; (ix) set bridge 

displacement error tolerance (i.e. 0.1, 0.2, 0.3, 0.4 and 0.5 mm); 

and (x) identify ideal CR locations.  

3.2 Results and findings 

Spatial maps around the bridge were generated by setting a 

theoretical displacement error tolerance. Figure 2 shows an 

example of suitable locations on the Confederation Bridge to 

install CRs based on CR inner-leg size and displacement error 

tolerance. Results show that a displacement error tolerance of 

0.2 mm is required to enable the installation of CRs with inner-

leg dimensions below 65 cm. By increasing the displacement 

error tolerance from 0.1 to 0.2 mm, many CR locations became 

available at about 50-60 m away from piers on most spans of 

the bridge.  

     It can be observed in Fig. 3 that 45-cm CRs cannot be 

installed exactly at mid-span, which seems to be associated 

with backscattering mechanisms generated by the lampposts. It 

is important to clarify that at any of these 45-cm CR locations, 

larger size CRs can be installed, since they have lower 

theoretical displacement errors. It is observed that, as larger 

CRs are considered: (i) gaps between smaller CRs can be filled, 

and (ii) the minimum installation distance from piers tends to 

decrease as well. In this case, one would have to make a 

compromise between CR size (being heavier, more prone to 

wind vibration, etc.) and its desired proximity to piers, should 

pier locations need to be monitored.  

 

Figure 2. Potential CR installation locations (red dots) by 

CR size and theoretical displacement error tolerance 

superimposed on radar intensity images.  
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Figure 3. Potential CR installation locations between Piers 31 and 

32 for stack UF17. From top to bottom, each new slice represents 

the additional locations that a larger CR size can allow. 

3.3 Recommendations 

Based on the previous analysis results, it is recommended to 

install the smallest size CRs (i.e. 45 cm) since the number of 

available locations with a low displacement error tolerance of 

0.2 mm is found reasonably high for the Confederation Bridge. 

Due to the small CR size, these additional recommendations are 

given to increase chances of success:  

 Install CRs pointing West towards RADARSAT-2’s UF17 

ascending pass on the Northwest side bridge barrier wall, 

with an elevation angle of 12° (θelev = 90 – θinc – 𝛼CR, with 

𝛼CR = 35°) and an azimuth orientation angle of 260°;  

 Install CRs on any span, preferably between Piers 5 and 44 

(with highest densities of available installation locations 

meeting the 0.2 mm displacement error tolerance);  

 Install CRs at a 40 to 60 m distance from piers, and at least 

15 m away from lampposts that could create radar shadows;  

 Avoid CR installation at mid-span locations (since mid-

span locations require minimum CR size of 65 cm to meet 

the 0.2 mm displacement error tolerance);  

 Use spacing of 30 m between the CRs for best performance 

evaluation (assuming phase difference < 2 radians).  

3.4 Use of imagery from other satellite missions 

As part of a preliminary analysis, sets of imagery from other 

satellite missions available over the Confederation Bridge have 

been theoretically considered to assess whether their use with 

artificial corner reflectors would be feasible.  

     Sentinel-1 Mission – S1 imagery available over the 

Confederation Bridge consisted of ascending and descending 

interferometric mode stacks with incidence angles varying 

from 33° to 44° at the bridge location. The azimuth and range 

resolutions of these images are 20 m by 5 m, respectively. 

Based on the clutter estimates derived from RADARSAT-2 

imagery for the Confederation Bridge, CRs with sizes above 

100-150 cm would be required to meet the 0.2 mm 

displacement error tolerance for these incidence angles. These 

estimates only cover the areas of the bridge away from the 

piers, otherwise even larger CRs would be required.  

     RADARSAT Constellation Mission (RCM) – Based on 

recommended viewing geometry (UF17 ascending stack), CRs 

could be monitored using RCM ascending stack from Spotlight 

mode (1 m resolution) or Very High Resolution mode (3 m).  

Incidence angles should be as close as possible to 43° (i.e. 33° 

to 53° for very high resolution mode and 33° to 47° for the 

Spotlight mode). Imagery from the High Resolution mode (5 

m) could be used but only with corner reflectors of larger 

dimensions (>80 cm).  

3.5 Application to other bridges 

The methodology developed in this study can be easily 

extended to bridges with characteristics similar to those of the 

Confederation Bridge (i.e. long bridges with few radar-visible 

elements) to enable the measurement of displacement over a 

higher number of locations or over pre-determined strategic 

locations on the bridge. In general, bridges without a steel truss 

structure over the deck would benefit from deploying corner 

reflectors to increase the number of signals returning to the 

satellite for monitoring.  

     This methodology could also be applied to design networks 

of CRs over bridges with low densities of backscatters or 

bridges being monitored only with low-resolution radar 

imagery (requiring large CRs) or bridges requiring multi-sensor 

satellite imagery (e.g., RADARSAT-2 and Sentinel-1).  

4 PERFORMANCE EVALUATION OF INSTALLED 

CORNER REFLECTORS 

4.1 Strategy and workflow 

The analysis conducted to assess field performance of installed 

corner reflectors consists of the following steps: (i) co-register 

stack of SAR images to single master scene; (ii) identify 

locations of installed corner reflectors; (iii) measure RCS, 

spectral diversity, SCR, and displacement error over time for 

each reflector; (iv) compute interferometry between all 

interferometric pairs of images (given some limitations); (v) 

extract corner reflector phase and compare against other corner 

reflector (assuming phase is not wrapped); and (vi) compare 

corner reflector phase against nearby elements of the bridge.  

4.2 Installation of corner reflectors 

Two corner reflectors were installed on the Confederation 

Bridge by its bridge authority on October 11, 2019. The 

separation between each corner reflector in the pair is 30 m 

based on recommendations stipulated in Section 3. This 

relatively short spacing allowed a direct phase comparison 

between both devices (thus avoiding ambiguities often related 

to the unwrapping of SAR interferograms, i.e., when the phase 

difference exceeds 2 radians).  

     Figure 4 shows the two installed corner reflectors, which 

were placed on the back side of the Northwestern barrier wall 

between Piers 31 and 32. The units (CR1 and CR2) are located 

92.5 m and 62.5 m South-West of Pier 31, respectively, and a 

lamppost is located at the longitudinal center of the reflectors 

but on the opposite side of the road. The exact CR orientation 

angles are as follows: (i) azimuth angle parallel to CR pointing 

direction is 260° from true North (278° from magnetic North); 

and (ii) elevation angle was pre-set at 19°, which is 7° higher 

than ideal elevation angle of 12° identified in Section 3. Corner 

reflectors had pre-built endcaps with a pre-set angle of 19°. The 

estimated theoretical RCS loss due to this angle difference was 

found to be small (~0.5 dB m2). For this reason, it was decided 

to keep this elevation angle instead of building new endcaps or 

using a different beam mode.  

(a) 45 cm size 

(c) 65 cm size 

(d) 80 cm size 

(b) 50 cm size 
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Figure 4. Installed pair of corner reflectors at the 

Confederation Bridge on its North-West side. 

The front face of the corner reflectors was covered with a 

protective polycarbonate plate that was invisible to radar which 

prevented dirt, leaves and snow to accumulate in the reflectors, 

thus minimizing their adverse effects on reflected signals.  

4.3 Results and analyses 

A total of 6 Ultra-Fine (UF17) full resolution SAR scenes were 

acquired over the Confederation Bridge from November 2019 

to March 2020, and are illustrated in Figure 5, also revealing 

the transition of weather conditions from fall to winter. Ocean 

water over the last 3 acquisitions presented icy conditions, 

where ice formation is observed as an increase in backscatters 

over ocean water. Figure 6 shows a subset of the UF17 scenes 

centered over the location of the installed CRs, which are 

visible in every image. It is evident that backscatters of the CRs 

stand out even in the presence of ice over the ocean.  

 

Figure 5. UF17 images over the Confederation Bridge. 

 

Figure 6. Subset of the UF17 images showing the installed 

corner reflectors (between Piers 31 and 32). 

Backscatter analysis of bridge elements surrounding corner 

reflectors – The bright reflections from the installed corner 

reflectors (with their exact known locations) are useful to help 

identify returns from the other bridge elements that were 

previously analyzed elsewhere [8]. Figure 7 shows a subset of 

an intensity image covering Piers 30 to 33 where a repetitive 

pattern of 3 elongated returns followed by one single return is 

persistently observed along the segment. Although lampposts 

are present on both sides of the bridge decks, it is only possible 

to observe backscatter returns from the lampposts located on 

the South-East side of the bridge. These returns are visible due 

to the double-bounce returns occurring between the road and 

the lampposts. However, the first (direct) return from each 

lamppost is very weak (not visible) since the radar signal 

scatters away from the satellite. For the same reason, it is not 

possible to see the backscatter returns from the lampposts 

located on the North-West side of the bridge where corner 

reflectors are installed. Also double-bounce returns do not form 

since these lampposts are located at the edge of the bridge with 

respect to the satellite line-of-sight. In Figure 7, the repetitive 

groups of three are the double bounces from two lampposts on 

the South-East side of the bridge (i.e. left and right returns) and 

a double bounce from the pier (i.e. water-pier bounce), which 

is the brighter, central return. It is known from the bridge 

construction drawings that there is a lamppost located at each 

pier location; however, the double bounce return from the pier 

can be off due to several reasons such as bridge height over 

water (~40 m), bridge orientation with respect to satellite, and 

pier geometry. These observations were further corroborated 

by measuring the relative spacing between these objects, which 

are consistent with the bridge drawing specifications. SAR 

intensity images show a spacing of around 83 m between 

lampposts and 250 m between piers. These measurements, 

however, are approximate since SAR images were not 

orthorectified.  

     Table 1 summarizes the corner reflector RCS, spectral 

diversity, SCR and displacement error measurements. In 

general, the performance of both corner reflectors is good. A 

small decay of the measurements is observed through time for 

both CRs, which seems to be directly associated with the 

weather conditions (e.g. ice conditions under the bridge). For 

the analysis period considered, weather impact was minimal, 

and spectral diversity remained high.  
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In subsequent satellite image acquisitions (i.e. after the winter), 

it is expected to observe an overall improvement of RCS, SCR 

and displacement error with the reduction in ice cover. If 

performance was found to keep degrading over time, CRs must 

be inspected to discard any damage of CR structure, clogged 

water, presence of debris, or movement/misalignment of CRs.  

 

 

Figure 7. Subset of UF17 scenes covering Piers 30 to 33. The 

red arrow shows the distance between CR2 and the lamppost 

located over Pier 31. 

Table 1: Obtained results for radar cross section, spectral 

diversity, signal to clutter ratio and displacement error. 

  CR1   

Date RCS SD SCR derror 

20191102 13.03 0.87 27.96 0.12 

20191126 12.54 0.89 27.60 0.13 

20191220 12.70 0.87 27.17 0.14 

20200113 11.92 0.81 26.93 0.14 

20200206 12.41 0.80 21.96 0.25 

20200301 12.25 0.86 23.70 0.20 

  CR2   

Date RCS SD SCR derror 

20191102 13.65 0.91 26.95 0.14 

20191126 12.92 0.89 22.89 0.22 

20191220 12.94 0.90 25.48 0.17 

20200113 12.91 0.90 24.51 0.19 

20200206 13.25 0.88 22.98 0.22 

20200301 12.36 0.91 24.26 0.19 

 

Radar Cross Section (RCS) – CR1 and CR2 show average 

RCS values of ~12.5 dB m2 and ~13.0 dB m2 (Table 1) A decay 

of 1 dB m2 is observed through time, which seems to be 

associated with the presence of ice/snow conditions. The 

theoretical response for a corner reflector of the same size is 

19.6 dB m2 (Eq. 2) which is not always obtained in practice due 

to different materials (not pure metal), atmospheric attenuation, 

imperfect CR construction, sub-optimal pointing direction, 

weathering, and accumulation of dirt, water, ice or leaves on 

the corner reflector. In our case, the difference between theory 

and practice could be mainly due to the slight misalignment in 

the pre-set elevation angle of the corner reflectors.  

     Spectral Diversity – The spectral diversity shows values 

ranging from 0.8 to 0.9 for both CRs (Table 1). CR2 shows 

slightly lower variability in spectral diversity, with values 

ranging from 0.88 to 0.91, while CR1 varies from 0.80 to 0.89. 

CR1 has slightly lower values for both RCS and spectral 

diversity compared to the CR2. Assuming that both CRs are 

similar (e.g., materials, inner-leg size, etc.), these discrepancies 

could be mainly associated with the slight misalignment in the 

pre-set elevation angle of the corner reflectors.  

     Signal to Clutter Ratio (SCR) – The SCR for each CR is 

high (an average of 24.5 dB to 26 dB from the data in Table 1), 

indicating good visibility with respect to the background 

backscattering level. In this case, the SCR for CR2 is lower than 

for CR1 since the lamppost reflection (i.e., the reflection closer 

to CR2) overlaps the outer window used to estimate the clutter 

level. It is also interesting to observe that both values of SCR 

decreased to 22-24 dB in the last two acquisitions. This 

reduction seems to be directly associated with the formation of 

ice over ocean water, which increases the backscatters (i.e. 

background noise). Even in the presence of icy conditions, the 

SCR remained high.  

     Displacement Error – A minimum of 20 scenes is normally 

needed to conduct a full PS-InSAR analysis (i.e., to derive 

displacement measurements from a time series of SAR data). 

PS selection based on amplitude dispersion requires this 

minimum number of scenes to achieve an unbiased estimate of 

the phase error [12]. For this feasibility study, the number of 

available scenes is low (i.e. 6 RADARSAT-2 scenes). The 

displacement phase error is calculated based on the SCR rather 

than using the amplitude dispersion approach. In Figure 8, the 

displacement errors for CR1 vary from 0.12 mm to 0.25 mm, 

and from 0.14 mm to 0.22 mm from CR2. In general, most of 

these errors remain below the 0.2 mm threshold. As expected, 

this displacement error increases in the presence of icy 

conditions, however its impact is minimal.  

 
Figure 8. Measured displacement error for CR1 (red) and CR2 

(blue) at Confederation Bridge, which was derived from SCR 

as indicated by Garthwaite (2017).  

Phase – Figure 9 shows a one to one comparison of the InSAR 

wrapped phase between the corner reflectors in all SAR 

interferometric pairs (i.e., 15 pairs). The phase was assumed to 

be unwrapped to allow direct conversion from radian to mm. In 

general, a one-to-one phase match was observed between CR1 

and CR2, and particularly for pairs from 2020/12/20 and after. 

The median absolute deviations for CR1 and CR2 phases is 4.0 

mm and 4.7 mm, respectively, which remain within nominal 

InSAR noise level (±5 mm; e.g., atmospheric phase errors).  
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This phase bias could be further reduced by subtracting a 

reference phase; however, this was not possible at the time due 

to the lack of reference points.  

     A comparison between CR phases and ambient temperature 

measurements (from Maple Plains weather station) was made 

to assess the influence of temperature between CRs, which are 

separated by 30 m along the bridge. The phase difference 

between the two CRs were calculated and compared against the 

temperature difference between the dates of acquisition 

forming the interferometric pair. Figure 10 shows a strong 

correlation between phase measurements and the differential 

temperatures. This correlation reveals how differences in 

temperature can lead to phase differences associated with 

thermal effects on the bridge between the corner reflectors.  

 
Figure 9. Corner reflectors one-to-one phase comparison for 

all interferograms (star symbols indicate leap frog pairs). 

 
Figure 10. Phase vs temperature comparison.  

Top: Differential phase between CR1 & CR2 for each interferogram;  

Centre: Temperature difference between each interferogram;  

Bottom: Correlation between CR phase difference and 

temperature difference.  

5 SUMMARY AND CONCLUSION 

In a previous study at the Confederation Bridge, it was found 

that just a few of bridge elements met the minimum coherence 

threshold criteria for InSAR analysis of satellite data [8]. When 

the coherence threshold was lowered, a large number of noise 

targets appeared in the scene and introduced many phase 

inconsistencies that limited the ability to extract useful phase 

information for the estimation of displacement.  

     The use of trihedral artificial corner reflectors on bridges 

such as the Confederation Bridge was considered in order to 

improve the radar reflectivity of certain bridges for satellite-

based motion monitoring. A methodology that uses SAR clutter 

analysis and theoretical RCS was developed and implemented 

to identify the most suitable locations for corner reflector 

installation on bridges. After calibration, this methodology was 

applied to satellite image stacks acquired over two case study 

bridges, including the Confederation Bridge discussed in this 

paper.  

     Results indicate that installation of corner reflectors with 

inner-leg size dimensions starting from 45 cm should provide 

sufficient SCR to meet a displacement error tolerance 0.2 mm.  

     For the Confederation Bridge, the best viewing geometry 

from RADARSAT-2 for possible installation of corner 

reflectors was found to be the ascending UF17 stack. It was 

recommended to install CRs at a 40-60 m distance from the 

piers, at least 15 m away from the lampposts. Larger CRs would 

be required to monitor portions of the bridge closer to the piers. 

Theoretical displacement error estimates near the piers have 

values above 0.5 mm for CRs with size of 51-65 cm, therefore 

these locations should be avoided. SCR estimates tend to be 

lower on the few bridge spans near the coasts; therefore, it was 

suggested to install CRs on any bridge span located between 

Piers 5 and 44. For the field valuation, a distance of 30 m 

between the pair of CRs was recommended to allow simple 

conversion of phase measurements to displacement 

measurements.  

     The field study of the pair of CRs installed on the 

Confederation Bridge according to the above specifications 

found, in general, that the performance of both corner reflectors 

was good. A small decay of the measurements was observed 

through time for both CRs, which seems to be directly 

associated with the weather conditions prevailing at the bridge 

(e.g. ice conditions under the bridge). For the analysis period 

considered, weather impact was minimal, and the spectral 

diversity remained favorably high.  

     It can be concluded that the Confederation Bridge would 

substantially benefit from having corner reflectors to monitor 

displacement using satellite-based InSAR. A dense array of 

corner reflectors would therefore provide targets with stable 

phase and high coherence. Noise could be easily removed by 

setting high thresholds. Phase unwrapping could be easily 

computed thanks to the availability of multiple targets of high 

quality.  
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ABSTRACT: Vibration response based damage detection methods have attracted much attention due to that they are model free 

methods. However, in the most of structural health monitoring systems, excessive number of sensors installed on the bridge 

bring high costs and huge data. In this paper, a novel damage detection method based on recursive principal component analysis 

(RPCA) is proposed. The displacement responses are collected and decomposed recursively to obtain the orthogonal projection 

deviation at each moment while the moving vehicle is passing through the bridge. When the moving vehicle passes the damage 

location, a significant change of projection deviation will occur due to the discontinuity of the responses, which can be used to 

indicate the damage location. Numerical simulations performed on a simply supported beam bridge subjected to a moving load 

demonstrate the effectiveness of the proposed approach. It is noticed that only two sensors without limitation of placement 

location are needed in this data-driven method while no reference data is required, which leads the presented approach to be a 

good candidate for baseline free structural health monitoring with very limited measurement information. 

KEY WORDS: Structural damage detection; Recursive principal component analysis; Two sensors; Baseline free. 

1 INTRODUCTION 

Damage localization is an important part in structural health 

monitoring (SHM) of bridge. The vibration response based 

methods, have received considerable attention in the past 

decades, because complicated finite element models are not 

needed [1-2]. However, most of the SHM system installed 

large number of sensors, which brings the high costs, as well 

as massive data which is hard to store and analyze. 

Principal component analysis (PCA), which is used to 

extract a few independent components from highly correlated 

data and monitor the structural condition by the components 

representing dynamic features, is a common response-based 

method [3-4]. To deal with the aforementioned problems, this 

paper proposes a novel bridge damage detection method based 

on recursive principal component analysis (RPCA) using only 

two sensors. When the moving vehicle passes through the 

bridge, RPCA is performed on the displacement signals 

collected by two sensors equipped on the bridge, to obtain the 

projection of the data on principal components at each 

moment. There will be abrupt changes in the projection 

deviation of two adjacent moments when the vehicle passes 

the damage location, which is used to realize the damage 

localization. Numerical simulations performed on a simply 

supported beam bridge under a moving load demonstrate the 

efficacy of the proposed approach. It is noticed that only two 

sensors are needed in this data-driven method. Besides, it 

operates without requiring reference data, which makes it an 

ideal candidate for baseline free structural health monitoring. 

2 METHODOLOGY  

2.1 RPCA 

RPCA provides a way to obtain principal components (PCs)      

recursively at each moment [5]. When the moving vehicle 

passes through the bridge at speed v, and the first L length 

signals are collected to construct an initial data matrix 0X       
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where each column in 0X   represents the signal measured by 

a sensor. The matrix 0X  is normalized to a new data matrix 

with zero mean and one unit variance firstly to eliminate the 

influence caused by different magnitudes of variables. For 

convenience, assume that 0X has been standardized. The 

correlation matrix 0R  of the initial data matrix is defined as 
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Continue to collect the displacement response  

 1 2=i i ix xx  ( 1, 2, ,i L L N   , N is the total length of 

data) at the next moment. The correlation matrix iR  at ith 

moment is given by the recursive formula 
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where im  and im are mean vector and mean vector 

difference at the ith moment, respectively. 2

ni   represents the 

ith standard deviation of the nth sensor. iΣ  and *

ix  are the 

standard deviation matrix and the normalized displacement 

vector at the ith moment, respectively. Perform eigen 

decomposition on iR  and extract the eigenvectors, as shown 

in the following formula 
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where 1

iw , 2

iw , 1i , 2i  are respectively the first eigenvector, 

the second eigenvector and their corresponding eigenvalues at 

the ith moment.  

2.2 Damage index  

The displacement responses exist discontinuity when the 

moving vehicle passes the damage location [6], which leads a 

significant change in the projection deviation that can be used 

to indicate the damage location. Hence, the damage index (DI) 

in the paper is defined as 
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where ( )iX  denotes all cumulative displacement data up to 

ith moment. The aforementioned steps for the proposed 

method is shown in the form of a stepwise flowchart in Fig.1. 

3 NUMERICAL SIMULATION  

3.1 Numerical model  

To prove the effectiveness of the proposed approach, a simply 

supported beam as shown in Fig.2 is employed as an example 

for numerical studies. The dimension parameters are defined 

as follows: the height, width and length of the beam are 

h=0.2m, b=0.1m and l=20m, respectively. The Young’s 

modulus, the mass density and the sampling frequency are set  

 

Figure 1. Workflow diagram of the propose method. 

 

as E=210GPa, ρ=7850kg/m3 and fs=200Hz, respectively. A 

moving mass weighting 400kg at the speed of v=0.2m/s is 

used to simulate a passing vehicle in this model. The 

parameter L in section 2 is taken equal to the value of fs, i.e 

200. A crack with the depth ratio    ( /a h  , where a is the 

damage depth) equal to 10% and 30%, located at the position 

of Ld = 0.4 (Ld=x1/l is the relative distance from the left 

support of the beam), is assumed in the simulations. In order 

to demonstrate the influence of the position of these two 

sensors on the damage detection results, three measurement 

points are set as shown in Fig.2 and marked as sensor 1 to 3 

from the left to right. 

3.2 Numerical results  

Fig.3 shows the result of healthy and 10% damage scenario 

using sensor 1 and 2. The triangle on the horizontal axis 

shows the location of the imposed damage, and the time series 

of damage index is converted into a spatial sequence by 

multiplying each time by the speed of the moving mass. It is 

observed that the DI curve has an obvious mutation at the  
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Figure 2. Sketch of the beam model subjected to a moving 

mass. 

 

damage location Ld = 0.4, which indicates the damage 

accurately. When the damage degree is expanded to 30%, as 

shown in Fig.4, a significant mutation occurs at the damage 

position as well. Moreover, with the increase of damage 

degree, the mutation becomes more and more obvious. It is 

noticed that the trend of the DI curve under different damage 

scenarios is almost consistent with that of healthy state except 

at the damage location, which manifests that the proposed 

method can be used to localize the bridge damage without 

reference data. 

 

Figure 3. Damage detection results of healthy and 10% 

damaged beam using sensors 1 and 2. 

 

 

Figure 4. Damage detection results of healthy and 30% 

damaged beam using sensors 1 and 2. 

To evaluate the sensitivity of sensor distribution on damage 

identification, sensor 3 that is away from damage location is 

introduced.  

Fig.5 and Fig.6 shows the results of different damage 

scenarios using sensor 1 and 3. It can be found that the 

damage is well localized by mutations at the position of Ld = 

0.4, though the values of DI are smaller than those obtained 

using sensors 1 and 2, which demonstrate that the proposed 

approach is not limited to the placement position of the 

sensors. In addition, like the scenarios investigated previously, 

the mutational degree of DI increases with the increase of the 

damage degree, while the trends of the DI curves in positions 

except the damage location coincide under different scenarios, 

as well. 

 

 

Figure 5. Damage detection results of healthy and 10% 

damaged beam using sensors 1 and 3. 

 

 

Figure 6. Damage detection results of healthy and 30% 

damaged beam using sensors 1 and 3. 

 

4 CONCLUSIONS  

This paper presents a new damage localization method of 

bridge using only two sensors with RPCA. The numerical 

tests verify the effectiveness of this approach. When the 

moving vehicle passes through the damage location, the 

recursive projection deviation occurs an abrupt change which 

can be used to indicate the damage. Moreover, it is a baseline 
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free method and not limited to the location of sensor, which 

are significant in real bridge application. 
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ABSTRACT: Tunnel leakage inspection has become one of the most crucial tasks for metro tunnel maintenance. Compared with 
on-site manual inspection, deep-learning (DL)–based tunnel leakage segmentation method based on 2D tunnel lining images has 
shown high accuracy and precision, but cannot provide the leakage location due to the lack of spatial information. This study 
proposes a novel approach for tunnel leakage inspection method using a mobile laser scanning (MLS) system, which combines 
the 3D laser scanning point cloud data with the DL-based leakage detection algorithm. 2D greyscale images of the tunnel linings 
are firstly converted from the 3D point cloud data. The tunnel leakages are then segmented from the greyscale images using a 
mask-region-based convolutional neural network (Mask R-CNN) algorithm. Subsequently, a custom 2D point cloud is generated 
from the output RGB images.  The triangle mesh method is adopted to add explicit relationship among the discrete RGB point 
cloud data points, which generates a 3D visualization of the metro tunnel linings and highlights the color labeled tunnel leakages. 
Finally, based on Unity game engine, the 3D visual inspection results are presented on the first-person perspective roaming. The 
proposed approach has been tested on the Shanghai metro tunnel lining and the leakage inspection results suggest a reliable 
performance comparing with the manual inspection of the tunnel, which provides a feasible and promising method for metro 
tunnel leakage inspection. 

KEY WORDS: Point cloud; Leakage; Deep learning; 3D reconstruction; Visualization. 

1 INTRODUCTION 
In China, a large amount of metro shield tunnel has been built 
in cities. Water leakage, as one of the most common defects in 
the tunnel lining, easily occurs due to the long tunnel service 
time and complex geological conditions [1]. As a result, early-
stage inspection should be performed to prevent accidents 
resulting from the water leakage [2]. The traditional approach 
is to conduct the human-based onsite inspection at a limited 
skylight time, which proved to be time- and labor-consuming. 
Therefore, there is still an urgent need to develop an automatic 
method for segmentation and statistical quantification of the 
water leakage in the tunnel lining. 

The photogrammetric techniques and computer vision (CV) 
through image processing (IP) method were often introduced 
into automatic tunnel inspection [3-5]. In recent years, the 
application of DL-based methods has shown a better precision 
and robustness than the IP methods in the detection of concrete 
cracks [6], spalling [7] and steel corrosion [8]. These DL-based 
methods have achieved the high precision and efficiency 
defects detection in the pixel level and made a great 
contribution to the visual inspection in the operational period 
of the infrastructure. However, the previous researchers mainly 
focus on the segmentation and object detection of the specific 
defects. Quite few researches concentrated on the quantitative 
assessment and location in the 3D space of the detected 
diseases.  

The above-mentioned photogrammetry-based methods treat 
and detect the leakage area on the individual images, which 
miss the 3D location information of each detected leakage. 
Lacking the 3D spatial coordinates information, it is 
challenging to organize the large number of photographic data. 

Aiming at achieving time-saving automated solutions of fast 
water leakage segmentation and quantification, the LIDAR-
based techniques, mobile laser scanning (MLS) system that 
integrated by a laser scanner, moving vehicle and odometer has 
gained popularity in the tunnel inspection field [9-11]. MLS 
generates a high precision point cloud with 3D coordinates as 
well as the detailed tunnel lining features. The tunnel lining 
leakage can be detected by unrolling the point cloud to a large 
2D grayscale image and the recognition result can be mapped 
into the 3D space [12]. Moreover, the processed point cloud can 
be used to generate a spatial model, which may improve the 
visualization and informatization of the defects [13,14]. 
Undoubtedly, the 3D inspection approach will facilitate the 
structure stability assessment during the metro tunnel 
operational period. 

In this study, an integrated approach is proposed to achieve 
automated detection, quantification and visualization of water 
leakages in metro tunnel linings (Figure 1). The raw point cloud 
obtained from MLS system is firstly converted to the grayscale 
images. A popular DL-based instance segmentation algorithm, 
known as Mask R-CNN [15], is modified for the water leakage 
detection and area calculation in the pixel level. The statistical 
report containing the detection and spatial information is then 
outputted from the DL model. Finally, a novel triangular 
method is proposed to generate a precise 3D tunnel lining 
model. The content of this paper is as follows: Section 2 briefly 
introduces the architecture of the integrated algorithm. Section 
3 presents the detection and visualization results with the 
Shanghai metro tunnel as example. Section 4 concludes the 
major findings of this study. 

A novel approach for Metro tunnel leakage inspection using mobile laser scanning 
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2 METHODOLOGY 

 2D grayscale images conversion 

The point cloud data obtained from MLS system contains the 
coordinates and its intensity value information (X, Y, Z, I). The 
3D coordinates record the location of individual points and the 
intensity value can be used for restoring the detailed tunnel 
lining feature. The common method of converting the point 
cloud data to 2D grayscale image includes 2 steps (Figure 1(a)): 
(1) unrolling the spatial point cloud to a plane; (2) converting 
the plane point cloud to image. In the first step, the original 
point cloud is firstly corrected to a standard cylindrical shape 
(i.e. the design section of the metro tunnel). Then the 
cylindrical point cloud is used for unrolling along the 
longitudinal direction [16]. In the second step, the gray value 
of each pixel can be calculated with the average intensity value 
via the square grid partition method [12]. 
 

 
Figure 1. Workflow of the proposed method including (a) 
generating grayscale images from the original point cloud data; 
(b) leakage detection using Mask R-CNN; (c) 3D visualization 
based on the triangular mesh method. 

 Mask R-CNN networkt 

The main framework of the adopted Mask R-CNN model is 
briefly introduced in this section, which is optimized by the 
well-known Faster R-CNN [17] network. Three main 
approaches are implemented into the improvement of the Faster 
R-CNN network performance: (1) the ResNet-FPN [18,19] 
backbone to extract more profound information of the original 
images; (2) ROI-align, for providing a higher quality region of 
interests (ROIs) in the feature maps; (3) the extra FCN [20] 
branch to realize object segmentation in the pixel level. Figure 
1(b) shows the main components of the adopted Mask R-CNN, 
which contains the backbone structure (generates semantic 

feature maps), region proposal network (RPN) to extract the 
ROIs in the feature maps and head architecture for three output 
branches (classification, localization and segmentation). 

 Evaluation metrics 

The recall and precision value are widely being employed in 
the field of information retrieval [21]. But recall mainly focuses 
on whether all the leakages are detected and precision concerns 
whether the leakages are correctly detected. Thus, neither can 
objectively reflect the defect recognition performance of the 
DL model. In this paper, the average precision (AP) value is 
adopted for the evaluation of the detection model, which is 
calculated by the area of the precision-recall curve. The AP0.50 
means Intersection over Union (IoU) threshold to distinguish 
between the positive and negative samples is 0.5 (Figure 2, 
Equation 1). Moreover, the AP0.75, AP (average AP value when 
IoU equals to 0.5 to 0.95) value in the segmentation-level and 
localization-level are also used to evaluate the applicability and 
robustness of the trained model. 

 

IoU =
𝑎𝑟𝑒𝑎(𝐵𝑝∩𝐵𝑔𝑡)

𝑎𝑟𝑒𝑎(𝐵𝑝∪𝐵𝑔𝑡)
                           (1) 

Where 𝐵𝑝  denotes the predicted bounding box, and 𝐵𝑔𝑡  
denotes the ground truth. 

 

 
Figure 2. Relational diagram of the IoU. 

 3D inspection model 

In order to visualize the detection results in the 3D space, a 
novel triangular mesh method is proposed in this study to 
reconstruct a tunnel lining model. According to the previous 
study [13,22], the traditional 3D reconstruction methods have 
difficulties on generating high precision 3D model in turns of 
the complexity and the low density of the tunnel lining point 
cloud.  Therefore, an effective solution is to mesh the discrete 
point cloud data on the 2D space. A custom 2D RGB point 
cloud is firstly created by projecting the RGB pixels to the 
corresponding points (Figure 3). Then among the plane point 
cloud, three nearest neighboring points is diagonal meshed in 
batches (Figure 3). By reversing the projection relationship 
mentioned in the section 2.1, the detection information on the 
plane mesh can be mapped into the spatial meshed model 
(Figure 1(c)). 

To realize the 3D visualization, the tunnel lining texture (the 
output images in section 2.2) is added to the meshed model for 
restoring the RGB information of the tunnel lining. The terrain 
model is built as the ground. Furthermore, a cross-platform 
game engine named Unity is implemented to perform first-
person perspective roaming. The generated FBX format tunnel 
lining model together with the texture information are imported 
into the Unity engine. Then, the component in the Unity 
software named FPSController is implemented for first-person 
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roaming. As a result, the inspection roaming project can be 
released to multiple platforms and provide the tunnel operation 
managers an immersive experience for visual inspection of 
tunnel defects. 

 

 
Figure 3. Workflow of the spatial mesh creation. 

3 EXPERIMENT AND RESULTS 

 Dataset 

In this paper, 275 water leakage images with three resolution 
(2900 × 2000, 2900 × 1600 and 2900 × 2400) are generated 
from the above section. The data augmentation strategy 
(flipping, cropping, etc.) is adopted to improve the precision 
and robustness of the trained DL model. As a result, the number 
of images is enlarged to 1650 and the training, validation and 
testing set is then sampled by a proportion of 7:2:1. 
Subsequently, the generated grayscale images are used to 
transformed to the required Microsoft COCO [23] dataset 
format. 

The water leakage dataset is trained and validated on a self-
assembled desktop PC with one Intel Core i7-9700k CPU, 
32GB RAM and a Nvidia GTX 2080Ti 12GB GPU. The Mask 
R-CNN algorithm is implemented based on the Pytorch-GPU 
in Ubuntu 18.04 operating system. 

 Training, validating and testing 

In this section, the annotated tunnel lining images are sent to 
the training and validation of the DL framework.  The initial 
learning rate of the training is set to 0.001 and the number of 
epochs is 50. After 20 epochs, the learning rate is decayed to 
0.0001 in order to prevent the gradient descent crossing the 
optimal value. Figure 4 shows a downward trend of the loss 
function value in both training and validation process. When 
the number of epochs is greater than 40, the loss function 
gradually reaches a state of convergence. After the training 
stage, the aforementioned AP value in both segmentation and 
localization level is also outputted to evaluate the applicability 
of the trained Mask R-CNN model (Table 1). Compared with 
the Microsoft COCO dataset implemented in the Mask R-CNN 
[15], The relatively low AP values are to do with the limited 
water leakage 2D image dataset obtained from the 3D point 
cloud. 

The remaining 165 images that are not trained and validated 
are used for the model testing. The number of pixels belong to 
water leakage is positively corelated to the actual area of the 
detected leakage. Thus, the area information can be printed on 
the images by modifying the original Mask R-CNN framework. 
To facilitate illustration of water leakage results, the 
consecutive images with small scale are stitched into a larger 

one after the detection process. The stitched images for a 30m-
long tunnel and the detail of the detection information printed 
on the images are shown in the Figure 5. 
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Figure 4. The total loss of training and validation processes. 

 
Table 1. Evaluation results of the model. 

Water leakage AP0.5 AP0.75 AP 
Segmentation level 0.554 0.274 0.308 
Localization level 0.568 0.313 0.325 

 

 Visualization 

For creating a 3D inspection model, a high-precision tunnel 
lining model is generated by a triangular mesh method. The 
output RGB images are accurately mapped to the spatial mesh 
model. Then, a first-person perspective roaming project is 
established on the Unity software. The whole system includes 
the FBX format 3D model, RGB texture images, terrain model 
and the colliders. Figure 6 displays the result of Unity-based 
tunnel water leakage roaming, which can provide an overall 
view and an adaptive observation perspective to the water 
leakage. The water leakage location and distribution 
information are intuitively navigated by mouse or even virtual 
reality (VR) headset, which can aid the tunnel defects 
management, simulation, and visualization in the operational 
period. Undoubtedly, in the future it will greatly improve the 
tunnel multi-defects visual inspection quality by interacting the 
VR devices. 
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Figure 5. The detailed results of segmentation of tunnel leakage. 

 

 
Figure 6. The Unity-based roaming results of tunnel leakage. 

4 CONCLUSION 
A novel water leakage inspection method is proposed in this 
study, which can automatically detect, quantify, and visualize 
the water leakage of tunnel linings in 3D space. The proposed 

method integrates the MLS technology with a modified Mask 
R-CNN, a triangulation-based 3D reconstruction algorithm, 
and the Unity platform. The reconstruction result presented on 
the Unity software demonstrates a better performance on 3D 
visualization of the detected leakage, which retains the spatial 
geometric characteristics of the tunnel lining point cloud and 
the printed water leakage evaluation information.  

It is worth noting that, the precision of leakage detection 
needs to be further improved (evaluation results in the Table 1). 
To authors’ knowledge, the resolution and the number of raw 
images may be the reason for the relative low AP value in this 
study. Therefore, future work may focus on combining the 
linear charge coupled device (CCD) cameras and MLS 
technology to obtain higher resolution tunnel lining features. 
So that, the applicability and the adaptivity of the proposed 
approach can be further enhanced. 
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ABSTRACT: With the rapid development of railway construction in China, the safety of railway is attracting more and more 
attention. Rails of railway lines have been in service typically under heavy dynamic loads for a long time, which is prone to 
corrosion, deformation, wear, crack and even fracture, causing serious problems in the safety of railway lines. The guided waves 
provide an effective and efficient method for non-destructive testing and health monitoring of metal structures, such as rails. 
Compared with body waves, guided waves can travel a long distance in the waveguide medium, and cover the entire cross-
section of the detected object, which makes the detection more efficient. This paper presents an effective approach for 
estimating longitudinal stress and identifying damage in rails using guided waves. First, the semi-analytical finite element 
(SAFE) method is used to obtain the frequency dispersion curves and wave propagations in rails. From the results, appropriate 
modes are then chosen to detect damage in the rails effectively. The effect of rail longitudinal stress on the group velocity 
dispersion curves is analyzed, which can be used for estimating longitudinal stress in rails. Then, finite element numerical 
simulations are performed for potential damage detection using guided waves by assuming various damage zones at different 
locations in the rail. The propagation characteristics of guided waves in rails with various damage cases can be obtained from 
the numerical simulations. Finally, the vibration characteristics and propagation mechanisms of the chosen modes of guided 
waves in the rail are investigated, which provides a basis for detecting damage in rails. From the numerical results for the high-
speed railway rail, the proposed approach can provide an effective tool for longitudinal stress estimates and damage detection in 
rails. 

KEY WORDS: Rail; Guided waves; Dispersion curves; Damage detection. 

1 INTRODUCTION 
During the in-service period of the rail, due to the effect of the 
train load and environmental factors, various types of damage 
and defect, such as cracks and plastic zones on the surface or 
in the body of the rail, will occur [1]. In severe cases, it may 
cause the rail to break and the train to derail and other 
accidents. Therefore, it is necessary to inspect the state of the 
rail before an accident. Since ultrasonic guided waves have 
the advantages of fast detection speed, long detection distance 
and small attenuation along the propagation path, they are 
particularly suitable for long-distance structures (such as 
pipes, cables, and rails) [2]. 

In order to ensure the performance of the rail structure and 
the safety of train operation, many studies on guided waves 
have been undertaken for non-destructive detection of rail 
defects. Rose [3] made grooving defects in the rails and 
excited the rails using 60 KHz SH waves to detect defect 
location. Rose et al. [4] conducted experiments on the test rail 
and the running rail. They used non-contact air coupling 
sensors to receive guided waves energy at a distance of about 
1.52 m from the rail head, and adopted electromagnetic 
acoustic sensors (EMAT) to detect lateral defects in the rail. 
Cerniglia et al. [5] applied a laser beam to excite guided 
waves on the trapezoidal cross-section plate, analyzed the 
trajectory of the particle in the plate during the wave 
propagation process, and then identified the wave packet as a 
Rayleigh wave, which is used for detecting defect of pitting at 

the bottom of the rail. From the experiment, the pitting at the 
bottom of the rail was successfully identified. 

Compared with body waves, the dispersion and multi-modal 
characteristics are the most important propagation 
characteristics of guided waves in rails, that is, the phase 
velocity and group velocity of the guided waves change with 
the frequency of the guided waves propagation [6]. The 
relationship between wave speed and frequency is usually 
represented by the dispersion curves. Bartoli et al. [7] used the 
SAFE method to model and analyze the tube wrapped with 
viscoelastic materials in order to study the propagation of 
ultrasonic guided waves. Coccia et al. [8] used the SAFE 
method to solve the guided wave modes in the rail head, 
analyzed the energy distribution of different modes in the rail 
head, and then conducted experimental investigation on 
different excitation methods. However, there are still limited 
studies on application of the propagation characteristics of 
guided waves in rail damage detection and longitudinal stress 
estimate. 

In this paper, a high-speed railway rail model is established 
by the SAFE method, and the dispersion curves of the guided 
wave of the rail is analyzed. The effects of longitudinal stress 
changes and local damage of rails on the propagation 
characteristics of guided waves are investigated. On the basis 
of the sensitivity of guided wave modes to rail stress and 
damage, the appropriate excitation mode, excitation position 
and excitation direction are determined, which can be useful 
for rail stress estimate and damage detection. Finally, a 
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numerical study for the high-speed railway rail is provided to 
demonstrate the effectiveness of the proposed method. 

2 SAFE METHOD FOR RAIL 

2.1 SAFE theory 

The SAFE method is a semi-analytical for solving the 
dispersion problems in a waveguide medium with a complex 
cross section. When the SAFE method is used to solve the 
dispersion solution, only the cross-section of the waveguide 
medium needs to be finite element discretized, and the simple 
harmonic vibration mode is used to express the displacement 
along the propagation direction of the waveguide medium [9]. 
Taking the CHN60 rail as an example, as shown in Figure 1, 
the cross section is defined as the y-z plane, and the guided 
wave propagation direction along the longitudinal direction of 
the rail is defined as the x direction. 

 
Figure 1. SAFE model for a rail. 

 

The displacement, strain and stress components of each 
mass point in the rail can be expressed as 
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The relationship between strain and displacement is 
expressed as [2] 
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Triangular elements are used for finite element 
discretization of the cross section. As shown in Figure 2, the 
CHN60 rail is divided into 210 elements and 162 nodes. The 
displacements of any point inside the element can be 

represented by the nodal displacement and the shape function, 
given as 
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where ),( zyN  is the shape function matrix; )(e
q  is the 

element nodal displacement vector; ξ  is the wave number; 
and ω  is the frequency. 

 
Figure 2. Finite element mesh for the cross section of the 
CHN60 rail. 

 
According to Eq. (4) and Eq. (5), the element strain vector 

can be obtained as 
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where y,N  and z,N  are the partial derivatives of the shape 

function matrix ),( zyN  in the y  and z  directions, 
respectively. 

According to Hamilton's principle, the characteristic 
equation of ultrasonic guided waves in CHN60 rail can be 
given as 
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2.2 Phase velocity and group velocity 

After a given frequency ω , the corresponding eigenvalue ξ  
can be obtained from Eq. (9). However, since Equation (9) 
contains the imaginary term 2Ki , by introducing a unitary 
transformation matrix T  with a size of 3n×3n, the imaginary 
number in Eq. (9) can be eliminated [2], namely 

 ]11...11[diag ii=T  (12) 

After introducing the auxiliary matrix, Equation (9) can be 
expressed as 
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Through the general eigenvalue problem solving method, 
the relationship of phase velocity and group velocity with 
frequency and wave number can be defined as 
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From Eqs. (9)- (11), the phase velocity and group velocity 
dispersion curves can be calculated. 

2.3 Dynamic displacement under external force 

The system function model of the rail can be given as [10] 
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where m is the label of the ultrasonic guided wave mode, with 
a total of 2M guided wave modes; sx  is the position where 

the excitation response is applied; p~  is the amplitude of the 

applied excitation signal; L

mU  it is the left eigenvector of the 

mth modal ultrasonic guided wave; and Rup

mU  is the upper 
half of the right eigenvector of the mth modal ultrasonic 
guided wave. 

Define matrices 
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From Fourier transform for the excitation signal, gives 
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Through convolution calculation, the stimulus response 
result can be written as 
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After inverse Fourier transform, the responses of the 
excitation signal can be expressed as [10]. 
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3 DISPERSION CHARACTERISTICS UNDER STRESS 
When the rail is subjected to longitudinal stress, the 
propagation speed of the guided wave in the rail changes. 
Extra term should be added to the strain energy by the 
longitudinal stress of the rail, which leads to the change of the 
stiffness matrix, and then the rail wave equation with initial 
stress is obtained. The modified characteristic equation is 
solved to provide the guided wave dispersion curves, and the 
relationship between the longitudinal stress and the group 
velocity can be obtained. 

Since the longitudinal stress of the rail is the axial load in 
the x  direction, only the initial stress )0(

xx  needs to be 
retained. The strain energy per unit volume can be expressed 
as 
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where xxS  is the nonlinear strain in the x direction. 
Under longitudinal stress, the strain energy caused by the 

initial stress can be given as 
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where 
x
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)0(  represents the interaction between the 

initial stress and the linear strain, and the effect on the 
constant force and the linear strain in the equation of motion 
of the linear system can be ignored. Therefore, the terms that 
need to be added to the linear strain energy is given as 
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Substituting the displacement interpolation function in Eq. 
(6) into Eq. (24), the additional strain energy is simplified as 
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The form of Eq. (25) is the same as that of kinetic energy. 
Therefore, the additional stiffness matrix is proportional to the 
mass matrix, and the rail wave equation under longitudinal 
stress is written as [11] 
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According to the definition of Eq. (15) group velocity, the 
group velocity under longitudinal stress can be rewritten as 
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4 NUMERICAL EXAMPLES 
The CHN60 rail shown in Figure 2 is adopted here as an 
example. The rail has elastic modulus of 210GPa, Poisson’s 
ratio of 0.3, and density of 7800kg/m3. By solving the 
characteristic equation in Eq. (13), the relationship between 
wavenumber and frequency can be given, and the dispersion 
curves of CHN60 rail can be obtained.  

Figure 3 and Figure 4 show the phase velocity dispersion 
curves and group velocity dispersion curves in the free state, 
respectively. As shown in Figure 3, in the low frequency 
band, there are only 4 guided wave modes in the rail. As 
frequency increases, the number of modes also increases. For 
a specific guided wave mode, its phase velocity and group 
velocity change with the frequency. The dispersion and multi-
modal characteristics of the guided waves reduce the signal-
to-noise ratio and the sensitivity of the detection signal, 
thereby affecting the measurement accuracy.  
Figure 4 shows 

 

 
Figure 3. Phase velocity dispersion curves of the rail. 

 
Figure 4. Group velocity dispersion curves of the rail. 

 

When the rail is subjected to tensile or compressive 
longitudinal stress, the guided wave velocity changes. Figure 
5 shows the group velocity dispersion curves of the rail in the 
free state and with 100MPa tensile stress in the frequency of 
0-1 kHz. It can be seen from the partially enlarged view in 
Figure 5 that when the rail is subjected to a tensile stress of 
100 MPa, the group velocity changes slightly. Figure 6 shows 
the relationship between the group velocity of mode 1 and the 
rail stress. From the results, the group velocity changes 
linearly with the internal stress of the rail.  

Table 1 shows the comparison of group velocities in the 
free state and the tensile stress of 100 MPa at frequency of 
200 Hz. The group velocity change rate of mode 1 is the 
largest, indicating that mode 1 is most sensitive to the stress. 
Therefore, mode 1 is selected for detecting rail longitudinal 
stress. 
 

 
Figure 5. Group velocity dispersion curves under free state 
and 100MPa tensile stress. 
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Figure 6. Relationship between group velocity and rail stress. 

 

Table 1. Comparison of group velocities at frequency of 
200Hz. 

Mode 
Group velocity 

of free state/ 
(m/s) 

Group velocity 
of 100MPa/ 

(m/s) 

Group velocity 
change rate/ 

(%) 
1 753.40 743.60 1.3 
2 1194.58 1187.67 0.58 
3 843.78 850.16 0.83 
4 5188.55 5189.78 0.02 

 
When the rail is locally damaged, the elastic modulus of the 

damaged area reduces and then the change of the elastic 
modulus decreases the value of stiffness in the rail wave 
equation, leading to change in dispersion curves. By 
comparing the speed change of each mode at the different 
damage areas of the rail, the modes that are sensitive to the 
damage of the specific area of the rail can be found. In this 
paper, it is assumed that the local damage occurs at the rail 
head, rail waist, and rail bottom. The elastic modulus of the 
damaged area is reduced by 30%.  

Figure 7 (a-c) shows the results of dispersion curves 
affected by rail head damage. In the lower frequency band, the 
dispersion curve does not change much. With the increase of 
frequency, the wave speed of some modes changes 
significantly. The group velocity of each mode at 35 kHz 
frequency before and after the damage shows that mode 17 is 
the most sensitive one to rail head damage. 

Figure 8 (a-c) shows the results for rail waist damage. When 
the rail waist is damaged, the dispersion curves changes 
obviously. As the frequency increases, the velocity of mode 3 
changes sharply. Since mode 3 is one of the four basic 
vibration modes of the rail, its mode shape is single and 
conducive to signal analysis. Therefore, mode 3 is the most 
suitable one for rail waist damage detection. 

Figure 9 (a-c) shows the results for rail bottom damage. 
Each mode has different sensitivity to rail bottom damage. By 
comparing the group velocity values before and after damage 
at 35 kHz, mode 20 is the most sensitive one to rail bottom 
damage. 

 

 
(a). Diagram of rail head damage 

 
(b). Phase velocity 

 
(c). Group velocity 

Figure 7. Comparisons of dispersion curves before and after 
rail head damage. 
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(a). Diagram of rail waist damage 

 
(b). Phase velocity 

 
(c). Group velocity 

Figure 8. Comparisons of dispersion curves before and after 
rail waist damage. 

 
(a). Diagram of rail bottom damage 

 
(b). Phase velocity 

 
(c). Group velocity 

Figure 9. Comparisons of dispersion curves before and after 
rail bottom damage. 
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By solving Eq. (13), the eigenvalue and eigenvector can be 
obtained. The eigenvalue reflects the dispersion characteristics 
of the ultrasonic guided wave. The eigenvector is the vibration 
shape of each mode. Take typical 6 modes of 35 kHz for 
mode shape analysis, and the mode shapes are shown in 
Figure 10. 

From Figure 10, the maximum amplitude positions of the 
modes are different. Larger amplitude may occur at the rail 
head, rail waist, or across the entire section. When the guided 
wave disperses, the energy distribution of the rail cross 
section is not uniform, thus the mode shapes with 
displacements in the damaged area should be selected [12]. 
These modes are more suitable for detecting rail stress and 
damage. 

The displacement of mode 1 is mainly concentrated on the 
rail head, however, the rail head is not suitable for sensor 
installation. The displacement of mode 3 is mainly 
concentrated at the bottom of the rail. In practices, there are 
fasteners at the bottom of the rail to constrain it, which can 
cause problems for long-distance propagation of guided waves. 
Modes 4-6 are prone to exciting multiple guided wave modes 
at the same time, which can cause difficulty in signal analysis. 
The displacements of mode 2 are mainly concentrated on the 
rail waist, which can excite a relatively single guided wave 
mode without hindering the normal operation of the train. 
Therefore, mode 2 is the most suitable one for detecting the 
stress and damage of the rail. 

 

 
(a). Mode 1                              (b). Mode 2 

 
(c). Mode 3                              (d). Mode 4 

 
(e). Mode 5                              (f). Mode 6 

Figure 10. Mode shapes of guided waves of rail at 35 kHz. 

 

All external nodes of the rail can excite the ultrasonic 
guided wave signal. However, to ensure the normal operation 
of the train, the ultrasonic guided waves inspection can only 
be installed near the rail waist. Figure 11 shows the number of 
stimulable nodes at the rail waist of the mode 2, and each 
node has three degrees of freedom. Figure 12 plots the x, y, z 
directions displacement curves of all externally excitable 
nodes in mode 2. From Figure 12, the vibration amplitude of 
the rail bottom of mode 2 is small, and the vibration is mainly 
concentrated at the positions of the rail waist. The vibration 
amplitude in the y direction is the largest one at the rail waist, 
and the z direction vibration amplitude is the smallest one. 
The optimal excitation position is located at the maximum 
amplitude position of the three degrees of freedom of the 
mode. Therefore, the x and y directions of the nodes 32 and 82 
are the optimal excitation points. 

 

 
Figure 11. Motivated nodes at the rail waist. 

 

 
Figure 12. External nodal displacements of mode 2. 
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5 CONCLUSIONS 

In this paper, the SAFE method is used to analyse the 
dispersion curves of high-speed railway rails, and a specific 
analysis is made on the influence of longitudinal stress and 
damage on the propagation characteristics of rail guided 
waves. Due to the irregular shape of the rail cross-section, its 
guided wave characteristics are extremely complicated. The 
phase velocity and group velocity depend on the frequency of 
the rail guided wave. At lower frequency of 200 Hz, the group 
velocity change rate of mode 1 under the action of 
longitudinal stress is the largest, and it is most sensitive to 
longitudinal stress. At higher frequency of 35 kHz, the 
sensitivity of each mode to local rail damage is different. The 
mode with the largest displacement at the damage site is 
affected by the damage, and its group velocity changes 
significantly. According to the mode analysis, the optimal 
excitation mode suitable for on-site detection is selected, and 
the best excitation position and direction are determined. 
Therefore, these results are useful for the ultrasonic guided 
wave inspection as an efficient non-destructive testing method, 
which can be applied to the damage identification and 
condition assessment of high-speed railway rails. 
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ABSTRACT: Modal parameters of cable-stayed bridges such as natural frequency and mode shape are of great significance for 
dynamic analysis, finite element model updating and structural damage identification of the structures. In this paper, the main 
bridge of the Poyang Lake Second Bridge is adopted to investigate the dynamic characteristics of the cable-stayed bridge. The 
lower order natural frequencies and mode shapes are obtained by using the finite element dynamic modelling. Meanwhile, from 
the measured acceleration data, the modal data of the bridge such as natural frequencies and mode shapes, are identified by the 
modal analysis methods. By comparing the finite element numerical dynamic parameters with the modal data from ambient 
vibration test, the results show that the actual dynamic modes of the cable-stayed bridge are complicated, and the calculated 
frequencies are generally consistent with the experimental data, indicating that the finite element model can well reflect the 
dynamic behavior of the actual cable-stayed bridge. 

KEY WORDS: Cable-stayed bridge; finite element modeling; structural dynamic analysis; modal analysis; model updating. 

 

1 INTRODUCTION 
In recent years, with the rapid development of road traffic 
construction, cable-stayed bridges have become a major type 
of long-span bridges in China. Compared with the traditional 
continuous beam bridge, the cable-stayed bridge is greatly 
reduced in size due to the elastic supports provided by the 
cables, and its spanning capacity is improved at the same time 
[1]. In contrast to the suspension bridge, the cable-stayed 
bridge has a better wind-resistance stability, and does not 
require large anchors for the cables. Cable-stayed bridges are 
usually constructed by cantilever method, which can make full 
use of stay cables and build the bridges more conveniently 
and safely [2]. The characteristics of long-span cable-stayed 
bridges, such as wind resistance and seismic performance, are 
critical for structural safety. Therefore, it is important to study 
the structural dynamic characteristics of cable-stayed bridges 
to ensure the safety of the bridges. 

After construction completion, various types of structural 
damage will inevitably occur in large cable-stayed bridges 
during lifetime service. The damage may be due to natural 
factors such as earthquakes, storms and environmental 
corrosion, or human factors such as improper maintenance 
and collisions between vehicles and ships [3]. If the structural 
damage cannot be detected in time and treated immediately, it 
will not only impact the normal use of the structure, but in 
some extreme cases, even cause catastrophic accidents such as 
sudden failure or collapse [4]. The vibration based Structural 
Health Monitoring (SHM) system provides an advanced 
method to monitor the vibration responses of civil engineering 
structures under ambient excitation and to detect structural 

damage using vibration measurements [5]. In China, many 
cable-stayed bridges such as the Poyang Lake Second Bridge 
has installed various sensors during the construction phase to 
monitor the health status of the structure. 

Many studies have been undertaken on structural dynamic 
analysis and damage detection of cable-stayed bridges. Zhu et 

al. [6] established a three-dimensional finite element model of 
the cable-stayed bridges, which was able to analyze most 
important dynamic characteristics of cable-stayed Bridges. Su 
et al. [7] proposed a new type of double girder model that was 
suitable for the laminated girder deck system. This model 
keeps the equivalence of the rigidity system and quality 
system. Meanwhile, it reduced the number of degrees of 
freedom of the structure, which improved the computational 
efficiency. Yao et al. [8] proposed a method to identify the 
structural parameters using the output data of ambient 
vibration. This method was simple and effective, and can be 
used in health monitoring and vibration control of bridges and 
buildings. Ren et al. [9] built an ambient vibration 
measurement based procedure to develop a baseline model, 
and proved that the method was sufficient to identify the most 
significant mode shapes of long-span cable-stayed bridges in 
the low natural frequency range (0~1.0 Hz). Piotr et al.[10] 
undertook a study on the variability in the dynamic 
characteristics of a highway cable-stayed bridge, which was 
based on its multi-mode vibrations recorded under daily 
traffic conditions. Zhang et al. [11] proposed a new criterion 
to measure the reliability of the modes obtained by the 
Eigensystem Realization Algorithm (ERA) method on 
spurious mode elimination. However, the research on the 
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structural dynamic characteristics analysis and modal 
parameter identification of cable-stayed bridges still needs 
further development. 

In this paper, the main span of the Poyang Lake Second 
Bridge is adopted for structural dynamic characteristics 
analysis and modal analysis. The acceleration data at the 
installed sensors are measured, and the modal parameters are 
identified by the ERA method. The identified modal 
frequencies of the bridge and their corresponding mode 
shapes are obtained. In the meantime, numerical modeling is 
performed by using the finite element analysis software. By 
comparing with the measured results, it is found that the 
dynamic parameters of finite element numerical modeling 
agree generally the measured modal data, indicating solid 
representation of the finite element dynamic modelling. The 
overall dynamic performance of the cable-stayed bridge 
therefore can be analyzed, and the finite element model can be 
further updated from the measured modal data. 

2 THE CABLE-STAYED BRIDGE 
The Poyang Lake Second Bridge with a total length of 5580 m 
in Jiangxi Province is located in Lushan City on the Duchang-
Jiujiang Expressway, about 50 kilometers away from the 
mouth of Poyang Lake into the Yangtze River,. The main 
span is a steel-concrete composite cable-stayed bridge with 
double towers, five spans and double cable planes. The bridge 
structure is a semi-floating system with separated beams and 
towers. The span layout of the main bridge is 
(68.6+116.4+420+116.4+68.6=790) m. The full width of the 
main span is 28.0m, with four vehicle lanes. The bridge layout 
is shown in Figure 1. 

 

 

 (a) Bridge photograph. 

 

(b) Bridge layout plan. 

Figure 1. The cable-stayed Poyang Lake Second Bridge 

The main girders are steel-concrete composite beams, 
which include separated steel I-section main girders, cross 
beams and small longitudinal beams. The steel frame is 
formed by joint plates and high-strength bolts. The 
prefabricated bridge deck is set up on the frame, and the wet 
joints of cast-in-place low-shrinkage concrete are formed with 
the welded nails on the steel beam as a whole to become the 
composite beam system. The two main girders have a distance 
of 26m and are connected by cross beams. Three small 
longitudinal beams are designed between two main girders, 
with spacing of 6m, 7m, 7m and 6m, respectively. The steel 
frame diagram of the main beam is shown in Figure 2. 

 

 

Figure 2. Steel frame diagram of the main beam. 

The main tower is a pagoda-type pylon. The height of the 
two pylons is 137.91 m in total, of which the height of the 
pylon above the bridge deck is 107.6m, and the ratio of the 
main tower to the main span is 0.256. There are 72 pairs of 
cables in the whole bridge, which are arranged in a fan-shaped 
space with double cable surfaces. The cable distance on the 
tower ranges 2.5 m~3.0 m. 

There are a total of 144 stay cables in the whole bridge. The 
layout of the stay cables is a fan-shaped double cable plane, 
the longest stay cable is about 223 m. There are 6 types of 
cable geometry, with the maximum cable diameter of 265Φ7 
mm and the minimum cable diameter of 139Φ7 mm. The 
basic cable spacing along the bridge beam is 10.8 m. 

The health monitoring system of the Poyang Lake Second 
Bridge adopts comprehensive sensing technology, network 
communication techniques, signal processing approaches, 
computational algorithms and data processing methods. The 
bridge has established a technologically advanced, stable and 
efficient structure health monitoring system, which has 
improved the reliability of bridge damage prediction and 
assessment. There are various kinds of sensors in this health 
monitoring system, including hygrother-mograph, 
thermometer, displacement meter, GPS, inclinometer, strain 
gauge, cable acceleration, servo acceleration, pressure 
transmitter, anemometer, anchor cable meter, and weigh-in-
motion system. The health monitoring system with different 
functional components of the cable-stayed bridge is shown in 
Figure 3. 
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Figure 3. Bridge health monitoring system. 

3 NUMERICAL SIMULATIONS OF THE BRIDGE 

Three types of three-dimensional finite elements are adopted 
for analyzing dynamic parameters of the cable-stayed bridges, 
including space beam elements, space shell elements and solid 
elements. Although the solid elements can represent the actual 
structure in theory, due to the existence of many grid subunits, 
the computational effort is heavy and the application is 
inconvenient. Moreover, there is little difference between 
space beam modeling and solid modeling for the bridge deck. 
However, the space beam model can quickly obtain the 
overall mechanical characteristics of the structure. Therefore, 
the finite element model of the Poyang Lake Second Bridge is 
established for structural dynamic analysis by using the space 
beam model. 

3.1 Material parameters and sectional characteristics of 

structural members 

In this study, AutoCAD and Midas/Civil were used to 
calculate the geometric characteristics of the main beams and 
bridge towers. Table 1 summarizes the material parameters of 
the cable-stayed bridge.  

Table 2. Material parameters. 

Structure 
type 

Elasticity 
modulus/ 

GPa 

Poisson 
ratio 

Unit 
weight/ 

103kN/m3 
Steel beam 206 0.30 76.98 
Main tower 34.5 0.20 25.00 

Pier stud 33.5 0.20 25.00 
Bridge deck 35.5 0.20 25.00 
Stay cable 195 0.30 78.50 

 

For the mid-span steel box girder, the influence of deck 
pavement, air nozzles and other ancillary facilities on the 
structural stiffness is not taken into account for calculating the 
sectional characteristics, while the influence of the above 
components is considered when calculating mass moment of 
inertia. Table 2 provides the sectional geometry of stay cables. 

Table 2. Geometry of stay cables. 

Cable number Diameter/ mm 
1-5 83 
6-7 89 

8-10 99 
11-12 105 
13-15 109 
16-18 114 

 

3.2 Finite element modeling 

In this paper, Midas/Civil software is used to construct the 
finite element numerical model of the whole bridge system. 
The model consists of a middle beam located at the axis of the 
bridge and two side beams located in the cable plane, which 
form a main beam system model. The three main beams are 
connected by rigid beams. The stiffness and mass of the deck 
system are estimated by the equivalent stiffness and mass 
methods. Three-dimensional beam elements are used for the 
main beams and towers, tension-only truss elements are used 
for the cables, and shell elements are used for the bridge decks. 
As shown in Figure 4, a total of 144 tension-only truss 
elements, 2172 beam elements and 880 shell elements are 
adopted for constructing the cable-stayed bridge. 

 

Figure 4. Three-dimensional finite element model of the 
cable-stayed bridge. 

After bridge completion, the constraints of the bridge are as 
follows: the transition pier, the auxiliary pier and main tower 
are fixed on the basis of the actually constructed conditions, 
and all 6 degrees of freedom are constrained. The supports 
between the main beams and the piers are constrained 
according to the actual situations, and the whole bridge is free 
from longitudinal constraints. At the same time, the degrees of 
freedom between the pier and the beam are coupled by adding 
elastic connections. Considering the nonlinearity caused by 
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the self-weight sag of stay cables, the Ernst formula is used to 
modify the elastic modulus of stay cables, i.e. 

                                                   

                                    (1)                            

where Eeq is the elastic modulus modified by the stay cable; 
E is the elastic modulus of the stay cable; l is the horizontal 
projection length of stay cable; r is the bulk weight of the 
stay cable; and σ is the stress of the stay cable. 

3.3 Numerical dynamic analysis 

Based on the design data of the cable-stayed bridge, the 
dynamic characteristics of the Poyang Lake Second Bridge 
are analyzed by using finite element analysis software. The 
dynamic characteristics of the first 9 modes, i.e. natural 
frequencies and mode shapes, are shown in Figure 5, and the 
details are summarized in Table 3. 

 

 (a) Mode 1 frequency = 0.1423 Hz. 

 

(b) Mode 2 frequency = 0.3451 Hz. 

 
(c) Mode 3 frequency = 0.3807 Hz. 

 
(d) Mode 4 frequency = 0.4426 Hz. 

 
 (e) Mode 5 frequency = 0.6759 Hz. 

 

(f) Mode 6 frequency = 0.7688 Hz. 

Figure 5. Lower frequency modes of the cable-stayed bridge. 

 

Table 3. Dynamic characteristics of the bridge by finite 
element analysis. 

Modal order Frequency/ Hz Description 

1 0.1423 F 
2 0.3451 V-S-1 
3 0.3807 L-S-1 
4 0.4426 V-A-1 
5 0.6759 V-S-2 
6 0.7688 T-1 
7 0.8280 V-A-2 
8 0.9414 V-S-3 
9 1.1009 V-A-3 

Note: F = longitudinal floating; L = lateral bending; V = vertical bending; T 

= torsion; S = symmetry; A = anti-symmetry. For example, V-S-1 stands for 

first-order symmetric vertical bending. 

4 OPERATIONAL MODAL ANALYSIS 
Modal parameter identification is an important part of bridge 
health monitoring. It is critical for finite element updating and 
structural damage identification. According to the measured 
acceleration data, the model analysis is adopted to extract 
frequencies and mode shapes. The identified natural 
frequencies and mode shapes can then be used for the basis 
for structural finite element model updating and structural 
damage detection of the Poyang Lake Second Bridge. 

The modal parameters are identified in this study from the 
vibration measurements by the ambient excitation. The modal 
identification of the structure under the ambient excitation do 
not affect daily use of the bridge. [12,13]. The ambient 
excitation based modal identification method can be divided 
into frequency domain method and time domain method based 
on the difference of the recognition signal domain.  
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4.1 Acceleration measurements 

Type 941B and 991 acceleration sensors were used in the 
health monitoring system of the Poyang Lake Second Bridge. 
The sensors are locate in the middle of the side span, at the 
quarter of the main span, and at the top of the tower. There are 
15 acceleration sensors in total, including 9 vertical sensors, 3 
transverse sensors and 3 horizontal sensors. The sensor layout 
is shown in Figure 6. 

In this paper, the acceleration responses obtained by the 
installed sensors in the bridge health monitoring system are 
used for modal analysis. The sampling frequency of the sensor 
is 50 Hz. The collection time is from 14:07 to 14:13 on June 3, 
2020, totaling 320 seconds, and the data sets of each sensor 
are 16,028. 

 

 

Figure 6. Layout of bridge vibration measurement points. 

4.2 Modal identification method 

The Eigensystem Realization Algorithm is adopted here for 
operational modal analysis of the cable-stayed bridge. The 
principle of ERA algorithm is to use the measured response 
signals of the system to obtain a set of observed values of 
state matrix, control matrix and observation matrix of the 
original system through Singular Value Decomposition (SVD) 
of the matrix [14,15,16]. Then a set of minimum realization of 
system parameters are estimated by the system order. The 
ERA algorithm can use the response data of multiple initial 
states to identify dense frequency and repetitive frequency 
modes.  

In the case of ambient excitation, a more practical modal 
identification algorithm can be obtained by combining Natural 
Excitation Technology (NExT) or Random Decrement 
Technique (RDT) with the ERA method. This combined 
algorithm is widely used in the modal identification of 
structures systems. The identified modal data then can be used 
to verify the constructed finite element numerical model [17]. 

4.3 Measured frequency and mode shapes 

By using the advanced ERA method, the filtered stability 
diagram is obtained from the acceleration measurements. The 
stability diagram is a common system pole discrimination 
method based on the system order sensitivity analysis. The x-
coordinate of the stability chart represents the frequency and 
the y-coordinate represents the order of the system. The modal 
identification is performed by selecting different order of the 
system, and the authenticity of the poles is assessed by 
identifying the stability of the poles to the frequency and 
normalized mode.  

Generally, the stability diagram can assist the modal 
judgment with the power spectral density function. In this 

paper, the spectrum diagram and stability diagram are 
obtained by using the measured acceleration data from the 
Poyang Lake Second Bridge. Figure 7 shows the time-history 
diagram and spectrum diagram of the acceleration at the 
midpoint of the main beam span shown in Figure 6.  

 

 
 (a) Time-history of the acceleration  

 
 (b) Spectrum diagram in frequency domain 

Figure 7. Time-history and spectrum diagram of the 
acceleration at the midpoint of the main beam span 

5 COMPARISON OF NUMERICAL AND 
EXPERIMENTAL RESULTS 

To assess the accuracy of the modal data obtained from the 
numerical finite element modeling, the results obtained from 
the numerical modeling and field test are then compared, as 
shown in Table 4. 

The first 3 measured modes of two-dimensional vertical 
bending mode shapes are shown in Figure 8. The abscissa 
represents the layout positions of the 7 sensors measuring 
vertical displacements, and the measured mode shapes are 
then normalized by assuming the maximum value of the mode 
shape components to be unity. By comparing the numerical 
mode shape results with the corresponding measured mode 
shapes, the numerical and measured dynamic modal data 
match well. Thus, the measured mode shapes identified by 
this algorithm are reliable, and can reflect the actual modal 
data of the cable-stayed bridge. 
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Table 4. Comparison of natural frequencies between 
numerical modeling and field testing. 

Modal 
order 

Numerical 
result/ Hz 

Measured 
data/ Hz 

Relative error 

1 0.1423 - - 
2 0.3451 0.3580 -3.60% 
3 0.3807 0.4937 -22.89% 
4 0.4426 0.4649 -4.80% 
5 0.6759 0.6775 -0.24% 
6 0.7688 0.6852 12.20% 
7 0.8280 0.8440 -1.90% 
8 0.9414 0.9845 -4.38% 
9 1.0709 1.0892 -1.68% 

Note: Relative error = (Numerical result – Measured data)/ Measured 

data×100% 

Due to the large horizontal friction effect of the supports of 
the main bridge, the first-order longitudinal vibration mode of 
the main girder was not identified from the actual 
measurement data. The relative errors of the total 9 natural 
frequencies between the numerical results and the measured 
data are in the range of -22.89% to 12.20%, and the relative 
errors of vertical bending frequencies range from -4.80% to    
-0.24%. The largest relative error of -22.89% comes from the 
lateral symmetric bending Mode 3, which could be caused by 
the modelling of the actual lateral constraints of the cable-
stayed bridge. 

The dynamic modes of the numerical modes are in good 
agreement with the experimental data, indicating that the 
finite element numerical model represents well the actually 
constructed cable-stayed bridge. The measured damping ratios 
of the first 3 order vertical bending frequencies of the bridge 
structure are 0.76%, 0.99% and 0.72%, respectively, 
indicating that the structure is in a state of small damping 
vibration. 

 

 

 (a) Vertical bending Mode 1, frequency = 0.3580 Hz 

 

(b) Vertical bending Mode 2, frequency = 0.4649 Hz 

 (c) 
Vertical bending Mode 3, frequency = 0.6775 Hz 

Figure 8 First 3 measured vertical bending modes 

6  CONCLUSIONS 
From the above analysis and results, the following 
conclusions can be drawn: 

1) The vertical, horizontal and torsion frequencies of the 
bridge have small values, indicating that cable-stayed bridges 
mainly vibrates in low frequency modes, and bridge is 
relatively flexible structure with relating small stiffness, 
which also conforms the dynamic characteristics of cable-
stayed bridges. 

2) From comparison, it can be seen that the finite element 
modeling can provide good estimates for the first nine 
frequencies and the first three vertical bending modes of the 
cable-stayed bridge, which are close to the measured data. 
This indicates that the structural finite element model 
represents the actual bridge well. 

3) There are still some difference between the finite element 
results and the measured modal data, therefore a finite 
element model updating process is required for updating the 
finite element model. 
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ABSTRACT: This paper presents a novel compressive sensing (CS)-based damage detection approach relying on the damage 

sensitive relative wavelet entropy (RWE) index to support low-cost and power-efficient wireless sensor networks for vibration-

based structural health monitoring applications. The proposed approach relies on random non-uniform-in-time sampled response 

acceleration data obtained from a healthy/reference and a damaged state of a given (linear) structure subject to broadband 

excitation. The harmonic wavelet basis is used to sparsify the acquired data within the CS frameowork. This choice achieves 

high data compressibility leading to average sampling frequencies well below the Nyquist frequency and, therefore, to 

significant gains in battery lifetime in wireless sensors that heavily dependent on wireless data transmission. At the post-

processing data operations, a standard sparse recovery algorithm, CoSaMP, is used to reconstruct the harmonic wavelet energy 

of the response acceleration signals at the two considered states from the compressed (i.e., sub-Nyquist sampled) measurements 

acquired at different locations of the structure. The RWE index is then computed and results interpretation follows for damage 

detection and localization. Numerical results derived from finite element models of a healthy and a damaged 8-bay space truss 

excited by broadband white noise excitation demonstrate that positive damage localization through the RWE index is achieved 

from compressed data pertaining to 90% fewer samples compared to conventionally sampled signals at Nyquist rate. 

KEY WORDS: Compressive Sensing; Damage Detection; Harmonic Wavelet Transform; Wireless Sensors; Wavelet Entropy. 

1 INTRODUCTION 

It has been long recognized by the Structural Health 

Monitoring (SHM) community that Wireless Sensor Networks 

(WSNs) can provide fast and economic implementations 

compared to cabled sensor systems, especially in 

instrumenting large and geometrically complex structures [1]. 

This is because wireless sensors, typically powered by 

batteries,  can be placed at will onto  new and existing 

structures without being constrained by cabling 

considerations. However, WSNs require frequent battery 

replacement and are constrained by bandwidth limitations 

during wireless transmission of data [1]. Both these 

shortcomings impede wireless sensor use in practical 

applications.    

To this end, various signal compression techniques at the 

sensor front-end have been recently considered [2–10] which 

address the main WSN shortcomings by reducing sensor 

energy consumption   while increasing the reliability of the 

transmitted data., . Such techniques rely on signal acquisition 

at sub-Nyquist sampling rates to reduce data dimensions while 

keeping the important signal information. A widely 

considered sub-Nyquist sampling scheme for energy efficient 

WSNs in SHM originates from the field of compressive 

sensing (CS) [11,12]. An extended review of the CS 

implementation in various engineering applications is detailed 

in [13]. The CS scheme exploits the signal sparsity (i.e., non-

zero signal coefficients) on a basis function to acquire a 

relatively small number of measurements below the Nyquist 

rate via a random non-uniform in time sampling scheme. The 

CS asserts that the unknown full-length (Nyquist-sampled) 

signal can be recovered, with high probability, upon solving 

an underdetermined system of linear equations subject to the 

signal sparsity constraints [11,12]. However, the signal’s 

sparsity information is unknown in practice, although it is a 

key attribute for the efficient implementation of the CS.  

An alternative sub-Nyquist sampling scheme for SHM is 

proposed in [7], which relies on a deterministic multi-coset 

sub-Nyquist data acquisition scheme [14] combined with the 

Power Spectrum Blind Sampling (PSBS) technique [14,15]. 

This is a signal-agnostic (free from sparsity assumption) sub-

Nyquist spectral estimation method that exploits the structure 

of auto/cross correlation matrices of wide-sense stationary 

discrete-time signals. This method has been compared with 

other CS-based approaches in the literature [8,9], proving its 

efficiency in retrieving quality modal estimates in output-only 

SHM applications. Similarly, another deterministic sub-

Nyquist sampling scheme, termed as co-prime sampling, was 

recently considered in [10] in conjunction with the MUSIC 

algorithm to identify closely-spaced natural frequencies and 

detect structural damage directly from compressed 

measurements.   

In this paper, a novel CS-based damage detection approach 

is proposed for low-cost and power-efficient WSNs in 

vibration-based SHM applications. The proposed method 

makes use of CS [11,12] and the partial harmonic wavelet 

basis [16] and relies on the Relative Wavelet Entropy (RWE) 

damage-sensitive index [17] for the detection and localization 

of structural damage directly from compressed measurements. 

This paper was primarily motivated by previous work of the 

authors in [18] demonstrating that response acceleration 

signals from linearly vibrating structures preserve the sparsest 

structure into the harmonic wavelet basis compared other 
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wavelet families (e.g., Daubechies wavelets) more commonly 

used for RWE-based damage detection. Considering the high 

sparsity of structural response signals on the harmonic 

wavelet transform domain combined with the good damage 

detection capabilities of the RWE method, the proposed CS-

based RWE damage detection approach is numerically 

assessed with simulated compressed data originating from a 

benchmark space truss structure in a “healthy”/intact and a 

damaged state. 

The remaining of the paper is organized as follows. Section 

2 outlines theoretical details of CS, harmonic wavelet 

transform and relative wavelet entropy. Section 3 numerically 

assesses and discusses the proposed approach while Section 4 

summarizes concluding remarks. 

2 THEORETICAL BACKGROUND 

2.1 Compressive Sensing and signal reconstruction 

Consider a discrete-time signal x[n] N , exhibiting a 

sparse, or compressible, representation in the frequency 

domain, which can be expressed through the linear 

transformation  

 [ ] [ ]N Nx n u n= Ψ ,  (1) 

where N N
N N


 Ψ  is a sparsifying basis matrix and 

u[n] N  are the signal coefficients having only K non-zero 

entries, with K N. The theory of compressive sensing 

[11,12] asserts that all information contained in the K-sparse 

signal x[n] can be retained by taking only M K log(N) non-

uniform linear stochastic measurements y[m] M  instead of 

N, where K<M N, and M/N pertains to the compression ratio 

(CR).  

Mathematically, this can be achieved by employing a 

random measurement matrix Φ M N  that satisfies, with 

high probability, the Restricted Isometry Property (RIP) [19], 

i.e., an orthonormality condition that enables exact recovery 

of the K-sparse signal x[n] from only M measurements in 

y[m]. In this respect, this study adopts a random Φ matrix 

populated with incoherent measurements of zero-one entries 

that randomly selects M rows of the orthonormal basis matrix 

N NΨ  in Eq. (1), leading to the partial matrix 
M N

M N


 Ψ  

that satisfies the RIP with high probability and provides ease 

of deployment in practical CS application (see also [2] and the 

reference therein). In this regard, the acquisition of the 

compressed acceleration response signal y[m] in additive 

noise e[n] is given in 

 [ ] [ ] [ ] [ ] [ ]N N M Ny m u n e n u n e n = + = +ΦΨ Ψ .  (2) 

The reconstruction of u[n] from the compressed 

measurement y[m] represents an underdetermined system of 

linear equations that is generally ill-posed. To address this 

issue, numerous algorithms have been proposed (see [20] and 

the references therein), capable to retrieve a unique solution to 

the considered underdetermined signal reconstruction problem 

by exploiting the salient signal sparsity information. Along 

these lines, this study adopts the CoSaMP reconstruction 

algorithm [20], which can be viewed as an iterative matching 

pursuit method that is less computationally complex and time 

consuming compared to other signal reconstruction 

approaches [19], while it provides de-noising operations and 

guarantees sparsity in the output spectrum. The CoSaMP 

reconstruction algorithm takes as input the compressed noisy 

observation vector y[m] in Eq.(2), the partial measurement 

matrix M NΨ , a target sparsity level K in the reconstructed 

signal which should be less than M/3, (i.e., K<M/3), along 

with a precision parameter η, with the scope to generate a K-

sparse estimate ˆ[ ]u n  (or, equivalently, ˆ[ ]x n ) that satisfies 

 
2 1 2

1
ˆ[ ] [ ] max , [ ] [ ]K l

u n u n C u n u n e
K


 

−   − + 
 

 (3) 

where uK[n] is the best K-sparse approximation of u[n], C is a 

constant, and 
p

  denotes the p  norm operation. In each 

iteration, the CoSaMP aims to retrieve the energy of the 

recovered signal by solving a least square problem pertaining 

to the pseudoinverse of the measurement matrix, i.e., 

( ) ( )
† 1

1 1
   

−
− −=Ψ Ψ Ψ Ψ , where Ω is the signal’s support in 

each iteration governed by the sparsity level K. In particular, 

the above pseudoinverse is the most time-consuming 

operation within the algorithm, while a quick implementation 

is guaranteed for Ω  3K, which suggests a well-conditioned 

Ψ  pertaining to small restricted isometry constant [20]. The 

iterative process in CoSaMP will continue until one of three 

specified halting criteria is met, i.e. (i) the relative residual 

energy between two iterations is less than the precision 

parameter η, or (ii) the total residual energy in the last 

iteration is smaller than η, or (iii) the predefined maximum 

number of iterations has been reached. Notably, the 

performance of the CoSaMP algorithm is significantly 

influenced by the target sparsity level K and the signal noise 

energy e, which both determine the level of accuracy on the 

reconstructed signal and the computational cost pertaining to 

matrix inversion operations. 

2.2 Harmonic Wavelet Transform 

Introduced by Newland in [21], the harmonic wavelet 

transform proved to be a potent tool for structural damage 

detection of yielding multi-storey building structures under 

severe earthquake excitation  [22]. The harmonic wavelet 

transform incorporates a basis of complex-valued functions 

(harmonic wavelets) with compactly supported box-like 

amplitude Fourier spectrum. A “general” harmonic wavelet at 

scale j centered at the k/(n[j]-m[j]) position in time can be 

written in the frequency domain as  [23] 
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   ( )    ( )
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 −
 =  

 − − 

 

 =
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where Το is the total length (duration) of the time interval 

considered in the analysis. In the last equation, the sequences 

(vectors) m[j] and n[j] contain integer positive numbers. It 

was shown in [21], that a collection of harmonic wavelets 
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spanning adjacent non-overlapping intervals at different scales 

on the frequency domain forms a complete orthogonal basis. 

This can be achieved by proper definition of the m[j] and n[j] 

sequences. The inverse Fourier transform of Eq. (4) expresses 

the time-domain representation of the harmonic wavelet 
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For a real signal x(t), the harmonic wavelet transform is 

defined as  

 ( ), ,

[ ] [ ]
( )  j k j k

o

n j m j
u x t ψ t dt

kT



−

−
=   , (6) 

in which the harmonic wavelet coefficients uj,k[k] preserve the 

input signal energy.  

Importantly, note that at scale j the effective bandwidth of 

the harmonic wavelet transform is (n[j]-m[j])2π/Το and the 

central frequency is (n[j]+m[j])π/Το. In this respect, it can be 

readily seen that harmonic wavelet transform enables arbitrary 

frequency resolution within any given range of frequencies. 

Furthermore, the effective frequency band at each scale is 

defined directly in the frequency domain in a straightforward 

manner.  

2.3 Relative Wavelet Entropy 

Consider the wavelet transformed signal x(t) characterized by 

the wavelet coefficients uj[k] at scale j for the time instants k. 

The Shannon wavelet entropy is defined as [24] 

 SWE ln( )j j

j

w w= − ,  (7) 

where wj is the positive ratio (0≤wj≤1) given as  

 
j

j

E
w

E
= . (8) 

In the above expression,  
2

j j

k

E u k=  is the signal energy 

at each scale j and  
2

j j

j j k

E E u k= =   represents the 

total energy of the signal over all J scales, assuming that the 

energy of the approximation coefficient at the final analysis 

level is negligible.  

Considering that structural damage causes a shift to the 

natural frequencies of a structure, this should reflect in 

changes to the values of the scale-dependent energy ratios in 

Eq. (8) obtained from linear structural response acceleration 

signals commonly considered in vibration-based SHM. In this 

regard, a structural damage-sensitive index is defined from the 

scale-dependent relative wavelet entropy [17]  

 RWE( ) ln
j

j

j

w
j w

z

 
=  

 
 

. (9) 

In the last equation, wj is the scale dependent energy ratio in 

Eq. (8) obtained from a response acceleration signal measured 

at a particular location of the damaged-state structure and zj is 

the scale dependent energy ratio in Eq. (8) from a response 

acceleration signal measured at the same point of the healthy-

state structure. For structures with negligible damage close to 

the measurement location, it is expected that wj≈zj for all 

considered j scales and thus RWE attains a negligible value, 

corresponding to an ordered process. For damaged structures, 

it is expected that the two ratios will differ across some of the 

scales due to a shift to the natural frequencies of the system 

yielding a large RWE value, corresponding to a “disordered” 

process. Larger values of RWE are expected at measurement 

points close to the damage and, therefore, comparing the 

RWE values computed from an array of sensors may achieve 

damage localization ([17,25]). 

It is noted that the RWE index in Eq. (9) is independent of 

time aiming to detect stationary structural damage. Since the 

underlying information for the detection of such kind of 

damage is associated with signal energy distribution in the 

frequency domain, it is intuitive to expect that the RWE is 

strongly dependent on the frequency domain properties of the 

wavelet filter bank used to compute the energy ratios 

appearing in Eq. (9) and the quality of frequency domain 

resolution. In this respect, the combination of the high sparsity 

of acceleration response signals achieved through the 

harmonic wavelet transform [18] together with the good 

damage detection capabilities of the RWE [17] motivates the 

herein proposed CS-based RWE damage detection approach. 

The approach is numerically assessed in the following section 

using a benchmark structure in a “healthy”/intact and a 

damaged state.   

3 CS-BASED RWE: A NUMERICAL ASSESSMENT 

3.1 Benchmark structural model 

The CS-based RWE damage detection framework is applied 

herein to simulated compressed acceleration response signals 

originating from two finite element (FE) models 

corresponding to a healthy and a damaged state of an 

aluminum space truss, respectively.  

In particular, the 8-bay simply supported aluminum truss of 

Figure 1 is considered, which is based on the benchmark 

structure in [26]. The truss comprises 100 tubular members 

and each bay is a cube with 707mm long side. The members 

shown in blue in Figure 1 have 22mm diameter and 1mm wall 

thickness, while the members shown in grey are 30mm in 

diameter and 1.5mm wall thickness. The truss is modelled in 

SAP2000 FE commercial software using standard linear one-

dimensional elements. Gravitational masses of 0.44kg are 

lumped at each of the 36 nodes of the FE model. Additional 

gravitational masses of 1.75kg are assigned to nodes 1,7,30, 

and 34, and of 2.75kg are assigned to nodes 20, 26, and 32 to 

produce FE models with well-separated modes of vibration 

(see also [26]). A damaged state of the truss structure is 

further modelled by 50% reduction of the axial rigidity of the 

two truss members shown in red in Figure 1(b). For the first 
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four vertical (gravitational) in-plane modes of vibration of the 

considered FE models, the structural natural frequencies 

obtained by means of standard modal analysis are reported in 

Table 1. In all the ensuing dynamic analyses, a critical 

damping ratio of 1% for all vibration modes is assumed. 

 

 

Figure 1. Space truss FE models: (a) healthy state and (b) 

damaged state. 

 

Table 1. Natural frequencies corresponding to in-plane 

vertical bending mode shapes for the space truss FE modes. 

Natural 

Frequencies 

Healthy 

State 

Damaged 

State 

f1 (Hz) 73.6 68.9 

f2 (Hz) 165.4 163.9 

f3 (Hz) 294.5 291.6 

f4 (Hz) 424.3 419.0 

 

3.2 Broadband excitations and full-length structural 

response signals  

The space truss FE models in Figure 1 are dynamically 

excited by a 40s-long realization of a zero-mean Gaussian 

white noise process with single-sided unit-amplitude power 

spectrum band-limited to 500Hz. A frequency sampling of 

1000Hz is adopted and a practically flat amplitude Fourier 

spectrum is obtained within a sufficiently wide frequency 

range at [0-500] Hz, exciting the structural natural frequencies 

of the considered FE models given in Table 1. It is noted that 

the white noise excitation is a quasi-stationary signal in the 

time domain pertaining to a finite duration signal whose 

frequency and amplitude properties do not change in time. 

The above forcing function is applied to 5th node of the 

space truss FE models along the z-axis (see Figure 1). 

Standard linear response history analyses are undertaken in 

SAP2000 FE software to obtain vertical acceleration response 

signals at 9 equidistant measurement points pertaining to 

nodes 1 to 9 of the FE models in Figure 1.  

Figure 2 plots the acceleration time-series obtained from the 

4th node of the damaged space truss model under the white 

noise excitation. The pertinent amplitude Fourier spectrum 

(normalized to its peak value) is illustrated in Figure 3. It is 

seen that the response signal to the white noise excitation is 

stationary in time, exciting the four truss vibrating modes at 

the frequencies reported in Table 1. It is noted that the 4th 

structural node lies in the vicinity of a modal zero node at the 

second bending mode of vibration. This explains the relatively 

smaller amplitude around f2=163.9Hz in the frequency-

domain representation of that acceleration response signal in 

Figure 3.  

 

 

Figure 2. Time domain representation of the normalized to 

unit amplitude response acceleration signals recorded at node 

4 of the damaged space truss under white noise excitation. 

 

Figure 3. Frequency domain representation of the normalized 

to unit amplitude response acceleration signals recorded at 

node 4 of the damaged space truss under white noise 

excitation. 

 

3.3 Harmonic wavelet transform and signal sparsity 

assessment of acceleration response signals 

The truss acceleration response signals are next processed 

using Eq. (1), considering a harmonic wavelet basis Ψ of 128 

adjacent non-overlapping “frequency bins” (scales) of 

constant width equal to 3.91Hz spanning the range of [0-

500]Hz on the frequency axis. Note that the consideration of 

constant effective bandwidth for all scales/analyses levels is a 

reasonable assumption in SHM cases where the structural 

natural frequencies are not known a priori. It is noted that 

each natural frequency of the truss in Table 1 is uniquely 

located in a single frequency bin of the harmonic wavelet 

transform. For each vibration mode, the corresponding truss 

resonant frequencies in the healthy and damaged structural 

state are found in adjacent frequency bins. For example, the 

first four bending modes of the healthy structure are uniquely 
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defined in the scales j=[20, 53, 86, 110] while the pertinent 

resonances of the damaged structure can be found in the 

scales j=[21, 54, 87, 111]. This is deemed rather beneficial in 

the computation of RWE index for capturing better the 

frequency shifts and the signal energy changes due to damage 

at the given scales. Following the details in sub-section 2.2, 

the harmonic wavelet transform analysis is carried out by 

means of a custom-made code implementing the FFT-based 

algorithm described in [21,27]. 

For the white-noise excited damaged FE model in Figure 1, 

Figure 4 shows the square magnitude of the wavelet 

coefficients computed for a typical truss acceleration response 

measured at the 4th node. Figure 4 shows that the energy 

distribution of the truss acceleration response under the quasi-

stationary white noise excitation (bandlimited to 500Hz) 

preserves the stationarity property along the time axis given 

that the excited frequencies do not change in time. It is further 

shown that the response signal’s energy is concentrated 

around the resonant frequencies of the truss, with the 2nd mode 

attaining a significantly smaller magnitude due to the 

proximity of the analyzed truss acceleration response at node 

#4 to a zero modal node. The latter observation is in line with 

the amplitude Fourier spectrum in Figure 3.  

 

 

Figure 4. Normalized squared magnitude of harmonic wavelet 

coefficients pertaining to the truss acceleration response at 

node #4 (damaged state) under the white noise excitation. 

 

To numerically assesses the potential of using the 

compressive sensing data acquisition and reconstruction 

technique within the RWE-based structural damage 

framework, the sparsity attributes of the above truss 

acceleration response datasets are next examined on the 

orthonormal harmonic wavelet basis. The signal sparsity 

assessment is examined by collecting the magnitude of the 

wavelet coefficients shown in Figure 4 and sorting them in 

descending order. The derived curve is presented in Figure 5 

which shows the fast decay of the harmonic wavelet 

coefficients when sorted by magnitude. In fact, the significant 

signal information is retained in roughly S  10000 (complex-

valued) harmonic coefficients which is still a small fraction of 

the total number of coefficients in the order of 30%. It is thus 

deduced that the truss acceleration responses preserve a 

compressible structure on the harmonic wavelet transform 

domain, suggesting that the CS theory is applicable (see e.g., 

[2,20]). The high signal sparsity attributes of the truss 

acceleration responses on the orthonormal harmonic wavelet 

basis allows further the coupling of CS with the RWE-based 

damage detection framework detailed in sub-section 2.3, 

resulting in a novel CS-based damage detection approach 

supporting inexpensive data acquisition and transmission in 

WSNs. In this respect, the significant wavelet coefficients and 

the RWE damage-sensitive indices can be retrieved directly 

from compressed measurements (which pertain to much fewer 

data samples compared to conventional signal acquisition 

techniques at Nyquist sampling rates or above) without 

recovering the time-domain acceleration responses in the 

uniform Nyquist grid. This CS-based approach can 

significantly reduce the computational cost and power 

consumption in wireless sensors, being particularly useful in 

vibration-based structural health monitoring applications.  

 

 

Figure 5. Normalized magnitude of harmonic wavelet 

coefficients sorted in descending order obtained from the truss 

acceleration response at node 4 for the white noise excitation. 

 

3.4 Compressive Sensing and partial harmonic wavelet 

basis 

The above defined orthonormal harmonic wavelet basis 
N

N





 Ψ  is next considered in Eq. (2) together with a 

measurement matrix M NΦ  populated with incoherent 

measurements of zero-one entries that randomly selects M 

rows from an orthonormal harmonic wavelet matrix 
N

N





 Ψ  (e.g., [16]). This is a standard technique to 

derive a “partial” orthonormal sampling matrix that satisfies 

the RIP with high probability (e.g., [19]). The matrix 

operations applied to the above two matrices generate the 

“partial” harmonic wavelet sampling matrix 
M N

M N


 Ψ . 

To efficiently compute the “fat” basis matrix of size N N  

and to facilitate the fast implementation of the CoSaMP sparse 

recovery algorithm in [20], the truss acceleration response 

signals are divided in 256 segments of length N=256.  

For all considered datasets, random signal compression is 

then performed by considering three CRs at 10%, 20%, and 

30%. In this respect, compressive-sampled truss acceleration 

responses, y[m], m={1,2,…,M}, are simulated in MATLAB, 
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by randomly acquiring M entries from each segment of the 

reference signal x[n], n={1,2,…,256} with M= {25, 51, 76} 

for the three CRs, respectively. The position of the M random 

measurements is associated with the unit entries in 
M NΦ  

that determines the selection of the M rows in 
N N

N N


 Ψ . 

For illustration, Figure 6 depicts the random signal 

compression at CR=30% for a typical truss acceleration 

response (at node #4 of the damaged truss model in Figure 1). 

For visualization purposes, Figure 6 plots the compressive-

sampled measurements y[m] (red) against the uniform-

sampled data x[n] (blue) for a time-window of 0.2s. 

 

 

Figure 6. Compressive sensing at CR=30% and the 

acquisition of M=60 samples from acceleration response 

signal at node #4 within a time-window of 0.2sec duration 

with N=200 Nyquist samples; white noise excitation. 

 

3.5 Reconstruction of harmonic wavelet coefficients  

The CoSaMP sparse recovery algorithm is further employed 

to recover the harmonic wavelet coefficients directly from the 

obtained compressed measurements y[m], without 

reconstructing the time-domain acceleration responses. The 

CoSaMP algorithm takes as input the compressed 

accelerations y[m], the partial harmonic wavelet sampling 

matrix 
M N

M N


 Ψ together with an assumed value for 

target sparsity KT, and returns the harmonic wavelet 

coefficients for all j-scales and k-translations (i.e., 

,
ˆ [ ] CoSaMP ( [ ],   ,   )j k Tu n y m K = Ψ ). It is noted that the 

selection of the KT plays a crucial role in the reconstruction 

performance of the CoSaMP algorithm, while an upper bound 

is set at M/3 (e.g., [20]). For the needs of this study, the 

maximum possible target sparsity is assumed, i.e., KT= M/3. 

For the case of CR=30%, Figure 7 illustrates the square 

magnitude of the CS-reconstructed harmonic wavelet 

coefficients, obtained by application of the CoSaMP 

algorithm to the compressed truss acceleration time-sequences 

at node #4. Figure 7 is compared against Figure 4 to assess the 

reconstruction quality of the CS-based harmonic wavelet 

coefficients.  

It is readily seen in Figure 7 that the maximum spectral 

peaks are accurately resolved around the resonant frequencies 

of truss in line with the representation of Figure 4. However, 

Figure 7 observes energy leakage across the entire time-

frequency plane as opposed to Figure 4. It is believed that this 

low-amplitude spectral leakage may be cancelled out in the 

calculation of the RWE in Eq. (9) if it follows a random 

pattern. Alternatively, it may be associated with relatively 

smaller RWE values that could be easily discarded. This 

hypothesis is examined in the next sub-section.  

 

Figure 7. Normalized square magnitude of the reconstructed 

harmonic wavelet coefficients derived from the CR=30% 

compressed truss acceleration response at node 4. 

3.6 CS-based RWE damage detection  

Having obtained the CS-reconstructed harmonic wavelet 

coefficients at the three considered CRs (i.e., 10%, 20%, 

30%), the scale-dependent CS-based RWE(j) is computed 

from Eq. (9) and plotted in the three-dimensional bar charts in 

Figure 8 - Figure 10, respectively.  

From these figures, it is easily noticed that roughly the same 

RWE distribution is obtained in the space-frequency plane for 

all considered CRs (i.e., 10%, 20%, 30%), with the maximum 

RWE value detected in all cases at point 7 close to 69Hz. This 

confirms that the damaged truss element connected to 

structural node 7 is accurately detected from the proposed CS-

based RWE approach even when highly compressed signals 

are acquired at CR=10%, which are associated with 90% 

fewer data compared to conventional approaches at Nyquist 

rate. The detected structural damage is located around the 

fundamental frequency of the truss. Non-zero RWE are also 

retrieved at the frequency bands corresponding to the other 

resonances reported in Table 1.   

Figure 10 further reveals that the RWE distribution derived 

from compressed signals at CR=30% is not significantly 

affected by the spectral leakage observed in Figure 7, which 

confirms the hypothesis that these quantities are either 

cancelled out or they yield significantly lower RWE values 

that can be neglected. Interestingly, the CS-based RWE 

approach observes a consistent performance for signal 

compression up to CR=20% as confirmed in Figure 9 which 

follows an identical RWE distribution with that of Figure 10 

for CR=30%. The performance of the developed approach 

seems to slightly degrade for CR=10% as illustrated in Figure 

8 given the non-zero RWE values in frequency bands that are 

not related to the structural resonances, which, however, do 

not compromise the damage detection capabilities of the 

proposed method at CR=10%.  
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Figure 8. Scale-dependent CS-based RWE(j) based on the 

reconstructed harmonic wavelet coefficients at CR=10%. 

 

Figure 9. Scale-dependent CS-based RWE(j) based on the 

reconstructed harmonic wavelet coefficients at CR=20%. 

 

Figure 10. Scale-dependent CS-based RWE(j) based on the 

reconstructed harmonic wavelet coefficients at CR=30%. 

 

4 CONCLUDING REMARKS 

A novel CS-based damage detection approach is developed 

herein for low-cost and energy efficient WSNs in SHM 

applications. The proposed method fuses CS with the RWE 

damage detection index. The latter is a well-established in the 

literature damage-sensitive index derived by wavelet 

transforming linear response acceleration signals obtained 

from a healthy/reference and a damaged state of a given 

structure subject to broadband excitations. 

For the numerical evaluation, two finite element (FE) 

models were developed, pertaining to a space truss benchmark 

structure in a healthy and a damaged state, respectively. The 

adopted FE models were further excited by a broadband 

Gaussian white noise process. Linear response history 

analyses were conducted to obtain response acceleration 

signals at equidistant locations, which were treated as the 

reference/full-length datasets. 

It was shown that the structural responses exhibit a 

significantly sparse representation on the harmonic wavelet 

basis, which was further employed in the numerical evaluation 

of the proposed CS-based RWE approach. To this end, 

simulated randomly-sampled compressed acceleration 

response datasets were generated at the three CRs ={10%, 

20%, 30%}. The latter were treated by a standard CS-

reconstruction algorithm along with a “partial” harmonic 

wavelet basis matrix to retrieve the underlying harmonic 

wavelet coefficients directly from the compressed 

measurements. It was shown and numerically verified that 

CS-based RWE can accurately detect structural damage by 

acquiring and processing a significantly smaller number of 

structural data, reduced up to 90% compared to 

conventionally sampled signals at Nyquist rate.  

The above results suggest that the proposed CS-based RWE 

is a promising tool for low-cost and energy efficient structural 

damage detection. It is envisioned that this will become the 

preferred way in practice once wireless sensors supporting 

this technology become commercially available.  
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ABSTRACT: Continuously increasing freight transportation and overloaded automotive passage can accelerate structure aging 
and cause structural damages, which threat the safety of highway bridges. A real-time surveillance on these moving loads therefore 
becomes vital. In practical civil projects, weight-in-motion system has been used in most situations to monitor the moving loads 
caused by passing vehicles directly. However, the high cost of this system limits its application range. On the other side, many 
studies have proposed indirect method to identify the moving loads through dynamic responses of the bridge, but most of them 
require a comprehensive data acquisition system with many sensors, which is not economical and operation friendly to practical 
applications. This paper proposed a field test study on a highly efficient method that can determine moving load only via 1 dynamic 
response. The time histories of unknown loads are approximated by limited number of load shape functions (LSFs), and then are 
determined by the deconvolution of Duhamel Integral. Because the LSFs reduce the singularity and dimension of the system 
matrix, the method has outstanding performance on computational efficiency and robustness to noise. A moving vehicles field 
test on Kigamboni Main Bridge, Tanzania was used as validation. Two 30 tones tucks moved through the second and third lane 
of the bridge with the speeds of 10 km/h, only 1 dynamic deflection sensor was used in the identification. Results showed that 
moving load can be determined successfully through single sensor, and the maximum error is 10%. 

KEY WORDS: Structural Health Monitoring, Moving Load Identification, Field Test 

1 INTRODUCTION 
In October 2019, a vehicle rollover accident due to severe 
overload occurred in Xigang Road, Wuxi, China, 3 people were 
killed and 2 others injured [1]. The threat of overload to the 
health of the bridge once again aroused wide public concern. 
With the rapid development and expansion of traffic system, 
the service life of most Bridges has entered the middle age, and 
their carrying capacity are inevitably reduced, which rise the 
structure damage probability under the heavy load. Therefore, 
an accurate identification of moving loads caused by vehicles 
become vital in Structural Health Monitoring (SHM).  

In practical, most bridges adopt dynamic weighing system to 
collect vehicle weight [2]. However, the system has great 
limitation due to its high cost of installation and maintenance. 
Moreover, the real load of the moving vehicle on the bridge is 
the superposition of its axle load and vehicle-bridge coupling 
force. Only taking the vehicle weight as the moving load will 
result in a large error. Therefore, research on Moving Load 
Identification (MLI) is more inclined to use structure response 
under dynamic load to invert the interaction Force on contact 
surface. At present, Time domain method (TDM) and 
Frequency-time Domain Method (FTDM) [3] are two of 
mature methods that have been used in industry. The idea is to 
assess moving load by calculating the deconvolution of 
measured structural response and its relative impulse response 
function. However, these methods are substantially solving a 
large system of linear equations, which cannot avoid (1) ill-
conditioned problem: both measurement noise and indistinct 
initial conditions could cause solution failure ；  (2) 
computational delay: high measurement dimension triggers 

huge amount calculations which makes real-time monitoring 
difficult. 

By introducing reasonable constraint in the objective 
function, regularization methods can solve the ill-posed 
problem for moving force inversion. Tikhonov regularization 
[4], sparse regularization [5, 6] and basis function expansion 
[7] are methods that are mostly used. Therein, fully considering 
the sparsity of load under certain circumstances, the calculation 
of sparse regularization has marked reduction versus other 
approaches. Bao et al. [8] used the characteristic of load sparse 
distribution to identify moving heavy loads via cable forces in 
cable-stayed bridge. Pan et al. [9] considered multi-domain 
sparseness of the load time-history signals, and identified the 
moving load on simply supported beam without certain initial 
condition. The advantage of regularization method is that it can 
suppress the influence of noise and obtain stable recognition 
results, the disadvantage lies in the need to add regularization 
process in the solution, which increases the identification cost. 
Another solution to the ill-posed problem is constructing 
continuous smooth functions such as trigonometric function, 
power function, wavelet function, etc. [10] to smooth the target 
forces, so as to reduce their singular values. Zhang et al. [11] 
approximated the dynamic load curve by the concept of shape 
function in the finite element method, hence transformed the 
time history of unknown load into a finite number of load shape 
function (LSF) coefficients. Wang et al. [12] defined a LSF 
matrix and validated the method in numerical simulation that 
identified a moving load on a long-span bridge structure. The 
author combined the LSF matrix in the calculation of 
simultaneous identification of moving load and prestress force 
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[13], which not only obtained high noise robustness, but also 
successfully improved the calculation efficiency several times. 

However, the cost of establishing the LSF matrix is relatively 
high. Based on the existing research, this paper constructs a 
quasi-diagonal matrix to extract the effective elements in the 
traditional LSF matrix to further reduce the computational cost, 
and then conducts field tests on Tanzania Kigamboni main 
bridge to validate the improved method and to analyze its 
accuracy, time-efficient and noise robustness. 

2 MOVING FORCE IDENTIFICATION 

 Time domain deconvolution 

In this paper, the bridge structure is considered as a linear 
system. For a system excited by continuous force, if its initial 
state is zero, its vibration response can be expressed as a linear 
superposition of a series of impulse responses. By using the 
Duhamel integral, the dynamic response can be obtained by 
integrating the excitation force with the corresponding unit 
impulse response: 

 𝑦𝑗(𝑡) = ∑ ∫ 𝑔𝑖
𝑗(𝑡 − 𝜏)𝑝𝑖(𝜏)𝑑𝜏

𝑡

0
𝛼
𝑖  (1) 

where 𝑦𝑗(𝑡) is the 𝑗𝑡ℎ dynamic response，𝑝𝑖(𝜏) is the 𝑖𝑡ℎ of 
𝛼  external forces；𝑔𝑖

𝑗(𝑡 − 𝜏)  is the  𝑗𝑡ℎ  impulse response at 
moment 𝑡 − 𝜏 when an impulse force applied on the position of 
 𝑝𝑖(𝜏) at moment 𝜏. 

Discretizing the above equation to further derive the response 
matrix of multiple measurement points under multiple 
excitations: 

 �̃� = �̃��̃� (2) 

where�̃� = [𝑌1, 𝑌𝑗 , … , 𝑌𝛽] defines the global response matrix, the 
number of responses is 𝛽； �̃� = [𝑃1, 𝑃𝑗 , … , 𝑃𝛼]  is the global 
external force matrix, 𝛼 is the number of excitation. While �̃� 
the global impulse response matrix consists of the 𝑗𝑡ℎ impulse 
response subjected to the 𝑖𝑡ℎ  impulse, whose dimension is 
𝑇𝛽 × 𝑇𝛼 when the sampling number is 𝑇. The distribution of 
�̃� shows in Figure. 1(a). 

Theoretically, the unknown external force can be calculated 
by the inversion of equation (2), only guaranteeing 𝛽 is not less 
than 𝛼. 

 �̃� = �̃�+�̃� (3) 

However, �̃� is extremely sensitive to measurement noise in 
�̃�, which easily causes ill-posed problem during the inversion. 
Moreover, the dimension of �̃� can be large when the sampling 
number is high, which weakens its time-efficient. 

 LSF matrix construction 

Introducing LSF can effectively suppress the effects of the 
problems above. The function compares the time history of 
excitation load to a span of "finite element beam". Each 
element of the "beam", namely the amplitude of the load, is 
fitted by its beam shape function: 

 �̃� = �̃�𝛾 (4) 

where 𝑁 = [𝑁1, 𝑁𝑖 , … , 𝑁𝛽] is defined as the global LSF matrix, 
which consists of the LSF matrix 𝑁𝑖  of the 𝑖𝑡ℎ excitation force, 

𝛾 is the corresponding LSF coefficient vector. Essentially, 𝑁𝑖 
is the shape function of beam element in FEM. Substituting 
Equation (4) to Equation (2), the identification of excitation 
hence transformed into the identification of limited LSF 
coefficient 𝛾.  

 �̃� = �̃��̃�𝛾 = �̃�𝛾 (5) 

where �̃� is called global LSF response matrix. It is made of sub-
matrix 𝐿𝑖

𝑗
  which presents the response matrix of  𝑗𝑡ℎ 

measuring point under the  𝑖𝑡ℎ  LSF as excitation. When the 
“beam” is divided to 𝑚  elements, namely fitted with  𝑚 + 1 
LSF, the dimension of  �̃�  becomes 𝑇𝛽 × (𝑚 + 1)𝛼 , its 
distribution turns as Figure 1(b). Defining the length of LSF as 
𝑙, there will be  

 𝑇 = 𝑙 × (𝑚 + 1)(6)Basically, 𝐿𝑖
𝑗  is a Toeplitz 

matrix. However, in practical cases the impulse response 
attenuates rapidly due to structural damping, resulting in its 
effective values take little proportion in the whole sampling 
time. Aiming at this characteristic, a quasi-diagonal matrix �̃� 
(which distributes asFigure 1(c)) is constructed in this article to 
extract the effective value in �̃� and hence evolves Equation (5) 
to  

 �̃� = �̃�𝛾 (7) 

Finally, the external forces are identified with Equation (4): 

 �̃� = �̃��̃�+�̃� (8) 

Comparing figure 1 finds that introducing LSF response 
matrix �̃�  reduces the dimension of impulse response matrix 
�̃� from 𝑇𝛼  to (𝑚 + 1)𝛼 , which is around two orders of 
magnitude. While applying the quasi-diagonal matrix �̃�  the 
element of �̃� is further simplified and hence makes the 
inversion more fluent. More important, as smoothed LSF is 
used to fit the impulse function, the singularity of 𝛬 is markedly 
deduced comparing to �̃� , which significantly improves the 
robustness to noise during the identification. 

Figure 1. The evolution of system matrix. 

3 FIELD TEST ON TANZANIA KIGAMBONI MAIN 
BRIDGE 

 Bridge detail 

Tanzania kigamboni bridge is the “The first stayed-cable bridge 
in East Africa” as shown in Figure 2. The main bridge span 
arrangement is 40m+60m+200m+60m+40m with a pylon 
consolidation at the girder. It is a prestressed concrete stayed-
cable bridge with single cable plan and three boxes of the 
girder. The height of the pylon is 55 meters. 
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(1) Tanzania Kigamboni bridge panorama 

(2) Bridge elevation  

Figure 2. Tanzania kigamboni bridge detail. 

 Test method and equipment 

Based on the specification and requirement of 《The Manual 
for Bridge Evaluation (Second edition)》, a series of static and 
dynamic load tests were conducted. The vehicle moving test are 
used in this paper.  

In the test, two trucks moved side by side on the second and 
third lane from A5 pier to A10 pier and turn back with the speed 
of 10km/h, as shown in Figure 3(1). The vehicles had 3 axles 
and designed as Figure 3(2), their actual weights were 282.1KN 
and 296.8KN respectively. For the convenience, these 
concurrent trucks are treated as 1 equivalent moving load that 
moves along the middle of the second and third lane in this 
paper, their axle loads are not considered. 

A big advantage of this method is that there is no typical 
requirement for response type. In this test, 1 optical deflection 
device was used to measure the dynamic deflection of mid-span 
(Figure 3(3)), which were installed as shown in Figure 3(4). 
The sampling rate was 66 Hz.  

 

(1) Moving test cases  

(2) Vehicle design  

 (3) Optical deflection device  

(4) Measurement point  
Figure 3. Field test arrangement and equipment. 

 
The measured mid-span deflection is shown in Figure 4. Two 

marked troughs are observed which are responses when the 
trucks travelled forward and backward through mid-span. The 
total time is 1534s. The response used for MLI in this paper is 
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selected as 16s when the vehicles firstly passed mid-span, as 
shown in the figure. 

 

 FE model updating 

According to Equation (2), the proposed method requires the 
impulse response matrix of the bridge, which is calculated from 
the FE model. Hence an FE model updating is proposed.  

An ambient vibration test was conducted, the random 
subspace method was used to extract the modal parameters of 
the bridge, and the response surface method was used in the 
model updating.  

The tested and updated frequencies and mode shapes are 
presented in Table 1 and Figure 5 respectively. As only vertical 
deflection will be used in the MLI, the first 3 vertical bending 
modes are concerned. It can be seen that the calculated modal 
parameters of FE model are quite consistent with the tested 
ones.  

 
Table 1. Tested and calculated frequencies. 

Order Test Frequency 

(Hz) 

Calculated 

Frequency (Hz) 

Error 

1 0.65 0.65 0 
2 1.36 1.30 4.4% 
3 2.43 2.34 3.7% 

 

(1) 1st mode (tested) (2) 1st mode (calculated) 

(3) 2nd mode (tested) (4) 2nd mode (calculated) 

(5) 3rd mode (tested) (6) 3rd mode (calculated) 
Figure 4. Tested and calculated mode shapes. 

 

4 MOVING LOAD IDENTIFICATION VIA LSF  

 Identification procedure 

As proposed before, time history of the moving load is 
compared to a “beam”. Considering the concept of finite 
element method, the amplitude of load is approximated by 
beam shape function, namely LSF here. Following this way, we 
can figure out the element length  𝑙  and division 𝑚  of the 
“beam”. According to article [15], 𝑙 is defined as  

 𝑙 = 𝑓𝑠/2𝜔 (9) 

where 𝑓𝑠 is the sampling rate, and 𝜔 is the main frequency of 
the response, which is determined by Fourier transformation, 
as presented in Fig. 5. Selecting the main frequency as 3 Hz, 
𝑙 = 11, substituting to Equation (6), it obtains 𝑚 = 95. 

 

Figure 5. Fourier transformation of mid-span deflection. 
 

In Equation (5), 𝐿𝑖
𝑗could be defined as the response of the 

bridge subjected to the 𝑁𝑖 as excitation. For example, regarding 
the first column of 𝑁𝑖  as excitation, the bridge response 
constitutes the first column of 𝐿𝑖

𝑗 , as shown in Figure 6. 
Extracting the effective responses and forming �̃�, the moving 
load can be determined via Equation (8). 

Figure 6. Establishing LSF influence matrix. 
 

Figure 4. Dynamic deflection response of mid-span. 
 

 

 

Regarding as excitation 

Constituting LSF influence matrix 

𝑁𝑖 

𝐿𝑖
𝑗 
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 Results discussion 

From the MLI results that is shown in Figure 7(1), it is obvious 
that the load identified by the proposed method is an interaction 
force fluctuating around the vehicles’ self-weight due to 
roughness of the bridge deck. Besides, it can be seen that the 
determined load is slightly heavier than the truck weight 
because of the impact effect. Also, it may be influenced by the 
eccentricity of the moving load. Moreover, from the Gaussian 
fitted result it is obtained that the curvature presents a concave 
trend near the mid-span. Mentioning the sensor is installed 
below bottom of the box-girder, it could be aroused by the 
asynchronous transformation of cross-section.  

Defining the relative percentage error as  

 𝑅𝑃𝐸 =
𝑃𝑖𝑑𝑒𝑛𝑡𝑖𝑓𝑖𝑒𝑑−𝑇𝑟𝑢𝑒

𝑇𝑟𝑢𝑒
× 100% (10) 

The RPE of MLI is presented in Figure 7(2). The maximum 
positive and negative errors are 10.25% and -1.88% 
respectively. According to industry standard [2], the error of 
vehicle weighing system in SHM system is ±10%, this method 
is in full compliance with this requirement. 
 

 
(1) Identified moving load 

(2) RPE of identified load 
Figure 7. Moving load identification results. 

 
In terms of computational efficiency, The workstation used 

in this case is 4CPU: Intel(R) Core(TM) i7-4720HQ@2.60GHz，
8G RAM. The elapsed time of each procedure is presented in 
Table 2. Most time is spent on establishing �̃�, but this matrix 

can be built in advance. Hence the actual time for identification 
is only 1.43s. Comparing to the measuring time, the 
identification efficiency reaches up to 0.09. The method has 
promising prospect for real time MLI. 

 
Table 2. Computational time . 

Procedure Elapsed time 

Creating �̃� 2h 4m 35.7s 
Reconstructing load 0.12s 

Gaussian fitting 1.31s 
 

5 CONCLUSION 
Based on time domain deconvolution, this paper proposed a 
rapid moving load assessment method. Aiming at the ill-posed 
and time-consuming problems of traditional deconvolution 
methods, the impulse response matrix is developed by LSF 
matrix in which way its singularity and dimension is 
significantly decreased. On this basis, a constructed quasi-
diagonal matrix is put forward to further promote the LSF 
influence matrix in the aspect of computational efficiency.  

A series of field tests were conducted on Kigamboni bridge 
in Tanzania. The moving vehicle test data is used to validate 
the proposed method. Two 30 tons trucks travelled side by side 
through the mid-span with the speed of 10km/h, the only 
response collected was the vertical displacement of mid-span. 
The equivalent load, namely the vehicle-bridge contact force is 
identified successfully with around 90% accuracy, and the 
actual identification time is only 1.43s.  

The excellent precision and efficiency, as well as the low cost 
of measurement make the proposed method high performance 
in practical application. Applying it to multiple MLI will the 
main subject in the future study. 
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ABSTRACT: Multi-damage is common in reinforced concrete structures and leads to the requirement of large number of neural 
networks, parameters and data storage, if convolutional neural network (CNN) is used for damage recognition. In addition, 
conventional CNN experiences catastrophic forgetting and training inefficiency as the number of tasks increases during 
continual learning, leading to large accuracy decrease of previous learned tasks. To address these problems, this study proposes 
a continual-learning-based damage recognition model (CLDRM) which integrates the “learning without forgetting” continual 
learning method into the ResNet-34 architecture for the recognition of damages in RC structures as well as relevant structural 
components. Three experiments for four recognition tasks were designed to validate the feasibility and effectiveness of the 
CLDRM framework. In this way, it reduces both the prediction time and data storage by about 75% in four tasks of continuous 
learning. Three experiments for four recognition tasks were designed to validate the feasibility and effectiveness of the CLDRM 
framework. By gradual feature fusion, CLDRM outperformed other methods by managed to achieve high accuracy in the 
damage recognition and classification. As the number of recognition tasks increased, CLDRM also experienced smaller decrease 
of the previous learned tasks. Results indicate that the CLDRM framework successfully performs damage recognition and 
classification with reasonable accuracy and effectiveness. 

KEY WORDS: Damage recognition and classification, Concrete Structures, Continual-learning-based damage recognition 
model (CLDRM), ResNet, Learning without forgetting. 

1 INTRODUCTION 
1.1 Background 

Reinforced concrete (RC) civil structures gradually approach 
their design life expectancy, posing a risk to the safety 
structures and people [1]. Therefore, it is necessary to 
effectively inspect damages of RC structures. Conventionally, 
different manual inspections methods were used. However, 
these methods have the disadvantages of unreliable inspection 
results and considerable time consumption [2]. Owing to the 
rapid development of machine learning, which has shown 
excellent performance in image processing and computer 
vision in recent years, researchers and engineers are 
increasingly applying it for damage detection and structural 
assessment [3][4]. One of the well-known applications of deep 
learning in civil engineering is crack detection and 
recognition. The types of damage of RC structures are 
various. Thus, the demand for the recognition and 
classification of damage types is also on the rise. Moreover, it 
is becoming easier to retrieve more structural-damage-related 
information in the form of image data based on the technical 
development of deep learning and data acquisition. For this 
reason, numerous solutions have been explored. A region-
based CNN (Faster- RCNN ) [5] was adopted to detect 
different damage types such as concrete cracks and steel 
corrosion with two levels (medium and high), including bolt 
corrosion and steel delamination [6]. In addition, it was 
utilized to detect spalling and severe damage for exposed and 
buckled rebars[7]. YOLO [8], which is another region-based 
CNN, was used to detect multiple concrete bridge damage 

types such as pop-out or exposed rebars [9]. Based on 
ImageNet [10] Gao and Mosalam (2018) proposed structural 
ImageNet with four baseline recognition functions, i.e., 
component type determination, spalling condition check, 
damage level evaluation, and damage type determination[11]. 
They employed transfer learning (TL) to prevent overfitting, 
along with two strategies, namely, feature extraction [12] and 
fine-tuning [13]. Gao and Mosalam [14] proposed a large-
scale multi-attribute benchmark dataset of structural Images, 
namely, the Pacific Earthquake Engineering Research (PEER) 
Hub ImageNet (𝜙-Net).Based on this dataset , Gao and 
Mosalam [15] introduced a Generative Adversarial Network 
model, namely, Deep Convolutional  Generative Adversarial 
Network (DCGAN) and propose a Leaf-Bootstrapping (LB) 
method to improve the performance of this DCGAN. 

1.2 Multitask Damage Recognition 

It is worth noting that with the continuous development of 
deep learning, the number of recognition tasks in damage 
detection is increasing. One of the common problems among 
the abovementioned applications is the limitation of the 
number of recognition tasks for training. These training 
methods are time/resource consuming and do not utilize the 
feature correlation between similar tasks such as crack 
detection and spalling detection. To address this issue, one 
neural network can be trained simultaneously for multiple 
recognition tasks. The trained model can identify similar 
features and characteristics with improved accuracy [16]. 

Image-based structural damage recognition using learning without forgetting 
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1.3 Continual Learning 

Continual learning has been proposed as a revolutionary 
method [17] for two purposes: (1) to perform multitask 
recognition using one CNN; (2) to maintain an optimal 
recognition accuracy for previously trained tasks with a low 
training cost. Continual learning is a generic method, which 
can be adopted in any CNN framework. Continual learning 
utilizes the features and knowledge learned from the 
recognition of previous tasks, facilitates training for next tasks, 
and maintains the features learned from previous tasks. This is 
achieved by limiting changes in parameters, i.e., adding a 
regularization term.  

To overcome the aforementioned limitations of previous 
methods, this study proposes a novel continual-learning-based 
damage recognition model (CLDRM), which can recognize 
multiple damage types of RC structures with the continual 
learning ability. The detailed objectives of this study are as 
follows: (1) To establish a database of multitask recognition, 
including damage level evaluation, spalling condition check, 
component type determination, and damage type 
determination, with approximately twenty thousand images. 
(2) To build a new deep CNN training framework, namely, 
the CLDRM, which utilizes the LwF method with the residual 
network (ResNet)[18] architecture for the detection and 
classification of crack damage in RC structures. (3) To study 
the effect of different parameters, such as correlation of 
features as well as learning orders, on the results of 
recognition based on proposed CLDRM. 

2 OVERVIEW OF THE PROPOSED METHOD 
Figure 1 shows the flowchart of the proposed framework, 
training steps, and testing steps. A comprehensive dataset that 
includes typical damage categories is prepared for training. A 
labeled training dataset is the input. A separate test dataset is 
prepared to verify the model and to investigate its 
performance on four different recognition tasks, which are (1) 
three-class classification for damage level evaluation, (2) 
binary classification for spalling condition check, (3) three-
class classification for component type determination, and (4) 
four-class classification for damage type determination. Each 

task is defined in detail in Section 3. This study utilizes a 
collected large dataset of damaged RC image including PEER 
Hub ImageNet dataset[11]. Overall, 16,840 colorful images 
with a resolution of  are prepared, preprocessed, 
reclassified, and manually annotated for the aforementioned 
recognition tasks.  

The CLDRM adopts the continual-learning-based “learning 
without forgetting (LwF)” method[16], which is a form of 
knowledge distillation[19]. Instead of using a previous image 
dataset for retraining, the knowledge learned from previous 
tasks is retained by learning the soft targets provided by the 
previous model, which is stored after training. In other words, 
the previous model can be saved and stored for subsequent 
training without any image datasets of a previous task. This 
significantly reduces memory requirement and training 
complexity. A new deep CNN training framework, namely, 
the CLDRM, which utilizes the LwF method with the residual 
network (ResNet)[18] architecture for the detection and 
classification of crack damage in RC structures, is developed. 
This research’s content is described as follows. Section 2 
presents the synopsis of the proposed method. Section 3 
provides the details of the four recognition tasks and their 
corresponding datasets. Section 4 explains the overall 
architecture of the networks and the proposed continual 
learning-based model training methodologies as well as the 
hyperparameters, dataset and settings used to train the model. 
Section 5 demonstrates how the framework evaluates test 
images from the proposed experiments and includes 
discussions regarding the method’s performance and potential. 
Section 6 concludes this article and overviews some future 
possible studies to be conducted in this research area. 

3 RECOGNITION TASKS AND DATASET      

3.1 Damage level evaluation 

To achieve a clearer boundary between the levels of damage, 
this study categorizes crack damage into three main 
categories, i.e., “undamaged,” “minor damage,” and “heavy 
damage,” which are defined as follows: Minor damage does 
not pose a risk and does not need to be repaired urgently. 
Heavy damage can pose a risk and must be repaired urgently.  

Figure 1. Flowchart of continual-learning-based damage recognition model (CLDRM) framework. 
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3.2 Spalling condition check 

Spalling condition is a binary classification task with two 
classes: spalling and no spalling. The spalling condition 
pertains to the loss of cover of the component’s surface.  

3.3 Component type determination 

Component type determination is a three-class classification 
task for “columns,” “walls (or slabs),” and “beams”. 

3.4 Damage type determination 

Four typical crack damage types are selected based on the 
causes of cracks. All of them have evident characteristics, 
which are suitable for identification.  
1) Shear cracks: An extremely large shear stress causes 

cracks close to supports such as walls or columns. These 
cracks are typically inclined at 45°, and they have X or V 
shapes in a few cases. 

2) Flexural cracks: Flexural damage is caused by overloaded 
bending stress. It mostly occurs in the horizontal or 
vertical direction or at the end of a component with a 
horizontal or vertical edge. 

3) Cracks caused by Alkali–Silica reaction (ASR): These 
cracks [20] occur over time in concrete between the 
highly alkaline cement paste and non-crystalline silicon 
dioxide found in common aggregates.  

4) Cracks caused by corrosion of reinforcing steel:  
 
 

Corrosion generally refers to stress corrosion cracking, 
which is induced by the combined influence of tensile 
stress and corrosive environments.  

4 NETWORK ARCHITECTURE AND MODEL 

4.1 Network Architecture of ResNet 

ResNet [18] is well known for its remarkable object detection 
and image classification capabilities. It has been demonstrated 
that residual mapping and shortcut connections facilitate the 
training process and lead to better results compared to very 
deep plain networks. Network depth is crucial for improving 
the network performance of CNNs; however, deeper networks 
are more difficult to train. He et al. (2016) [18] reported that 
an increase in network depth leads to degradation problems, 
which cause accuracy to become saturated. To address this 
problem, they used [batch normalization (BN), rectified linear 
unit (ReLU), and a convolution layer] × 2 as a basic mapping 
backbone and subsequently added an extra skip connection, 
i.e., simple identity mapping, to form a complete residual 
block. This residual block learns the necessary residual 
mapping for a given task and improves the capability of 
training considerably deeper networks. This method reduces 
training time and improves convergence speed, resulting in 
more accurate prediction. The ResNet architecture has shown 
impressive performance not only on image classification 
benchmarks, such as CIFAR and ImageNet, but also on object 
detection benchmarks such as MS COCO [21]. The CNN 
architecture used in this study is the original ResNet-

Figure 2. CLDRM training framework. 
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3architecture pretrained on the 1000-class ImageNet dataset to 
accelerate the convergence of training and maintain a suitable 
number of model parameters while ensuring a certain feature 
extraction effect. 

4.2 Learning Without Forgetting 

The LwF method was first developed by Li and Hoiem (2018) 
[16], and has been adopted in the proposed CLDRM. There 
are three important notations in LwF, i.e., , which denotes 
the parameters in the CNN shared across all tasks, , which 
denotes the specific parameters learned from previous tasks, 
and , which denotes the specific parameters that are learned 
in a new task. 

In this study, ResNet-34 is utilized to implement multitask 
learning and   (the parameters of layers before the tail of the 
fully connected layer) are initialized with the pretrained 
parameters of the 1000-class ImageNet dataset to accelerate 
the convergence of training. The features of images extracted 
from the first few layers of a CNN tend to be more 
generalized [22], while the features extracted from the latter 
layers are more relevant to a specific dataset. Therefore, 
researchers tend to freeze the parameters of the first few 
layers after transferring the parameters trained on the dataset 
with richer features; only the parameters of the next few 
layers are fine-tuned[13]. However, fine-tuning all parameters 
provides better performance in multitask learning. For this 
reason,   is focused in the training process. In the tail part of 
the fully connected layer, fc-1000 in the original ResNet is 
replaced by a new linear layer with 512 input features and  
output features, where  is the number of classes for the first 
task. Then, after the training process of the first task, , which 
denotes the number of classes for the next new task, is 
appended to this fully connected layer. All newly appended to 
this fully connected layer. All newly appended parameters are 
initialized using Kaiming initialization [18]. 

Then, the size of the fully connected layer becomes 
.  and correspond to parameters  

and , respectively. 
The main strategy of this study is to add  parameters for a 

new task within the same model and learn the parameters with 
 and to improve the recognition accuracy for old and new 

tasks without using the data from old tasks (see Figure 2).  
The loss ( ) during the learning of a new task can be 

defined as the cross entropy between and , as expressed 
in Equation (1).  denotes the output corresponding to the 
new tasks of the new model, where  is the ground truth. 
 

      (1) 
 

  denotes the output (after softmax is applied separately for 
each old task) of the old model. denotes the output 
corresponding to the old tasks of the new model. It is worth 
noting that the loss during the training for old tasks cannot be 
retrieved by directly adding the cross entropy calculated 
between  and  for each old task; this results in poor 
prediction performance. Thus, hyperparameter  (Equation 
(2)), which represents temperature (Hinton, Vinyals, and Dean, 
2015), is introduced to amplify the information carried by the 
small probabilities. The modified probabilities of and 

are given by Equation (2). 

 
(2) 

 
Superscript  represents the  old task in the previous 
training, and it varies between  to , which represents the 
number of the old tasks that have been previously trained. 
Superscript  represents the  class in the  old task. As T 
is set to be 2, the loss ( ) for an old task can be expressed 
Superscript  represents the  old task in the previous 
training, and it varies between 1 to , which represents the 
number of the old tasks that have been previously trained. 
Superscript  represents the  class in the  old task. As T 
is set to be 2, the loss ( ) for an old task can be expressed 
as Equation (3). 
 

 
 

(3) 

 
Overall, the training process can be concluded as 

follows: 
• Step 1: The first task is trained using the typical training 

process in TL. 
• Step 2: When a new task is added, a new model will be  

created and it inherits the  and  from the old model. 
The newly appended parameters  will be initialized. 

• Step 3:   and  are frozen, and   is pretrained in the 
dataset of new task to convergence (warm up). 

• Step 4:  and are unfrozen,   and   are output 
from the new model, and  is input from the old 
model using the same batch images of new task. 

• Step 5: The total loss +  is calculated 
with the ground truth and the outcome of the Step 3, 
namely, .  is a hyperparameter that 
balances the learning tendency between the new task and 
the old tasks. In this study,   is set to 1. 

• Step 6: ,  and  are simultaneously updated to 
minimize the total loss. 

4.3 Comparative Evaluation 

The performance of the proposed CLDRM framework is 
evaluated through experiments and compared to a 
conventional CNN model with four existing training methods, 
which are described below. 

4.3.1 Feature Extraction 
Feature extraction[12] is used to filter out the most critical and 
distinguishable information from redundant data. Extracted 
features are typically represented by feature vectors. In deep 
learning, the output of a certain layer (the last convolutional 
layer) can be extracted as the feature representation of input 
images and then used to classify image in the testing process. 
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Thus, in the multitask learning investigated in this study,   
and  are defined as constants. Additionally, the features 
extracted from the last layer are used to determine  through 
training so that training can be accelerated by neglecting 
backpropagation for . However, the features extracted from 
the network are shared by all tasks. Such features are 
independent of any specific task; this slightly reduces 
classification accuracy. 

4.3.2 Fine-Tuning 
To overcome the abovementioned problem of feature 
extraction,  is fixed and a low learning rate is applied for 
training   and  (Yosinski et al., 2014). In this manner, the 
network learns the features related to a new task. However, it 
may forget the features learned in the first task.  

4.3.3 Duplicate and Fine-Tuning 
During the training for a new task, the relatively important 
parameters for the identification of the first task are partially 
modified. This causes the network to forget the features 
learned in the previous task. For this reason, the duplicate and 
fine-tuning method is applied to the network for each new 
task.  

4.3.4 Joint training 
Joint training simultaneously trains all parameters ( ,  and 

) using all data from old and new tasks[23].The network 
can extract and integrate the characteristics of each task. This 
may improve the accuracy for a few recognition tasks 
compared to the individual training of each task. However, 
storing all data is an issue and extremely expensive in terms of 
time and computation resources. In order words, whenever a 
new task is added, it must be trained again with the old tasks 
that have been previously trained on the network. 

4.4 Model Training 

This section describes the CLDRM training process, including 
the training and test sets, optimization methods, and hardware 
configuration. All tasks are performed on a workstation with 
the Intel(R) Xeon(R) E5-2678 v3 2.50 GHz CPU, 64.0 GB 
RAM, and the NVIDIA RTX2080TI-11G GPU. 

4.4.1 Train and test set 
The number of training and test sets used in the experiments 
for different recognition tasks are listed in Table 1. In the data 
preprocessing part, data augmentation (horizontal flip, vertical 
flip, rotation, color jitter, etc.) is implemented with a batch 

size of 64. However, a small proportion of the datasets in the 
structure component part contain useful environmental 
background information. Therefore, in most cases, at a certain 
angle of rotation of images, inclined beams may look like 
vertical columns and vice versa. Therefore, to prevent this, 
images are not rotated in the component type determination 
task. 

Table 1. Number of images for the training and test sets for 
each task. 

Task Damage 

Level 

Spalling Component Damage    

Type 

Training 3776 4864 3968 1728 
Test 663 820 693 328 

 

4.4.2 Optimization 
The results of the initial experiments for the training of 
continual learning tasks show that the Adam optimizer [24] is 
relatively unstable and ineffective, which results in poor 
model performance. The recognition accuracy for an old task 
decreases significantly during the training of a new task. Thus, 
the Adam optimizer is not selected as the training method for 
the CLDRM. SGD with momentum provides considerably 
better performance, and it is employed as the optimizer for the 
CLDRM. The learning rate of the SGD optimizer is 1 × 10-3, 
the momentum is 0.9, and the weight decay rate is 4×10-5. 
These parameter settings are adopted to pretrain , and the 
model is trained for 40 epochs. When , , and  are 
simultaneously trained, the learning rate is reduced to 1 × 10- 4 

and the number of training epochs is increased to 60. 

5 EXPERIMENTS AND RESULTS 
The feasibility of the CLDRM is experimentally verified for 
four different recognition tasks, i.e., damage level evaluation, 
spalling condition check, component type determination, and 
damage type determination. The objective is to achieve 
accurate multitask damage recognition through a single neural 
network. However, typically, the recognition accuracy for a 
previous task decreases when new tasks are input to the neural 
network. The target is to minimize the decrease in the 
recognition accuracy for previous tasks so that the total 
accuracy is high. The influence of the following parameters 
on the model is examined: a) influence of characteristic 
similarity on continual learning; b) influence of learning order 
on mixed similar and dissimilar tasks. Moreover, based on the 

Figure 3. Variation in recognition accuracy of the model trained with different methods for similar tasks. 
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results of the experiments, the appropriate distillation 
temperature improves the effect of knowledge distillation 
from old tasks.  is set to 5 in the subsequent experiments to 
obtain better performance. 

5.1 Tasks with correlated Characteristics 

This section describes the impact of the feature correlation 
between learning tasks on the performance of continual 
learning. When different tasks share numerous similar or same 
feature extractors, fine-tuning tends to perform better than 
joint training. The CLDRM effectively retains the knowledge 
of a previous task. Moreover, owing to the recurrence of 
related features, the training of the second task may even 
improve the recognition accuracy for old tasks in a few cases.  
First, tasks with similar characteristics are investigated. The 
damage level evaluation and spalling condition check tasks 
are used as the first and second learning tasks, respectively, 
owing to their characteristic similarities. Figure 3 a) and c) 
illustrates the variation in the recognition accuracy for the first 
(0–59 epochs) and second (60–120 epochs) tasks during 
training, respectively. Figure 3 b) shows the variation in the 
recognition accuracy for the old task during the training of the 
new task (60–120 epochs). Besides, the training performed 
using the joint training method and duplicate and fine-tuning 
method is only for 60 epochs each. During the training of the 
new task,   and  are constant for the feature extraction 
method (Figure 3 a) and b)) The accuracies of the three 
methods are shown in Figure 3 b) with their largest values in 
the first 60 epochs. The results show that the overall 
performance of the CLDRM is better than the fine-tuning 
method. In addition, the CLDRM significantly outperforms 
the feature extraction method.  

To investigate tasks with dissimilar characteristics, the 
component type determination and spalling condition check 
tasks are used as the first and second tasks, respectively, 
owing to the difference between their characteristics. Figure 5 
a) shows the variation in the accuracy for the first task in the 
first 60 epochs, and Figure 5 c) illustrates the variation in the 
accuracy for the second task in the last 60 epochs of training. 
Figure 5 b) demonstrates the effects of the training of the 
second task on the accuracy for the first task. When the 
characteristics of different tasks are not similar, the 
performance of the joint training method is better than the 
CLDRM, as predicted in Section 5.1. This observation 
provides useful guidance for the subsequent adjustments of 
the learning order of the CLDRM; this is discussed in detail in 
the next section. Moreover, as seen from Figure 5 b), the 
CLDRM can retain more knowledge and information of old 
tasks compared to the fine-tuning method. Moreover, the 
model with the CLDRM not only retains the important 
features of old tasks but also increases the recognition 
accuracy for these tasks during the training of new tasks, 
which is related to the learning order.  

5.2 Learning Order 

This section describes the effect of the learning order of 
different tasks on the recognition accuracy of the CLDRM by 
mixing the feature-related and feature-unrelated tasks. The 
purpose of this experiment is to find whether the learning 
order of these four tasks has a significant impact on the final 
accuracy for a particular task. The damage type determination 
task is selected as the last task to be trained, and the learning 
order of the other three tasks is arbitrarily changed. The 
damage level evaluation, spalling condition check, component

Figure 5. Variations in recognition accuracy of the model trained with different methods on dissimilar tasks. 

Figure 4. Variation in recognition accuracy for different tasks and different learning orders. 
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Table 2. Recognition accuracy of CLDRM for different learning orders. 

Task 

Damage level Spalling Condition Component type Damage type Average of 

Final 

(%) 

Initial 

(%) 

Final 

(%) 

Initial 

(%) 

Final 

 (%) 

Initial 

(%) 

Final 

 (%) 

Final 

 (%) 

1-2-3-4 90.20 84.92 88.90 86.71 96.10 92.06 93.60 89.32 
1-3-2-4 89.74 84.01 88.78 87.32 96.54 91.34 93.29 88.99  
2-1-3-4 90.65 85.67 88.05 85.00 96.25 91.63 93.90 89.05  
2-3-1-4 91.10 84.92 88.41 85.37 96.83 91.77 93.29 88.83  
3-1-2-4 89.89 84.62 88.17 88.29 96.10 91.20 93.90 89.50  
3-2-1-4 91.10 85.37 88.78 86.83 95.96 91.77 93.90 89.46 

Table 3. Recognition accuracy of fine-tuning method for different learning orders. 

Task 

Damage level Spalling Condition Component type Damage type Average of 

Final 

 (%) 

Initial 

 (%) 

Final 

 (%) 

Initial 

 (%) 

Final 

 (%) 

Initial 

 (%) 

Final 

 (%) 

Final 

 (%) 

1-2-3-4 90.05 83.41 88.41 84.15 95.67 92.21 92.07 87.96 
1-3-2-4 89.59 81.45 88.90 83.22 95.82 91.20 90.55 86.61 
2-1-3-4 90.65 85.67 88.05 84.00 96.25 87.63 91.90 87.30  
2-3-1-4 91.10 84.92 88.41 83.37 96.83 88.77 91.29 87.08 
3-1-2-4 89.89 84.62 88.17 83.29 96.10 86.20 91.90 86.50 
3-2-1-4 91.10 84.92 88.17 84.02 95.96 85.28 92.99 86.80 

type determination, and damage type determination tasks are 
denoted by numbers 1, 2, 3, and 4, respectively. For instance, 
the learning order of the damage level evaluation, spalling 
condition check, component type determination, and damage 
type determination tasks is denoted as 1-2-3-4. 

Table 2 shows the recognition accuracy of the CLDRM for 
all tasks for different learning orders. The CLDRM shows 
excellent performance in maintaining the knowledge of old 
tasks. The decrease in the recognition accuracy for old tasks 
during the training of new tasks is less than 6%. Additionally, 
the learning order of 3-1-2-4 shows the highest performance 
among these six learning orders, with an average accuracy of 
89.50% for the four tasks.  

Figure 4 compares the recognition accuracy for the four 
tasks between two different learning orders, i.e., 1-2-3-4 and 
3-2-1-4. During the training for the final task (damage type 
determination), the accuracies for the first task in 1-2-3-4 
(damage level evaluation) and 3-2-1-4 (component type 
determination) increase by almost 4% and 6%, respectively. 
This occurs under the condition that the same characteristics 
are adopted for training previous and new tasks. However, in 
the training for a new task, the accuracy for an old task first 
decreases slightly and then increases. For instance, in 3-2-1-4, 
the accuracy for the first task significantly decreases by 8% 
when new tasks (spalling condition check) are added.  

Table 3 shows the recognition accuracy of the fine-tuning 
method for different learning orders. The overall recognition 
accuracy of the fine-tuning method is approximately 1–2% 
lower than the CLDRM. Regardless of the learning order, the 
accuracy for the first task learned by the fine-tuning method 
decreases significantly by an average of 8% after learning the 
fourth task, as compared to only 5% in the CLDRM. 

5.3 Model Evaluation 

The feature extraction method requires the least training time 
but provides mediocre performance for new tasks. The 
duplicate and fine-tuning method provide good performance 
on old and new tasks; however; the prediction time of the 

corresponding model is quite high. The joint training method 
provides superior performance for old and new tasks but 
requires a large amount of data storage while training. On the 
contrary, the CLDRM not only provides high recognition 
accuracy and speed for old and new tasks but also requires 
less data storage and parameters during training.  

6 CONCLUSION AND FUTURE WORKS 
In order to meet the requirement of multi-damage recognition 
in engineering practice, this study proposed a new deep CNN 
framework for the damage detection of RC structures, namely, 
the CLDRM, by combining the state-of-the-art LwF with the 
ResNet 34 architecture. Three different experiments for four 
recognition tasks, including damage level, spalling check, 
component type and damage type determination were 
designed based on this training method to explore the optimal 
model parameters and applicable scenarios in damage 
recognition. The conclusions are as follows: 
• Compared to conventional neural network models, the 

CLDRM can continuously train a model for multiple 
recognition tasks, without losing the prediction accuracy 
of old tasks. Additionally, the CLDRM provides robust 
performance with higher recognition accuracy and faster 
prediction for old and new tasks. It is achieved by 
optimized the model with less parameters and data 
storage.  

• The CLDRM is more suitable for feature-related 
multitask learning. The recognition accuracy for old tasks 
decreases negligibly when learning new tasks.  

• The learning order influences the CLDRM. It is important 
to determine the appropriate learning order of tasks and 
select when to end the learning process for achieving 
better performance. To improve the recognition accuracy 
of the CLDRM for a particular task after fine-tuning, this 
task must be trained as the last task. This process 
promotes feature fusion to help improve the recognition 
accuracy for the final task. 
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Unlike TL, continual learning is a relatively new training 
technique in deep learning, and it has not yet been widely 
applied in civil engineering applications. Several extensions 
of continual learning can be explored in future, as follows: 
• A GAN (Generative Adversarial Network) model [25] 

can be simultaneously trained with a particular task to 
maintain the memory of the dataset used in this training. 
Thus, when new tasks are added in the future, the past 
data collected by the GAN model can be directly used 
for training. This is equivalent to improving the training 
efficiency of joint training. 

• Combining long-term memory and short-term memory, 
such as LSTM (Long Short Term Memory) [26], for 
model training can be further explored to alleviate the 
adverse effects of the gradual forgetting problem of 
continual learning [27]. In this manner, the model can 
preserve the recognition accuracy for a previously 
learned task and simultaneously improve the accuracy 
for a new recognition task. 

• The CLDRM has the potential to be used for portable 
devices such as drone/robot owing to its small number of 
parameters and ability to rapidly and accurately learn 
new tasks.  

ACKNOWLEDGMENTS 
The authors would like to gratefully acknowledge the support 
from the National Key R&D Program of China 
(2018YFE0125400) and the National Natural Science 
Foundation of China (U1709216), which made the research 
possible. The project was also funded by Centre for Balance 
Architecture, Zhejiang University. In addition, the authors 
also need to acknowledge that the first author and the second 
author have equivalent contribution to the paper. 

REFERENCES 
[1] Z. Liu, Y. Cao, Y. Wang, and W. Wang, “Computer vision-based 

concrete crack detection using U-net fully convolutional networks,” 
Autom. Constr., vol. 104, pp. 129–139, 2019. 

[2] Y. J. Cha, W. Choi, and O. Büyüköztürk, “Deep Learning-Based Crack 
Damage Detection Using Convolutional Neural Networks,” Comput. 

Civ. Infrastruct. Eng., vol. 32, no. 5, pp. 361–378, 2017. 
[3] B. F. Spencer, V. Hoskere, and Y. Narazaki, “Advances in Computer 

Vision-Based Civil Infrastructure Inspection and Monitoring,” 
Engineering, vol. 5, no. 2. pp. 199–222, 2019. 

[4] L. C. Chen, G. Papandreou, I. Kokkinos, K. Murphy, and A. L. Yuille, 
“DeepLab: Semantic Image Segmentation with Deep Convolutional 
Nets, Atrous Convolution, and Fully Connected CRFs,” IEEE Trans. 
Pattern Anal. Mach. Intell., vol. 40, no. 4, pp. 834–848, 2018. 

[5] S. Ren, K. He, R. Girshick, and J. Sun, “Faster R-CNN: Towards Real-
Time Object Detection with Region Proposal Networks,” IEEE Trans. 
Pattern Anal. Mach. Intell., vol. 39, no. 6, pp. 1137–1149, 2017. 

[6] Y. J. Cha, W. Choi, G. Suh, S. Mahmoudkhani, and O. Büyüköztürk, 
“Autonomous Structural Visual Inspection Using Region-Based Deep 
Learning for Detecting Multiple Damage Types,” Comput. Civ. 

Infrastruct. Eng., vol. 33, no. 9, pp. 731–747, 2018. 
[7] T. Ghosh Mondal, M. R. Jahanshahi, R. T. Wu, and Z. Y. Wu, “Deep 

learning-based multi-class damage detection for autonomous post-
disaster reconnaissance,” Struct. Control Heal. Monit., vol. 27, no. 4, 
2020. 

[8] J. Redmon, S. Divvala, R. Girshick, and A. Farhadi, “You only look 
once: Unified, real-time object detection,” in Proceedings of the IEEE 
Computer Society Conference on Computer Vision and Pattern 

Recognition, 2016, vol. 2016-Decem, pp. 779–788. 
[9] C. Zhang, C. chen Chang, and M. Jamshidi, “Concrete bridge surface 

damage detection using a single-stage detector,” Comput. Civ. 

Infrastruct. Eng., vol. 35, no. 4, pp. 389–409, 2020. 

[10] A. Krizhevsky, I. Sutskever, and G. E. Hinton, “ImageNet classification 
with deep convolutional neural networks,” Commun. ACM, vol. 60, no. 
6, pp. 84–90, 2017. 

[11] Y. Gao and K. M. Mosalam, “Deep Transfer Learning for Image-Based 
Structural Damage Recognition,” Comput. Civ. Infrastruct. Eng., vol. 
33, no. 9, pp. 748–768, 2018. 

[12] H. C. Shin et al., “Deep Convolutional Neural Networks for Computer-
Aided Detection: CNN Architectures, Dataset Characteristics and 
Transfer Learning,” IEEE Trans. Med. Imaging, vol. 35, no. 5, pp. 
1285–1298, 2016. 

[13] J. Yosinski, J. Clune, Y. Bengio, and H. Lipson, “How transferable are 
features in deep neural networks?,” in Advances in Neural Information 
Processing Systems, 2014, vol. 4, no. January, pp. 3320–3328. 

[14] Y. Gao and K. M. Mosalam, “PEER Hub ImageNet: A Large-Scale 
Multiattribute Benchmark Data Set of Structural Images,” J. Struct. 
Eng., vol. 146, no. 10, p. 04020198, 2020. 

[15] Y. Gao, B. Kong, and K. M. Mosalam, “Deep leaf-bootstrapping 
generative adversarial network for structural image data augmentation,” 
Comput. Civ. Infrastruct. Eng., vol. 34, no. 9, pp. 755–773, 2019. 

[16] Z. Li and D. Hoiem, “Learning without Forgetting,” IEEE Trans. 

Pattern Anal. Mach. Intell., vol. 40, no. 12, pp. 2935–2947, 2018. 
[17] G. I. Parisi, R. Kemker, J. L. Part, C. Kanan, and S. Wermter, 

“Continual lifelong learning with neural networks: A review,” Neural 

Networks, vol. 113. pp. 54–71, 2019. 
[18] K. He, X. Zhang, S. Ren, and J. Sun, “Deep residual learning for image 

recognition,” in Proceedings of the IEEE Computer Society Conference 

on Computer Vision and Pattern Recognition, 2016, vol. 2016-Decem, 
pp. 770–778. 

[19] G. Hinton, O. Vinyals, and J. Dean, “Distilling the Knowledge in a 
Neural Network,” pp. 1–9, 2015. 

[20] A. Grinys, V. Bocullo, and A. Gumuliauskas, “Research of Alkali Silica 
Reaction in Concrete With Active Mineral Additives,” J. Sustain. 

Archit. Civ. Eng., vol. 6, no. 1, 2014. 
[21] T. Y. Lin et al., “Microsoft COCO: Common objects in context,” in 

Lecture Notes in Computer Science (including subseries Lecture Notes 

in Artificial Intelligence and Lecture Notes in Bioinformatics), 2014, 
vol. 8693 LNCS, no. PART 5, pp. 740–755. 

[22] M. D. Zeiler and R. Fergus, “Visualizing and understanding 
convolutional networks,” in Lecture Notes in Computer Science 
(including subseries Lecture Notes in Artificial Intelligence and Lecture 

Notes in Bioinformatics), 2014, vol. 8689 LNCS, no. PART 1, pp. 818–
833. 

[23] R. Caruana, “Multitask Learning,” Mach. Learn., vol. 28, no. 1, pp. 41–
75, 1997. 

[24] D. P. Kingma and J. L. Ba, “Adam: A method for stochastic 
optimization,” in 3rd International Conference on Learning 

Representations, ICLR 2015 - Conference Track Proceedings, 2015. 
[25] I. J. Goodfellow et al., “Generative adversarial nets,” in Advances in 

Neural Information Processing Systems, 2014, vol. 3, no. January, pp. 
2672–2680. 

[26] S. Hochreiter and J. Schmidhuber, “Long Short-Term Memory,” Neural 
Comput., vol. 9, no. 8, pp. 1735–1780, 1997. 

[27] A. Gepperth and C. Karaoguz, “A Bio-Inspired Incremental Learning 
Architecture for Applied Perceptual Problems,” Cognit. Comput., vol. 8, 
no. 5, pp. 924–934, 2016. 

 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure
                                                                                                           Porto, Portugal, 30 June - 2 July 2021  

ISSN 2564-3738 

507 

ABSTRACT: The identification of nonlinear behavior and unknown inputs of engineering structures under strong dynamic 
excitation play key roles in post-event damage prognosis (DP). Due to the complexity and individuality of structural nonlinearities, 
it is a challenging task to establish a general parametric model in prior to describe the nonlinear behavior of a structural member 
or a substructure under strong dynamic loadings in practice. In this study, two different nonparametric structural nonlinear 
restoring force (NRF) and excitation identification algorithms combining Legendre polynomial model with extended Kalman filter 
with unknown input (EKF-UI) and updated extended Kalman filter with unknown input (UEKF-UI) are proposed using limited 
acceleration measurements fused with displacement measurement. The performance of the two proposed approaches is 
demonstrated and compared via numerical simulation with a multi-degree-of-freedom (MDOF) frame structure equipped with an 
MR damper mimicking nonlinearity under unknown loading. The effect of different initial parameter estimation errors and noise 
levels on identification results is discussed in details. Results show that the proposed approaches are capable of identifying 
structural nonlinear behavior, excitation and dynamic response measurement in a nonparametric way with acceptable accuracy. 

KEY WORDS: Model free identification; Nonlinear restoring force; Legendre polynomial; Extended Kalman filter with unknown 
input (EKF-UI); Updated extended Kalman Filter with unknown input (UEKF-UI); Limited acceleration measurement; Data 
fusion. 

1 INTRODUCTION 
Health monitoring and system identification of civil structures 
are critical for structural condition and performance evaluation, 
life cycle maintenance, remaining service life and load-
carrying capacity, etc. In the past decades, a number of 
frequency and time domain identification methods have been 
proposed to identify structural damages in the form of variation 
of structural stiffness. In most frequency domain identification 
methods, the change in modal shapes and/or eigenvalues [1, 2], 
strain modes and/or modal strain energy [3, 4], transfer function 
parameters [5, 6], are extracted from dynamic responses 
measurement to identify variation of structural parameters. 
However, due to the fact that lower-order eigenvalues and 
mode shapes are usually insensitive enough to changes in 
structural parameters and always noise-polluted, it is difficult 
to detect minor and local damages such as cracks in concrete 
structures. Strictly speaking, most of the eigenvalues and 
eigenvectors based identification approaches are only suitable 
for linear systems. In other words, the structure is linear during 
the vibration and the application of external excitation. 
Nevertheless, nonlinearity exists widely in nature especially 
when infrastructures suffer from strong dynamic loadings. The 
vibration of an engineering structure under earthquake is a 
typical nonlinear dynamic problem. Identifying damage of 
engineering structures under strong dynamic loadings such as 
earthquake by the use of eigenvalues extracted from the 
dynamic response of the structures that behave nonlinearly is 
doubtable. Therefore, the development of efficient 
identification methods for nonlinear systems is of great 
importance. 

Even efforts have been made in the last two decades in the 
fields of identification for nonlinear structures, it is still a 
challenging task to identify the nonlinear behavior of 
engineering structures because of the strong individuality of 
nonlinearities of structures composed of different materials and 
with different structural types. Identifying structural nonlinear 
behavior in the form of nonlinear restoring forces (NRF) in a 
nonparametric manner has attracted great interests with the 
advantages that no parametric models describing the restoring 
force of structures under dynamic loadings are required.  
Masri and Caughy [7] first presented a well-known restoring 
force surface method for single-degree-of-freedom structure by 
constructing the nonlinear restoring force surface with 
displacement and velocity, which was extended to identify 
nonlinear multi-degree-of-freedom (MDOF) dynamic systems 
[8]. Ni et al. [9] proposed a nonparametric identification 
method for nonlinear hysteretic system based on multi-value 
relations between hysteretic force and structure responses to get 
restorative information via the Duhem transform. By 
introducing equivalent linear theory and least squares 
estimation (LSE), Xu et al. [10] developed a structural mass 
and NRFs identification method for an MDOF system, and 
furtherly proposed identification approaches based on power 
series polynomial model (PSPM) and double Chebyshev 
polynomial model (DCPM) to identify structural NRF in a 
nonparametric way.  

Although progresses have been made in nonlinear behavior 
identification, further studies are required to develop general 
identification approaches using limited dynamic response 
measurements considering the fact that it is almost impossible 
to deploy a large number of sensors to measure the entire 

Comparative study on different nonparametric nonlinear behavior identification 

approaches with Legendre polynomial and data fusion 

Ye Zhao1, Bin Xu 1,2, *, Baichuan Deng3, Yibang Du1 
1 College of Civil Engineering, Huaqiao University, Xiamen 361021, China 

 2 Key Laboratory for Intelligent Infrastructure and Monitoring of Fujian Province (Huaqiao University), Xiamen 361021, 
China 

3 Department Civil Structure & Environment Engineering, University at Buffalo, Buffalo, New York, 14260, USA 
email: 19011086006@stu.hqu.edu.cn, binxu@hqu.edu.cn, bdeng3@buffalo.edu,19013086008@stu.hqu.edu.cn 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure  

508 

structural responses. Development of structural identification 
approaches with only partial structural response measurements 
for nonlinear systems is desired in practice [11-13]. Moreover, 
structural dynamic loading plays key roles in structural 
remaining service life forecasting and it is important to identify 
dynamic loadings applied on structures. Therefore, 
simultaneous identification of structural nonlinear behavior, 
unmeasured dynamic responses and unknown inputs using only 
partial structural responses measurements is an important but 
challenging task.  

In this regard, the approaches based on the extended Kalman 
filter (EKF) with consideration of unknown input have received 
increasing attention [14]. Lei et al extended the conventional 
EKF approach to extended Kalman filter with unknown inputs 
(EKF-UI) [15]. Based on the procedures of the conventional 
EKF, analytical recursive solutions for the EKF-UI are derived 
and presented [16]. Moreover, in order to enhance the 
identification accuracy and to avoid the low-frequency shift 
problem in the unmeasured dynamic responses, data fusion 
approach has been proposed. The effectiveness of the proposed 
EKF-UI approach has been numerically demonstrated using 
several linear numerical examples. NRF and structural dynamic 
loading identification approach for nonlinear structures using 
limited dynamic response measurements is critical. 
Treating the NRF as an unknown fictitious input, He et al. [17] 
identified it by a least square method and EKF. Most recently, 
Xu et al. [18] proposed a nonparametric hysteretic behavior and 
mass identification approach using the EKF with weighted 
global iteration (EKF-WGI) for MDOF structures where 
structural nonlinear behavior is modeled with a power series 
polynomial and limited acceleration responses are used for 
identification. 

Considering the necessity of identifying structure 
nonlinearity in a nonparametric way and structural excitation 
for structural DP, in this paper, two different nonparametric 
structural nonlinear restoring force (NRF) and excitation 
identification algorithms using Legendre polynomials are 
proposed and validated numerically with nonlinear MDOF 
structures composed of a linear structure and a 
magnetorheological (MR) damper mimicking nonlinear 
behavior. Two identification algorithms combine Legendre 
polynomial model with extended Kalman filter with unknown 
input (EKF-UI) and updated extended Kalman filter with 
unknown input (UEKF-UI), respectively. Moreover, data 
fusion is used to overcome the instability in dynamic response 
identification. In the numerical simulation, the parameter 
identification convergence process and the effect of initial 
structural parameters estimation errors on the final 
identification results are investigated in detail. Identified results 
demonstrate that the proposed methods are capable of 
identifying NRF and the unknown excitation in a 
nonparametric way with limited response measurements with 
acceptable accuracy. When different initial parameter errors 
and different noise levels are considered, the comparison 
reveals that the two different algorithms have good 
identification capabilities and slightly different parameter 
convergence processes.  

2 THE NONPARAMETRIC NRF AND DYNAMIC 
LOADINS IDENTIFICATION APPROACH WITH 
LIMITED DYNAMIC RESPONSE 

 Legendre polynomials mimicking NRF 

Legendre polynomials have been widely used in mathematics, 
science and engineering as systems of orthogonal polynomials 
with a large number of attractive properties.  Any piecewise 
continuous function ( , )z p q  with finitely many discontinuities 
in the interval of [-1, 1] can be represented by the sequence of 
sums of a number of Legendre polynomials shown as follows, 
 𝑧(𝑝, 𝑞) = ∑ ∑ 𝑐𝑚𝑛𝐿𝑚(𝑝)𝐿𝑛(𝑞)

𝑁
𝑛=0

𝑀
𝑚=0  (1) 

where 
mn  is the coefficient of the Legendre polynomials of 

( )mL p   and ( )nL q , M and N are integral numbers, and the 
recursive relationship of Legendre polynomials can be shown 
in the following equations, 
 𝐿𝑚(𝑝) = ∑ (−1)𝑠

(2𝑚−2𝑠)!

(2𝑚𝑠!(𝑚−𝑠)!(𝑚−2)!)

𝑆
𝑠=0 𝑝(𝑚−2𝑠) (2) 

 𝐿𝑛(𝑞) = ∑ (−1)𝑡
(2𝑛−2𝑡)!

(2𝑛𝑡!(𝑛−𝑡)!(𝑛−2)!)

𝑇
𝑡=0 𝑞(𝑛−2𝑡) (3) 

In this paper, structural nonlinear behavior is described in a 
nonparametric way, the structural NRF can be expressed in the 
form of Legendre polynomial of structural relative velocity, 
relative displacement as shown in the equation (4) 
𝑅𝑖,𝑖−1[�̇�(𝑡) , 𝑥(𝑡) , 𝜃] ≈ ∑ ∑ 𝑐𝑖,𝑖−1,ℎ,𝑗

𝑛𝑜𝑛 𝐿ℎ(𝑣𝑖,𝑖−1
′ )𝐿𝑗(𝑠𝑖,𝑖−1

′ )
𝑞
𝑗=0

𝑘
ℎ=0   (4) 

where 𝑅𝑖,𝑖−1[�̇�(𝑡) , 𝑥(𝑡) , 𝜃]  is the NRF between the ith DOF 
and the i-1th DOF, vi, i−1 and si, i−1  are relative velocity and 
relative displacement vectors, , 1, ,

non

i i h jc −
is the coefficient of the 

polynomial, k and q are integers which depend on the nature 
and extent of the nonlinearity, and 𝐿ℎ(𝑣𝑖,𝑖−1

′ )   as well as 
𝐿𝑗(𝑠𝑖,𝑖−1

′ )  are Legendre polynomial.  

 NRF and dynamic loading identification approach with 

EFK-UI and Legendre polynomials 

The advantage of the proposed method over the conventional 
Kalman filter is the estimation of the unknown excitation, 
which is obtained by minimizing the observation vector. 
Legendre polynomial coefficients are introduced into the 
extended state vector for nonlinear restoring force 
identification. The detail steps of the proposed identification 
algorithm are shown in Ref [16]. The main flow of the 
algorithm is as follows, 

(1) Setting the initial values of the extended state vector, the 
error covariance matrix and the unknown excitation. 

(2) Calculating priori state estimate: Using the extended state 
vector estimate from the k step to predict the extended state 
vector from the k+1 step. 

(3) Calculating estimate error covariance matrix: Using the 
estimated value of the error covariance matrix at step k to obtain 
the predicted value of the error covariance matrix at step k+1. 

(4) Calculating Kalman gain matrix. 
(5) Calculating posteriori state estimate: Computing the 

extended vector estimated value for step k+1 using the extended 
state vector predicted value from step k+1. 

(6) Estimating the unknown external excitation: Based on the 
least-squares estimation, the unknown external excitation can 
be estimated by minimizing the observation error vector.  
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 NRF and dynamic loading identification approach with 

UEFK-UI and Legendre polynomials 

The proposed UEKF-UI method is similar to the above-
mentioned EKF-UI method, the observation equation is 
updated by introducing the projection matrix, and then the least 
squares algorithm is used to obtain the unknown excitation. The 
detail steps of the proposed identification method are shown in 
Ref [19]. The main flow of the algorithm is as follows, 
(1) Setting the initial values of the extended state vector, the 
error covariance matrix and the unknown excitation. 
(2) Calculating priori state estimate: Using the extended state 
vector estimate from the k step to predict the extended state 
vector from the k+1 step. 
(3) Calculating priori estimate error covariance matrix: Using 
the estimated value of the error covariance matrix at step k to 
obtain the predicted value of the error covariance matrix at step 
k+1. 
(4) Calculating Kalman gain matrix. 
(5) Calculating posteriori state estimate: Computing the 
extended vector estimated value for step k+1 using the extended 
state vector predicted value from step k+1. 
(6) Calculating priori estimate error covariance matrix. 
(7) Estimating the unknown external excitation. 

3 NUMERICAL ALIDATION CONSIDERING 
DIFFERENT CONDITIONS UNDER SINUSOIDAL 
EXCITATON 

 Nonlinear dynamic model with MR damper 

To verify the effectiveness of the two proposed methods for the 
structural nonlinear behavior, the unknown inputs with only 
partial measurements of acceleration and displacement, a 5-
DOF lumped mass model equipped with a MR damper on the 
5th floor to mimic nonlinear behavior of structure is used as a 
numerical model as illustrated in Figure 1. The mass, inter-
story stiffness and damping coefficients corresponding to each 
story of the 5-story linear shear frame are 400im kg= , 

320 /ik kN m=  , and 0.24 /ic kN s m=    (i=1,…, 5), respectively.  

 

Figure 1. Shear frame model with MR damper. 

In the direct analysis of the dynamic response of the 
nonlinear structure, a parametric model for the employed MR 
damper is required even it is not needed in the proposed 
identification approach in this study. Here, the modified Dahl 
model described in the following equation is used [14]. 

 𝑓𝑛𝑜𝑛
𝑀𝑅 = 𝐾0𝑠𝑖,𝑖−1 + 𝐶0𝑣𝑖,𝑖−1 + 𝐹𝑑𝑍 − 𝑓0 (5) 

where 𝑓𝑛𝑜𝑛𝑀𝑅 is the NRF provided by the MR damper, K0 and C0 

is the stiffness coefficient and damper coefficient of the MR 
damper, Fd represents the coulomb frictional force determined 
by the current intensity, , 1i is − and , 1i iv − represent the 
displacement and velocity of the MR damper installed on the i-
1th floor, 0f  is the initial force, and Z is a dimensionless 
parameter determined by the following equation:  
 �̇� = 𝜎𝑣𝑖,𝑖−1(1 − 𝑍 𝑠𝑔𝑛( 𝑣𝑖,𝑖−1)) (6) 
where 𝜎 is the hysteresis coefficient of the used MR damper. 
The following parameters are used in the simulation,

50 /s m = , 0 50 / mK N= , 0 3000 s / mC N=  , 35dF N= , 
and 0 0f = . 

A sinusoidal horizontal excitation with a duration of 5s is 
applied on the 4th floor of the shear frame model. The 
acceleration responses on the 1st, 3rd, 4th and 5th floors are used 
for identification. In addition, displacement responses on the 
2nd and 4th floors are also used for data fusion. The acceleration 
responses are contaminated by white noise with a noise to 
signal ratio of 3% in the root mean square. Initial estimation 
errors of -20% and -50% are used for both stiffness and 
damping coefficients during the iterative process to consider 
the effect of the initial values of stiffness and damping 
coefficients on the identification results.  

 A -20% initial parameter error 

All identified stiffness and damping parameters are compared 
with the true values using two different methods, which are 
summarized in Table 1 and Table 2, respectively. It is 
noticeable that the true and identified values are in good 
agreement and the maximum identification errors of stiffness 
and damping parameters are 1.25% and 2.91%, which is small 
enough and acceptable. Taking the 4-story parameters of the 
structure as an example, it can be seen from Figure 2 that the 
stiffness and damping parameters of the structure can converge 
quickly to their true values. 

Table 1. Identified structural parameters using EKF-UI. 
Story No 1 2 3 4 5 
k(KN/m) 320 320 320 320 320 
Identified 320 320 320 320 321 

Error 0.00% 0.00% 0.00% 0.00% 0.32% 
c(N∙s/m) 240 240 240 240 240 
Identified 238 242 233 240 242 

Error 0.83% 0.83% 2.91% 0.00% 0.83% 

Table 2. Identified structural parameters using UEKF-UI. 
Story No 1 2 3 4 5 
k(KN/m) 320 320 320 320 320 
Identified 320 323 316 319 318 

Error 0.00% 0.94% 1.25% 0.32% 0.63% 
c(N∙s/m) 240 240 240 240 240 
Identified 245 236 245 245 241 

Error 2.08% 1.67% 2.08% 2.08% 0.42% 
 
Based on the proposed methods, the estimation of structural 

states, unknown input and NRF is carried out simultaneously. 
The comparison of time series of the identified displacement 
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and velocity responses of the 1st and 3rd floor with their 
theoretical ones is shown in Figure 3 as an example.  

 
       (a) 

 
        (b) 

Figure 2. Convergence of identified stiffness k4 and damping 
c4. 

Figure 4 shows the comparison of the identified unknown 
excitation and acceleration with the actual ones. From Figure 3 
and Figure 4, it can also be confirmed that the proposed 
approach is capable of identifying unknown responses and 
input with acceptable accuracy. 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 3. Identified unknown displacement and velocity of 1th 
and 3rd. 

 
  (a) 

 
      (b) 

Figure 4. Comparison of identified unknown input and 
acceleration with true values. 

A good agreement between the identified nonlinear restoring 
force and the true value can be easily observed using two 
different methods, which is depicted in Figure 5. 
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Figure 5. Identified nonlinear restoring force. 

The NRMSE results corresponding to the identified dynamic 
response, unknown excitation and NRF time history are 
summarized in Table 3. It can be found that the RRMSE results 
corresponding to each dynamic response is very small, which 
demonstrates the proposed methods are all effective. 

Table 3. NRMSE results for the shear frame model. 
Targets 

(EKF-UI) NRMSE(%) Targets 
(UEKF-UI) NRMSE(%) 

d1 0.002 d1 0.012 
d3 0.002 d3 0.016 
v1 0.001 v1 0.001 
v3 0.001 v3 0.001 
a2 0.017 a2 0.015 

force 0.004 force 0.029 
NRF 0.004 NRF 0.170 

Note: and di,vi and ai = displacement  velocity and acceleration 
of the ith DOF, respectively. 

 A -50% initial parameter error 

Based on the two proposed methods, the stiffness and damping 
parameters corresponding to the linear structure are identified, 
a -50% initial parameter error, are listed in Table 3 and Table 
4, respectively. The maximum identification errors of stiffness 
and damping coefficients are 1.56% and 4.17%, respectively. 
The identification errors of damping coefficients are slightly 
higher than the identification results of stiffness parameters. 
However, both methods achieve better identification result and 
the identification accuracy is acceptable. 

Table 3. Identified structural parameters using EKF-UI. 
Story No 1 2 3 4 5 
k(KN/m) 320 320 320 320 320 
Identified 320 320 320 320 321 

Error 0.00% 0.00% 0.00% 0.00% 0.32% 
c(N∙s/m) 240 240 240 240 240 
Identified 237 241 230 244 240 

Error 1.25% 0.42% 4.17% 1.67% 0.00% 

Table 4. Identified structural parameters using UEKF-UI. 
Story No 1 2 3 4 5 
k(KN/m) 320 320 320 320 320 
Identified 320 323 315 319 317 

Error 0.00% 0.94% 1.56% 0.31% 0.93% 
c(N∙s/m) 240 240 240 240 240 
Identified 247 239 236 250 247 

Error 2.92% 0.42% 1.67% 4.17% 2.92% 

The identification convergence of the structural inter-story 
stiffness and damping coefficients for the different methods is 
further investigated. Without loss of generality, Figure 6 shows 
the iteration process comparison of the identified and with the 
actual values of the 4th inter-story stiffness and damping 
coefficients. It is obvious that the identified inter-story stiffness 
and damping coefficients converge with the theoretical values 
even with an initial parameter error of -50%. 

 
        (a) 

 
           (b) 

Figure 6. Comparison of identified parameter iteration 
process using different methods 

The comparison of the identified unknown dynamic 
response on the 1st and 3rd floor with the true value is shown in 
Figure 7. The comparison of the identified unknown excitation 
on the 4th floor and unknown acceleration on the 2nd floor by 
the proposed identification method with the true value is 
depicted in Figure 8. It can be seen from Figure 7 and Figure 8  
that the identified unknown dynamic response and the 
unknown excitation match well with their true value. Figure 9 
exhibits the comparison of the nonlinear restoring force 
identified by the two different methods with the true value, 
which shows that the identified hysteresis behavior of the MR 
damper is very close to the theoretical one. 

To quantify the identification results, the NRMSE values of 
the identification results are also listed in Table 6, and the initial 
parameter errors have little effect on the identification results 
compared with Table 3. 

 5% measurement noise 

To investigate the effect of different noise levels on the 
identification results of the proposed algorithm, white noise 
with a signal-to-noise ratio of 5% was added to the known 
dynamic response signal when a -20% initial parameters error 
was considered. The identified structural parameters are shown  
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         (a) 

 
                           (b) 

        
 (c) 

  
                            (d) 

Figure 7. Identified unknown dynamic responses: 

(a) Displacement on the 1st floor; (b) Displacement on the 3rd 
floor; (c) Velocity on the 1st floor; (d) Velocity on the 3rd floor. 

 
     (a) 

 
  (b)  

Figure 8. Comparison of identification results with their true 
values: (a) Unknown excitation; (b) Acceleration on the 2nd 
floor. 

 
Figure 9. The identified NRF provided by Dahl model. 

Table 6. NRMSE results for the shear frame model. 
Targets 

(EKF-UI) NRMSE(%) Targets 
(UEKF-UI) NRMSE(%) 

d1 0.001 d1 0.006 
d3 0.002 d3 0.001 
v1 0.001 v1 0.006 
v3 0.001 v3 0.001 
a2 0.018 a2 0.015 

force 0.004 force 0.056 
NRF 0.028 NRF 0.029 

Note: and di,vi and ai = displacement, velocity and acceleration 
of the ith DOF, respectively. 
 
in Table 7 and Table 8 when 80% of the initial parameter values 
are used and the comparisons between the identified and true 
values of the unknown dynamic responses, unknown excitation 
and NRF are shown in Figure 12, Figure 13 and Figure 14. 
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Table 7. Identified structural parameters using EKF-UI. 
Story No 1 2 3 4 5 
k(KN/m) 320 320 320 320 320 
Identified 319 323 312 316 328 

Error 0.32% 0.94% 2.50% 1.25% 2.50% 
c(N∙s/m) 240 240 240 240 240 
Identified 242 245 229 235 243 

Error 0.83% 2.08% 4.58% 2.08% 1.25% 

Table 8. Identified structural parameters using UEKF-UI. 
Story No 1 2 3 4 5 
k(KN/m) 320 320 320 320 320 
Identified 320 324 313 318 316 

Error 0.00% 1.25% 2.18% 0.63% 1.25% 
c(N∙s/m) 240 240 240 240 240 
Identified 243 249 232 245 242 

Error 1.25% 3.75% 3.33% 2.08% 0.83% 
 

 
    (a) 

 
                             (b) 

 
     (c) 

 
(d) 

Figure 10. Identified unknown displacement and velocity of 1th 
and 3rd （-20% initial parameter error). 

 
   (a) 

 
       (b) 

Figure 11. Comparison of identified unknown input and 
acceleration with true values（-20% initial parameter error). 

 
Figure 12. The identified NRF provided by Dahl model. 
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From Tables 7 and 8, the maximum identification errors 
of the stiffness and damping parameters are 2.50% and 4.58%, 
respectively. It can be seen from Figures 10,11 and 12 that the 
identified values match well with the true values.  To further 
illustrate the validity of the identification results, the quantified 
results of the identification values are shown in Table 9. 

 
Table 9. NRMSE results for the shear frame model. 

Targets 
(EKF-UI) NRMSE(%) Targets 

(UEKF-UI) NRMSE(%) 

d1 0.010 d1 0.017 
d3 0.012 d3 0.021 
v1 0.001 v1 0.001 
v3 0.001 v3 0.001 
a2 0.184 a2 0.054 

force 0.045 force 0.044 
NRF 0.296 NRF 0.956 

Note: and di,vi and ai = displacement  velocity and acceleration 
of the ith DOF, respectively. 

CONCLUSIONS 
In this paper, two different nonparametric structural nonlinear 
restoring force (NRF) and excitation identification algorithms 
combining Legendre polynomial model with extended Kalman 
filter with unknown input (EKF-UI) and updated extended 
Kalman filter with unknown input (UEKF-UI) are compared. 
The proposed methods can identify structural responses, NRF 
and unknown excitation and the effectiveness of the proposed 
approaches is validated via a 5-DOF lumped mass model with 
a MR damper. The data fusion technique shows a good 
performance to restrain the drift problem and noise influence in 
the proposed methods. The proposed methods are of great 
importance for structural NRF identification in the case of 
unknown inputs and plays a crucial role in post-damage 
prognosis, residual load capacity and remaining service life 
prediction of engineering structures. 
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ABSTRACT: Vortex-induced vibration (VIV) is one of the most critical problems in the serviceability assessment of long-span 
bridges, particularly flexible and lightly damped structures. Bridge owners need to monitor the occurrence of VIVs in near real-
time for preemptive actions to potential risk. For this purpose, most of the long-span bridges are equipped with a series of sensors, 
and this structural health monitoring system (SHMS) accumulates large datasets every day. However, these SHMSs practically 
fail to satisfy their ideal intention due to the lack of knowledge of bridge operators on VIV. In addition to this, as a long-span 
bridge is subject to various excitation sources, a threshold-based alarm system with wind speed and vibrational amplitude is not 
feasible for automated VIV classification. Three main VIVs of long-span bridges in South Korea were actually reported by users, 
not by SHMS. Here, the big-data analysis with machine-learning algorithms enables this automated VIV classification. This study 
aims to develop the data-driven framework to classify the VIV of the long-span bridges. Artificial Neural Network (ANN) is 
implemented for developing a data-driven framework for automated VIV classification of the long-span bridges in real-time. 
Specifically, this study mainly focuses on following goals (1) Generalize the characteristics of VIV from the monitoring data in 
the bridge (2) Introduce the efficient labeling process for long-term monitoring data (3) Determine adequate features for VIV 
classification (4) Demonstrate the feasibility of data-driven classification using actual long-term data. 

KEY WORDS: Automated VIV Classification, Deep Learning, Long-Span Bridge, Structural Health Monitoring 

1 INTRODUCTION

As long-span bridges have become more flexible, low-
frequency dominant, and lightly damped with the increase of 
span length, a vortex-induced vibration (VIV) is emerging as a 
major issue for serviceability assessment. The characteristics of 
VIVs have been successively realized and predicted in wind 
tunnel tests by using scaled girder section models since vortex 
shedding frequency is generally dominated by the shape of the 
structure [1]. Also, as the computational performance has 
constantly improved, CFD becomes a practical tool to evaluate 
the aerodynamics characteristics of bridges [4]. These 
methodologies are widely adopted in many design stages to 
develop less vulnerable girder shape or VIV mitigation 
measures.  

Although the evaluation of aerodynamic characteristics of 
girders has been improved and effective countermeasures are 
developed by implementing those methods, unexpected VIV 
phenomenons have still been reported continuously. For 
example, the 2nd Jindo Bridge in South Korea experienced 
VIVs due to the low damping ratio, which was only 70% of the 
design value. A complicated fluid-structure interaction induced 
by the unique configuration of the parallel bridge was found to 
cause amplification of the VIV amplitude through additional 
wind tunnel experiments [5].  Another example of abnormal 
VIV was reported by a bridge engineer, who observed an abrupt 
VIV with significant vibration from Yi Sun-Shin Bridge in 
South Korea [7]. This unusual vibration phenomenon was 
caused by the temporary cover over the guardrail, which 
changed the aerodynamic characteristics of the bridge for 
several hours. 

There are several possible reasons for those unexpected VIVs 
by referring to wind engineering knowledge. First, there is no 
guarantee that the design damping ratio can always be satisfied 
since the actual damping ratio can be measured after the bridge 
is completed. Even if VIV amplitude is smaller enough to 
satisfy the serviceability criteria during the wind tunnel test, the 
excessive VIV can occur due to the low damping ratio like the 
2nd Jindo Bridge case. The second is the insufficient 
recognition of the sensitivity of VIV for the shape of girders. 
Since VIV amplitude tends to broadly differ due to a little 
modification of the girder shape, faulty construction, or a 
temporal change of girder shape could increase the wind-
induced vibration level significantly. Third, the wind tunnel test 
uses a scaled girder model with a smaller Reynolds number 
than a full-scale bridge. Since this number affects the size and 
separation location of the vortex, the exact realization of the 
VIV is not easy in wind tunnel tests, especially for the special 
girders with a streamlined shape or guide vanes. Last, gradual 
change in surrounding environmental conditions such as 
temperature, wind, and traffic volume can also affect VIV 
performance. Although VIV does not occur immediately after 
completing the bridge, it can occur after a while due to the 
gradual change of these external factors. Therefore, continuous 
monitoring is recommended to achieve accurate condition 
assessment and sufficient serviceability during the lifetime of 
long-span bridges. 

Since most of the long-span bridges operate structural health 
monitoring (SHM) systems, which accumulate large datasets 
every day, previous researches suggested field monitoring data-
based unsupervised classification algorithms to overcome the 
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existing limitations [8]. However, these works were mainly 
based on specific features of VIV and required substantial 
human intervention in a threshold setting for each developing 
stage, which results in high user-dependency and significant 
influence on the classification performance. In addition to this, 
as a long-span bridge is subject to various excitation sources, a 
conventional threshold-based alarm system with wind speed 
and vibrational amplitude is not feasible for automated VIV 
classification.  

In this regard, this research aims to suggest a data-driven 
framework for developing the VIV classification model, which 
can be used regardless of whether the bridge operators have 
knowledge of wind engineering by minimizing human 
intervention in the determination of threshold values for 
selected training features.  This work is organized into four 
steps and structured to introduce each part of the proposed 
framework. First, four influential features were selected based 
on the well-established wind engineering knowledge and 
monitoring results of the bridge vibration. Second, a new soft 
labeling method was applied, which addresses the difficulties 
of applying a supervised machine learning scheme. In this step, 
all measured data were classified as whether VIV occurred 
according to the predefined labeling threshold. Third, the 
artificial neural network was designed and trained using the 
labeled field-measurement data obtained from the previous step. 
Finally, the performance of the trained model was carefully 
discussed through a numerical application to the bridge in 
operation. 

 

2 MONITORING DATA ANALYSIS 

 Structural Health Monitoring (SHM) system 

The investigated bridge is the long span bridge to link the two 
islands and mainland of South Korea.  It consists of a cable-
stayed bridge, suspension bridge, and multiple connection 
bridges. Among them, this study investigated a cable-stayed 
section.  SHM Systems have been operating from the beginning 
of the construction stage to monitor the in-service condition. 
Figure 1 illustrates the layout of the SHM sensors of the bridge.  
The vertical accelerations were collected at the center of the 
main span with a sampling frequency of 100 Hz.  Wind 
direction and wind velocity were obtained using two types of 
anemometers, ultrasonic type (Windmaster Pro, UK) and 
propeller type (RM-YOUNG 05106, USA), at the center of the 
main span. The anemometers were installed at the height of 5 
m to reduce the flow disturbance of the deck. 

 

 

Figure 1. The SHM sensors layout of the bridge 

 

 Vortex-Induced Vibrations (VIVs) 

The bridge opened to the public in April 2019, and 
unexpected vortex-induced vibrations (VIV) were reported in 
July 2019 for two hours.  As shown in Figure 2, the wind 
velocity ranged from 6.43m/s to 9.95m/s, and the maximum 
acceleration exceeded the serviceability limitation of 0.5𝑚/
𝑠 (displayed as a red dotted line) suggested by Korean design 
guidelines [10]. Therefore, to mitigate these unexpected 
vibrations below the serviceability line, additional multiple 
tuned-mass-dampers (TMDs) had to be installed, causing extra 
maintenance costs. 

 

(a)  
 

(b)  

Figure 2. Measured VIV at the center of the main span of the 
bridge (July 2019): (a) vertical acceleration, (b) wind velocity  

 

3 DEVELOPMENT FRAMEWORK OF THE VIV 
CLASSIFIER 

 Knowledge-based feature selection 

Based on the well-established wind engineering knowledge, 
wind speed and degree are known as an influential factor for 
developing VIVs. Also, VIV involves the dominant single-
mode vibration. As shown in   

Figure 3, the ratio between the Power Spectral Density (PSD) 
amplitude of target mode and the adjunct mode was defined as 
PSD Ratio (PR) by the following equation (1), which is 
expected to increase considerably during VIV. Therefore, four 
features: 1) wind speed, 2) wind degree, 3) PSD amplitude of 
target mode Ω , and 4) PR of target mode were selected as 
the model training features. 
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 PR 𝛺
| |

 (1) 

  

Figure 3. Definition of PSD Ratio (PR) of target mode (Ω ) 

 

 Soft labeling method 

Data labeling is one of the most crucial processes in 
supervised learning applications. This study suggests a novel 
soft labeling method, a simple data labeling approach that 
applies a predefined threshold to divide monitored data into two 
classes.  The 1-min peak factor of acceleration is selected as the 
threshold to label each sample to VIV or non-VIV cases called 
the peak factor threshold (PFT).  In this way, data segments, of 
which peak factor is below PFT, are labeled as VIV cases 
(positive), while others as non-VIV cases (negative). This 
approach was proposed to weekly label data based on the PFT 
for generating training data sets and let the classification model 
precisely classify all test data into VIV and non-VIV classes 
based on the trained wind and vibrational features. Figure 4 
shows a confusion matrix for binary classification. The FP 
samples were re-defined as follows: weak VIV, which has the 
wind and vibrational characteristics of VIV with a peak factor 
over the labeling threshold value (referred to as ‘semi-VIV’ 
case). This study assumed that the well-trained network could 
classify week VIVs into FP (semi-VIV class), which includes 
the cases in the developing stage of VIV or along with the other 
excitation sources such as traffic loads. Since this process is a 
sensitive task for the classifying data samples located at the 
boundary between VIV and non-VIV classes, a comprehensive 
evaluation of the trained model for each labeling threshold 
value should be required by examining the initially positive 
labeled samples (TP) and reclassified ones (FP) as well. 

 

 

Figure 4. Confusion matrix for binary classification 

 Classification model 

Artificial neural networks were considered as a classification 
model structure to handle the complex nature of VIV shown in 
previous chapters.  In this study, a Fully Connected Layer (FCL) 
was adopted. As shown in Figure 5, the classification model 
uses the selected wind and vibrational features of data as the 
input values, consisting of several hidden layers. When training 
begins, the negative and positive data set are randomly selected 
from each labeled data set, maintaining the proportion of the 
two groups equal 1, and then the internal parameters are 
updated based on the error gradients derived from the loss 
function for every training epoch.  When the validation loss 
does not significantly decrease for predefined epochs, the 
training process automatically ends and optimal parameters of 
the neural network are re-chosen. 

 

 

Figure 5. Model structure 

 

4 ASSESSMENT OF FIELD APPLICABILITY 

The classification model was applied to the investigated 
bridge with long-term monitoring data collected from January 
2019 to September 2019, whose acceleration data includes 
several types of vibrations, such as fully or partially developed 
VIVs. The classification results were discussed with a 
Velocity-Acceleration (V-A) curve and the corresponding 
confusion matrix. According to the assumption, a well-trained 
model should classify semi-VIVs as well as VIVs classified 
initially as the positive class.  Figure 6(a) shows the confusion 
matrix obtained from the validation data, which constitutes 20 
percent of the total available data sets.  The number of FP cases 
was relatively high. However, in Figure 6(b), the V-A curve 
confirmed whether these FPs are actual false positive errors or 
semi-VIV classification.  As expected, the FP and TP were 
located relatively close to each other, and most of their RMS 
acceleration values clearly showed the characteristics of VIV, 
which indicates that the model extracted meaningful 
environmental conditions of VIV by reclassifying VIV cases, 
not labeled initially as VIV, as VIV classes (FP). 

 

(a)  
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(b)  

Figure 6. VIV classification results: (a) V-A curve, (b) 
confusion matirx 

 

5 CONCLUSION 

This research aimed to develop a data-driven framework for 
automated VIV classification by introducing a soft labeling-
based artificial neural network model. A numerical application 
was applied to the monitoring data collected from a long-span 
bridge in operation, and the classification performance of the 
model was evaluated in terms of the confusion matrix and V-A 
curve.  The selected features are simple, and training datasets 
can be effectively labeled with the soft-labeling method. More 
importantly, the suggested framework does not require any 
human-based threshold values of the selected environmental 
and vibrational features, which could be advantageous for a 
current bridge operating system. This research suggests an 
interesting possibility that a customized classification model 
could be developed with an SHM system of each bridge by 
considering the bridge-specific environmental conditions. 
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ABSTRACT: It is important to assess existing reinforced concrete (RC) structures due to damage happened in their service life. 
Considering 3D scanning technology, this study accordingly investigates the method to automatically develop finite element (FE) 
analysis that incorporates existing cracks and deformation based on the 3D point cloud of RC beams. The study is divided into 
three steps: (1) Geometric information and deformation are extracted using a slice-based method based on point clouds. (2) 
Existing cracks in an RC beam are detected using the color-based crack extraction method followed by calculating dimensions of 
cracks. (3) FE models are developed, and the nonlinear analysis of the RC beam is performed. The results show that the proposed 
approach can accurately convert the point cloud of RC beams into FE models and automatically carry out nonlinear FE analysis. 
Furthermore, the approach shows a high potential for the assessment of existing structures based on 3D point clouds. 

KEY WORDS: Point cloud; Crack and deformation extraction; FE model; Nonlinear analysis. 

1 INTRODUCTION 
Damage due to natural aging and increasing service demand 
has posed a threat to the safety of existing structures. Hence, it 
has become extremely important to rapidly and accurately 
evaluate the load-carrying capacity of existing structures to 
ensure their service safety. However, current inspection 
methods are mostly manual and empirical. This makes it 
considerably difficult to evaluate in-service structures. 
Contrary to conventional inspection methods, the innovative 
3D scanning technology allows for the reliable and rapid 
collection of points on structural surfaces by measuring the 
distance between scanner and objects, this makes it possible to 
conveniently collect in-situ information of existing structures. 
Accordingly, most existing studies have mainly focused on 
converting 3D point data into finite element (FE) models for 
further structural assessment [1-3]. 

Truong-Hong et al. [4] reported three main applications of 
point clouds, namely, deformation measurement, damage 
detection, and 3D as-is model generation. For deformation 
measurement, most works have examined deformation of beam 
structures followed by validation based on point cloud data [5-
8]. However, the effect of deformation on load-carrying 
capacity was rarely studied. For damage detection, the surface 
normal-based damage detection method [9] shows excellent 
performance for damage detection. This method labels crack 
points when the angle between the associated normal vectors 
and reference normal falls out a certain range. However, the 
influence of extracted cracks on structures was not studied. For 
3D as-is model, Tang et al. [10] reviewed the related 
technologies, including modeling surfaces and volumes. 
Additionally, Lu et al. [11] and Riveiro et al. [12] segmented 
the point cloud data of beam and arch bridges, respectively; this 
makes it possible to model each component separately. 
Moreover, Yan et al. [13] proposed the two and three 
dimensional voxel-based mesh generation for FE models. This 
significantly facilitates FE analysis with as-is conditions of 
existing structures, because the generated FE models were 
accurately obtained according to the actual situation of existing 
structures. Regarding more complex structures, Castellazzi et 

al. [14] and Bitelli et al. [3] established an FE model of a 
historical building and validated it through linear analysis. 
Their results show considerable potential ability for structural 
assessment of the FE model generated from point cloud data. 
However, only a few studies, such as the works of Ghahremani 
et al. [15] and Bassier et al. [16], considered cracks in FE 
models, even though this is extremely important for structural 
assessment. 

Prior studies have explored different methods from damage 
detection to FE model generation based on point clouds. 
However, Automatically conducting nonlinear FE analysis of 
damaged RC structures based on point clouds has not been 
widely studied. The aim of this study is to develop a method to 
automatically perform FE analysis of RC beams while 
incorporating existing cracks and deformation based on point 
cloud data. In this paper, a 3D as-is model is built, and cracks 
are detected. Then, an FE model is automatically generated. 
Furthermore, nonlinear analysis is conducted to validate the FE 
model and predict the load-carrying performance of an RC 
beam. The results of this study provide a basis for the 
automation of converting point cloud data into an FE model and 
show the potential of using point-cloud-based FE models for 
structural assessment. Figure 1 shows the workflow of the 
proposed solution. 

 
Figure 1. Workflow of the proposed solution. 
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2 COLLECTION OF POINT CLOUD DATA OF RC 
BEAM 

An RC beam subjected to a 3-point bending was tested. The 
cross section of the RC beam was rectangular, with dimensions 
of 101.6 mm × 152.4 mm, and the length of the beam was 609.6 
mm. In addition, two steel rebars with a diameter of 6.35 mm 
each were set up at the bottom of the RC beam. Note that there 
were no steel stirrups. The material properties of concrete and 
reinforcement are summarized in Table 1 and Table 2, 
respectively, according to fib Model Code 2010 [17]. The RC 
beam was monotonously loaded at its midspan, and the load 
was increased at a rate of 3.56 kN/min until failure. Three steel 
plates were used to prevent the local damage of the RC beam. 
The RC beam cracked at 26.7 kN and exhibited high ductility 
after cracking. Finally, the RC beam was scanned by 
DotProduct DIP8S [18] to collect its point cloud data (see 
Figure 2), which were used to validate the proposed method. 
The geometry and loading scheme of the RC beam are shown 
in Figure 3. 

 
Figure 2. Point cloud of RC beam. 

 

 
Figure 3. Geometry and loading scheme of RC beam with 
reinforcement indicated in red (dimensions in mm). 

Table 1. Material parameters of concrete. 

Parameter Value 
Young's modulus (MPa) Ec = 36000 
Poisson’s ratio v = 0.3 
Compressive strength (MPa) fcm = 36 
Tensile strength (MPa) fctm = 2.76 
Fracture energy (N/mm) Gf = 0.139 

 

Table 2. Material parameters of reinforcement. 

Parameter Value 
Elastic modulus (MPa) Ec = 200000 
Yield strength (MPa) fy = 240 

 

3 AS-IS 3D MODEL 

 Model primitives 

Primitives of an RC beam are its six surfaces (front, end, left, 
right, top, and bottom surfaces) which represent the shape of 
the beam (see Figure 4). Therefore, this subsection aims to 
segment the point cloud and obtain each surface of RC beam. 
Note that special considerations should be given to the top 
surface because it was deformed owing to the application of 
load. 

The collected point cloud of RC beam was denoted as P. To 
improve computational efficiency in the following, voxel 
downsampling with a 10 mm grid was implemented to create a 
uniformly downsampled point cloud. Then, outlier removal 
algorithms based on radius or statistics were used to remove the 
outliers caused by measurement errors [19]. After this 
operation, surface normal estimation [20] was implemented on 
P to obtain its vertex normals. As there are limited methods for 
determining the orientation of normals, the absolute value was 
used to ensure that the orientation of normals is consistent with 
the positive direction of the coordinate axis. Based on the 
vertex normals, K-means cluster method was used to divide P 
into three clusters (clusteri, i = 1, 2, 3) whose vertex normals 
were aligned with three coordinate axes respectively. Then, 
DBSCAN cluster method [21] was implemented to segment 
points in each cluster. Finally, five clusters were obtained 
(clusterij, i = 1, 2, 3, j = 1, 2). Each cluster represented a surface 
of the RC beam (see Figure 4). Note that cluster31 was null 
because the bottom surface was not scanned, as it could not be 
reached by the scanner. Additionally, there was a hull on the 
top surface at the location where the loading device was placed. 
Hence, DBSCAN algorithm divided cluster32 into two parts. 
Therefore, an additional process was required to merge these 
parts into one cluster. Next, a 3D plane was fitted to each cluster 
using least squares method and Singular value decomposition 
(SVD) was implemented to solve this problem [22]. Figure 4 
shows one of the fitted planes (plane12 for cluster12). Note that 
top surface was not fitted here and its modeling is discussed in 
subsection 3.2. 

 

 
Figure 4. Point cloud segmentation and plane fitting; points 
with different colors represent different surface clusters. One of 
the fitted planes (plane12) is shown as a transparent gray plane. 
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 Deformation extraction 

A local coordinate system (denoted Oxyz) was established 
firstly. Two additional planes were fitted using the two ends of 
the top surface points. Together with the four planes obtained 
in subsection 3.1, four intersections Vi (i = 1, 2, 3, 4) and their 
middle points on each edge were calculated, that is, M12, M34, 
M13, and M24, where M12 = (V1+V2)/2, M34 = (V3+V4)/2, M13 = 
(V1+V3)/2, and M24 = (V2+V4)/2. Then, the directions of the axes 
were set according to vectors 1 34 12n M M= −  and 

2 13 24n M M= − . As shown in Figure 5, the directions of the 
axes were 1xn n= , 1 2y xn n n n= −  , and 

z x yn n n=  . The 
deformation of the RC beam was accurately calculated after the 
points were transformed into the structural coordinate system. 

 

 
Figure 5. Establishment of the structural coordinate system. 
Blue and cyan points represent the two ends of the top surface. 
The transparent planar quadrilaterals represent the 
corresponding fitted planes. 

 
The deformation of the RC beam caused by loading leads to 

large errors when representing the top surface by a 3D plane. 
This work developed a slice-based method to estimate the 
deformation of the RC beam. The deformed surface was sliced 
along the x axis, and a 3D plane was fitted to each slice. Note 
that the second component of the fitted 3D plane normal was 
ignored assuming that RC beam is not tilted in the y-axis 
direction. In this manner, the deformed surface was accurately 
described through a series of planes. Figure 6 demonstrates this 
process. The slice number (denoted Nb) was set to be 11; the 
reason for this is discussed in detail in subsection 6.1. Through 
Nb-1 slice planes Ki (i = 1, 2,…, Nb-1), Nb beam slices 

 ( )| 1,2,b b

i i b
S S P i N =  were obtained. Along with the 

left and right planes, eight points (denoted Bi (i = 1, 2,…, 8)) 
that defined a 3D box for each slice were obtained. Note that 
there were divergences between adjacent slices. For example, 
the locations of B1 and B4 of Sb

i were generally not the same as 
the locations of B2 and B3 of Sb

i+1, respectively. As this was 
caused by fitting error, the most simple and effective method of 
smoothing the plane series was to merge the adjacent points 
using their average values. 

 
Figure 6. Schematic of slice-based method for extracting 
deformation. Sb

i indicates beam slices, and ki indicates the 
slicing plane. One of the beam slices is shown in the middle. 

 
Figure 7. Series of beam slices obtained by slice-based method. 
Gray points represent point cloud of RC beam, and wireframes 
of different colors indicate beam slices. 

 
As the bottom surface was not scanned, its location and shape 

must be determined reasonably. According to the bending 
behavior of the RC beam in the test, the bottom surface was 
assumed to be identical to the top surface. Accordingly, the 
question of modeling the bottom surface was converted into the 
question of determining the distance between top and bottom 
surfaces. The average height of the two side surfaces was 
estimated to determine this distance (see Figure 6). While 
slicing the RC beam along the x axis, the slices of the two side 
point clusters were also obtained. Then, the height of each slice 
was set to be the distance between the maximum and minimum 
z axis coordinates. After median filtering, the average of these 
heights was set to be the distance between the top and bottom 
surfaces. Therefore, the bottom plane series were obtained by 
copying the top plane series and moving them down by the 
aforementioned distance along the z axis. The final result is 
shown in Figure 7. 

4 COLOR-BASED CRACK EXTRACTION 

 Crack detection 

Point cloud data typically contain RGB information. Similar to 
the basic image processing such as colorspace changing, 
smoothing, and thresholding [23], the proposed color-based 
crack extraction method also does these operations but directly 
on the point cloud rather than pixels in an image. Supposing 
Gray(pi) denotes the gray value of point pi, pq denotes a query 
point, and Pr is the set of the neighbors of pq. For each point 

ri rp P , ri qp p r−  is satisfied, where r is the parameter of 
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the neighbors. Median filtering is firstly performed by 
replacing the gray value of pq with the median of the gray 
values of Pr. After this process, every point is checked whether 
it is a crack point. If ( )ray q rG p G , where 

( )
1=
N

ri r

r ri

p p

G Gray p


 , then pq was labeled as a possible crack 

point and its color was set as red (see Figure 8 (a)). It should be 
ensured that r is slightly larger than the width of the crack so 
that the algorithm can detect all crack points.  

There were numerous misclassified crack points among the 
extracted possible crack points. To obtain actual crack points, 
the DBSCAN algorithm [21] was used to divide the possible 
points into clusters, and the clusters that were too small to be 
cracks were directly filtered to acquire the main possible crack 
clusters (see Figure 8 (b)). Then, the actual crack cluster was 
selected according to specific features such as the ratio of the 
length to the width of the bounding box of crack clusters and 
the location where cracks were usually distributed (see Figure 
9). 

 

 
Figure 8. Color-based crack extraction: (a) crack point 
detection with possible crack points colored red; (b) main 
possible crack clusters with their black bounding boxes. 

 

 
Figure 9. Point cluster of crack with bounding box. 

 Crack dimension calculation 

Based on the idea of slicing, dimensions of a crack were 
computed using the method introduced by Burcu et al. [9]. 
First, the radius-based sparse outlier removal algorithm was 
implemented [19], all points that do not have enough number 
of neighbors (n = 2) within the specified radius (r = 2) are all 
removed (see Figure 10 (a)). Then the principal component 
analysis algorithm [24] was used to determine the main 
direction of a crack and simultaneously establish the crack 
coordinate system (denoted Otn). As shown in Figure 10 (b), 
crack point cluster was split into Nc slices along t axis. Pc refers 
to the point cluster of a crack, and d refers to the width of slices. 
The slices are denoted as  ( )| 1,2,c c

i i CS S P i n = , where 
Sc

i is the set of the points (psi) that satisfy the formula 
( )( ) ( ) | 1 0

si sisi p pp x i d x i d− −   −   . For each crack slice 

Sc
i, SVD was used to fit its centerline (denoted li) Then, the 

orthogonal distance of each point c

si ip S  to centerline li is 
computed as 

sid . Based on these values, crack width dci of slice 
Sc

i was set to be the 80% quantile of dsi. This is because there 
would be some atypical extreme values caused by the small 
inclination of centerline or outliers in crack points. The 80% 
quantile value makes the method more robust. The detailed 
slicing results are discussed in subsection 6.1, and the best 
result for crack length and width of each slice (Nc = 10) is listed 
in Table 3. 

 
Figure 10. (a) Noise filtering of crack cluster, red points are 
filtered and black points are remained. (b) Crack dimension 
quantification (adapted from Burcu et al. [9]). 

Table 3. Dimensions of crack slices.  

Slice length (mm) Slice width (mm) 
12.3 4.6 
16.3 4.0 
12.4 4.8 
12.4 5.0 
17.3 4.0 
14.0 3.6 
13.1 4.1 
12.3 3.8 
15.3 2.8 
13.9 2.2 
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5 FE MODEL 
As-is 3D geometrical model and extracted crack were used for 
establishing the FE model. Note that the position of the 
reinforcement was determined in advance rather than obtaining 
it from the point cloud. The Python (version 3.6.1) API of 
DIANA [25] was utilized to build the FE model. It not only 
considered deformations through a series of slicing planes but 
also incorporated the existing crack (see Figure 11). Blomfors 
et al. [26] discussed two methods of incorporating existing 
cracks in FE models. In this study, the method of using reduced 
element properties was selected owing to its convenience and 
fitness to the FE model. This method does not require specific 
considerations in FE model and directly assigns reduced 
material properties to the elements in the crack area according 
to the relationship between tensile strength and crack width, 
such as Hordijk [27] tension softening model (see Figure 12). 
As the width of the existing crack was sufficiently large (the 
max width of crack reach about 5.0 mm), the material 
properties of the crack were reduced by a factor of hundred to 
model the complete crack behavior. Additionally, the surface 
crack was assumed to extend over the entire width of the beam, 
given that the cracks on both sides were almost identical. 

Other modeling considerations included boundary conditions 
and structural nonlinear modeling. In the FE model, load plates 
and support plates were used to prevent stress concentration. 
Additionally, an interface with nonlinear elastic behavior was 
utilized to model the interaction between concrete and plates. 
Additionally, the eight-node isoparametric solid brick element 
based on linear interpolation was used for concrete, and 
concrete was modeled based on the total strain crack model 
with rotating cracks [28, 29]. The compression behavior was 
modeled as the modified Thorenfeldt curve [30, 31] (see Figure 
12), and the lateral expansion effect was modeled according to 
Vecchio and Collins [28]. Moreover, the tension behavior was 
modeled as the Hordijk curve [27]. and the crack bandwidth 
was specified using Govindjee’s projection method, which 
depends on the principal strain direction and element size [32]. 
The reinforcement was modeled as embedded reinforcement 
based on the Von Mises plasticity model [33]. This model 
assumes that the reinforcement is fully coupled with the mother 
elements and does not allow for any relative slip. This implies 
perfect bonds between the reinforcement and surrounding 
concrete. Figure 16 shows the relationship between stress and 
strain used for concrete, and the detailed material parameters 
are shown in Table 1 and Table 2. 

 
Figure 11. FE model: Existing deformation and crack are 
incorporated. Crack is colored red and assigned with reduced 
material properties. The right part of the concrete element is 
hidden to show the embedded reinforcement represented by 
orange line. 

 
Figure 12. tress–strain relation for concrete; Thorenfeldt model 
[31] for compression and Hordijk model [27] for tension. 

 

6 RESULTS AND DISCUSSION 

 Optimal slice number 

Slice number is an important parameter for building the 
geometrical model. Both the crack dimensions calculation and 
deformation extraction depend on this parameter.  

For the slice number Nc in crack dimension calculation, 
Figure 13 shows the results of crack dimension calculation with 
slice number Nc = 4, 10, 14, and 18. The centerlines and their 
normals show varying degrees of agreement with crack points; 
this implies different crack dimension errors. In the case of 
small slice numbers, the crack was heavily simplified. (see 
Figure 13 (a)); this would cause a large miscalculation of crack 
width. Nevertheless, in the case of higher slice numbers, SVD 
method fails to determine directions of centerlines owing to a 
limited number of crack points in each slice (Figure 13 (d)). 
The centerlines and crack points show good agreement for Nc 
= 10 (see Figure 13 (b)). Therefore, Nc should be determined 
intuitively according to the trend of crack points. 

Similar to slice number Nc, It can be seen that the top surface 
is fitted with different fitness using different slice number Nb, 
especially the happened divergence enclosed by the black box 
in Figure 14 (a) and (d)). The reasons for this phenomenon are 
as follows: (1) Small number slices cannot adapt to the changes 
in the distribution of points. For example, when Nb = 3, the 
second slice cannot be represented by one plane, thereby 
causing large discontinuities between the first and second 
slices. (2) Large number slices may localize fitting results. If 
the slice number is extremely large, the number of points in 
each slice may be too small to fit a 3D plane. In fact, if the slice 
number is large enough, the center of each slice is sufficient for 
representing the deformed shape and the 3D plane fitting 
become meaningless. Therefore, an extremely large slice 
number is not optimal. The slice number should make the slices 
consistent with the trend of deformed surface. 
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Figure 13. Crack dimension extraction with different slice numbers: (a) Nc = 4; (b) Nc = 10; (c) Nc = 14; (d) Nc = 18; The centerline 
of each slice is colored blue, and the corresponding normals are colored red. 

 
Figure 14. Deformation extraction with different slice numbers: (a) Nb = 3; (b) Nb = 7; (c) Nb = 11; (d) Nb = 15. Only side view of 
the upper surface is shown. (dimensions in mm). 

 
Figure 15. Surface fitting: (a) B-spline surface with blue control polygon and red control points; (b) polynomial surface. 
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 Comparison of slice-based method and curve surface 

fitting 

A surface-based model typically represents a curved surface 
using polynomial surfaces and B-spline surfaces [10]. These 
surfaces are generally fitted using the least squares fitting 
method, which minimizes the sum of the squared residuals 
between data points and fitted values [5, 34]. To show the 
difference between the proposed method and surface fitting 
method, a polynomial surface of degree 4 in the x direction and 
degree 2 in the y direction and a B-spline surface with six 
control points in x direction and four control points in y 
direction were fitted to the point cloud data (see Figure 15). The 
deformation of the top surface obtained by each method is 
shown in Figure 16. The degree of deformation obtained by 
each method is similar; however, the deformation obtained by 
the B-spline surface shows considerable differences in the 
width direction. This is because the fitting method allows 
different deformations along width direction at the same span 
position and easily cause overfitting to local data points. This 
is also observed in the case of the polynomial surface. Though 
this problem can be alleviated by selecting appropriate 
parameters, this is generally difficult. Contrary to the surface 
fitting method, the slice-based method simply assumes 
deformations along width direction at the same span position is 
the same, thus, the result is more consistent with the bending 
theory and the modeling algorithm is more efficient than 
surface fitting method without complex parameter 
optimization, especially when RC beams were long. The only 
shortcomings of the slice-based method are that surface 
continuity cannot be ensured and an additional method of 
filling point clouds is required when gaps appear in point cloud 
data. 

 
Figure 16. Deformation of top surface: (a) B-spline surface; 
(b) polynomial surface; (c) series of planes (dimensions in mm). 

 Nonlinear FE analysis 

The obtained FE model was tested using nonlinear structural 
analysis. The prescribed deformation (-3 mm in the z direction) 
was applied on the centerline of the load plate in 20 steps with 
an increment of 0.05 and 20 steps with an increment of 0.1. The 
Newton–Raphson method with a maximum of 60 iterations was 
used for the equilibrium iteration, and the convergence norm 
based on energy was set to be 0.02. Load–displacement curves 
were obtained through the analysis (see Figure 17), and the 
maximum principal strain is shown in Figure 18. Results show 

that the existing crack continues to develop upward and RC 
beam still can bear a certain load. Therefore, elements with 
reduced material properties can well reflect the influence of 
existing cracks, and this method shows the high application 
potential of the point-cloud-based FE model for nonlinear 
analysis. 

 
Figure 17. Load–displacement curves of FE model. 

 
Figure 18. Maximum principal strain from nonlinear analysis 

CONCLUSIONS 
A method of incorporating existing cracks and deformation 
from 3D point clouds into an FE model was developed. 
Geometric information extraction, color-based crack 
extraction, and FE model analysis based on 3D point cloud data 
were discussed in detail. The FE model was validated through 
the nonlinear structural analysis of an RC beam considering the 
reinforcement information is known. The results show that the 
proposed method significantly automates the process of 
converting point cloud data into the FE model for nonlinear FE 
analysis. In addition, the developed FE model can enable 
engineers to assess existing structures with detailed information 
such as cracks and deformation. The main conclusions of this 
study are as follows: 
• The deformed shape of the RC beam can be accurately 

described using 3D plane series. The proposed method 
does not require complex parameter calculations 
comparing to surface fitting method. 

• The proposed color-based crack extraction can directly 
extract cracks from a point cloud followed by quantifying 
crack dimensions. The key steps in this process are 
denoised gray value filtering and adaptive thresholding 
using neighboring points within a fixed radius r of a query 
point. Detection accuracy depends on color information 
and the resolution of point cloud data. 

• Existing cracks are incorporated in the FE model using 
reduced material properties. These properties can be 
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obtained from the relationship between tension and crack 
width. 

• The proposed point-cloud-based FE model, which 
considers existing cracks and the deformation of RC 
structures, shows high application potential in structural 
assessment. 
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ABSTRACT: Structural Health Monitoring (SHM) systems have been heavily studied worldwide in the past decades. In this 

field, extensive research has been carried out on vibration-based damage detection (VBDD) techniques in civil structures, 

especially in bridges. Dynamic responses of a structure manifest a certain degree of sensitivity not only to structural damage but 

also to any change in operational and environmental conditions, these last factors can mask structural damages. In this sense, the 

main objective of this paper is to separate structural damage conditions from the changes caused by the environmental effects in 

a numerical benchmark bridge structure. Temperature is chosen as a global environmental parameter for its significant impact 

on the waveform, and the Instantaneous Phase Difference (IPD) obtained from an analysis of the Hilbert spectral is studied as 

the vibration damage feature. Principal Component Analysis (PCA) is applied mainly to the IPD in order to eliminate the 

environmental influence. Due to the lack of experimental data including the temperature effects, the effectiveness and 

robustness of the proposed procedure is applied to a numerical benchmark bridge structure generated as part of COST Action 

TU1402 on quantifying the value of information (VoI) in SHM. The benchmark model consisted of a two-span steel bridge 

under operational (vehicular traffic) and environmental variability, in which two levels of damage were introduced. The 

dynamic responses in both healthy and structural damage conditions were obtained from a nonlinear time-history analysis using 

an open access Python code. As the main concluding remark, the suitability of Hilbert-Huang Transform combined with a PCA-

based approach and the instantaneous phase difference to achieve a more robust damage assessment algorithm is verified for the 

numerical benchmark bridge. 

KEY WORDS: Damage detection; Instantaneous Phase Difference (IPD); Hilbert-Huang Transform (HHT); Temperature effect; 
Principal Component Analysis (PCA). 

1 INTRODUCTION 
Nowadays, the use of damage identification methods based on 
structural dynamic parameters, such as natural frequencies, 
mode shapes, and curvatures are being widely studied [1-3]. 
However, there is limited information about studies of 
instantaneous frequencies and phase as a dynamic parameter 
for damage identification on bridges [4-7]. In addition, for 
civil structures like bridges, dynamic parameters are always 
influenced by the environmental variability (e.g. ambient 
temperature) and operational factors, these conditions may 
disguise the changes caused by structural damages [8]. 

In the literature, generally the bridge structures are 
influenced by the environmental variability, especially the 
temperature plays a major role in the variation of vibration 
properties. Yan et al. [9] used a two-step procedure, namely a 
clustering of the data space into several subregions and the 
application of local PCA-based damage detection method for 
the structural health monitoring in a real bridge called Z-24. 
This method presents two advantages (i) the anomaly of some 
analyzed days disappears as the non-linearity is taken into 
account by the local PCA-based method (ii) the novelty index 
(NI) values increase slightly for damage states with respect to 
those in the reference state, it means that the local PCA-based 
method is more sensitive to the damage. Many bridges were 
studied in the evaluation of model-based methods, which 
consists in get a correlation between the effects of 
environmental parameters (such as temperature, humidity) and 

the dynamic features (such as frequencies, modal shapes). In 
this context, the effects of environmental conditions on 
dynamic characteristics can be removed and quantified. For 
instance, the Z-24 bridge was studied with an AutoRegressive 
model with eXogenous input [10], a linear filter method was 
used for the Alamosa Canyon bridge [11], the Ting Kau 
bridge with a support vector machine algorithm [12]. Besides, 
others techniques like polynomial regression model [13], 
polynomial chaos expansion technique [14] and neural 
network model [15] were used for modelling dynamic 
parameters under environmental effects. 

On the other hand, another approach that is increasing more 
frequently is the non-model-based methods, which consists of 
extracting a relevant feature from the structural response, 
being this feature sensitive to damage but insensitive to 
operational and environmental factors [16]. Figueiredo et al. 
[17] used four machine learning algorithms such as factor 
analysis, Mahalanobis distance, auto-associative neural 
network and singular value decomposition to separate the 
damages caused by structural changes from those caused by 
environmental and operational conditions. Soo et al. [18] 
proposed a damage detection method based on principal 
component analysis capable of distinguishing between the 
effects of structural damages and the damages masked by 
environmental conditions. This method is tested in a two-
dimensional truss structure and in the Z-24 bridge, the results 
demonstrate the ability to distinguish damage effects from 
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environmental conditions that affect the damage sensitivity 
parameters. Hu et al. [19] used the principal component 
analysis to eliminate environmental effects in a dynamic 
monitoring system of a footbridge. In addition, a novelty 
analysis on the residual errors of the PCA model was 
proposed to provide a statistical indication of damage. Santos 
et al. [20] proposed four kernel-based algorithms for damage 
detection under varying environmental and operational 
conditions, one of which is the nonlinear extension of the 
linear PCA called kernel principal component analysis 
(KPCA). The KPCA showed a better performance than the 
linear PCA and others in an experimental study of three-story 
frame aluminum structure and shaker. More recently, the 
linear and nonlinear principal component analysis was used to 
distinguish between damage effects and environmental factors 
which affect the damage sensitivity features [17-18]. Hu et al. 
[21] developed a multiple linear regression (MLR) method to 
characterize the nonlinear relationship between natural 
frequencies and temperatures of a prestressed-concrete box 
girder bridge. The authors demonstrate the ability of the 
method to identify the gradually realistic deterioration for 
aging infrastructures using statistical pattern recognition 
methods. 

Recent studies [22-24] showed that the Hilbert-Huang 
Transform (HHT) and improvements of empirical mode 
decomposition (EMD) like ICEEMDAN, are widely used 
methods for analysis of non-linear and non-stationary signals 
in biomedical and civil engineering, and can be applied for 
damage identification in bridges [5-6]. The HHT [25] in 
conjunction with ICEEMDAN [22] method has been used in 
some scientific and engineering disciplines considering 
nonstationary and nonlinear physical phenomena. Besides, the 
researchers have used different sensible dynamic variables for 
damage identification such as Marginal Hilbert spectrum 
[4,6,26], phase difference [4,6], instantaneous frequency 
[5,27], instantaneous amplitude [5,27], a combination of 
instantaneous frequency and amplitude [27]. Additionally, 
Dragomiretskiy and Zosso [28] developed the Variational 
Mode Decomposition (VMD), which is an adaptative and 
non-recursive decomposition technique. Xin et al. [29] used 
VMD approach for structural damage identification in 
nonlinear building model through the decomposition of the 
dynamic responses. They used as damage sensitive features 
the instantaneous frequencies obtained from the HT in order 
to determine the location and severity of the damages. In 
general, there is little research in bridge applications that use 
these instantaneous parameters as indicators of damage and 
even more so including the study of the variation of 
environmental factors such as temperature that masks 
structural damage. Therefore, this article presents a new 
method based on Hilbert-Huang approach and Principal 
Component Analysis (PCA) in order to remove environmental 
effects from non-stationary and non-linear signals coming 
from the traffic effect, and subsequently to identify damages 
on bridges. 

The paper is structured as follows. In section 2, the basic 
concepts of Hilbert-Huang, Variational Mode Decomposition 
(VMD) and principal component analysis are introduced. 
Numerical benchmark model of a bridge is presented in 
Section 3. In section 4, the proposed approach is applied to 

this benchmark bridge to verify its effectiveness, two damage 
cases subject to environmental conditions (changes of 
temperature) are successfully identified. Finally, Section 5 
concludes the paper. 

2 FUNDAMENTALS OF METHODS FOR DAMAGE 
IDENTIFICATION 

2.1 Hilbert transform (HT) 

In the last decade, the Hilbert transform (HT) [25] has been 
widely used in many fields of engineering, it has been applied 
in conjunction with improvements of empirical mode 
decomposition like ICEEMDAN and VMD in solving static 
and dynamic, linear and nonlinear problems of damage 
detection in structures [5,6,27-29]. 

In this paper, the Hilbert transform and VMD are applied to 
a given signal of a benchmark numerical bridge to provide 
enhanced instantaneous phase difference (IPD) information 
and this IPD will be used for damage detection. Generally 
speaking, the Hilbert-Huang method aimed for decomposing a 
non-linear and non-stationary signal into a set of mono-
component signals and extracting the corresponding intrinsic 
mode functions (IMF). Having obtained the IMF components 
from time history x(t), the second step of the HHT method is 
implemented by performing the HT to each IMF component 
cn(t). The Hilbert transform of a real-valued time domain 
signal c(t) is another real-valued time domain signal, it can be 
denoted by (t)c , such that (t) c(t) i (t)z c= +  is an analytic 
signal. The subscript in cn(t) is dropped for simplicity, so that 
the following equation 1 can be written: 
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The VMD technique transforms a mode decomposition 
problem onto a variational solution problem and was used to 
overcome certain drawbacks found in the EEMD method. 
VMD can decompose a multicomponent signal into an 
ensemble of quasi-orthogonal band-limited IMFs with specific 
sparsity properties in the spectral domain. Mathematically, the 
constrained variational problem can be expressed as: 
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Where uk is the k-th IMF and ωk = center pulsation around 
which the k-th IMF is mostly compact, δ is the Dirac 
distribution and f is the original signal. The bandwidth of each 
mode is estimated by the squared H1 Gaussian norm of its 
shifted signal with only positive frequencies. Then, a 
quadratic penalty and Lagrangian multipliers λ are introduced 
to transformed into an unconstrained optimization problem. 
The remaining parameters are explained in detail by [28,30]. 

On the other hand, Kunwar et al. [4] and Salvino et al. [31] 
focused attention on the physical meaning of θ(t) (the 
instantaneous phase obtained with the HHT) to represent the 
phase of travelling structural waves of a dynamically 
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measurable quantity, such as the acceleration, strain, or 
displacement. θp(t) denotes the instantaneous phase at a 
particular location p on the bridge structure. If a point o on the 
bridge is chosen as a reference point, then the phase function 
relative to this reference point o can be expressed by the 
following formula: 

 (t) (t) (t)p p o  = −  (4) 

Where φp shows the relative phase relationship of a 
travelling structural wave for a given state of a bridge at the 
point p. Furthermore, due the changes in the dynamic 
conditions of the bridge that are caused by potential damages, 
the θp(t) will reflect this behavior as a change on the speed at 
which energy travels through the bridge. Therefore, in the 
present study, the instantaneous relative phase φp(t) is referred 
to as the Instantaneous Phase Difference (IPD), that 
demonstrated its good performance for damage identification 
and localization in many references [4,6,30,31]. 

2.2 Principal component analysis (PCA) 

PCA is a well-known linear method for data analysis, which is 
used for mapping multidimensional data and as a dimensional 
reduction tool [32]. In this regard, a large number of 
interrelated variables can be represented into low-dimensional 
uncorrelated variables by an orthogonal projection with 
minimal redundancy, in which the new reduced coordinates 
are known as principal components. Besides, damage 
sensitivity features collected from bridge structures subjected 
to environmental conditions can be processed by PCA to 
extract the main factors driving the variances in the data set 
[18]. In the present paper, PCA is used to extract the 
differences and similarities in the original data set rather than 
reducing the dimensions of the original data set. 

Firstly, Z denotes a nxp data set of n damage sensitivity 
features collected from p observations with n<p. In this study, 
one damage sensitive parameter such as instantaneous phase 
is chosen as the feature, this damage parameter is represented 
by n and p represents the amount of time the instantaneous 
phase is collected. Mathematically it can be shown as: 
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As mentioned [18], PCA transforms the data set X into a 
new mxp data set Y with smaller dimensions which 
characterizes most of the variances in the original data set. In 
this regard, a transform matrix T is used to relation the Y and 
X, which has dimensions mxn as shown in equation 6. 

 Y TX=  (6) 

Where Y is the score matrix and it represents a new set of 
data which combines the scores of each observation obtained 
for the factors affecting the original data set. The factors 
which represent the environmental effects are called principal 
components, these damage sensitivity features are affected by 
damage of structural components. Besides, the first principal 
components are represented by who present most of the 

variances in the original data set, and the second component 
accounts for the second most variance, and so on [18]. 

T is called loading matrix and its rows correspond to the 
eigenvectors of the covariance matrix of X. The singular value 
decomposition can be applied to obtain the eigenvectors of the 
covariance matrix X. This relationship can be expressed as 
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Where U = orthonormal matrix (UUT = I) whose columns 
represent the eigenvector of the covariance matrix of X (hence 
T = UT), and the summary is obtained by 
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Where the singular values are represented by 
1 1 2( , ,..., )mdiag    =  and 2 1 2( , ,..., )m m ndiag   + + = . 

The 1  and 2  are organized in descending order  

1 2 1( ... ... 0)m m n    +      → . Finally, the 
damage detection can be obtained considering the analysis of 
the only first few row of the score matrix (first few principal 
components in PCA method). Therefore, the number of 
principal components should be chosen carefully in order to 
avoid the false detections [18]. 

3 APLICATION TO THE NUMERICAL BENCHMARK 
BRIDGE 

In this section, a benchmark bridge was studied, which 
represents the superstructure component of a two-span 
continuous steel beam bridge. This benchmark numerical 
model was developed by [33] via open-source Python scripts 
which are made available through GitHub. This bridge was 
developed as a part the scientific networking project COST 
Action TU1402 on Quantifying the Value of SHM. 
This numerical model has a total length L = 20m as sketches 
in Figure 1. The bridge superstructure presents two-span 
continuous beam with equal span lengths (L1= L2=10m). This 
beam model has a rectangular cross section with constant 
width b = 0.1m and height h = 0.6m. The material of the beam 
is low carbon structural steel (Grade S235) and the 
mechanical properties are Young’s modulus E = 215 GPa, 
Poisson’s ratio ν = 0.3 and material density ρ = 7850 kg/m3 at 
ambient temperature of T = 20ºC. The three supports present 
106kN/m and 1015kN/m for the horizontal and vertical 
stiffness respectively. Finally, the study of the finite element 
analysis, mesh refinement and other considerations are 
reported in detail in [30]. The bridge is crossed by a punctual 
load at a specified speed representing the effects of the 
vehicular traffic. The passage of a vehicle is modeled as a 
moving load F with constant speed v, as plotted in Figure 1. 

 
Figure 1. Geometry of the benchmark numerical bridge. 
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On the other hand, several damage scenarios that represent 
“cracks” on the beam surface were imposed to the numerical 
bridge, which are modelled by reducing Young’s modulus at 
the Gauss points on particular finite elements. Furthermore, 
six sensing points called “sensors” are considered to provide 
information about the nodal variables in both x (horizontal) 
and y (vertical) directions. Six damage scenarios grouped in 
two damage regions are imposed and the sensors (green 
points) are shown in Figure 1. Their exact location is 
presented in Table 1. 

 

 
Figure 2. Location of sensors and damage scenarios in 
benchmark numerical bridge. 

Table 1. Location of sensors along the beam. 

Sensors Description Location along the neutral 
axis of the beam (y=0.3m) 

S-01 at ¼L1 left-hand x = 2.5 m- 
S-02 at ½L1 left-hand x = 5.0 m 
S-03 at ¾L1 left-hand  x = 7.5 m 
S-04 at ¾L2 right-hand x = 12.5 m 
S-05 at ½L2 right-hand x = 15.0 m 
S-06 at ¼L2 right-hand x = 17.5 m 

 
In order to simulate the extent of damage, each damage 

differs from each other in the number of damaged mesh 
elements, as presented in Table 2. For example, the damage 1 
and 4 involve an area of two damaged elements, the damage 2 
and damage 5 consider an area of four damaged elements, and 
finally the damage 3 and damage 6, a zone of six damaged 
elements. In addition, the damaged elements have a width of 
0.05 m and the height ranges from 0.1 to 0.3 m. 

Table 2. Description of damage states performed on the 
numerical steel beam. 

Damage scenarios Mesh  
elements 

Damage location 

Undamaged (UND) 0  
Damaged 1 (DMG1) 2 at ½ L1 from the left-hand 
Damaged 2 (DMG2) 4 support, starting from the 
Damaged 3 (DMG3) 6 bottommost edge 
Damaged 4 (DMG4) 2 at ½ L2 from the right-hand 
Damaged 5 (DMG5) 4 support, starting from the 
Damaged 6 (DMG6) 6 uppermost edge 

 
Additionally, the six damage scenarios are classified in two 

groups (GPD1 and GPD2) in order to study the influence of 
damage severity corresponding to the percentage of stiffness 
reduction (SR). The effects of damage extension are 
represented by the number of damaged elements.  For the 
group of damage 1 (GPD1), the damage is located at the mid-
left span (x=5m). The effects of damage severity are taken 

into account by reducing the stiffness by 50%, 70% and 90%. 
While for group of damage 2 (GPD2), the damage extension 
above the intermediate support was studied, for a 70% of 
stiffness reduction (SR=70%). 

4 RESULTS 
The time-varying parameter instantaneous phase difference 
(IPD) is defined as a local measurement recorded by sensors 
placed in several locations of the bridge, as shown in previous 
section. Considering a particular point in the bridge, the 
measurement of accelerations under transient loads may be 
treated as a local measurement since it represents the forced 
vibration behavior of this particular point (or mesh node in 
finite element modelling). Furthermore, this point is different 
from the vibration behavior at any other analyzed point in the 
bridge. 

The number of the IMFs m considered in the analysis, 
varies from sensor to sensor. For instance, m=6 for sensors S-
01, S-03, S-04 and S-06, and m=5 for sensors S-02 and S-05. 
The instantaneous modal parameters were obtained during 2 
seconds and an output time-step size of Δt = 0.0025 seconds 
(equivalent to a sampling frequency of 400 Hz) was selected 
to obtain the first three bending modes of vibration. 

The results for the healthy condition (undamaged) and the 
damage cases corresponding to GPD1 and GPD2 at 
temperatures of -10°C, 0°C, 20°C, 40°C are considered in the 
analysis to take into account the influence of the temperature 
effects.  In addition, three extreme cases at low temperatures 
around -30°C (blue lines) and other three extreme cases at 
high temperatures around 70°C (red lines) for the undamaged 
state were considered to create the baseline. From here on, 
both the undamaged cases and the damaged scenarios will be 
represented by the colors as shown in Figure 1. 

4.1 Instantaneous phase difference (IPD) 

In the whole analysis, the IPD has been calculated taking 
sensor 01 as the reference sensor. The IPD obtained from each 
IMF of sensor S-01 for the baseline (red and blue curves) and 
the other monitored cases at different temperatures (colorful 
curves) are shown in Figure 1. In particular, the monitored 
cases are found within the baseline limits. Moreover, the 
boundary condition effect is present at the end of the study 
time interval, particularly, in the high-frequency modes (IMF1 
and IMF2). 
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Figure 3. Instantaneous phase difference for different damage 
scenarios and temperature conditions corresponding to each 
IMF obtained from sensor S-01. 

The six modes (IMFs) shown in Figure 3 are taken into 
account for the application of PCA using data from 0.1 to 1.5 
seconds, which are equivalent to 560-time samples. In order to 
satisfy the ability for damage detection, the baseline should 
show a clear separation (gap) between the coldest and hottest 
limits. Furthermore, if the number of time samples meeting 
this condition is noted as S, then the percentage of these 
samples with respect the total number of samples studied will 
be expressed as Pgap = S/560x100. Considering the first 
principal component, the percentage of monitored samples 
lying inside (Sin) the temperature limits with respect to S can 
be computed as Pin = Sin/S. Likewise, in the case of the second 
PC, the percentage of time samples lying outside (Sout) the 
temperature limits with respect to S is expressed as Pout = Sout 

/S. 
In this sense, Figure 1 depicts the first two principal 

components for four undamaged cases at -10ºC, 0ºC, 20ºC and 
40ºC (from top to bottom). The monitored values are 
represented by black dots in all plots. For all cases, the two 
extreme conditions used as baseline have a clear separation 
between them, thus only the first component is used for 
analysis and the others are disregarded. Moreover, in the four 
cases, the magnitude of the observations in the PC1 is much 
larger than that in the PC2 for all four undamaged cases since 
the PC1 indicates nearly 100% of the information of the 
original data, while the PC2 merely represents any 
information. In addition, the percentage of gap, Pgap, in the 
PC1 is 100% for the four cases and all the monitored 
conditions are found inside the limits Pin = 100%. Afterwards, 
with respect to PC1, the evolution of temperature is plotted 
from the undamaged case at -10ºC to the undamaged case at 
40ºC. The monitored cases (black dots) displace from the 
coldest temperature limit (blue dots) to the hottest temperature 
limit (red dots) when increasing temperature. 

 

 

 
Figure 4. First and second PCs regarding the IPD obtained 
from sensor S-01 for four undamaged cases, from 0.1 to 1.5 s. 
and 4 temperature values. 

Likewise, the T-scores of the principal components was 
normalized for a better representation considering all damage 
cases. The T-scores corresponding to the baseline are 
standardized within 0 and 1, where 0 represents the limit of 
the highest temperatures (shown as red dots), and 1 represents 
the upper limit of the lowest temperatures (blue dots). Then, 
the normalized T-scores corresponding to the monitored cases 
are computed by a linear interpolation of the normalized T-
scores for the baseline. Finally, taking into account the fact 
that a gap (separation) should exist between the two extreme 
temperatures conditions, only the monitored cases at each 
time sample meeting this condition will be shown in the 
following plots. 

Figure 1 gives the first and second principal components for 
the damaged cases of the GPD1. Figure 1 reflect that all 
points meet the condition for damage identification purposes 
in PC1 (Pgap=100%), likewise, all the monitored cases lie 
inside the temperature limits (Pin=100%). The behavior of the 
monitored case tends to move to the hottest limit when the 
severity of damage increase, suggesting a rise in temperature 
when in fact there is not such a change. Besides, the influence 
of the highest and lowest-frequency modes in data set when 
the damage is severe make cause part of the damage to be 
interpreted as an increase in temperature. On the other hand, 
Figure 1 depict the damage evolution of the PC2. In this case, 
Pgap increases when the severity of damage grows from 42% 
to 100%, while all the monitored cases lie outside the baseline 
limits (Pout =100%) for all cases, giving rise to damage alerts. 
It should be pointed out that, when damage increases, the 
monitored cases are no longer dispersed and become more 
constant over time. This is consequence that the T-scores 
corresponding to the three extreme cases with close 
temperature are very similar. 
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Figure 5. First and second PCs regarding the IPD obtained 
from sensor S-01 for the damage cases of the GPD1. 

In conclusion, it can be noticed that as damage increases, 
more time samples between 0.2 and 0.8 seconds, 
approximately, meet the condition for damage detection. 
Therefore, it may suggest that the structural damage is located 
within this range, equivalent to 2 to 8 meters. 

Figure 1 gives the first and second principal components for 
the damaged cases of the GPD2. Figure 1 confirm that all the 
points meet the condition for damage identification purposes 
in PC1 (Pgap=100%), likewise, all the monitored cases lie 
inside the temperature limits (Pin=100%). Thus, the 
temperature condition is found at the temperature average of 
the two extreme conditions, which is 20ºC. Figure 1 depict the 
damage evolution of the PC2. In this case, Pgap increases when 
the severity of damage grows (from 2 to 4 damaged elements), 
except for the last case in which Pgap has been reduced with 
respect to the other damaged cases. This may be related to the 
influence of symmetric bending modes over the other. Finally, 
the percentage of monitored cases lying outside the baseline 
limits, Pout, is always 100% for all cases, giving rise to 
damage alerts. 

Additionally, with respect to the location of damage, a 
slight variation occurs around 1 second in the PC1 for all 
damage scenarios, right after the load passes over the damage 
zone. This may give a rough estimate of the location of 
damage and this change around 1 second can also be seen in 
the PC2, where the variance of the monitored cases increases, 
thus producing two clusters: one from 1 – 1.5 seconds above 
another from 0.2 to 1 second (Figure 1). 

 

 

 
Figure 6. First and second PCs regarding the IPD from sensor 
S-01 for damage cases of the GPD2, from 0.1 to 1.5 s. 

On the other hand, because the overall data set is very large, 
the results studied in the present investigation are only 

presented for three sensors. Figure 1 show the instantaneous 
phase (IPD) for each IMF under temperature variations for 
both sensor 4 and 6 respectively.  The monitored cases are 
found within the baseline limits and the boundary effects 
problem is present at the end of the study time interval both 
for sensor 4 and 6, especially in the high-frequency modes 
(IMF1 and IMF2). 

 

 

 
Figure 7. Instantaneous phase difference for the baseline and 
monitored cases obtained from sensor S-04. 

 

 

 
Figure 8. Instantaneous phase difference for the baseline and 
monitored cases obtained from sensor S-06. 

An in-depth study was done for sensors 4 and 6 and the 
results are plotted in Figures 9 to 12. Figures 9 and 10 show 
the results for GPD1 and GPD2 in sensor 4 respectively, and 
the Figures 11 and 12 depict same cases in sensor 6.  The 
results for sensors S-04 and S-06 show that for a low level of 
damage (SR50%), no damage is detected and for a stiffness 
reduction of 70%, the number of samples meeting the damage 
condition increases between 20 to 80 % as in S-01. 
Furthermore, in the sensors S-04 and S-06 for a SR over 70%, 
there is more dispersion of the monitored cases from 1 to 1.5 
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seconds, while from 0.2 to 1 seconds a clear cluster is 
identified. 

In conclusion, the proposed methodology is efficient to 
distinguish structural damage from temperature effects. 
Regarding the undamaged cases, the temperature condition of 
the structure can be estimated without the need of a direct 
temperature measurement. Regarding the damaged cases, 
generally when the damage increases, the number of time 
samples meeting the damage condition increases. Therefore, 
both the damage severity and the damage extension is 
reflected in the results. 

 

 

 
Figure 9. PC1 and PC2 obtained from sensor S-04 
corresponding to the GPD1. 

 

 

 
Figure 10. PC1 and PC2 obtained from sensor S-04 
corresponding to the GPD2. 

 

 

 
Figure 11. PC1 and PC2 obtained from sensor S-06 
corresponding to the GPD1. 

 

 

 
Figure 12. PC1 and PC2 obtained from sensor S-06 
corresponding to the GPD2. 

5 CONCLUSIONS 
The paper demonstrates the potential of the proposed 
methodology in assessing and monitoring the structural 
condition of the benchmark numerical bridge under changing 
operational and environmental conditions. The major 
advantage of this method is that damages are detected, 
localized and quantified using bridge response under 
operational conditions while considering the environmental 
variability like temperature. 

The results presented in this investigation show good 
performance of the damage-sensitive feature like 
instantaneous phase difference (IPD). In this sense, this time-
varying parameter was obtained using HHT-based method for 
each intrinsic mode function (IMF) under different 
temperature conditions. The principal component analysis 
(PCA) is adopted for data processing, and the first two 
principal components of each data set was analyzed, and the 
damage effects were distinguished from the effects of the 
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environmental variability. The IPD of each IMF linearly 
decreases along time with no fluctuations, and this damage 
feature can be a good parameter to separate the temperature 
effects from structural damages, as well as to detect the 
severity of damage.  

To conclude, this mixed combined method of HHT and 
PCA not only detect the presence of damage in the bridge, but 
also quantify the severity or extent of the damage by 
recognition of patterns in the original data set. 
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ABSTRACT: In a lot of countries, concrete bridges are reaching the end of their design service life. Some are suffering from 
degradation, inducing a reduced structural resistance and an increased probability of failure. The most important degradation 
phenomenon in reinforced concrete bridges is reinforcement corrosion. This corrosion varies in time, but also in space. Different 
models exist to predict the corrosion degree at a certain point in time. However, monitoring and inspections can be implemented 
to gain additional information on the deteriorating state of the bridge. Modal data of the bridge can be used to update the 
distribution of the corrosion degree, accounting for its spatial character. In this work, the distribution of the corrosion degree 
will be updated based on modal data. Moreover, the spatial character of the corrosion degree will explicitly be accounted for by 
the use of random fields, assigned to parameters appearing in the corrosion model. To optimally extract information on this 
spatial behaviour of the corrosion degree, an optimal sensor placement strategy can be followed. In this work, optimal sensor 
positions for measuring modal displacements and modal strains will be derived, based on a finite element model of a specific 
bridge. The sensitivities of the mode shape displacements and the modal strains with respect to the corrosion parameters will be 
quantified. These will then be used in the calculation of a prior estimate of the information entropy. Based on the latter, a 
forward heuristic sequential sensor placement algorithm will be used to derive the optimal sensor locations. 
 
KEY WORDS: Bayesian Updating, Structural Health Monitoring, Life-cycle cost 

 

1 INTRODUCTION 
An optimal sensor configuration of measurements should be 
selected as such that the resulting data are most informative 
on the actual condition of the structure [1]. By optimizing the 
sensor placement, the cost of the monitoring campaign can be 
reduced without compromising the quality of the obtained 
data [2]. In the assessment of existing structures, the 
identification of model parameters is often required [3]. 
Therefore, the number, type and locations of the sensors have 
to be estimated as such that the uncertainties of the estimated 
model parameters are minimized [4]. To account for this 
uncertainty on model parameters, Bayesian theory can be 
used. In this case, the utility function for the optimal sensor 
placement depends on the information entropy, which is a 
metric for the decrease in uncertainty from the prior 
distribution of the model parameters to the posterior 
distribution after updating based on the obtained data [2,5,6]. 
This information entropy depends on the sensitivity of the 
property measured to the model parameter to be estimated. 
There are two important challenges in the computation of the 
sensitivities required for the calculation of the information 
entropy and hence the derivation of the optimal sensor 
placement. First, the objective function is computationally 
expensive and second, first-order derivatives of the modal 
data to the model parameters need to be evaluated for 
complex structures often represented by finite element models 
[7]. 

An exhaustive search over all sensor configurations for the 
computation of the optimal sensor configuration is extremely 

time consuming and in most cases prohibitive [8]. Greedy 
approaches, can overcome this issue. These might end up in a 
local instead of the global optimum, but often provide 
solutions that are close to optimal. Examples hereof are the 
heuristic sequential sensor placement algorithms as used in 
[9]. These are more systematic and computationally very 
efficient [8]. Nevertheless, they are sensitive to initial 
candidate locations and the number of sensors, but might 
outperform genetic algorithms given the right starting 
conditions [2].  

In existing literature, the model parameters are often general 
parameters for the stiffness. For example, in [9] prior 
distributions are assigned to mass, damping and stiffness 
parameters. These distributions are then updated based on the 
measured modal data, for which the sensor placement is 
optimized. Also in [1,10] stiffness parameters are updated and 
in [4,11] distributions for the Young’s modulus are updated. 
In [12], Young’s modulus is also considered as an uncertain 
parameter, together with mass density and cross-sectional 
dimensions. In [13] stiffness parameters which have a linear 
relationship to the global stiffness matrix are updated. In order 
to locate damage (or regions with lower stiffness), in all these 
contributions the structure is divided in 
substructures/elements, each of which are modelled by an 
independent stiffness distribution. Hence, possible spatial 
correlation between these stiffness parameters is not 
accounted for. 

In this work, the focus will be on reinforced concrete 
bridges subjected to chloride-induced corrosion. In reinforced 
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concrete bridges, corrosion of the reinforcement is one of the 
most important degradation mechanisms. It will influence the 
stiffness of the structure by a reduced reinforcement section 
and due to a cracked concrete cover, arising from the 
expansive corrosion products. Hence, the parameters 
describing this corrosion model can be updated based on 
measurement data. The calculation of the information entropy 
requires the sensitivities of the modal data to these corrosion 
parameters. The relationship between these corrosion 
parameters and the modal data is non-linear and will be 
modelled with a finite element model. The sensitivities of the 
mode shapes to the corrosion parameters will be estimated 
directly based on the finite element model by the method of 
Nelson [14]. Furthermore, corrosion will be modelled 
spatially distributed over the bridge. To account for this 
spatial character, corrosion parameters will be modelled with 
random fields and common exposure conditions with a scalar 
variable which is constant over the whole structure. 

2 EXAMPLE STRUCTURE AND CORROSION 
MODEL 

As an example through this work, a simply supported RC 
girder bridge will be investigated. The investigated span has a 
length of 9.1 m and a width of 11.60 m. The deck is carried by 
five girders, each with a width of 400 mm and a height of 
600 mm. The main longitudinal reinforcement of the girders 
consists of eight bars with diameter 35 mm, in two layers of 
each four bars. The variables governing the degradation of the 
bridge are the diffusion coefficient D, the corrosion rate Vcorr 
and the surface chloride concentration Cs. The first two 
variables are modelled by a random field. The probability 
distributions for the different corrosion parameters are based 
on those provided by [15]. The corrosion rate Vcorr has a prior 
mean of 0.0116 mm/year and a coefficient of variation of 0.2 
over the whole random field. The correlation model of the 
random field is a squared exponential correlation model with 
correlation length 2 m along the length of the bridge and 
correlation length 5.8 m along the width of the bridge. The 
correlation length of 5.8 m equals two times the distance 
between two neighbouring girders. The bridge is therefore 
subdivided in 50 elements, 10 along its length and 5 along its 
width (i.e. corresponding to the position of the 5 girders). The 
diffusion coefficient of the concrete D is also modelled by a 
random field with marginal lognormal distribution. The mean 
value is 129 mm²/year and the coefficient of variation equals 
0.10. The correlation model is the same as for the corrosion 
rate. Finally, the chloride concentration at the surface Cs is 
modelled by the same distribution for all elements. The 
distribution for Cs is a normal distribution with mean 0.1 % 
and a coefficient of variation of 0.1 [15]. These variables are 
the ones that will be updated based on the measurement 
outcomes. The random fields are discretized with a Karhunen-
Loève (KL) decomposition according to equation (1), where 
13 modes are required in order to reach a maximum error of 
5%. The degradation model of the bridge is the same as 
mentioned in [16]. 

  (1) 

 

The reinforcement area is considered to reduce due to 
corrosion, according to equation (2). 

 

    (2) 
Here, nr is the number of reinforcement bars, R0 is the initial 

radius of the reinforcement, Vcorr is the corrosion rate, αp is the 
pitting factor and Ti the initiation period, which depends on D 
and Cs. 

3 OPTIMAL SENSOR PLACEMENT BASED ON 
INFORMATION ENTROPY 

The optimal sensor locations for parameter estimation can be 
derived from a metric called the information entropy. This 
information entropy can be used as a performance measure of 
a specific sensor configuration. The optimal sensor locations 
are found by minimizing this information entropy. To form a 
general idea of the optimal sensor configuration, asymptotic 
approximations for this information entropy are generally 
considered. These approximations provide insight into the 
dependence of the information entropy on the number and 
locations of sensors. 

The posterior distribution of the model parameters given the 
measurement data represents the uncertainty in the model 
parameters based on the information contained in the data. 
The information entropy is hence given by equation (3) [17], 
where  is the posterior distribution of the model 
parameters  given the measurement data D. 

  (3) 

This information entropy depends on the available data D 
and the sensor configuration L. For a large number of data, an 
asymptotic approximation of this information entropy can be 
found [18]. This asymptotic approximation is useful in the 
experimental stage of designing an optimal sensor 
configuration. The information entropy is approximated 
according to equation (4). 

    (4) 
For the prior estimate, nominal values which are 
representative for the system can be used for . The matrix 

 is an x  (  the number of model parameters) 
semi-positive definite matrix, asymptotically approximated by 
equation (5). 

  (5) 

Here,  represents the sensitivities of the measurements 
to the model parameters. The matrix Q is known as the 
Fischer information matrix and contains information on the 
uncertainty in the values of the parameters  based on the data 
from all measured positions in L. The prediction error 
covariance matrix ∑ consists out of two contributions: a 
contribution of the measurement error and one of the model 
error.  

The optimal sensor locations can be found by solving a 
discrete-valued optimization problem. The sensors should be 
placed such that the resulting measurement data are most 
informative about the model parameters. The information 
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entropy gives the amount of useful information contained in 
the measured data. Hence, the optimal sensor locations Lopt are 
the ones that minimize the information entropy. This 
minimization is constrained over the set of Np measurable 
degrees of freedom. Two heuristic sequential sensor 
placement (SSP) algorithms exist in literature: the forward 
and the backward SSP [18]. In the forward algorithm, in each 
iteration the sensor that results in the highest reduction in 
information entropy is added. Hence, at each iteration the 
sensor configuration is selected with the minimum 
information entropy. The backward algorithm works in the 
reverse order, starting from sensors at all possible locations 
and each time removing the sensor with the position that 
results in the smallest increase in information entropy. 

3.1 Information entropy for model parameter estimation 

The optimal sensor locations are now formulated for the 
particular case where modal data are used for model 
parameter estimation. The parameter set  consists of the 
variables related to stiffness and mass characteristics. To 
calculate the sensitivity matrix , which represents the 
sensitivity of the modal data to changes in the parameters , a 
sensitivity analysis needs to be performed. The optimal sensor 
locations will depend on the location and type of excitations 
used. If the Fischer Information Matrix is singular, instead of 
the determinant of the matrix, the product of the first non-zero 
eigenvalues should be considered in the calculation of the 
information entropy when applying equation (5). 

To derive the sensitivities of the modal properties, the 
method of Nelson [14] will be used in this work. Considering 
the undamped eigenvalue problem KΦ=MΦΛ, with Φ the 
matrix containing the eigenvectors  and Λ a diagonal 
matrix with the eigenvalues λr on the diagonal. K and M are 
the stiffness and mass matrix respectively. Out of this 
undamped eigenvalue problem, expression (6) can be derived. 

  (6) 

Deriving this expression to the variables  gives equation 
(7). 

  (7) 

Multiplying at the left with  and considering the fact 
that  and , 
leads to equation (8). 

  (8) 

Hence, the sensitivity of  only depends on the eigenvalue 
 itself and the corresponding eigenvector.  
To derive the sensitivity of the eigenvectors out of this, 

equation (8) needs to be inserted in equation (7), leading to 
equation (9). 

           (9) 

To simplify the notation, in the following equation (9) is 
written as . The matrix Ar has no inverse, since it 

is not of full rank, but has rank Nd-1 with Nd the degrees of 
freedom. Hence, Nelson [14] suggests to split the solution in a 
particular and homogeneous solution, according to equation 
(10). 

  (10) 

It can be demonstrated that vrj can be calculated based on 
the system of equations . This system of 
equations is obtained by a slight modification of the original 
matrix Arj and vector brj according to equation (11). 

 
 

  (11) 

In this way, the adapted matrix Ar
* is again of full rank and 

has an inverse matrix, which is necessary for the calculation 
of vrj. The index k in equation (11) can in principle be chosen 
freely, as long as  is not equal to zero. However, in most 
cases k is chosen as such that  is maximal. The 
coefficient crj can be found from the orthogonality condition 

, by deriving this to  and using equation (10), 
leading to equation (12). 

  (12) 

3.2 Application to corrosion models 

In this work, these expressions will be used to derive the 
sensitivities of the mode shapes to the parameters of the 
random fields representing the spatial distribution of the 
corrosion parameters (initiation period and corrosion rate). It 
is assumed that the degradation due to corrosion only 
influences the stiffness of the structure and not the mass. 
Then, equation (9) simplifies to equation (13). 

       (13) 

Here, the different  equal the ζj in the decomposition of 
the random fields (see equation (1)). The derivative  or  

is required in equation (13). The stiffness will indirectly 
depend on the corrosion parameters since these will induce a 
reduced reinforcement section and will lead to a reduced 
stiffness in the regions were the concrete is cracked due to the 
expansive properties of the formed oxides. The reinforcement 
area As(t) is considered to reduce due to corrosion, according 
to equation (2). The cracking of the concrete cover is 
modelled by a reduction of the Young’s modulus of the 
concrete cover. This reduced Young’s modulus is denoted by 
Edam. Both As(t) and Edam depend on the standard normal 
variables ζj in the KL-decomposition of the random fields of 
the initiation period and the corrosion rate. Based on these 
considerations, the derivative of the stiffness matrix to the 
parameters ζj is found by applying the chain rule according to 
equation (14). 
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          (14) 
 
Here, z are the different elements in which the random 

fields and hence the structure are discretized. Kd is the 
stiffness matrix of the elements in the damaged concrete, Edam 
is the Young’s modulus of the damaged concrete, KAs is the 
stiffness matrix of the reinforcement elements and As is the 
reinforcement area.  This equation is valid for the derivative 
of K to the KL modes ζj in the decomposition of the random 
field representing the corrosion rate. Similar expressions can 
be derived for the derivative of K to the KL modes ζj in the 
decomposition of the random field for the diffusion 
coefficient, and for the derivative of K to Cs (leaving out the 
last term in the chain rule since it is not modelled by a random 
field). 

3.3 Application to the Finite Element (FE) model 

When using a FE model  and   cannot be 
calculated by analytical expressions. Nevertheless, the 
derivative of the stiffness matrix of an element to its Young’s 
modulus equals the stiffness matrix divided by the Young’s 
modulus, or . Furthermore, the derivative of 
the stiffness matrix of a 2D truss element to its area also 
equals this stiffness matrix divided by the area of the truss 
element, or . It should be pointed out that this 
is only applicable when the parameter is not raised to different 
powers in the expression of the stiffness matrix. For example, 
in the case of bending combined with normal action, the 
length L appears in the stiffness matrix both as 1/L and 1/L³. 
Here, L is raised to the powers one and three in the different 
elements of the stiffness matrix. Hence, in this case, one is not 
able to apply the mentioned simplification if one would like to 
calculate the derivative of the stiffness matrix to L. However, 
now only the derivatives of K to E and A are required, and as 
pointed out, these can be simplified. Hence, when inserting 

 and  in equation (14) one gets 
expression (15) for the derivative of the stiffness matrix to the 
standard normal variables in the decomposition of the random 
fields. 
 

 

         (15) 
 

The derivatives , , etc. can still 
be derived based on analytical expressions. Equation (15) can 
be written in a shorter way as equation (16). 

  (16) 

Here, the matrix Kd differs from zero only for the degrees of 
freedom (DOF’s) corresponding to the nodes located in the 
damaged concrete. For the other nodes, there will be no 
influence of corrosion and hence of the ζ’s, so the derivative 

equals zero. Similar, KAs only differs from zero in the degrees 
of freedom of the nodes influenced by the reinforcement. 

Substituting equation (16) in equation (9) and accounting 
for the fact that , equation (17) is found. 

 

        (17) 

 
It should be pointed out that the stiffness matrix is still 

appearing multiple times in this expression. However, in the 
right hand side, it is always multiplied by the mode shape 
vector. A stiffness matrix multiplied with a displacement 
matrix represents the element forces under the displacement 
applied as a displacement load. This principle will be used to 
derive the sensitivities of the mode shapes based on a finite 
element model, since, in contrast to the stiffness matrix, these 
element forces are often available as an output to a FE model. 
To calculate the right hand side of equation (17), the mode 
shape vector will be applied as a displacement load to the FE 
model. The corresponding element forces will be calculated: 

1) In all elements to calculate . 
2) In the elements of the damaged zone to calculate 

. Here it should be pointed out that these 
forces will be calculated for the different zones in the 
discretization of the random field and multiplied with 
the corresponding derivatives appearing in the chain 
rule according to equation (15), i.e. the factors c1(z) 
in equation (16).  

3) In the elements constituting the reinforcement to 
calculate . Also here it should be pointed out 
that these forces will be calculated for the different 
zones in the discretization of the random field and 
multiplied with the corresponding derivatives 
appearing in the chain rule according to equation 
(15), i.e. the factors c2(z) in equation (16). 

Based on these element forces, the right hand side of 
equation (17) is found, or the vector brj to calculate vrj 
(equation (10)). Subsequently, vrj can be calculated by 
performing a harmonic analysis under the frequency 
corresponding to the eigenvalue λr and force brj. However, a 
similar adaptation as in equation (11) has to be made. One 
degree of freedom of the model will be restricted and the 
corresponding value of brj will be set equal to zero. Once vrj is 
found, crj is still required to calculate the sensitivities based on 
equation (10). Reconsidering equation (12), crj is given by 
equation (18). 

  (18) 

The mass matrix is required to solve equation (18). 
However, it is not given as an output of the FE model. This 
can be circumvented by applying a harmonic analysis 

, with K equal to zero and . The 
forces following from this harmonic analysis are then equal to 
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 and enable the calculation of crj based on equation 
(18). Finally, the sensitivities can then be found by applying 
equation (10). 

4 OPTIMAL SENSOR PLACEMENT FOR THE RC 
GIRDER BRIDGE 

4.1 Optimal sensor locations for mode shapes 

Based on the method as described above, the optimal sensor 
placement is determined for the bridge described in section 2. 
The sensitivities of the mode shapes to the corrosion 
parameters should be derived, i.e. 

 

Based on the derived sensitivities, the optimal sensor 
locations can be calculated based on equations (2) and (3) 
combined with the forward SSP algorithm, where each time 
the sensor location with the lowest information entropy is 
chosen. The sensor locations are picked out of 50 previously 
selected sensor locations, in the middle of the elements in 
which the structure is discretized. In the following, the sensor 
locations are given for the combination of the first four modes 
(Figure 1). The horizontal axis gives the number of sensors 
placed on the structure and the vertical axis gives the locations 
where the sensors are placed. The different symbols indicate 
the different colours. Hence, for a certain number of sensors, 
the squares indicate the locations of sensors on girder 1, the 
circles the sensors on girder 2, etc. The sensors should first be 
placed at the ends of the girders and only later in the middle. 
The girders themselves are about equally chosen, without any 
clear preference for a girder. The very first chosen sensor is at 
1.5 m from the left support on the fifth girder.  

 
Figure 1. Optimal sensor placement considering the first four 
modes and no correlation between the sensor locations. 

4.2 Optimal sensor locations for modal strains 

The optimal sensor locations can also be determined for the 
measurement of the modal strains. In general, the modal 
strains can be written according to equation (19). Here, B is a 
matrix giving the relationship between the strains and the 
mode shape displacements . 

  (19) 

Out of equation (19), the sensitivities of the modal strains 
can be calculated as a function of the sensitivities of the mode 
shape displacements, which are already calculated. Since B is 
not a function of the parameters of interest, the sensitivities of 
the modal strains are given by equation (20). 

  (20) 

In the FE model, CHX60 elements are used, which are 
twenty-node isoparametric solid brick elements and the strains 
in x-direction vary linearly in this direction. The matrix B can 
be derived from the interpolation functions for this element 
type. 
When all four modes are considered, the sensor placement is 
given in Figure 2 (upper fibre) and Figure 3 (lower fibre). 

5 PARAMETER STUDY 
A parameter study on some of the input parameters in the 
optimal sensor placement for the mode shapes is performed in 
the following. 

5.1 Correlation between sensor locations 

In the previous calculations, the mode shape displacements at 
different locations were assumed to be uncorrelated and the 
matrix ∑ in equation (3) was a diagonal matrix. However, also 
correlation between the mode shape locations can be assumed 
in which case ∑ will have non-zero off-diagonal elements. 
The correlation length of the mode shape displacements at 
different measurement locations was found to depend on the 
wavelength of the mode shape [19]. The correlation lengths of 
the first four modes are given in Table 1. The correlation 
function is given by , with λ the length of 
spatial correlation and  the spatial distance between two 
points. The sensor locations for the first four modes assuming 
this correlation are given in Figure 4. 

 
Figure 2. Measurement locations for modal strains (upper 
fibre) when measuring the first four modes assuming no 
correlation. 
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Table 1. Correlation lengths of the mode shape displacements 
for the first four modes (case 1) 

Mode λ,x λ,y 

1 ∞ 18 m 
2 23.2 m 18 m 
3 11.6 m 18 m 
4 9.28 m 18 m 

 
 

 
Figure 3. Measurement locations for modal strains (lower 
fibre) when measuring the first four modes assuming no 
correlation of the mode shape displacements at different 
measurement locations. 
 

When the mode shape displacements at different 
measurement locations are assumed correlated, the first 
sensors are placed for all girders at 1.5 m from the left 
support. For the later sensors, there is a preference to positions 
near the ends of the girders. All girders are about equally 
chosen. 

 

 
Figure 4. Optimal sensor placement when considering the first 
4 modes and correlation between the sensor locations (case 1). 

The influence of the assumed correlation lengths was 
investigated. In [20], the correlation length was taken as a 
fraction of the characteristic length, where the characteristic 
length is the wavelength of the highest contributing mode. 
Here, the correlation lengths are chosen according to Table 2. 
The optimal sensor placement for case 2 is visualized in 
Figure 5. For both the initial assumed correlation lengths (case 
1) and case 2, the sensors are first placed between 1 and 2 m 
(i.e. at the middle of the second element in which the random 
field/structure is discretized) on all girders. In the original 
case (case 1), the next sensors were placed at around 7 m. 
However, in case 2 due to the smaller correlation length, the 
next sensors are placed at 3 m, which is closer to the first 
sensors. Nevertheless, the pattern of sensor placement is still 
different from the one found without correlation between the 
sensor locations. For correlation case 3 (Figure 6), the order in 
which the locations along the beam are chosen is more similar 
to that of case 2. However, for case 2 first sensors are placed 
only at girders 1, 2 and 3 at a position of 3 m from the left 
support, whereas for case 3 all girders are chosen at this 
position, except for girder 1. Furthermore, sensors around 5 m 
from the left support for girders 2 and 3 are more preferred in 
case 3 compared to case 2. This difference in choice of girders 
is attributed to the difference in correlation length not only in 
the length direction of the bridge, but also along its width: the 
correlation length in case 3 in this width direction is for the 
last modes smaller than the distance between the girders. 

It could be concluded that the optimal sensor placement 
depends on the assumed correlation length. However, the first 
sensors will be placed at the same locations (between 1 m and 
2 m from the left support on all girders). The chosen sensor 
placement based on the assumption of one correlation model 
might be suboptimal for another, but it will also not 
correspond to the worst possible sensor configuration. 

Table 2. Correlation lengths assumed in the investigation on 
the influence of the correlation length. 

Mode 
Case 2 Case 3 

λ,x λ,y λ,x λ,y 

1 ∞ 6 m ∞ 2.5 m 
2 7.7 m 6 m 3.3 m 2.5 m 
3 3.8 m 6 m 1.6 m 2.5 m 
4 3.0 m 6 m 1.3 m 2.5 m 

5.2 Influence of time of inspection 

The influence of the time of inspection is also investigated. 
The sensor placement is determined for the first mode when 
considering measurements at t = 100 years and t = 20 years. 
When no correlation between the sensor locations is assumed, 
the optimal sensor placement remains unchanged, and equals 
the one in Figure 7. This is a beneficial observation, since this 
means that during the whole operational life of the structure, 
the sensors can remain on the same locations and still be 
optimal. 
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Figure 5. Optimal sensor placement when assuming 
correlation lengths case 2 and the first four modes. 

 
Figure 6. Optimal sensor placement when assuming 
correlation lengths case 3 and the first four modes. 

5.3 Influence of prior uncertainty 

In equation (14), the derivatives of the corrosion parameters to 
the standard normal variables in the KL-decomposition 
appear. These also depend on the prior assumption on the 
uncertainty of the corrosion parameters. Hence, also the 
influence of this prior uncertainty on the optimal sensor 
placement is investigated. The prior standard deviation of all 
parameters was once increased by a factor of 2 and once by a 
factor of 10. For the first mode, assuming no correlation 
between the sensor locations, the optimal sensor placement for 
the prior uncertainty increased by a factor of 2 is the same as 
the one visualized in Figure 7. Also when the prior standard 
deviation is increased by a factor of 10, the same optimal 
sensor placement is found. It can be concluded that changing 
the prior uncertainty has no influence on the optimal sensor 
placement of mode 1. For the other modes, similar 
conclusions can be made. 

 
 
 
 

 
Figure 7. Optimal sensor placement when considering the first 
mode and no correlation between the sensor locations, 
determination of sensor locations at t = 100 years or at t = 20 
years or when increasing the initial uncertainty on the 
corrosion parameters with a factor 2 or with a factor 10 or for 
an exponential instead of squared exponential random field. 

5.4 Influence of the correlation length of the random field 

Also the influence of the correlation model of the random 
field of the corrosion parameters is investigated. For the first 
mode, the optimal sensor placement was derived for an 
exponential instead of a squared exponential random field 
when assuming no correlation between the sensor locations. 
For this specific case, there is no difference in optimal sensor 
placement for both random field models. However, when 
assuming correlation between the sensor locations some 
difference between the optimal sensor locations was found for 
both random field models. Nevertheless, the very first 
preferred sensor locations remained unchanged. When still 
considering an exponential random field but with an increased 
correlation length, the optimal sensor configuration remains 
unaltered.  

6 CONCLUSIONS 
A lot of literature is available on optimal sensor placement for 
modal identification and vibration-based model updating. In 
most of this literature, this optimal sensor placement is 
applied to identify the effective stiffness of the structure. The 
structure is subdivided in elements with a distribution of the 
stiffness, independent in each of the elements. In this work, 
this state of the art has been extended by updating not directly 
the stiffness parameters, but the underlying corrosion 
parameters. Correlation of degradation along the structure was 
accounted for by modelling some of the corrosion parameters 
by random fields and others by distributions which are 
constant along the structure. 

The optimal sensor placement has been derived based on 
the method of Nelson, directly applied on a finite element 
model. Hence, no approximations had to be made by using 
meta-models or Monte Carlo sampling. The sensitivities 
required in the calculation of the optimal sensor placement are 
derived both for mode shape displacements and modal strains 
and the corresponding optimal sensor placement has been 
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derived based on a forward sequential sensor placement 
algorithm. Also a sensitivity study has been performed on the 
optimal sensor placement for the mode shapes. The influence 
of correlation between sensor locations, inspection time, prior 
uncertainties and random field models are investigated. When 
changing the assumption on the correlation between the 
different sensor locations, different optimal sensor 
configurations are achieved. Nevertheless, the sensors which 
are chosen first remain more or less the same. When 
evaluating the optimal sensor configuration at different time 
steps, no changes are observed. Hence, optimal sensor 
positions remain the same over the service life of the 
structure. Similar observations are made for increased prior 
uncertainties of the corrosion parameters. Finally, changing 
the underlying random field of the corrosion parameters might 
influence the optimal sensor placement. Considering an 
exponential instead of a squared exponential correlation 
model for the random fields results in different optimal sensor 
positions when correlation between the sensor positions is 
also assumed. Nevertheless, the sensors positions chosen first 
stay more or less the same. When increasing the correlation 
length for an exponential correlation model for the random 
fields, the optimal sensor configuration remained unaltered. 
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ABSTRACT: The damage identification process through Structural Health Monitoring (SHM) field has drawn extensive 

attention over the last decades for its numerous applications in failure prevention and maintenance decision-making. Several 

research in vibration-based methods for SHM have shown that a potential structural damage can be inferred from a change in 

the dynamic response of the structure. The aim of this paper is to detect and locate different damage scenarios in a benchmark 

bridge structure under a moving load based on Hilbert-Huang Transform (HHT). The data used in this study was obtained from 

the TU1402 benchmark towards enhancement of the value of SHM. The benchmark model consisted of a two-span steel bridge, 

where six levels of damage grouped in two damage region cases were introduced. In the proposed damage detection method, the 

transient vibration signals coming from a moving load in the bridge, are firstly decomposed into intrinsic mode functions (IMFs) 

using the Variational Mode Decomposition (VMD) approach. Then, the Hilbert Transform (HT) is applied to the IMFs. Lastly, 

the Marginal Hilbert Spectrum (MHS) and the Instantaneous Phase Difference (IPD) were used as damage indicators by 

comparing the undamaged condition of the bridge with each damage scenario. Results demonstrated that the proposed damage 

indicators were accurate for identifying and locating damage under transient vibration loads. 

KEY WORDS: Numerical Benchmark; Hilbert-Huang Transform; Variational Mode Decomposition; Marginal Hilbert 
Spectrum; Instantaneous Phase Difference. 

1 INTRODUCTION 
To the present day, most bridges have exceeded their design 
service life in many parts of the world, but particularly, in 
Europe. Many of in-service bridges, which have been 
deteriorated and subjected to heavier loading situations over 
time, are currently classified as structurally deficient. This fact 
makes bridges to be more vulnerable to collapse under certain 
circumstances such as corrosion, traffic overloading and, 
particularly, lack of maintenance. This results in huge 
renovation and replacement costs and, in the worst cases, in 
human losses. Therefore, bridge maintenance, inspection and 
monitoring are of critical importance to prevent tragic events 
from happening. Within this framework, the civil engineering 
community has been developing multiple methods for early 
detection and localization of structural damage in bridges [7]-
4]. 

Based on the concept that a potential damage to any 
structure can be inferred from a change in its dynamic 
response, numerous vibration-based damage detection 
methods have been deeply investigated in the past decades. 
However, in real structures, the presence of operational and 
environmental variations can also alter the measured dynamic 
response of the system Therefore, if these two effects are not 
accurately removed from the vibration signals, false-positive 
alerts of damage can be triggered. 

As is known, it is not an easy task to collect real data on 
bridges in its undamaged state and in later damaged 
conditions, and that are simultaneously influenced by 
operational and environmental variations. Therefore, the use 
of numerical models is very useful when verifying any 
damage detection method. In this regard, the European 

Cooperation in Science and Technology (COST) organization 
created the scientific networking project “COST Action 
TU1402 on Quantifying the Value of SHM” aiming to show 
the high value of SHM and the validation of decision-making 
tools based on the Value of Information (VoI). In this paper, 
the TU1402 numerical benchmark [1] has been selected as a 
reference case study to validate a vibration-based method for 
damage detection using Hilbert-Huang Transform (HHT), 
which has been shown to be an effective technique in 
processing nonlinear and non-stationary data signals [7]-8]. 

In the proposed method of damage detection, the transient 
vibration signals are firstly decomposed into intrinsic mode 
functions (IMF) using the Variational Mode Decomposition 
(VMD) approach [1]. Then the Hilbert Transform (HT) is 
applied to the IMFs to obtain their corresponding 
instantaneous frequency (IF) and instantaneous amplitude 
(IA). Lastly, the frequency peaks obtained from marginal 
Hilbert spectrum (MHS) and the instantaneous phase 
difference (IPD) are used as damage-sensitive features. The 
details of the method and damage features are explained in the 
following sections. 

As previously mentioned, the proposed method was tested 
using the TU1402 numerical benchmark consisting of a two-
span continuous steel girder bridge. Two groups of damage 
(GPD1 and GPD2) were considered in order to correlate the 
changes in the response signals with the location and 
magnitude of structural damage. The results shown that the 
proposed method can effectively detect and locate structural 
damage. 

Damage identification in a benchmark bridge under a moving load using Hilbert-

Huang Transform of transient vibrations 
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2 DAMAGE DETECTION METHOD 
The Hilbert-Huang Transform (HHT) method for damage 
detection is proposed to remove the effects of traffic loads 
since the recorded time series of accelerations are usually non-
linear and non-stationary. In this paper, the HHT technique 
consists of the application of variational mode decomposition 
(VMD) and Hilbert transform (HT). Figure 1 shows the 
flowchart of the proposed methodology for damage detection 
using the TU1402 numerical benchmark. 
 

 
Figure 1. Proposed damage detection methodology. 

2.1 Variational mode decomposition 

The first stage of the proposed HHT technique consists on the 
decomposion of a multicomponent signal into an ensemble of 
quasi-orthogonal band-limited IMF. Dragomiretskiy and 
Zosso [9] developed the Variational Mode Decomposition 
(VMD) method to overcome certain drawbacks in the EEMD 
method or its variations when adding white Gaussian noise to 
measured signals.  

For this particular study case, the first author demonstrated 
on his master's thesis [10] that the VMD-based method 
presented significant advantages compared with the empirical 
methods, as listed below:  

 
• mitigation of the mode mixing problem,  
• lower computational cost and error, 
• suitable for a high frequency range, 
• and better orthogonality of IMFs. 
 

The VMD method, which is an adaptative, non-recursive 
and theoretically well-founded decomposition technique, can 
be interpreted as a constrained variational problem. 
Mathematically it can be written as 
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It should be pointed out that before the application of VMD, 
several parameters must be specified, such as: the relative 
tolerance ( r ), penalty factor ( ), fidelity coefficient ( ), 
number of optimization iterations (O) and the number of 
modes (K). According to Tenelema [10], physically 
meaningful IMFs can be obtained by using r =1e-10,  = 

500,  = 0.1, and O =100000 for all sensors and damage 
scenarios, and by varying the number of modes, K, from one 
sensor to another depending on the predominance of the 
selected modes of vibration in the dynamic behavior of the 
structure. The value of K will be discussed in the following 
sections. 

2.2 Marginal Hilbert spectrum (MHS) 

The second stage of the proposed HHT technique consists of 
the application of Hilbert transform (HT) to the IMFs in order 
to find their corresponding instantaneous energy and 
instantaneous frequency. This results in a time-frequency-
energy relationship which is usually represented by a Hilbert 
Spectrum (HS) contour plot, noted as H[fk(t), t]. Then, the 
marginal Hilbert spectrum (MHS) can be obtained by 
integration of the HS over a particular data length, as in (2) 
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Where To and Tf represent the initial and final time step 
chosen for spectral analysis, respectively. The MHS measures 
the total energy contribution from each frequency value per 
IMF. It has been shown by several authors [7], [8] that the 
MHS can be used as an indicator of damage. 

2.3 Instantaneous phase difference (IPD) 

The total instantaneous phase function at a particular point p, 
θp(t), is defined as the sum of the instantaneous phases for the 
selected IMF θk(t). 
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Where xk(t) denotes the IMFs(t) selected for spectral 
analysis and θp(t) represents the total number of rotations of 
the original signal in the complex plane, expressed in radians 
(rad) [6]. In other words, θp(t) denotes the phase of traveling 
structural waves of a dynamically measurable quantity (e.g., 
acceleration), as highlighted by Salvino et al. [11]. Moreover, 
Kunwar et al. [7] mentioned that for structural damage 
identification purposes, the instantaneous phase must be 
unwrapped from its harmonic nature by representing all local 
oscillations in the data as a monotonically increasing function. 
 

The instantaneous phase difference at a particular sensor p, 
( )C

p t , is defined as the instantaneous phase of a travelling 
wave at sensor p for a given condition C of the bridge, 

( )C

p t , minus the instantaneous phase for the undamaged 

condition at a reference sensor o, ( )UND

o t , as shown in (4). 

 () () ()
C C UND

p p o
t t t  = −  (4) 

The location of the reference sensor will be discussed in the 
following sections. It can be also deduced that by definition 
any change in the dynamics of the bridge will be reflected in 
the IPD since the speed at which energy travels through the 
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structure might be altered when damage occurs. Therefore, 
tracking changes in the wave speed of response measurements 
is an effective technique for damage identification and 
localization. 

3 CASE STUDY 

3.1 Numerical benchmark 

The numerical benchmark developed by Prof. Tatsis and Prof. 
Chatzi from ETH Zürich is studied in this paper. The 
benchmark represents a plane stress problem of the 
superstructure of a two-span continuous steel girder bridge. 
The bridge is represented by a FE model as shown in Figure 2, 
with equal span lengths of 10m, a total height of 0.6m and a 
thickness of b = 0.1m. Regarding the mechanical properties of 
the bridge, it has a linear elastic material behavior with 
Young’s modulus E = 215 GPa, Poisson’s ratio ν = 0.3 and 
material density ρ = 7850 kg/m3 at ambient temperature of T 
= 20ºC. 
 

 
Figure 2. Two-span continuous steel girder bridge. 

Three identical and equally spaced elastic supports are 
considered: two supports acting at both ends in a width of 
0.3m and one intermediate support acting in the middle of the 
beam in a width of 0.4m. All supports are modelled as point 
spring supports, each with two degrees of freedom. In order to 
avoid the mixing of the longitudinal and vertical bending 
mode shapes, the horizontal and vertical stiffness of springs 
are kx =106 kN/m and ky = 1012 kN/m, respectively. 

A four-node bilinear isoparametric element referred as 
QUAD4 was implemented with full integration by using a 
2×2 Gauss quadrature rule. After a mesh convergence study, a 
mesh element size of 0.05m × 0.05m was chosen on the basis 
of computational cost and accuracy in the maximum vertical 
displacements. As shown in Figure 2, the model is discretized 
in 400 and 12 elements in x and y directions, respectively, 
resulting in 4800 elements and 5213 nodes in total (10426 
degrees of freedom). 

3.2 Damage scenarios and sensors 

In this case study, the structural damage is modelled as a 
reduction of the bridge superstructure’s stiffness, more 
specifically, as a reduction of Young’s modulus at the Gauss 
points on the selected damaged elements. Two damage 
regions are considered as shown in Figure 3; one where the 
damage is located in the center of the left span and the other 
over the intermediate elastic support, covering different 
numbers of damaged elements and resulting in six damage 
scenarios (DMG).  
 
 

 
Figure 3. Damage locations (red squares) and sensors (green 
dots) on steel beam. 

For instance, DMG1 and DMG4 cover an area of two 
damaged elements, DMG2 and DMG5, a zone of four 
damaged elements, while DMG2 and DMG6, a zone of six 
damaged elements. Therefore, the damage area will always 
have a constant width of 0.05m and a height ranging from 0.1 
to 0.3m.  

On the one hand, in order to study the influence of damage 
severity related to the percentage of stiffness reduction (SR), 
the Group of damage 1 (GPD1) is created. It consists of the 
undamaged condition of the bridge and the damage scenario 3 
(DMG3) with a stiffness loss of 50%, 70% and 90%. On the 
other hand, in order to study the effects of damage depth 
related to the number of damaged elements, the Group of 
damage 2 (GPD2) is created. It consists of the undamaged 
condition of the bridge and the damage scenario 4 (DMG4), 
DMG5 and DMG6 with the same stiffness loss of 70%. Both 
groups of damage are described in the table below. 

Table 1. Description of the groups of damage considered for 
study. 

Group of 
damage 

GPD 

Location, 
x (m) 

Damage 
scenarios, 

DMG 

Stiffness 
reduction, 

SR (%) 

GPD 1 5 

UND - 
DMG3 50 
DMG3 70 
DMG3 90 

GPD 2 10 

UND - 
DMG4 70 
DMG5 70 
DMG6 70 

 
Lastly, seven measurement points called “sensors” are 

considered to provide information about the displacements 
and accelerations over time in both horizontal (x) and vertical 
(y) directions. The location of these sensors are shown as 
green points in the Figure 3 and described in the table below: 

Table 2. Location of sensing points. 

Sensors Description: location along the neutral  
axis of the beam (y=0.3m)  

S-01 x = 2.5 m 
S-02 x = 5.0 m 
S-03 x = 7.5 m 
S-04 x = 12.5 m 
S-05 x = 15.0 m 
S-06 x = 17.5 m 
S-07 x = 10.0 m 
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3.3 Modal analysis 

A modal analysis was firstly performed to obtain the natural 
frequencies of the bridge and their corresponding mode 
shapes. As the vibration modal solutions are based on 
sinusoidal functions, modes can be either symmetric or 
asymmetric. This spatial property has an impact on the 
effective mass participation factor (EMPF) corresponding to 
each mode of vibration. The EMPF represents the quantity of 
the system mass participating in a particular mode for a 
particular direction (x or y direction). Therefore, the larger the 
EMPF of a particular mode, the greater the contribution of this 
mode to the dynamic response. 

Figure 4 shows the first eight mode shapes along with their 
corresponding natural frequencies (in Hz) and EMPFs (in %) 
in the y-direction of excitation. 

 

 

 
Figure 4. First eight mass-normalized mode shapes using a 
scaling factor of 50. 

Since a vertical load is considered to simulate traffic, only 
the vertical bending (VB) modes are relevant to be studied. 
That is, modes 2, 3, 4, 5, 7, and 8 are selected, representing 
the first symmetric (~25Hz), first asymmetric (~29Hz), 
second symmetric (~73Hz), second asymmetric (~80Hz), third 
symmetric (~144Hz) and the third asymmetric (~154Hz) 
vertical bending modes (VB), respectively. Tenelema [10] 
demonstrated that only the first three bending modes, with 
their corresponding symmetric and asymmetric components, 
are enough to represent the dynamic behavior of the structure, 
having a cumulative EMPF of almost 83% and being modes 3 
and 8 the first two predominant modes based on their EMPF. 

3.4 Time-history analysis 

To perform a time history analysis of the vehicle-bridge 
system, the implicit Newmark integration schema is 
considered. A detailed description of this method can be 
found in [12]. In this case study, the parameters used for the 
application of Newark’s algorithm are:  
• ̂ = 1/2 is set to avoid the presence of artificial damping, 

• ̂ = 1/6 is set to assume a linear variation of the 
acceleration of mass in motion between two consecutive 
time steps, 

• 
c
t = 0.0001 seconds is set to ensure the stability of the 

method. 
Rayleigh damping is used to compute the damping matrix. 

The Rayleigh coefficients, α = 0.2341 and β = 3.8769e-6 are 
obtained from the damping ratios specified for the first two 
predominant modes ( 3 = 0.1% and 8 = 0.2%) as explained 
in [10]. 

Regarding the loading, the weight of a standard car truck of 
3 tons is considered. Besides, in order to avoid the influence 
of the forced frequencies on the dynamic response due to the 
transient load, while guaranteeing enough time samples for 
the time history analysis a vehicle speed of v = 10m/s 
(36km/h) is considered. 

The vertical displacements and accelerations are determined 
up to 2 seconds, which corresponds to how long the vehicle 
takes to go from one end of the bridge to the other. A 
sampling frequency of fs = 400Hz is selected, resulting in a 
Nyquist frequency of 200Hz which is greater than the 
maximum natural frequency of the selected modes 
(f8=154Hz). Therefore, the six bending modes previously 
selected will be accurately represented in the vehicle-induced 
vibrations.  

The vertical time-history accelerations recorded by sensors 
1, 2 and 7 are shown in Figure 5, Figure 6 and Figure 7, 
respectively, for the intact state of the bridge and the damage 
scenario 3 with a stiffness reduction of 90%. From these 
figures, it can be observed that the vibration signal is altered 
from the undamaged condition due to the presence of damage. 

 

 
Figure 5. Vertical Accelerations – Sensor S-01. 

 

 
Figure 6. Vertical Accelerations – Sensor S-02. 
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Figure 7. Vertical Accelerations – Sensor S-07. 

Besides, it can be seen from the figures above that the 
waveform shape of the vertical accelerations differs from one 
sensor to another due to the contribution of the bending modes 
at a particular location of a sensor. In other words, for a 
particular bending mode, if the location of a node, which is 
associated to minimum amplitudes, coincides with the 
location of a sensor, then the contribution of this mode to the 
vibration signal is meaningless. This behavior can be seen 
from Figure 6, where the 1st and 3rd bending modes prevail 
over the 2nd bending mode since sensor 2 is located in a node 
regarding the modes 4 and 5, as seen in Figure 4. Therefore, 
the vertical accelerations recorded in sensors S-01, S-03, S-04 
and S-06 are quite similar since all of them are located at ¼ 
from an elastic support, as in the case of sensors S-02 and S-
05 since they are placed at the middle of each span. Lastly, 
sensor 7 is a particular case where only the asymmetric 
bending modes (modes 3, 5 and 8) largely contribute to the 
dynamic response of the bridge. 

4 RESULTS AND DISCUSSION 

4.1 Intrinsic Mode Functions using VMD 

The Intrinsic Mode Functions (IMFs) obtained from the 
vibration signals via the Variational Mode Decomposition 
technique are shown in Figure 8 for sensor S-01 and S-02. 

After several experiments, it has been shown that the VMD-
based method is not capable to separate the asymmetric and 
symmetric components when their contribution to the 
dynamic response is minor. For this reason, the number of 
modes K set for the application of VMD is different for each 
sensor: K=6 for sensors S-01, S-03, S-04 and S-06; K=5 for 
S-02 and S-05; K=3 for sensor S-07.  

Besides, it can be seen from Figure 8 that the mode mixing 
problem is mitigated and physically meaningful IMFs can be 
obtained. However, the boundary effects problem is the main 
limitation of the VMD method which can be noted at the 
beginning and at the end of the waveform of accelerations. 

 
 

 
Figure 8. The IMFs obtained in sensor S-01 (left column) and 
S-02 (right column) using VMD. 

4.2 Frequency peaks in the MHS 

Firstly, to mitigate the boundary effects due to the application 
of Hilbert Transform, the study interval selected is [To, Tf] = 
[0.05, 1.875] seconds. Figure 9 shows the marginal Hilbert 
spectrum (MHS) obtained in sensor S-01 corresponding to the 
undamaged and damage scenarios of the GPD1. Six well-
differentiated regions can be identified which are associated to 
the six IMFs lying within their associated frequency content. 
From this graph, the frequency peaks corresponding to the 
maximum energy value can be extracted. However, it is 
difficult to identify clear frequency peaks in certain regions 
such as around 154Hz (IMF1) and 25Hz (IMF6). Hence, they 
are not suitable for comparison purposes. The rest of the IMFs 
show a better frequency distribution; hence they are studied in 
more detail. It can be seen that from the IMF2 to IMF5 the 
frequency peaks reduce when damage occurs, as expected. 
However, the percentage of frequency reduction is very subtle 
in the intermediate-frequency modes (IMF 3 and IMF4), 
compared to the high-frequency mode 7 (IMF2) and to the 
low-frequency mode 3 (IMF5). 
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Figure 9. MHS obtained in sensor S-01 for the GPD1. 

Figure 10 shows the MHS obtained in sensor S-02 
corresponding to the undamaged and damage scenarios of the 
GPD1. On the one hand, it can be observed mode mixing in 
IMF3 due to the very low energy contribution of the 2nd 
bending mode to the dynamic response. Therefore, the 
frequency peaks found in modes 4 and 5 are not clear and not 
suitable for comparison purposes. On the other hand, it can be 
noted that the frequency peaks reduce when damage occurs 
for both the high-frequency modes (IMF1 and IMF2) and low- 
frequency modes (IMF4 and IMF5).  

 

 
Figure 10. MHS obtained in sensor S-02 for the GPD1. 

For the reasons given above, only the modes that can be 
compared among the sensors are the 1st asymmetric bending 
mode (mode 3) and the 3rd symmetric bending mode (mode 
7). In this paper, the influence of high- frequency modes is 
considered for damage detection. Then, henceforth, all the 
results are referred to the 3rd symmetric bending mode 
(IMF2) regarding the GPD1. 

Figure 11, show the MHS for each damage configuration of 
the GPD2 in sensor S-07. It can be observed that the 
predominant modes are the asymmetric 1st, 2nd and 3rd bending 
modes. It is also noticeable that when the depth of damage 
increases the peak of energy also increases, as opposed to the 
peak of frequency that reduces. This behavior indicates the 
presence of damage as noted by many authors [7-8].  
 

 
Figure 11. MHS obtained in sensor S-01 for the GPD2. 

Figure 12 and Figure 13 show the MHS for each damage 
configuration of the GPD2 in sensors S-01 and S-02, 
respectively.  

 

 
Figure 12. MHS obtained in sensor S-02 for the GPD2. 

 

 
Figure 13. MHS obtained in sensor S-02 for the GPD2. 

As is to be expected, for all the sensors, the peak frequency 
decreases as the damage depth increases. Tenelema [10] 
showed that for the GPD2 the frequency peaks extracted from 
the low-frequency asymmetric mode (mode 3) were reliable 
for damage detection purposes and useful to be compared 
among the sensors. 

The results of the percentage reduction in frequency peaks 
for each sensor and each damage scenario of the GPD1 and 
GPD2 are summarized in Table 3 and Table 4, respectively. It 
can be seen that when the level of damage increases, the 
percentage reduction increases as well. For the GPD1, the 
largest difference in frequencies are found in sensor S-02, and 
for the GPD2 it is found in sensor S-07, coinciding with the 
damage location.  
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Table 3. Percentage reduction in GPD1. 

 
Sensor 

DMG3, 
SR50% 

DMG3, 
SR70% 

DMG3, 
SR90% 

S-01 0.1176 0.2661 0.8968 
S-02 0.1194 0.2725 0.9653 

S-03 0.1124 0.2596 0.9295 
S-04 0.0746 0.1804 0.8117 
S-05 0.0745 0.1840 0.8074 
S-06 0.0794 0.1969 0.8312 

 

Table 4. Percentage reduction in GPD2 

 
Sensor 

DMG4, 
SR70% 

DMG5, 
SR70% 

DMG6, 
SR70% 

S-01 0.3752 0.5235 0.5821 
S-02 0.2917 0.5486 0.6507 
S-03 0.2620 0.6511 0.8189 
S-04 0.3311 0.2984 0.3519 
S-05 0.2044 0.2615 0.3477 
S-06 0.0804 0.2642 0.3744 
S-07 0.4697 1.0243 2.8360 

 
From this perspective, the MHS not only aids to detect and 

reflect the damage severity (GPD1) and damage extension 
(GPD2), but also to locate the structural damage based on the 
largest reduction of frequency peaks among the selected 
sensors. Therefore, the MHS is an effective parameter to 
detect, locate and quantify damage. 

4.3 Instantaneous phase difference (IPD) 

For the GPD1, in order to obtain a similar order of magnitude 
in the instantaneous phase difference (IPD) among the sensors 
by taking sensor S-06 as a reference point, only the 1st and 3rd 
bending modes are considered. Figure 14 illustrates the IPD 
for each sensor and each damage scenario. It can be observed 
that all sensors indicate a successful assessment of damage 
detection since the IPD is reduced when damage occurs 
reflecting the severity of damage as well. It should be pointed 
out that for the DMG3 with SR90%, the IPD has been 
enormously decreased compared to the other damage 
scenarios due to a high percentage of stiffness reduction. 

 

 
Figure 14. IPD obtained in each sensor for the GPD1. 

For the GPD2, all bending modes are considered since the 
reference point is taken at each sensor p for the undamaged 
condition. Figure 15 shows the IPD for each sensor and each 
damage scenario of the GPD2. It can be observed that the IPD 
is reduced when damage occurs, and it gets further reduced 
when the depth of damage grows. 
 

 
Figure 15. IPD obtained in each sensor for the GPD2. 

Besides, there is a singularity in all the sensors around 1 
second. At this time step, a small jump can be seen coinciding 
with the location of damage, thus the IPD is also good 
indicator for damage location. Moreover, it can be deduced 
that for a fixed stiffness reduction (SR) when the number of 
damaged elements increases, the reduction in the IPD is more 
proportional than when varying the SR with a fixed number of 
damaged elements, as seen in Figure 15. 

To conclude, tracking changes in the wave speed via the 
instantaneous phase difference is also an effective technique 
for the identification, localization and quantification of 
damage. 
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5 CONCLUSIONS 
In order to achieve the first three levels of SHM (damage 
detection, localization and quantification of damage), vertical 
acceleration measurements obtained from seven sensors 
equally spaced along the bridge-like structure were analyzed 
by means of the application of the Hilbert–Huang transform 
(HHT) based method.  

Regarding the first step of HHT-based method and for this 
numerical benchmark, it has been shown that the EMD-based 
methods present some drawbacks such as a high 
computational cost, noise remaining in the IMFs and the 
inability to accurately decompose closely spaced spectral 
modes (asymmetric and symmetric) into different IMFs. In 
other words, the excessive rigidity of the bridge, resulting in 
high natural frequencies ranging from 25Hz to 155Hz, makes 
it difficult to obtain physically meaningful IMFs. On the 
contrary, the application of the VMD-based method ensures 
no mixture of modes as well as the orthogonality of the 
transformation, leading to reliable results in time-frequency 
analysis. 

Regarding the second step of HHT-based method, the 
marginal Hilbert spectrum (MHS) and the instantaneous phase 
difference (IPD) are proposed as damage indicators for this 
bridge-like structure subjected to traffic loads. The results of 
these two parameters for damage detection are highly 
satisfactory regarding both groups of damage. As far as the 
MHS is concerned, the frequency peaks reduce when damage 
occurs due to stiffness loss in all sensors for the most 
significant modes. Moreover, those sensors located closer to 
the damage zones show a more significant percentage 
reduction than the sensors placed further away. Hence, 
damage can not only be detected, but also localized and 
quantified by assessing the percentage reduction of the 
frequency peaks extracted from the MHS. Regarding the 
phase difference phase (IPD), all sensors detect a reduction of 
the IPD when damage occurs due to a change of the speed at 
which the energy travels through the structure. Moreover, all 
sensors are capable to detect the intensity of the damage, 
simulated by an increase of the stiffness loss (GPD1), and the 
extension of the damage, simulated by an increase of the 
number of damaged elements. However, only in the GPD2, 
the IPD has been able to locate damage since singular 
variations of the travelling energy occur when damage is 
located above the mid-support.  

To conclude, both the spectral peak frequency and the 
instantaneous phase difference have shown to be useful 
features to detect, locate and quantify damage in a bridge-like 
structure under operational loads for certain levels of damage. 
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ABSTRACT: This study develops a novel structural damage detection method using the factor analysis in the sparse Bayesian 
learning framework. The unknown changing environmental factors that affect structural vibration properties are treated as latent 
variables. Structural frequencies that are measured within a long period are utilized as the observations in the factor analysis (FA) 
model. The ARD model is defined on the factor loading matrix for automatic dimension selection. Using the iterative expectation-
maximization technique, the number of underlying environmental factors is determined automatically. With the optimized 
parameters and variables, the measurement data are reconstructed. The reconstruction error is defined as the damage indicator, 
which will get large with the emergence of damage. One advantage of the proposed Bayesian FA model is that the assumption of 
independence of vibration modes is not required, as the covariance matrix of the residue vector in the FA model is treated as a full 
matrix rather than a diagonal matrix. Two laboratory-tested examples are utilized to verify the effectiveness of the proposed 
method. Results indicate that structural damage can be accurately detected under changing environmental conditions.  

KEY WORDS: Damage detection; Sparse Bayesian learning; Factor analysis; Environmental variations. 

1 INTRODUCTION 
Variations of environmental and operational factors, such as the 
temperature, humidity, wind and traffic loadings, may produce 
changes in structural vibration properties, which may be more 
significant than the changes due to structural damage. If the 
influences of changing environmental conditions are not fully 
considered, the emergence of structural damage may be 
masked, and false structural condition identification may occur. 
Structural damage detection under varying environmental 
conditions can be classified into two classes according to 
whether environmental factors are measured or not [1]. In the 
former case where environmental variations are available, the 
correlation model between structural responses and 
environmental factors are established. Then the environmental 
influence can be evaluated and further removed according to 
the estimated models. In the latter, the implicit relationship 
between the structural vibration properties and environmental 
factors is learnt directly from structural damage-sensitive 
features that are collected from the undamaged structure. The 
damage-sensitive features will then be used to detect possible 
damage in the future when damage is not captured in the 
undamaged state. 

The dimensionality reduction-based techniques have been 
widely explored for structural damage detection without 
environmental data. The representative techniques include the 
principal component analysis, factor analysis and the auto-
associative neural network [1]. In the principal component 
analysis, the first several principal components are responsible 
for most of data variations. In the factor analysis (FA) model, a 
multi-variable model is defined between latent variables and 
measurement data. The influence of variables on measurements 
are quantified by parameters in the factor loading matrix. It is 
an inverse problem to estimate the parameters and variables 
from measurement data, which could be optimized by the 

Bayesian theorem [2]. However, the number of unknown 
environmental factors is usually determined by a trial-and-error 
approach or according to engineers’ experiences in these 
studies.  

In recent years, the sparse Bayesian learning have been 
widely utilized for automatic model selection and parameters 
optimization [2–4]. The automatic relevance determination 
(ARD) model is defined as the priori in the Bayesian 
probabilistic models to introduce sparsity. Specifically, some 
columns in the ARD model will be optimized to zero in the 
optimization process, leading to a sparse result. Given that the 
number of environmental factors that influence structural 
dynamic properties is limited, the sparse Bayesian learning can 
be applied to automatically determine the number of underlying 
environmental factors. 

This study develops a novel structural damage detection 
method using the factor analysis in the sparse Bayesian learning 
framework. The unknown changing environmental factors that 
affect structural vibration properties are treated as latent 
variables in the model. The number of underlying 
environmental factors is determined automatically using the 
iterative expectation-maximization technique. Two laboratory-
tested examples are utilized to verify the effectiveness of the 
proposed method. 

2 FA IN SPARSE BAYESIAN FRAMEWORK 
Letting 𝐃 = [𝐃1, 𝐃2,. . . , 𝐃𝑁] ∈ ℝ𝑁𝑚×𝑁 be a set of 𝑁𝑚-
dimensional predicted data vectors, the FA model is expressed 
as [6] 
 𝐃𝑛 = 𝐖𝐳𝑛 + 𝛍 + 𝛆𝑛 (𝑛 = 1,2, … , 𝑁) (1) 
where 𝐖 is an 𝑁𝑚 × 𝑀 matrix, 𝐳𝑛 is an M-dimensional 
standard Gaussian vector composed of 𝑀 independent latent 
variables with prior density 𝒩(𝐳𝑛|𝟎, 𝐈), 𝛍 is the global mean of 
vectors in D, and 𝛆𝑛 is an 𝑁𝑚-dimensional residual noise vector 
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with prior Gaussian density 𝒩(𝛆𝑛|𝟎, 𝚿). The overall Bayesian 
equation to solve the latent variable 𝐳 = [𝐳1, 𝐳2, … , 𝐳𝑁] ∈
ℝ𝑀×𝑁 is expressed as [3] 

 𝑝(𝐳|𝐃, 𝛏) = 𝑐0
−1𝑝(𝐃|𝐳, 𝛏)𝑝(𝐳) (2) 

where 𝑝(𝐳|𝐃, 𝛏) is the posterior probability density function 
(PDF) of the latent factor 𝐳 given data D and model parameters 
𝛏 = {𝐖, 𝛍, 𝚿}, 𝑝(𝐃|𝐳, 𝛏) is the likelihood function, 𝑝(𝐳) is the 
prior PDF of 𝐳, 𝑐0 = ∫ 𝑝(𝐃|𝐳, 𝛏)𝑝(𝐳)𝑑𝐳 = 𝑝(𝐃|𝛏) and 𝐳 and 𝛏 
are chosen to be independent a priori. 

 Prior PDF 

An independent Gaussian prior is defined over each column of 
𝐖 as follows 

 𝑝(𝐖|𝜶) = ∏ (
𝛼𝑖

2𝜋
)

𝑁𝑚
2

𝑒𝑥𝑝 {−
1

2
𝛼𝑖𝐰𝑖

T𝐰𝑖}
𝑀
𝑖=1  (3) 

 Observed-data Likelihood PDF 

Using Eq. (1), the mean and covariance for the likelihood 
function 𝑝(𝐃𝑛|𝛏, 𝐳𝑛) are given by 

 𝔼[𝐃𝑛|𝛏, 𝐳𝑛] = 𝐖𝐳𝑛 + 𝛍 + 𝔼[𝛆𝑛] = 𝐖𝐳𝑛 + 𝛍 (4) 

 Cov[𝐃𝑛|𝛏, 𝐳𝑛] = 𝔼[𝛆𝑛𝛆𝑛
T] = 𝚿 (5) 

 Complete-data Likelihood PDF 

Based on the assumption of prior independence of 𝐳 and 𝛏, the 
complete-data likelihood 𝑝(𝐃, 𝐳|𝛏) is a product of the 
observed-data likelihood function 𝑝(𝐃|𝛏, 𝐳) and the prior PDF 
𝑝(𝐳) [31], 

 𝑝(𝐃, 𝐳|𝛏) = 𝑝(𝐃|𝛏, 𝐳)𝑝(𝐳) (6) 

 Posterior PDF 

Using Eq. (6), the posterior PDF of the latent variable 𝐳 
conditional on 𝛏 is derived as 

 𝑝(𝐳|𝐃, 𝛏) = 𝑐0
−1𝑝(𝐃|𝛏, 𝐳)𝑝(𝐳) (7) 

The posterior PDF of model parameters 𝛏 = {𝐖, 𝛍, 𝚿} 
conditional on 𝐳 and 𝜶 is derived as 

 𝑝(𝛏|𝐃, 𝐳, 𝜶) = 𝑐1
−1𝑝(𝐃, 𝐳|𝛏)𝑝(𝐖|𝜶) 

∝ ∏ 𝑒𝑥𝑝 {−
1

2
(𝐃𝑛 − 𝐖𝐳𝑛 − 𝛍)T𝚿−1(𝐃𝑛 − 𝐖𝐳𝑛 − 𝛍) −𝑁

𝑛=1

𝐳𝑛
T𝐳𝑛

2
} × ∏ 𝑒𝑥𝑝 {−

1

2
𝛼𝑖𝐰𝑖

T𝐰𝑖}
𝑀
𝑖=1  (8) 

3 EM ALGORITHM 
The EM algorithm is a general technique that can be applied to 
find the maximum likelihood solutions of Bayesian models 
with latent variables [3]. It alternates between two updates 
named the expectation (E) and maximization (M) steps. The E 
step calculates the expectation of the logarithm of the complete-
data likelihood function with respect to the latent variable, 
followed by the M step that maximizes this expectation with 
respect to the parameters. The successive E and M steps result 
in convergence to the maximum likelihood solutions of the 
parameters. 

4 EXPERIMENTAL VERIFICATION 
Two experimental examples are presented in this section to 
illustrate the effectiveness of the proposed method.  

 An RC Slab 

The RC slab measures 6400 mm × 800 mm × 100 mm with two 
equal spans of 3000 mm and 200 mm at each end, as shown in 
Figure 1. The details refer to [5].  

 

 
Figure 1. The RC Slab. 

One hundred thirty-six sets of modal properties were 
collected. The first four frequencies versus sample number are 
illustrated in Figure 2. 

 

 
Figure 2. Variations of the first four frequencies of the RC 

slab. 

The first 100 sets of data except the lost data are utilized for 
training. The EM process took fifteen iterations to converge 
with the proposed method. The numerical values of 𝐖, 𝚿 and 
𝛍 obtained in each iteration are substituted into the analytical 
expression of each element in the Hessian matrix computed 
using the Symbolic Math Toolbox in MATLAB. As the process 
proceeds, two components of 𝜶 become larger and larger and 
approach infinity upon convergence. The corresponding two 
columns of 𝐖 are then enforced to zero. Correspondingly, two 
components of 𝐳𝑛 become zero. The remaining two nonzero 
components of 𝐳𝑛 corresponding to latent factors reflect that 
variations of the first four frequencies can be represented by 
two environmental factors only. This example indicates that the 
sparse Bayesian FA-based method can automatically identify 
the number of significant environmental factors that influence 
structural dynamic properties. 

The reconstruction error of the training and test data both 
corresponding to the undamaged state, is calculated as the 
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damage indicator ‖𝐞‖2 = ‖𝐃 − 𝐃′‖2. The 2-norm of the error 
vector is plotted in Figure 3. 

 
Figure 3. Reconstruction error of the training and test data of 
the RC slab. 

 A Steel Frame 

The two-storey steel frame in Bao et al. [7] is utilized in this 
study to demonstrate the effectiveness of the proposed method 
for damage detection under varying environmental conditions. 

Variations of the frequencies during the monitoring period 
are plotted in Figure 4. 

 
Figure 4. The first six frequencies of the steel frame. 

The proposed sparse Bayesian FA-based method is applied 
to the first six modes. One hundred and forty sets of the first six 
frequencies in the undamaged state are used as training data. 

Simulated datasets for DS0–DS3 are reconstructed with the 
determined 𝐖(9) and 𝚿(9). Reconstruction errors are then 
calculated and plotted in Figure 5. The damage-induced 
deviations can be observed from the figure. The deviation is 
relatively small but still recognizable when damage severity is 
slight (i.e. DS1). When damage becomes severe (i.e. DS2 and 
DS3), the reconstruction error increases significantly. 
Therefore, the reconstruction error can be treated as a damage 
index that indicates that the steel frame in DS1–DS3 is in a 
damaged state. 

 

 
Figure 5. Residue of reconstruction using the first six 
frequencies. 

5 CONCLUSIONS  
This study develops a sparse Bayesian FA-based method for 
output-only structural damage detection under varying 
environmental conditions. By adopting the ARD prior in the 
SBL framework, the number of underlying environmental 
factors is automatically identified. The uncertainties are 
evaluated upon convergence. The residual error matrix is then 
calculated as the damage indicator according to the generative 
FA model. Two experimental examples show that: 1) the 
number of environmental factors that influence the structural 
dynamic properties can be automatically determined without 
measuring the corresponding varying factors; 2) the existence 
of damage under varying environmental conditions can be 
correctly identified. 
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ABSTRACT: In bridge engineering, the evaluation of bridge design, seismic response and structural health monitoring are 
crucial to both the government and the society. To achieve these goals, conducting numerical analyses is essential to the related 
finite element (FE) model. Due to many effective factors such as structure geometric errors, material uncertainties, construction 
errors etc., it is very difficult to establish an accurate FE model of the existing structures. In this paper, two methods based on 
different foundations are adopted to identify the parameters of a steel arch truss bridge with the span of 100m+400m+100m; 
large quantities of frequencies and modals obtained from test data are used during the process. The first method is an artificial 
intelligence (AI) method and is named as the Artificial Bee Colony (ABC) algorithm. With the ABC algorithm, the parameter 
identification problem is transferred to find the extreme values of the corresponding objective function. The second method is 
the Bayesian improved Markov Chain Monte Carlo (MCMC). The numerical results show that both methods can achieve 
promising results, and the ABC algorithm can verify the status of the steel arch truss bridge even when the test data are limited. 

KEY WORDS: Artificial Bee Colony algorithm; Parameter Identification; Steel Truss Bridge. 

1 INTRODUCTION 
The early-stage damage detection is one of the main tasks in 
structural health monitoring [1], and this task is accomplished by 
fundamental damage detection method and parameter 
identification. Once the structural parameters are identified or the 
structural uncertainties are reduced, the corresponding structural 
numerical model can be updated and used to predict relevant 
structural responses under possible catastrophic events, such as 
earthquakes and hurricanes [2,3]. Besides, with the detected 
damages, structural repair cost and maintenance parameters can 
be dynamically evaluated [4].  

In this paper, two methods based on different foundations are 
adopted to identify the parameters of a steel arch truss bridge 
with the span of 100m+400m+100m; large quantities of 
frequencies and modals obtained from test data are used during 
the process. The rest of the paper is organized as follows: section 
2 introduces the theoretical background; section 3 describes the 
studied bridge; the results are discussed in section 4; section 5 is 
the conclusions. 

2 ALGORITHMS FOR DAMAGE DETECTION  

2.1 The Improved ABC algorithm  

The ABC algorithm is proposed by Karaboga [5], and it is 
originally used to calculate the minimal values of implicit or 
explicit functions. To apply this algorithm in parameter 
identifications, the data (frequencies and modals) obtained from 
both the field test and the established finite element model (FEM) 
are required. The established implicit objective function is 
defined as: 
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in which F and m respectively represent the objective function 
and the number of the total measured orders; MAC represents the 
modal assurance criterion defined in [6]; aj is a penalty function 
to account for differences between the test and the FE model 
frequencies: 
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F

jf  and T

jf  are the jth frequencies of the FE model and the 
test; the factor aj accelerates the convergence of the objective 
function as well. Theoretically, when the global minimum of this 
implicit objective function reaches zero, the input parameters of 
the FE model equally represent the physical parameters of the 
actual structure. 

There are three categories of bees in the ABC algorithm, 
employed bees, onlooker bees, and scout bees. The employed 
bees first explore the food sources according to their memories 
and explore possible food sources in corresponding 
neighborhoods, then they fly back to the hive and share the 
information of the food sources by dancing. After digesting the 
information, the onlooker bees select the food sources one by one 
and become employed bees. When a food source is exploited 
several times and no other better food sources are found nearby, 
the employed bee of this food source transforms into a scout bee. 
The scout bee randomly selects a new food source and continues 
its work as an employed bee.  

In this paper, two searching methods, the tabu search method 
[7] (with T1 and T2 list) and chaotic search method [8], are 
adopted to enhance the exploration and exploitation ability of the 
traditional ABC algorithm. Additionally, the original roulette 
wheel selection is replaced by the tournament selection to 
enhance the global searching ability of this algorithm. For details 
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of this method, please refer to [9]. Fig 1 shows the Schematic of 
the improved ABC algorithm. 

2.2 The Bayesian improved Markov Chain Monte Carlo 

algorithm  

The Bayesian method is a statistical method to obtain the 
posterior information through the prior information and the 
sampling information, which is proposed by Beck [10]. The prior 
information represents the known information from engineering 
experience or historical data; the sampling information is the 

information sampled from the whole; the posterior information is 
the target information of the study, and it can be considered as an 
adjustment of the sampling information to the prior information 
as well. The corresponding formula is shown as follow: 

 
( | ) ( )( | ) ( | ) ( )

( )
P B A P A

P A B P B A P A
P B

=   (3) 

Parameter 
initialization
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Update tabu list T1 Generate new 
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No

Record the best 
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Yes

Yes

No

Yes
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Figure 1. Schematic of the improved ABC algorithm. 

 
where ( | )P A B  represents the conditional probability of A 
given that B occurs (the posterior of A); ( | )P B A  represents 
the sampling information and is called the likelihood function; 

( )P A  is the prior probability of event A; ( )P B  represents the 
marginal probability of event B. For details of this method, please 
refer to [10,11]. 

3 DESCRIPTION OF THE CASE STUDY BRIDGE  
The Hengqin second bridge, located in Zhuhai City, Guangdong 
Province, China, is a 100 m + 400 m + 100 m half through steel 
truss tied arch bridge. The transverse spacing of the main truss 
plate is 36 m, and the rising height of the lower chord arch rib is 
90 m. The main truss plates of this bridge are composed of 

several box-shaped and web-shaped ribs. Figure 2 shows the 
appearance of this bridge. 

 
Figure 2. The Hengqin second bridge. 
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From December 19, 2015 to December 20, 2015, the modal 
test of this bridge was conducted. The test was carried out at 
night, and the natural pulsation method with environmental 
excitation was used to capture the structural dynamic responses. 
All accelerometers were attached on the bridge deck and two 
main arch ribs, and corresponding dynamic acquisition 

instruments were used to obtain the responses. To ensure the 
robustness of the selected data, the duration of each collection 
must be of, at least, 30 minutes. Many sensor measurements 
points and four stations were set up on the bridge deck, as can be 
seen in Figure 3 and 4. 

Figure 3. Sensors layout of the test. 

 
Figure 4. Test environment. 

4 RESULTS AND DISCUSSIONS  
After obtaining the field test data, the frequency domain 
decomposition method is used to identify the modals and 
frequencies of the bridge. The data were extracted independently 
10 times. Table 1 shows the mean values of the measured 
frequencies and the numerical calculated frequencies; Figure 5 
shows the modal shapes of the nature frequencies from the first to 
eighth-order. (the left one represents the measured mode shapes, 
the right one represents mode shapes by the finite element 
method). 
 

Figure 5(a). The first modal shape. 

 
Figure 5(b). The second modal shape. 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure  

560 

Figure 5(c). The third modal shape. 

 
Figure 5(d). The fourth modal shape. 

 
Figure 5(e). The fifth modal shape. 

 
Figure 5(f). The sixth modal shape. 

 
Figure 5(g). The seventh modal shape. 

 
Figure 5(g). The eighth modal shape. 

 
After eliminating the abnormal data, the improved ABC 

algorithm and the Bayesian method were used for the parameter 
identification. Figure 6 shows the calculation process. 

Tables 2 and 3 show the MAC values and frequencies before 
and after the identification. In general, the MAC values of the 
modified structure (by both methods) are closer to 1 compared to 
the unmodified model, and the frequency errors are smaller than 
those without modification (Table 1). 
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Figure 6. Calculation process of the (a) improved ABC algorithm (b) Bayesian method 
 
Table 1. Mean frequencies from the initial finite element 

model and the field test. 

Orders of 
the 

frequency 

Initial finite 
element 

frequencies 
(Hz) 

Test 
frequencies 

(Hz) 

Relative 
errors 

1 0.5292 0.4968 6.52% 

2 0.5499 0.5753 4.42% 
3 0.7323 0.7377 0.73% 
4 1.0242 0.9683 5.77% 
5 1.0312 1.0102 2.08% 
6 1.0891 1.1399 4.46% 
7 1.2743 1.2348 3.20% 
8 1.4389 1.3938 3.24% 

 

Table 2. The MAC values before and after the modification. 

Orders of the 
frequency 

Before 
modification 

After modification 

Improved 
ABC 

algorithm 

Bayesian 
method 

1 0.97824 0.98468 0.97013 
2 0.98135 0.97612 0.97532 
3 0.95142 0.96689 0.98184 
4 0.94158 0.96817 0.96228 
5 0.93276 0.95314 0.94317 
6 0.90387 0.93874 0.92698 
7 0.96517 0.95213 0.94689 
8 0.95188 0.96822 0.95298 
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Table 3. The frequency values after the modification. 

Orders of the 
frequency 

Mean test frequencies 
(Hz) 

Mean modified frequencies (Hz) 
Improved ABC 

algorithm 
Relative 

errors 
Bayesian 
method 

Relative 
errors 

1 0.4968 0.5181 -4.29% 0.525 -5.68% 
2 0.5753 0.5679 1.29% 0.5841 -1.53% 
3 0.7377 0.725 1.72% 0.7332 0.61% 
4 0.9683 0.9951 -2.77% 0.9975 -3.02% 
5 1.0102 1.008 0.22% 1.0182 -0.79% 
6 1.1399 1.1257 1.25% 1.1351 0.42% 
7 1.2348 1.2559 -1.71% 1.2659 -2.52% 
8 1.3938 1.406 -0.88% 1.4123 -1.33% 

 
To exclude insensitive parameters and to reduce calculation 

time, it is necessary to select appropriate target parameters before 
the identification. In this paper, the Sobel method [12] is used for 

the sensitive analysis. Table 4 shows the final used parameters 
(target parameters) for the identification. 

 
 
 

Table 4. The parameters used for the identification. 
ID of the 
parameter Physical meaning ID of the 

parameter Physical meaning 

1 Concrete mass of the left span bridge 
deck 8 Steel elastic modulus of the main span main 

truss plate 

2 Concrete mass of the main span bridge 
deck 9 Steel elastic modulus of the right span main 

truss plate 

3 Concrete mass of the right span bridge 
deck 10 Steel elastic modulus of the left span transverse 

connection 

5 Steel elastic modulus of the main span 
bridge deck 11 Steel elastic modulus of the main span 

transverse connection 

7 Steel elastic modulus of the left span 
main truss plate 12 Steel elastic modulus of the right span 

transverse connection 
 

Table 5 compares the target parameters identified by two 
methods. The relative error of each parameter is within 1%, 
indicating that both methods achieve very similar results. Even 
though the modification principle from the two methods is 
different, their identification similarity guarantees the validity of 
the identified parameters. It is noteworthy that compared to the 
Bayesian method, the improved ABC algorithm can calculate 
promising results using limited amount of data (no need to go 
through all extracted data), and this feature is advantageous when 
test conditions are restricted.  

CONCLUSIONS  
In this paper, the improved ABC algorithm and the Bayesian 
improved Markov Chain Monte Carlo algorithm were used to 
identify the parameters of the Hengqin second bridge, a steel 
arch truss bridge with the span of 100m+400m+100m in Zhuhai 
City, Guangdong Province, China. The frequencies and modal 
shapes of the field test were used as the benchmark for 
identification. The identified results from both methods match 
well with each other. The MAC values of the modified structure 
are closer to 1; the frequencies of the revised model are closer to 
the measured frequencies compared to the frequencies of the 

original model. When the amount of test data is limited, the 
improved ABC algorithm also achieves a promising result. 

 
Table 5. The modified results of the target parameters. 

ID of the 
target 

parameter 

Identified by 
the improved 

ABC algorithm 

Identified by 
the Bayesian 
method (the 

mean values) 

Relative 
errors 

1 1.0908 1.0993 -0.78% 
2 1.0508 1.0448 0.57% 
3 1.0838 1.0766 0.66% 
5 0.9784 0.9754 0.31% 
7 0.9547 0.9572 -0.27% 
8 0.9776 0.9826 -0.51% 
9 1.0335 1.0333 0.02% 
10 1.0155 1.0141 0.14% 
11 0.9689 0.9644 0.46% 
12 1.0245 1.0229 0.16% 
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ABSTRACT: The purpose of model updating is to minimize the misfit between the structural response measurements
and an assumed numerical model. In the context of damage quantification, this misfit is characterized by some features
computed from the response data measured on the faulty structure, and its Finite Element (FE) model in the healthy
condition. The FE model is parameterized so that the estimated features are related to the physical parameters of the
model. Therein, the parameterization size may be large. As a consequence of low instrumentation, different parameters
can have a similar effect on the estimated features, resulting in non uniqueness of the updating problem solutions,
even taking into account the inherent uncertainty errors, originating both from the model and the measurements. In
this paper a model updating-based damage quantification strategy is proposed. It involves the minimization of two
Hankel matrices, one computed from the data and another from the optimized model. The difference between those two
matrices is studied, in particular in the practical case where the ambient excitation is unknown. It yields a statistical
residual, whose deviations from zero can be evaluated through a statistical test. The resulting optimization is based
on the Generalized Likelihood Ratio test as an objective function and uses its 95 per cent quantile as a measure of
closeness for a stopping criterion for the optimization. Moreover, the large size of the finite element model to optimize
compared to the low instrumentation has to be taken into account by clustering the parameter space. This clustering
is proceeded using the well known stochastic subspace-based damage localisation method. The proposed framework is
validated on simulations of a simple mechanical system.

KEY WORDS: Model updating, Damage quantification, Uncertainty quantification, subspace methods.

1 INTRODUCTION

The damage diagnosis problem can be divided into damage
detection, localization, quantification and lifetime predic-
tion [1]. Whereas the detection of damages from vibra-
tion measurements is well established e.g. in [2–7], the
localization and quantification of damages is more com-
plex, and requires additional physical information on the
examined structure [8–11]. In this respect, few complete
frameworks for damage identification exist, e.g. [12–14].
Some methods consider a specific structural type in their
theory, e.g. beams [13], while other methods incorporate
the required physical information from a FE model, which
allows application to more complex structures. In this
context, the sensitivities of a damage feature computed
from the structural responses can be used to infer FE
model parameter changes in [12], under the assumption of
small damage extents. Contrary to these approaches, FE
model optimization-based methods are usually not limited
by the structural type or by the damage extent. Therein
model updating is a generic term encompassing a family
of many methods [15,16], that are often applied in the
damage quantification context [17–20]. However, model
updating methods are often poorly conditioned due to
the possibly large FE parameter space in comparison to
relatively few parameters that can be extracted from data,
and are prone to statistical uncertainty errors of the esti-
mated features. The objective of this paper is to develop a

cascade framework where the damage is first localized and
then quantified on the subset of the damaged parameter
space, and which explicitly considers data-based uncer-
tainties in the model optimization. An objective function
is proposed based on the statistical hypothesis test of a
residual composed from the Hankel matrices of output
covariances of the monitored system compared to a numer-
ical counterpart. The proposed residual unites simplicity of
the damage feature, robustness towards changing ambient
excitation conditions by an appropriate normalization, and
a sound statistical evaluation within the local approach
framework.

The paper is organized as follows. The considered model
optimization problem, the background on system model-
ing is stated in Section 2. The objective function based
on Hankel matrix difference is defined in Section 3. The
damage quantification framework based on the damage
localization-based parameter clustering and the stochastic
optimization scheme is presented in Section 4. The applica-
tion of the proposed framework on a numerical simulation
of a simple mechanical system is enclosed in Section 5.

2 BACKGROUND

The overall goal of this paper is the estimation of the
structural parameter change between a healthy reference
state and the current damaged state. Let θ ∈ Θ ⊂ Rp be
the parameter vector that contains the damage-sensitive
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parameters of the structural elements of interest for the
considered problem within a bounded parameter space
Θ. The parametrization is user-defined and adapted to
the specific monitoring problem at hand. It is assumed
that the parameter vector θ0 in the healthy state of the
structure is known, and let θ∗ be the parameter vector in

the damaged state. It is the goal to obtain an estimate θ̂
of θ∗ from vibration measurements in the damaged states
for estimating the damage extent δ = θ∗− θ0. Finding the

optimal θ̂ can be formulated as an optimization problem,
where an objective function F (θ), also called cost function,
is minimized over the parameter space Θ.

The objective function is designed to represent the discrep-
ancy between v̂, the estimate of a feature vector computed
from measurement data recorded under the (unknown)
system parameter θ∗, and its counterpart v(θ) computed
from a parametric model. The optimal solution for θ is
then obtained as

θ̂ = arg min
θ∈Θ

F (θ). (1)

A classic feature vector v̂ for the design of the objective
function F (θ) in (1) is based on the modal parameters of
the monitored system [21], and their statistical uncertain-
ties obtained using e.g. [22–24]. In this work an objective
function is proposed based on the statistical hypothesis
test of a residual composed from the Hankel matrices of the
monitored system compared to a numerical counterpart.
An immediate advantage is to avoid the computation and
the correspondence between the numerical modes and the
estimated ones.

A decision whether the current parameter of the numerical
model θ corresponds to the unknown parameter θ∗ needs
to take into account the uncertainty information of the es-
timated feature and its sensitivity towards the considered
parameterization. An approach to assess this equivalence
is to define a residual whose properties can be evaluated
properly as the number of samples goes to infinity. For
this, two hypotheses are defined

H0 : θ = θ∗ (model matched), (2)

H1 : θ = θ∗ + κ/
√
N (model mismatched),

where κ =
√
N(θ − θ∗) is a change vector between the

assumed system parameter θ and the the sought parameter
θ∗ . Notice that the hypotheses H0 and H1 are reversed
from the classical damage detection setup in [8], where H0

represented the healthy reference state, whereas here it
represents the damaged state, which is now a reference for
the model updating.

2.1 System and models

Assume that the dynamics of the monitored system can
be modeled as linear time-invariant (LTI) with d degrees
of freedom (DOF), which are described by the differential
equation of motion

Mθ q̈(t) +Dθ q̇(t) +Kθq(t) = u(t) (3)

where t denotes the continuous time, and the matricesMθ,
Dθ and Kθ ∈ Rd×d denote the mass, damping and stiffness
matrices, respectively, which depend on the system param-
eter θ. The vectors q(t) ∈ Rd and u(t) ∈ Rd denote the
continuous-time displacements and the unknown external

forces, respectively. Observed at r sensor positions, e.g. by
acceleration, velocity or displacement sensors at discrete
time instants t = kτ (with sampling rate 1/τ), system
(3) can be transformed into the discrete-time state-space
model [25] {

xθk+1 = Aθxθk + wk
yθk = Cθxθk + vk

(4)

where xθk ∈ Rn are the states, yθk ∈ Rr are the outputs,
vectors wk and vk denote the white process and output
noise respectively, Aθ ∈ Rn×n, Cθ ∈ Rr×n are the state
and observation matrices, and n = 2m is the model order.
The process noise vk is assumed to be a stationary process
with zero mean and covariance matrix Q = E(vkv

T
k ),

wk denotes the zero-mean output noise with covariance
matrix R = E(wkw

T
k ), and the covariance between vk and

wk is S = E(vkw
T
k ), where E(·) denotes the expectation

operator.

For simplicity, the (·)θ notation is dropped in the remain-
der of this paragraph. Let Ri = E(yky

T
k−i) = CAi−1G be

the theoretical output covariances of the measurements,
where G = E(xk+1y

T
k ) = AΣsCT +S and Σs = E(xkx

T
k ) =

AΣsAT +Q. The collection of Ri can be stacked to form
a block Hankel matrix

H =


R1 R2 . . . Rq
R2 R3 . . . Rq+1

...
...

. . .
...

Rp+1 Rp+2 . . . Rp+q

 ∈ R(p+1)r×qr, (5)

where p and q are chosen such that min(pr, qr) ≥ n with
often p+1 = q. Matrix H enjoys the factorization property

H = O(C,A) C(A,G), (6)

where the observability and controllability matricesO(C,A)
and C(A,G) are defined as

O(C,A) =


C
CA

...
CAp

 , C(A,G) =
[
G AG . . . Aq−1G

]
, (7)

where (A,C) can be easily computed directly from M,
D, K [25], and G is obtained based on the chosen noise
properties after [26].

Consistent estimates Ĥ can be obtained from the output
covariances of the measurements {yk}k=1,...,N+p+q e.g. by

Ĥ = Y+Y−T , (8)

where the data Hankel matrices Y+ and Y− contain future
and past time horizons

Y+ =
1√
N


yq+1 yq+2 . . . yN+q

yq+2 yq+3 . . . yN+q+1

...
...

. . .
...

yp+q+1 yp+q+2 . . . yp+q+N

 ,

Y− =
1√
N


yq yq+1 . . . yN+q−1

yq−1 yq . . . yN+q−2

...
...

. . .
...

y1 y2 . . . yN

 .
The estimates of O(C,A) and C(A,G) are classically
obtained from a singular value decomposition (SVD) of

Ĥ thanks to the factorization property (6).
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2.2 Hankel matrix normalization scheme

Model-based Hankel matrix parametrized with θ, and
Hankel matrix computed from data generated under pa-
rameter θ∗ can be compared by a simple objective func-
tion for a model optimization-based damage quantifica-
tion. Hankel matrices, however, are not only dependent
on the dynamics of the system, but also on the unknown
covariance of the noise processes Q. Then, since the model-
based Hankel matrix can not be defined under the same
Q as its data-based equivalent, their comparison in search
of θ is meaningless. To overcome this problem, a proper
normalization of the model-based Hankel matrix is recalled
after [27], where this normalization was introduced to com-
pensate change in the noise properties between different
data sets. Here, since there is only one data set, the matrix
Q is not changing but is still unknown, and the same
normalisation is useful.

Let Hθ∗data and Hθ∗model be two exact Hankel matrices of
rank n for a system in the state θ∗, subjected to process
noise with different covariances Qdata and Qmodel. A SVD
of the juxtaposed matrices Hdata and Hmodel writes[

Hθ∗data H
θ∗
model

]
= [Us Uker]

[
Ds 0
0 0

] [
V Ts
V Tker

]
, (9)

where rank
([
Hθ∗data H

θ∗
model

])
= n, Us ∈ R(p+1)r×n con-

tains the left singular vectors, Ds ∈ Rn×n contains
the non-zero singular values and Vs ∈ R2qr×n contains
the right singular vectors, which are split into V Ts =[
V Ts,data V

T
s,model

]
corresponding to Hθ∗data and Hθ∗model re-

spectively. Now define

Zdata = DsV
T
s,data, Zmodel = DsV

T
s,model, (10)

where both Zdata and Zmodel are full row rank. The exact
Hankel matrices share the same image in the reference
state [

Hθ∗data H
θ∗
model

]
= Us [Zdata Zmodel] . (11)

To compare Hθ∗data with Hθ∗model an appropriate normaliza-
tion is given by

Hmodel = Hθ∗modelZ
†
modelZdata, (12)

where Hmodel now shares the same C(A,G) as Hθ∗data.

2.3 Hankel matrix difference-based residual for damage
diagnosis

Let Hθmodel be the model-based Hankel matrix generated
under some chosen process noise covariance Qmodel. Next,
let Ĥθ∗data be obtained from a data set of length N gener-
ated under a process noise covariance Qdata, with Qdata

different from Qmodel. Then, after (11) it yields

HθmodelZ
†
modelZdata −Hθ∗data = 0 iff θ = θ∗, (13)

and

HθmodelZ
†
modelZdata −Hθ∗data 6= 0 iff θ 6= θ∗, (14)

where Zdata and Zmodel are obtained from an SVD of
[Hθ∗data Hθmodel] as in (9) but truncated at order n.

Based on both (13) and (14), the change detection residual
is defined as

ζ̂θ
def
=
√
Nvec(HθmodelẐ

†
modelẐdata − Ĥθ∗data), (15)

where Ẑdata and Ẑmodel are defined from the following
SVD and partitioned at order n[
Ĥθ∗data Hθmodel

]
=
[
Û s Ûker

] [D̂s 0

0 D̂ker

][
V̂ Ts,data V̂ Ts,model

V̂ Tker,data V̂
T
ker,model

]
,

as Ẑdata = D̂sV̂
T
s,data, Ẑmodel = D̂sV̂

T
s,model.

Then, (15) is zero if and only if the parameters θ and θ∗
correspond, up to some statistical considerations that will
be discussed in the next section.

Alternatively or concurrently to the difference of Hankel
matrices, other metrics can be used, based on modal
parameters or the kernel of the Hankel matrix used for
damage localization in [8]. The present metric has the
merits to relate to the classical Manhalobis distance [27].

3 OBJECTIVE FUNCTION BASED ON HANKEL
MATRIX DIFFERENCE

In this section an objective function for model optimiza-
tion is expressed by a difference between two Hankel ma-
trices. The statistical properties of the residual defined in
Section 2.2 are derived and a hypothesis test for data-
model correspondence is established. Then, an objective
function for optimization of the numerical model is con-
structed. Finally, a criterion for assessing the minima of
the objective function is derived based on the quantile of
the developed statistical distribution.

3.1 Residual distribution

To characterize the distribution of the residual (15) the
asymptotic local approach for change detection [28] is
used. Firstly, thanks to the Central Limit Theorem (CLT),

the local approach ensures that Ĥθdata is asymptotically
Gaussian, and it holds

√
N vec(Ĥθ∗data −H

θ∗
data)

L−→ N (0,Σdata), (16)

where Σdata is the asymptotic reference Hankel matrix
covariance. Note that an estimate of Σdata can be easily
obtained from the sample covariance as in e.g. [29].

Then, it can be proved that the residual in (15) is asymp-
totically Gaussian with the following properties

H0 : ζ̂θ∗
L−→ N (0,Σζ), (17)

H1 : ζ̂θ
L−→ N (J ζθ∗κ,Σζ) , (18)

where

Σζ = J ζHdata
Σdata(J ζHdata

)T , (19)

and J ζHdata
= I(p+1)r ⊗ UkerU

T
ker. The sensitivity of the

residual with respect to the chosen parameterization J ζθ∗
is defined as

J ζθ∗ =
(

(Z†dataZdata)
T
⊗ UkerU

T
ker

)
JHdata

θ∗
, (20)

where JHdata

θ∗
= ∂vec (Hdata)/∂θ (θ∗).

Notice that the sensitivity matrix JHdata

θ∗
is not computed

from the unknown model θ∗, but from the data alone. In
that sense, the sensitivities are expressed with respect to a
data-driven parameterization, which consists in the modal
parameters. As such, a consistent estimate of JHdata

θ∗
can
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be computed using the modal parameter estimates, as in
[30].

3.2 Objective function for model optimization

Let Ĵ and Σ̂ respectively be consistent estimates of J ζθ∗
and Σζ . Then a Generalized Likelihood Ratio (GLR) test
to decide between H0 and H1 writes as

GLRθ = (ζ̂θ)T Σ̂−1 Ĵ
(
Ĵ T Σ̂−1 Ĵ

)−1

Ĵ T Σ̂−1ζ̂θ . (21)

Assuming Σζ to be invertible, under H0, GLRθ follows a

χ2 distribution with rank(J ζθ∗) degrees of freedom.

The test value from (21) can be directly used in the
objective function for the model optimization as

F (θ) = GLRθ. (22)

The quantile qχ2 of the underlying χ2 distribution, satis-

fying
∫ qχ2

0 fχ2(x)dx = γ, where γ is a desired confidence
level, can be used to define an acceptance region

Θ = {θ : GLRθ ≤ qχ2}, (23)

which comprises all parameter vectors θ that yield Hθmodel

to comply with the estimated reference Ĥθ∗data under the
statistical distribution of the GLR. Thus, Θ comprises
the statistically acceptable solutions for θ∗ with regards
to the considered models, and a stopping criterion of the
optimization search can be formulated for θ ∈ Θ.

Notice that the stopping criterion and the objective func-
tion do not involve computation or matching of the nu-
merical modes for any model. Only the modes identified

from the data set are needed in the computation of Ĵ . It
yields a very direct and simple computational scheme for
optimization.

4 DAMAGE QUANTIFICATION STRATEGY

In the previous section, an objective function has been
elaborated whose set of minima corresponds to models
that are statistically compliant with the Hankel matrix
computed from measurements. As such, looking for the
minima of this function will yield the sought models. This,
however, is not trivial.

For example, some optimization strategies might be stuck
in local minima due to the rugged nature of the proposed
objective function. Moreover, the lack of identifiability for
parameters of large FE models requires clustering in order
to estimate the change over subsets of similar parameters,
and consequently to quantify the possible damage. In this
paper, it is proposed to chain a damage localization ap-
proach with a model optimization procedure to minimize
the designed objective function (22) over the subset of
parameters that have been recognized as damaged by the
localization approach. In this way, the search domain for
the optimization approach can be reduced efficiently. The
resultant damage quantification framework is summarized
in Figure 1.

For damage localization, the subspace-based damage local-
ization approach [8] is chosen, and the Covariance Matrix
Adaptation Evolution Strategy (CMA-ES) [31] is adapted
as the optimization approach. Both methods are outlined

in the following subsections. Similarly, other localization
methods and other optimization methods can be chosen
for this framework. The damage quantification procedure
comprising the aforementioned strategies is summarized in
Algorithm 1.

Measurement data under θ∗ Model: Kθ, Mθ, Dθ

Sensitivity-based clustering

Model optimization

θloc

Ĥθ∗data Hθmodel

Figure 1. Damage quantification flow chart

4.1 Damage localization and statistical sensitivity-based
clustering

Due to a possibly large FE model-based parametrization
θ on one side and limited measurements regarding the
number of sensors on the other side, the sensitivity of the
optimized feature vector with respect to some components
of θ may be equal or be very close. Thus, such parameter
components are indistinguishable, and clustering of the
parameters is performed to estimate their total change
over some localized subset.

For this purpose the statistical sensitivity clustering,
which is a part of the subspace-based damage localization
[30,8,32] is used. The output of such a procedure is a subset
of the parameter vector θ, denoted by θloc, which con-
tains all parameters of the clusters that are recognized as
damaged. Hence, it can be considered that the remaining
parameters in θ are unchanged. Subsequently, the damage
extent can be quantified by updating only the parameter
subset θloc. Thus, linking the damage localization with
an adequate model optimization method should lead to
a damage quantification scheme, where the dimension of
the search domain is reduced by the localization approach.
Clustering the parameter space is essential for large pa-
rameterization. However, this will not be detailed in the
considered numerical applications for proof of concept
where all elements are well separated statistically.

4.2 Model optimization with modified CMA-ES

Starting with the initial value θ = θinit corresponding
to the model in the reference state, the CMA algorithm
consists in generating λ model candidates θgj , j = 1, . . . , λ,
in each population g, by sampling a multivariate Gaussian
distribution. The model candidates are only modified on
the parameter subset θloc that is given by the localization
approach. The sampling is carried out on the considered
parameter subset for the subsequent population g + 1 as

(θloc
j )g+1 = mg + εj , εj ∼ σgN (0, Cg) , (24)

where j = 1, . . . , λ and mg is a weighted mean of the
model candidates (θloc

j )g in the parent generation. Then,

the parameter subset of the full parameter vector θg+1
j is

updated with (θloc
j )g+1. Equation (24) represents a mu-

tation and recombination into offsprings, for which the
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CMA-ES algorithm adapts the parameters Cg and σg in
each generation. The covariance matrix Cg of the added
Gaussian noise represents the amplitude for the sampling
to occur, and the scaling factor σg determines the range
of the considered mutation. Consequently, the optimiza-
tion continues and the best parent solutions replace the
offspring until it converges to a solution. For CMA-ES,
the covariance matrix Cg is incrementally updated with
rank-one matrices representing the direction between the
best parent solutions at two consecutive generations, such
that the likelihood of previously successful search steps is
increased [31].

For the convergence to a solution, a stopping criterion is
included in the algorithm that is adapted to the acceptance
region (23). Since the acceptance region consists of all
models that are equally optimal in the statistical sense,
the algorithm can stop once a number topt of population
model candidates are inside the region, where topt ≥ 1. A
higher value leads to more confidence in the set of retained
solutions. Once inside the acceptance region, there is no
need to further minimize the objective function, avoiding
unnecessary additional computations.

Then the final solution is computed as the mean of the
selected model candidates θgjk ∈ Θ in the last population
g that are lying in the acceptance region, with

θsol = 1
topt

topt∑
k=1

θgjk (25)

Finally, the change in the parameter vector is evaluated
for damage quantification. Since the changes in the pa-
rameter components of each cluster are indistinguishable
as described in the previous section, only the global change
for each cluster can be evaluated, while the separate eval-
uation of changes of different parameters within the same
cluster is impossible. Then, the change in any damaged
cluster c can be evaluated as

δ̂c =

pc∑
k=1

θ
ic(k)
sol − θic(k)

init (26)

where ic(1), . . . , ic(pc) are the indices of the components
of parameter vector θ that correspond to cluster c, and pc
is the number of elements in c.

5 NUMERICAL APPLICATION

In this section, the proposed damage quantification frame-
work is applied in a numerical experiment on a 6 DOF
mechanical chain-like system that for any consistent set of
units is modeled with spring stiffness k1 = k3 = k5 = 100
and k2 = k4 = k6 = 200, mass mi = 1/20 and a
proportional damping matrix such that all modes have a
damping ratio of 3%. The chain is illustrated in Figure 2.
The system is excited by a white noise acting at all DOFs
whose covariance yields Q = bbT where b ∈ R6×6 is a
matrix whose entries are drawn from a standard normal
distribution. The structural accelerations are simulated at
DOFs 1, 3 and 5 at a sampling frequency of 50 Hz, and
white measurement noise with 5% of the standard devia-
tion of the output is added to each response measurement.
Each measurement comprises N = 200,000 samples.

Algorithm 1: Model optimization

Input : output measurements {yk}k=1,...,N+p+q ;
physical parameter θinit;

parameterized model Kθ, Mθ, Dθ ;
optimization parameters from Table 1 ;

Output: estimated parameter value θsol and

estimated total change δ̂ for each cluster ;

1 compute Ĥθ∗data from (8) and the estimate of Σdata ;

2 create Kθinit , Mθinit , Cθinit and compute Hθinitmodel from
(6) and (7) ;

3 compute the residual ζ̂θ (15), the estimate of Σζ (19)

and J ζθ∗ (20) ;

4 evaluate F (θinit) in (22) ;
5 repeat
6 get λ model candidates θ1, . . . , θλ in (24) ;
7 repeat steps 2, 3 and 4 with θ1, . . . , θλ ;
8 update CMA-ES parameters after [31] ;
9 count the number tΘ of model candidates θj with

θj ∈ Θ in the acceptance region, see (23) ;
10 until tΘ ≥ topt;
11 compute θsol in (25) as the mean of all model

candidates in Θ ;

12 compute the change in the parameter value δ̂c for
each damaged cluster c in (26)

m1 m2 m3 m4 m5 m6

k1 k2 k3 k4 k5 k6

sensor 1 sensor 2 sensor 3

Figure 2. 6 DOF chain system sketch

In total 1000 data sets for each case of Q are realized.
In each data set the damage is modeled as a stiffness
reduction of the 4-th spring by 5%. Hereafter let θ be
the collection of the element stiffness k1−6. Albeit the
damages considered herein relate to the stiffness changes,
the proposed approach is general and can be formulated
to quantify changes in any parameter of the numerical
model for which the modal parameter sensitivities are non-
zero. For damage quantification the procedure outlined in
Algorithm 1 is used.

Due to the simplicity of the examined system, each param-
eter is reported in a separate cluster, indicating that the
sensitivities of the estimated residual w.r.t. the considered
system parameters are distinguishable. Moreover, a large
probability for damage in the 4-th spring is reported by
the subspace-based damage localization method, correctly
mapping the location of damage. Since the parameter-
ization is small enough, the full parameter set can be
used for the damage quantification with Algorithm 1. In
practice, however, the optimization would be only run on
the detected clusters. The parameters used to initialize the
optimization algorithm are depicted in Table 1.

Firstly, the proposed objective function is examined. The
function F (θ) in (22) maps the p-dimensional parameter
space to a multidimensional hyperplane whose shape can
easily be illustrated for p = 2. Consider the estimate
of Hθ∗data computed from the available data, and Hθmodel
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Table 1. CMA-ES optimization parameters

σinit θiinit θimin−max λ topt

60 150 75-225 1000 60% λ

parametrized with spring stiffnesses kj . The corresponding
function F (θ) is displayed for the parameter pair (k3, k4) in
Figure 3 and (k4, k5) in Figure 4. Note that the remaining
spring stiffnesses are (k1 = 100, k2 = 200, k6 = 200).

Figure 3. Objective function F (θ) for the parameter pair
k3 and k4.

Figure 4. Objective function F (θ) for the parameter pair
k4 and k5.

It can be viewed that F (θ) is convex in the considered
parameter region. The global minimum of F (θ) is well-
aligned with the value F (θ∗) at the exact parameter pair
(100, 190) for the parameters k3 and k4 and (190, 100) for
the parameters k4 and k5. A group of parameters around
the true value satisfies the uncertainty-based stopping cri-
terion. This is a consequence of the statistical uncertainty
introduced by estimating Hθ∗data in F (θ).

Secondly, the optimization results based on a single mea-
surement set are analyzed. Each optimization population
contains λ parameters, from which topt parameters are re-
quired to be within the acceptance region for the algorithm
to stop. As such, the estimated change can be examined
for every parameter set in each iteration of the algorithm,
illustrating its performance. This is depicted in Figure 5.

Figure 5 shows the iterations of the estimated change δ̂k3
and δ̂k4 until the last iteration. Notice that within the
last iteration not all the parameters are compliant with
the stopping criterion. Those parameters are characterized
with a higher objective function value, which indicates
that at least one considered model is not corresponding to

Figure 5. CMA-ES optimization of the change in
parameters k3 and k4.

measurements. The model optimization takes 12 iterations
to converge to a feasible solution, which together with the
acceptance region is visualized in Figure 6.

Figure 6. Zoom on the changes in k3 and k4

corresponding to the acceptance region in the last
iteration.

A zoom on δ̂k3 and δ̂k4 illustrated in Figure 6, corresponds
to the parameters complying with the stopping criterion.
The estimates are spread around the exact value, whereas
the mean solution is close to the exact value.

Next, consider estimating δ̂k for each of the 1000 mea-
surement realizations. Each data set yields different esti-
mates Ĥθ∗data governed by the same statistical distribution.

Consequently, the variability of each δ̂k stems from the

statistical uncertainty of Ĥθ∗data. Thus computing δ̂k from
independent data sets should yield a histogram whose
variance corresponds to the variance of the estimate of

δk. The histograms of δ̂k for each system parameter are
plotted in Figures 7-9.

It can be viewed that for each parameter case the mean

value of δ̂k from all histograms aligns with the true change
value, and the 5% damage in k4 is correctly quantified.

Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure

568



Figure 7. CMA-ES optimization of the change in
parameters k1 and k2.

Figure 8. CMA-ES optimization of the change in
parameters k3 and k4.

Figure 9. CMA-ES optimization of the change in
parameters k5 and k6.

6 CONCLUSIONS

In this paper, a damage quantification strategy has been
developed that uses the difference between a data-driven
and a model-based Hankel matrices. A stopping criterion
based on the quantile of the statistical law of a Maha-
lanobis metric based on these two matrices has been used
in the CMA-ES-based optimization. Preliminary localiza-
tion results have clustered the parameter space and shown
what clusters were potentially damaged. It has then been
shown that the damage extent is clearly identified for
damaged elements in different clusters. To show the impact
of clustering and how damage can not be identified and

separated inside one cluster, further studies on large finite
element models have to be conducted.
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[27] S. Gres, M. Döhler, P. Andersen, L. Damkilde,
L. Mevel, Hankel matrix normalization for robust
damage detection, in: IOMAC - 8th International Op-
erational Modal Analysis Conference, Copenhagen,
Denmark, 2019.

[28] A. Benveniste, M. Basseville, G. Moustakides, The
asymptotic local approach to change detection and
model validation, IEEE Transactions on Automatic
Control 32 (7) (1987) 583–592.
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ABSTRACT: Vibration-Based Monitoring (VBM) can constitute a successful approach for Structural Health Monitoring (SHM)

of civil structures. The idea behind VBM is to identify structural damage by detecting damage-related changes of the modal

characteristics of a structure. However, the most commonly used modal characteristics in VBM applications, natural frequencies,

can exhibit a low sensitivity to certain types of damage, especially when compared to their sensitivity to environmental influences

such as temperature. Modal strains are another modal characteristic which is obtained from dynamic strain measurements. Modal

strains have been proved to be more sensitive to local damage, while less sensitive to temperature than natural frequencies. In the

context of the present work, a footbridge whose Fiber Reinforced Polymer (FRP) deck is made out of one piece by vacuum infusion,

is subjected to experimental modal analyses, where hammer impacts are used to dynamically excite the bridge. The dynamic strains

of the bridge are monitored with embedded Fiber-optic Bragg Grating (FBG) strain sensors. In-plane bending modes are accurately

identified from dynamic strains with a typical measured root mean square (RMS) strain value of the order of 0.5 micro-strains. The

identified modes are used for updating a finite element model (FEM) of the bridge that is built in ANSYS. Possible damage

scenarios that can occur on FRP structures are simulated in the FEM and the influence of these on natural frequencies and modal

strains of the bridge is investigated.

KEY WORDS: Experimental modal analysis, modal strains, fiber reinforced polymer, footbridge, fiber Bragg gratings

1 INTRODUCTION

Vibration-Based Monitoring (VBM), can be a successful non-

destructive approach for damage identification and structural

condition assessment of civil structures [1]. The challenge

for VBM is to identify modal characteristics that are as

sensitive as possible to structural damage and at the same

time as insensitive as possible to environmental factors such

as temperature [2]. Natural frequencies are probably the most

commonly used modal characteristics for damage identification

[2]. However, they are influenced by environmental factors,

such as temperature, and that influence can be high enough

to completely mask the presence of even severe damage,

necessitating data normalization [1]. A promising alternative is

the monitoring of modal characteristics obtained from dynamic

strain measurements, such as modal strains, which are easier to

obtain in a dense grid than modal displacements, offering in this

way a higher accuracy in damage detection and localization [3],

while they are also less sensitive to temperature [4].

Fiber-optic sensors (FOS) can accurately measure dynamic

strains and offer ease of installation, resistance in harsh

environment and long-term stability [5]. Fiber Bragg gratings

(FBG) [6] share the important advantages of other FOS, but

additionally they are easy to multiplex (i.e. many different

sensors can be inscribed into the same glass fiber) and they

have a relatively low cost. FBGs are being used for real-time

monitoring of a wide range of structures [7], [8]. Measuring

the very small dynamic strains that occur in civil structures

during ambient or operational excitation with high accuracy and

precision and in a dense grid has become possible thanks to the

recent development of two approaches [3], [9]. The described

methodologies have implemented in the continuous monitoring

of a 117 m steel railway bridge with very promising results [10].

In the present paper, the methods are implemented on a

novel fiber reinforced polymer (FRP) footbridge. The dynamic

strains of the bridge are measured via a dense grid of embedded

FBGs. An experimental modal analysis is conducted, where

hammer impacts are used to dynamically excite the bridge.

The measured dynamic strains are used to identify the modal

characteristics of the bridge. The modal characteristics are used

to update a finite element model of the bridge, to simulate

possible web-flange detachment damage scenarios that could

occur on such a kind of FRP structures [11]. Being a feared

damage phenomenon, since it is a hidden damage not or barely

visible at the surface of the deck but can nonetheless have

disastrous consequences when not detected in an early phase.

The influence of the simulated damage on the modal strains and

natural frequencies of the bridge is investigated.

2 STRUCTURE AND MEASUREMENT DESCRIPTION

The upstream Canada bridge is one of the two footbridges

crossing the Afleidingsvaart canal in Bruges, Belgium (Figure

1). The bridge has a gently curved, continuous, 3-span deck

which sits directly on two intermediate concrete piers and on
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two concrete abutments at its ends. The deck has a width of 3.8

m and a total length of 41.44 m, while the spans have lengths

of respectively 15.68 m, 8.00 m and 17.76 m. The deck is

composed of Fiber Reinforced Polymer (FRP) material and was

manufactured by FiberCore Europe.

Figure 1. The upstream Canada bridge.

The cross-section of the deck has a constant height of 0.6 m

and consists of 17 hollow boxes, filled with PU-foam (Figure 2).

3.830

0.600

FBG top

FBG bottom

FBG Mmax FBG Mmax

Figure 2. Cross-section of the bridge deck (α −α ′ in Figure 3).

The locations of the FBGs at the top and bottom plate as

well as at locations of maximum bending moment (Mmax)

are indicated. Dimensions in [m].

The bridge is equipped with 120 FBG sensors, inscribed in

eight optical fibers. The sensors are embedded in the FRP deck

and are used to measure the local static or dynamic strains of

the bridge in their immediate vicinity. Out of 120 sensors, 64

are distributed across the length of the bridge, 31 at the top and

33 at the bottom (Figure 3). These sensors are located at the

vertical axis of symmetry of the cross-section of the deck and

are embedded in the top and bottom plates (Figure 2). The rest

of the FBGs are measuring the local strains of the bridge at the

locations of maximum bending moment, i.e. at the midspans

and at both sides of each pier (Figure 3). In total, 8 FBGs are

located in every cross-section of maximum bending moment.

These FBGs are split in two sets of four sensors, with each set

embedded at the edge of the cross-section along its height, as

illustrated in Figure 2. The strain acquisition is conducted with

the HBM FBG interrogator FS22-DI. The sampling frequency

is fs = 200 Hz.

3 EXPERIMENTAL MODAL ANALYSIS

An experimental modal analysis (EMA) was conducted on the

Canada bridge on 12 June 2020. The dynamic excitation of the

bridge was achieved with the use of hammer impacts that were

given simultaneously at the midspan of the two longest spans,

at the edge of the cross-section. Ten tests were performed.

Each test had a duration of 300 s and each set of strain data

is used for experimental modal analysis, to identify the modal

characteristics that represent the state of the bridge at the

corresponding time.

3.1 System identification

The data processing and the system identification is conducted

with the Matlab toolbox MACEC [12]. The static or DC (Direct

Current) offset is removed from all measured strain signals. The

data are also low-pass filtered with an eighth-order Chebyshev

Type I filter with a cut-off frequency of 40 Hz and then re-

sampled at 50 Hz. A fourth-order Butterworth filter with a high-

pass frequency of 1 Hz is subsequently applied to all channels,

in order to remove the influence of the temperature fluctuations

on the FBG measurements. The position-averaged RMS strain

value is around 0.5 µε . A typical strain time history under

hammer excitation, as recorded from one sensor at the midspan

of the longest span (Figure 3), is displayed in Figure 4. The

output-only, data-driven stochastic subspace identification (SSI-

data) method [13] is employed for identifying a range of state-

space models from the strain data. The half number of Hankel

block rows is set to 25 and the model order ranges from 2 to 100

in steps of 2. The corresponding modal characteristics are used

for constructing stabilization diagrams [14].

3.2 Modal parameters

The strain mode shapes, as identified from all 120 FBGs and

the natural frequencies of the identified modes are displayed

in Figure 5. Three modes are identified, the first and second

vertical bending modes of the 17.76 m span, abbreviated as

LSB1 and LSB2, respectively, and the first vertical bending

mode of the short span, abbreviated as SSB1.

4 FINITE ELEMENT MODEL

A three-dimensional linear elastic FEM of the Canada bridge is

built in ANSYS Mechanical APDL 19.0. The FRP deck consists

of thin-walled sections (Figure 2), whose thickness ranges from

7 to 25 mm. Therefore, the deck can be modelled with shell

elements. The SHELL 281 element type is selected from the

ANSYS element library, which is suitable for analysing thin to

moderately-thick shell structures. The element has eight nodes

with six degrees of freedom at each node.

The finite element mesh that is employed in the modal

analysis is chosen based on the following criteria: (a) the

geometry of the structure would be captured as accurately as

possible, (b) stress jumps and/or discontinuities are minimized,

and (c) the computed natural frequencies of interest would

change ≪ 1% with additional mesh refinement. Based on these

criteria, the selected finite element mesh size is about 20 cm.

The material properties of the FRP deck and the PU foam

that is used as filling in the deck cells (Figure 2) are provided

by FiberCore Europe, the design firm of the Canada bridge.

FRP is an orthotropic material. The static Young’s modulus is

given in both the longitudinal Est,l and the transverse directions

Est,t of the FRP’s fibers, which correspond to the longitudinal

and transverse directions of the deck. Its value ranges for the

different parts of the deck, i.e. top and bottom plates, vertical

webs, etc., between 11 GPa and 34 GPa for Est,l and between 11

GPa and 26 GPa for Est,t. The static shear modulus Gst in the
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Figure 3. Front view of the Canada bridge. The locations of the FBGs at the top and bottom plate as well as at locations of

maximum bending moment (Mmax) are indicated (Figure 2). Dimensions in [m].
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Figure 4. Strain time history under hammer excitation, as

recorded from a sensor at the midspan of the longest span.

cross-section plane of the different members of the deck ranges

between 5 GPa and 6 GPa.

The stiffness of the PU foam is roughly 0.015% of the

stiffness of the FRP. Thus, its contribution to the overall stiffness

of the bridge deck can be neglected. The mass of the PU foam

is accounted for by artificially increasing the density of the FRP

material to 2700 kg/m3. The handrails have been found to have

an insignificant influence on the stiffness of the vertical bending

modes and thus can also be neglected. The mass of the handrails

is added to the mass of the extension parts of the deck (Figure

2). The dynamic Young’s modulus in both the longitudinal Ed,l

and the transverse directions Ed,t is assumed to be 10% higher

than the static [15].

The boundary conditions approximate these of a roller

support at the ends of the deck, where the bridge directly sits on

the concrete abutments and is free to move in the longitudinal

direction. The connection between the pile caps and the deck

is considered as a partial fixation. The deck is fixed on the pile

caps via two series of bolts, as illustrated in Figure 6, restraining

mainly the translations and partially the rotation of the deck.

Each series contains two bolts (Figure 6).

In order to simulate the partial fixation of the span at the

piers, series of springs are implemented in the FEM. The

COMBIN 14 element type, which is suitable for modelling also

1D tension/compression springs, is selected from the ANSYS

element library. Three rows of 65 springs each, or 195 in

total, are considered in the vertical direction and one row of

65 springs in the longitudinal direction. The vertical and
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Figure 5. Natural frequencies f
exp
i , damping ratios ξ

exp
i and

strain mode shapes ψψψ
exp
i of the three bending modes of the

Canada bridge that are identified from strain-based EMA

using SSI-data identification. LSB1 and LSB2: first and

second vertical bending modes of the 17.76 m span. SSB1

first vertical bending mode of the 15.68 m span.
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Figure 6. Connection between one of the pile caps and the

bridge deck. One of the two series of bolts can be seen.

The bolted connections are indicated with red arrows.

longitudinal spring constants are KV=0.5 MN/m per spring and

KL=7 MN/m per spring respectively and they are obtained after

manual tuning. Furthermore, the transverse translation is fully

restrained at the piers. At the ends of the deck, both the

vertical and the transverse translations are restrained. Instead

of assuming a roller support though, the longitudinal translation

is partially restrained too with a row of 65 longitudinal springs

to simulate the friction between the deck and the abutment.

A longitudinal spring constant of KL=7 MN/m per spring is

assumed also there. The full FEM is illustrated in Figure 7

(a) 3D view of the FEM

(b) Front view of the FEM

(c) Detail of the pier springs (left) and the end springs (right)

Figure 7. The Finite Element Model of the Canada bridge in

ANSYS Mechanical APDL.

4.1 Modal parameters

The springs have been fine-tuned to obtain the best agreement

between the results of the EMA and FEM. The numerical natural

frequencies and displacement mode shapes that are obtained

from the FEM are displayed in Figure 8.

(a) f fem
LSB1=5.27 Hz

(b) f fem
SSB1=6.48 Hz

(c) f fem
LSB2=15.25 Hz

Figure 8. Natural frequencies f fem
i and displacment mode

shapes ϕϕϕ fem
i of the three bending modes of the Canada

bridge as obtained from ANSYS. LSB1 and LSB2: first

and second vertical bending modes respectively of the

17.76 m span. SSB1 first vertical bending mode of the

15.68 m span.
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The modal strains at the locations of the FBG sensors in the

longitudinal direction (Figures 2 and 3, FBGs top and bottom)

are extracted from the numerical model. The numerical (ψψψ fem
i )

and the experimental (ψψψ
exp
i ) strain mode shapes are compared

in Figure 9. A good agreement between the experimental and

the numerical strain mode shapes has been achieved. A least

squares fit is applied to fit the experimental strain mode shapes

to the mass-normalized numerical strain mode shapes.

The Modal Assurance Criterion (MAC), which is a measure

of consistency (degree of linear correlation) between the

estimates of modal vectors that are identified under different

conditions, is applied. The MAC is applied between the

numerical and the experimental strain mode shapes of the

bridge. The MAC values of the main diagonal of the MAC

matrix are approximating unity (> 0.93) for all modes, proving

the high consistency of the strain mode shapes and a well-

calibrated model. The experimental and numerical natural

frequencies with the relative error ∆ fi[%] between the two are

given in Table 1. The MAC between the experimental and the

numerical strain mode shapes are also provided for each mode.

Table 1. Natural frequencies of the Canada bridge as obtained

from the FEM ( f fem
i ) and from the strain-based EMA

( f
exp
i ). The absolute percentage difference ∆ fi[%] is also

provided, as well as the MAC values between experimental

(ψψψ
exp
i ) and numerical (ψψψ fem

i ) strain mode shapes.

mode f
exp
i [Hz] f fem

i [Hz] ∆ fi[%] MAC [-]

LSB1 5.25 5.27 0.4 0.94

SSB1 6.45 6.48 0.5 0.93

LSB2 15.65 15.20 0.3 0.98

5 DAMAGE DETECTION

The influence of damage on the modal characteristics of the

Canada bridge is investigated through the updated numerical

model. For this reason, damage scenarios that correspond to

detachment which occurs between the top plate and one or more

webs are investigated. The detachment length varies for the

different damage cases, which are summarized in Table 2.

Table 2. Damage scenarios that have been simulated on

the longest span of the bridge (17.76 m) in the FEM.

The detached web column indicates the web(s) that is/are

detached from the top plate. Ldet is the detachment length.

Case Detached web Ldet [m] Location

DC0 Intact bridge 0 -

DC1 Web 8 17.76 m along the span

DC2 Webs 8,9 17.76 m along the span

DC3 Webs 7-9 17.76 m along the span

DC4 Web 8 4 m pier @23.7 m - 27.7 m

DC5 Web 8 7 m pier @23.7 m - 30.7 m

The detachment is simulated by disconnecting the top plate

with the web(s) by creating a physical gap with a width of 1

cm across the detachment length Ldel. The gap is created by

not meshing the corresponding areas (1 cm x Ldel cm) in the

finite element mesh. All damage scenarios concern the longest
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Figure 9. Experimental ψψψ
exp
i and numerical ψψψ fem

i strain mode

shapes of the three identified bending modes of the Canada

bridge. MAC values between ψψψ
exp
i and ψψψ fem

i are given.

span of the bridge (17.76 m), where two bending modes could

be identified by the strain-based EMA. As an example, the

detachment zone for DC1 is illustrated in Figures 10 and 11.
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15.680 8.000 17.760

Figure 10. Top view of the Canada bridge. The detachment location of DC1 is indicated with red. Ldel=17.76 m, along the longest

span, between web no.8 and the top plate (Figure 11). Dimensions in [m].
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Figure 11. Cross-section of the bridge deck at the 17.76 m span.

The detachment location of DC1 is indicated. W1-W16

are the webs of the deck. Dimensions in [m].

5.1 Detachment across the length of the span

The first three damage scenarios that are investigated concern

detachment along the longest span of the bridge and between

one or more webs and the top plate (DC1-DC3), as illustrated

also in Figures 10 and 11.

The numerical strain mode shapes of LSB1 and LSB2 are

illustrated in Figures 12a and 13a for the undamaged bridge and

the first three damage scenarios. A least squares fit is applied to

fit the strain mode shapes of the damage cases DC1 to DC3 to

the strain mode shapes of the undamaged bridge. Similarly to

Figure 9, the numerical modal strains are obtained from nodes

that correspond to the locations of the FBGs that are embedded

across the deck at the top and bottom plates (Figure 3).

The longitudinal modal strains at the cross-sections of

maximum modal strain amplitude are also given in Figures 12b

and 13b. These are obtained at the nodes that connect the

webs with the top and bottom plates of the deck rather than the

locations of the FBGs.

Changes in the amplitude of the strain mode shapes are

identified across the length of the span and for all damage

scenarios indicating the presence of damage. Changes are more

pronounced for LSB2, with an average amplitude change among

the modal strains of the span ranging from about 3% for DC1

to 15% for DC3. For LSB1, the average amplitude change is

ranging from about 1% for DC1 to 3% for DC3.

When the modal strains of the cross-section are consulted,

the damaged webs can be easily identified, as can be observed

in Figures 12b and 13b. When detachment occurs, the zigzag

pattern of the cross-section modal strains, typical for the shear

lag phenomenon, is interrupted at the damaged web(s) due to

the loss of connection.

The natural frequencies of the longest span for the different

damage scenarios with their percentage reduction ∆ fi[%] are
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(b) Modal strains at cross-section x=34.7 m

Figure 12. Numerical strain mode shapes of mode LSB1

ψψψ fem
LSB1 of the undamagaed bridge (DC0) and of the three

damage scenarios DC1-DC3 (Table 2). a) Longitudinal

modal strains at the locations of the FBGs (Figure 3). b)

Modal strains at cross-section x=34.7 m. The vertical lines

indicate the webs of the cross section.

given in Table 3. The reduction is directly related to the

reduction of stiffness of the span due to the detachment and
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(b) Modal strains at cross-section x=29.7 m

Figure 13. Numerical strain mode shapes of mode LSB2

ψψψ fem
LSB2 of the undamagaed bridge (DC0) and of the three

damage scenarios DC1-DC3 (Table 2). a) Longitudinal

modal strains at the locations of the FBGs (Figure 3). b)

Modal strains at cross-section x=29.7 m. The vertical lines

indicate the webs of the cross section.

is lower than the reduction of the modal strain amplitude,

indicating a higher sensitivity of the modal strains to the

imposed type of damage.

Table 3. Natural frequencies of the Canada bridge as obtained

from the FEM ( f fem
i ) and from damage cases DC0 to DC3.

The percentage difference ∆ fi[%] is also provided

Case f fem
LSB1 [Hz] ∆ fi[%] f fem

LSB2 [Hz] ∆ fi[%]
DC0 5.272 15.202 -

DC1 5.267 -0.1 15.160 -0.3

DC2 5.254 -0.3 15.050 -1.0

DC3 5.228 -0.8 14.850 -2.3

5.2 Detachment close to the pier

The next two damage scenarios that are investigated concern

local detachment of the longest span of the bridge close to the

pier at 23.7 m and between one web (W8 in Figure 11) and the

top plate (DC4 and DC5). The detachment length Ldel is 4 m

and 7 m for the two damage cases respectively and spans from

the pier at 23.7 m towards the end of the bridge.

The numerical mode shapes of LSB1 and LSB2 are illustrated

in Figures 14a and 15a for the undamaged bridge and the two

damage scenarios. The modal strains at the cross-sections of

maximum modal strain amplitude are also given in Figures 14b

and 15b. The same process, as in Section 5.1, is followed here

for presenting the modal strains.
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Figure 14. Numerical strain mode shapes of mode LSB1 ψψψ fem
LSB1

of the undamagaed bridge (DC0) and of the two damage

scenarios DC4 and DC5 (Table 2). a) Longitudinal modal

strains at the locations of the FBGs (Figure 3). b) Modal

strains at cross-section x=25.7 m. The vertical lines

indicate the webs of the cross section.

Changes in the amplitude of the strain mode shapes are

identified close to the pier for both damage scenarios, indicating
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Figure 15. Numerical strain mode shapes of mode LSB2 ψψψ fem
LSB2

of the undamagaed bridge (DC0) and of the two damage

scenarios DC4 and DC5 (Table 2). a) Longitudinal modal

strains at the locations of the FBGs (Figure 3). b) Modal

strains at cross-section x=25.7 m. The vertical lines

indicate the webs of the cross section.

the presence of damage. Changes are more pronounced for

LSB2, with an average amplitude change among the modal

strains of the span ranging from about 2% for DC4 to 3% for

DC5. For LSB1, the average amplitude change is ranging from

about 1% for DC4 to 2% for DC5.

Similarly to the previous damage case, when the modal strains

of the cross-section are consulted, the damaged webs can be

easily identified, as can be observed in Figures 14b and 15b.

When detachment occurs, the zigzag pattern of the cross-section

modal strains is interrupted at the damaged web, due to the loss

of connection.

The natural frequencies of the longest span for the different

damage scenarios with their percentage reduction ∆ fi[%] are

given in Table 4. The reduction is directly related to the

reduction of stiffness of the span due to the detachment and

is lower than the reduction of the modal strain amplitude,

indicating a higher sensitivity of the modal strains to the

imposed type of damage.

Table 4. Natural frequencies of the Canada bridge as obtained

from the FEM ( f fem
i ) and from damage cases DC0, DC4

and DC5. The percentage difference ∆ fi[%] is also

provided

Case f fem
LSB1 [Hz] ∆ fi[%] f fem

LSB2 [Hz] ∆ fi[%]
DC0 5.272 15.202 -

DC4 5.267 -0.1 15.169 -0.2

DC5 5.267 -0.1 15.168 -0.2

6 CONCLUSIONS

An experimental modal analysis is conducted on a novel FRP

footbridge in Bruges, Belgium. The modal characteristics

that are obtained from the EMA are used to update a finite

element model of the bridge that is built in ANSYS Mechanical

APDL. The updated FEM almost perfectly predicts the natural

frequencies of the first three bending modes of the bridge, as

well as their corresponding strain mode shapes (MAC> 0.93).

Five different damage cases are simulated on the longest span

of the bridge, which correspond to detachment between the

webs of the cross-section and the top plate. The damage cases

differ with respect to the number of webs that are detached as

well as to the location and length of detachment.

The natural frequencies of the longest span are found to be

sensitive to the imposed damage, with changes of up to 2.3%

for the most severe damage scenario. The strain mode shapes are

also able to identify the damage and appear to be significantly

more influenced from it than the natural frequencies, confirming

similar conclusions from earlier experiments [4], [8]. Changes

of up to 15% in the modal strain amplitude at the vicinity

of the damage were observed. Furthermore, the pattern and

the amplitude of modal strains is clearly changing on the

cross-section of the span at the detachment zone, allowing for

localization of the damage.

It should be noted that the results of this paper are

observations on a FEM, and they also require experimental

verification. Modelling local detachment by introducing a

physical gap of 1 cm between top plate and web is a rough

approximation, especially when the cross-section strains are of

interest, since in practice there will be some remaining contact

between top plate and web also after detachment. In this case the

shear lag phenomenon (e.g. figure 12b) will be less pronounced.

It is interesting though that the effect of the detachment is also

pronounced away from the damaged zone.
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ABSTRACT: Due to conservative approaches in construction design and practice, infrastructure often has hidden reserve capacity. 
When quantified, this reserve has potential to improve decisions related to asset management. Field measurements, collected 
through load testing, may help in the identification of unknown model-parameter values and this task is called structural 
identification. Then, the reserve capacity is assessed using the updated behaviour model. The quality of model updating depends 
on the choice of the measurement system, including sensor types and locations. In most practical applications, these sensor systems 
are designed using engineering judgement based on experience and signal-to-noise ratios. However, finding the optimal design is 
difficult due to redundancies in information gained from sensors. The information gain of each possible sensor location can be 
quantitatively evaluated using our hierarchical algorithm in order to select the best location. When multiple sensors are involved 
in the configuration, this algorithm explicitly accounts for the mutual information between sensors, thus avoiding redundancy in 
information gain. In this study, near-optimal measurement systems, given by the hierarchical algorithm, are compared with 
measurement systems that were configured by engineers in terms an information-gain metric: joint entropy. For this comparison, 
three full-scale case studies are used: The Singapore Flyover Bridge (Singapore), the Exeter Bascule Bridge (United Kingdom) 
and the Rockingham Bridge (Australia). For all case studies, measurement systems provided by the hierarchical algorithm have 
outperformed sensor configurations chosen by engineers. Using a quantitative methodology to design measurement systems thus 
leads to a potentially higher information gain compared with engineering judgement alone. This is expected to improve the quality 
structural identification and subsequent management decisions. 

KEY WORDS: Structural Identification, Optimal Sensor Placement, Error-Domain Model Falsification, Joint Entropy. 

1 INTRODUCTION 
In developed countries, the management of existing civil 
infrastructure is challenging due to evolving functional 
requirements, code changes, aging and climate change. As 
economic, environmental and material resources become 
increasingly scarce, more sustainable solutions for asset 
management are required. Due to conservative approaches in 
construction design and practice, infrastructure often has 
hidden reserve capacity and when quantified, this reserve has 
potential to improve decisions related to asset management 
[1]. Field measurements, collected through load testing, may 
help in the identification of unknown parameter values and this 
process is called structural identification [2]. 

As effects (behavior) rather than causes (parameter values) 
are typically measured, structural identification is an 
ambiguous task. This challenge is particularly difficult in civil 
engineering due to the large systematic-uncertainty levels 
present in finite-element models of complex structural systems 
such as bridges [3]. For this reason, several approaches to 
structural identification have been proposed [4]. 

Typically, structural identification challenges are met using 
a residual-minimization approach due to its simple formulation 
[5]. Although calibrated parameter values may provide 
acceptable results for interpolation tasks, this methodology has 
been shown to provided weak support for extrapolation tasks 
[6]. Researchers have developed a structural-identification 
framework based on Bayesian model updating (BMU) such as 
[7], [8] among others. While these methodologies have often 
involved the assumption of zero-mean Gaussian distributions 
for uncertainties, this assumption is not plausible for civil-
engineering-system models [9]. Although BMU can be used 
with more realistic uncertainty distributions, these 

modifications lead to complex formulations that are beyond 
traditional engineers statistical background [10]. 
Understandably, practitioners do not want to use black-box 
tools due to the high consequences of their decisions. For these 
reasons, BMU has seldom been used in practical applications 
of structural identification. 

Error-domain model falsification (EDMF) is a structural-
identification methodology that is easy to use for engineers 
[11]. This methodology is based on the concept of falsification 
by Popper [12], where scientific hypotheses cannot be verified 
with data; they can only be refuted. In EDMF, a set of model-
instances is first generated, where each instance is a numerical 
model with a unique combination of parameter values. Then, 
by comparing these model-instance predictions with field 
measurements, non-plausible models are falsified. By 
falsifying models, initial ranges of possible parameter values 
can be reduced, leading to an information gain. In the presence 
of systematic model bias, EDMF has been shown to provide 
more accurate model-parameter identification than traditional 
BMU [13]. 

The performance of structural identification directly depends 
on the choice of the sensor configuration [14]. Measurement-
system design is usually carried out by engineers using only 
qualitative rules of thumb and estimations of signal-to-noise 
ratios. This choice involves deciding sensor types and locations 
as well as the excitations such as static or dynamic tests. 
However, finding the optimal design is difficult due to 
redundancies in information gained from sensors and load tests 
[15]. Often, suboptimal sensor configurations are thus selected 
by engineers.  

Recently, quantitative methodologies for optimal sensor 
placement has attracted much research interest, for example 
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[16], [17]. Model-based strategies used for measurement-
system design are decomposed in two parts: i) an objective 
function to assess sensor types and locations and ii) an 
optimization strategy to reduce the computational time of 
brute-force search. 

Typical optimization schemes involves finding either the 
global optimum [18] or a near-optimal solution (local search) 
in a reasonable computational time [19]. Since the general 
problem has an exponential computational complexity with 
respect of the number of sensor types and locations, most 
researchers have used greedy algorithms to reduce the 
computational effort [20]. 

Regarding the objective function, recent studies have used an 
information-entropy criterion that either minimizes the 
information entropy in model-parameter posterior distributions 
[21] or maximizes information entropy in model predictions 
[22]. However, these methodologies often do not account for 
the redundancy of the information collected when multiple 
sensors are included in the configuration, leading to 
unnecessary sensor clustering [16]. 

Recently, a novel strategy has been introduced using joint 
entropy as an objective function for wind predictions around 
buildings [23]. This metric explicitly accounts for the mutual 
information within sensor-data sets. To avoid high 
computational time, a sequential (greedy) search using the joint 
entropy has been implemented in a hierarchical algorithm. This  
methodology has then been adapted to structural-identification 
contexts such as multiple static tests [24], static and dynamic 
excitations [25] and multiple criteria in measurement-system 
design [26]. Although the hierarchical algorithm has been 
validated using field measurements [27], a comparison with 
engineering practice is currently missing. 

This paper presents a comparison of sensor configurations 
that have been i) designed by engineers without advanced 
computing support and ii) obtained through the hierarchical 
algorithm. For this comparison, three-full scale bridges are 
used: the Singapore Flyover (Singapore), The Exeter Bascule 
Bridge (UK) and the Rockingham Bridge (Australia). This 
comparison is performed in terms of expected information gain. 
The study is organized as follows. Section 2 is a presentation 
of the error-domain model falsification framework and Section 
3 describes the hierarchical algorithm. Section 4 contains a 
description of three case studies and sensor configurations 
according to engineering judgement and obtained through the 
hierarchical algorithm. Results are then discussed in Section 5. 

2 BACKGROUND 
Error-domain model falsification (EDMF) is a structural-
identification methodology that [11] helps identify plausible 
model-parameter values using field measurements given 
uncertainty estimations. An initial population of model 
instances (IMS) is generated through assigning a unique set of 
parameter values using a sampling technique. Then, by 
comparing model-instance predictions with sensor data, models 
that cannot explain field measurements given the uncertainty 
level are falsified (refuted). Information is gained by reducing 
initial model-parameter ranges through falsifying model 
instances. 

Let 𝑛𝑦 be the number of measurement locations. For each 
location 𝑖 ∈ {1, … , 𝑛𝑦}, 𝑅𝑖 denotes the true structural response 

(unknown in practice) and 𝑦𝑖  corresponds to the sensor data that 
is compared to model-instance predictions 𝑔𝑖(𝜽). As both 
predictions and field measurements are not perfect Model-
prediction 𝑈𝑖,𝑔 and measurement uncertainties 𝑈𝑖,𝑦 should be 
taken into account. 𝑈𝑖,𝑦  is typically estimated by conducting 
multiple series of tests under site conditions and manufacturer 
specifications, while 𝑈𝑖,𝑔 is estimated using values taken from 
the literature, stochastic methods and engineering judgment. 
Equation (1) expresses the link between 𝑅𝑖, 𝑦𝑖 , and 𝑔𝑖(𝜽). 

 𝑔𝑖(𝜽) + 𝑈𝑖,𝑔 = 𝑅𝑖 = 𝑦𝑖 + 𝑈𝑖,𝑦∀𝑖 ∈ {1, … , 𝑛𝑦}  (1) 

Equation (2) is obtained by rearranging the terms in (1) and 
merging the two sources of uncertainty 𝑈𝑖,𝑔 and 𝑈𝑖,𝑦 in the 
combined uncertainty 𝑈𝑖,𝑐. 

 𝑔𝑖(𝜽) − 𝑦𝑖 = 𝑈𝑖,𝑐 = 𝑟𝑖  ∀𝑖 ∈ {1, … , 𝑛𝑦} (2) 

The left-hand side of (2) expresses the discrepancy between 
a model-instance prediction and the field measurement at 
location 𝑖 and is called the residual 𝑟𝑖. 
At each sensor location, falsification thresholds are defined in 
the uncertainty domain according to a level of confidence. This 
confidence level is a tradeoff between accepting incorrect 
models and falsifying the correct model. It is typically set at 
95% [11], similarly to characteristic values for material 
properties in civil engineering.  

If the residual exceeds thresholds at one location, the model 
instance is falsified, meaning that this combination of model-
parameter values is not plausible. Model instances for which 
residuals are within threshold bounds for sensor locations are 
included in the candidate-model set (CMS). Using the CMS, 
parameter-value ranges are updated. Uniform distributions of 
parameter values are usually assumed between bounds as more 
accurate information of true distributions is rarely known. Once 
all measurement data is compared with predictions, engineers 
use new model-parameter ranges for extrapolation tasks such as 
predictions using asset-management scenarios. Asset 
management scenarios can include retrofit strategies, revised 
fatigue life predictions and no-action possibilities such as 
replacement avoidance. Such activities are not supported by 
data-only model-free methods. 

3 MEASUREMENT-SYSTEM DESIGN 
The two measurement-system-design strategies that are 
compared in this paper are introduced in this section. The first 
strategy is traditionally used by engineers based on experience 
and qualitative metrics, while the second strategy is a 
quantitative sensor-placement algorithm called the hierarchical 
algorithm. 
3.1 Engineering judgement 

In practice, measurement systems are typically designed using 
engineering judgement and occasionally, basic quantitative 
metrics such as the signal-to-noise ratio. When the signal-to-
noise ratio (SNR) is used, sensor locations are evaluated using 
the quotient between the predicted quantity 𝑔𝑖(𝜽) over the 
measurement uncertainty 𝑈𝑖,𝑦at location i (Eq. 3). 

𝑆𝑁𝑅 =  
𝑆𝑖𝑔𝑛𝑎𝑙

𝑁𝑜𝑖𝑠𝑒
=  

𝑀𝑒𝑎𝑛 (𝑔𝑖(𝜽))

𝑈𝑖,𝑦
          (3) 

A large value of SNR means that field measurements at this 
sensor location will be significant compared with the sensor 
precision. When a population of model instances is used, the 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure  

583 

SNR can be defined as the mean value of predictions divided 
by the measurement uncertainty at this location. Additionally, 
engineers have also distributed sensors on the structure 
through, for example, installing devices on several beams [28]. 
Such decisions are typically made without quantitative metrics. 
3.2 Hierarchical algorithm 

In this section, a quantitative strategy to design measurement 
systems, called the hierarchical algorithm, is introduced. This 
model-based methodology employs estimates of the prediction 
variability at sensor locations and the potential redundancy of 
information gain between locations to select the optimal sensor 
configuration. 

The flowchart of the hierarchical algorithm is presented in 
Figure 1. Optimal measurement systems depend on the goal of 
monitoring, such as either structural identification or damage 
detection. Especially when the goal is structural identification, 
a behavior model, usually a finite-element model, is built. 
Then, the model class is defined, including the most important 
parameters, plausible ranges of their values and non-parametric 
uncertainty estimations. In parallel, available sensors and 
possible locations as well as the excitations (load tests in Figure 
1) are then defined. Next, a population of model predictions is 
generated. These instances correspond to the IMS used in 
EDMF (Section 2) that are also used here in the sensor-
placement strategy.. 

Next, an optimization strategy to select sensor configurations 
is chosen and this involves an objective function and an 
optimization algorithm. The hierarchical algorithm utilizes the 
joint entropy to discriminate between possible sensor locations 
and a sequential search to reduce the computational time. Both 
choices are described below. 

In a sequential search, once a sensor location is selected, this 
choice is not re-evaluated for subsequent sensor-placement 
decisions. When a greedy search is used, a ranking of possible 
sensor locations associated with its sensor type is obtained as 
well as objective-function evaluations of measurement systems 
with respect to the number of sensors. This strategy reduces the 
computational time and was shown to provide high-quality 
sensor configurations for structural identification [24]. Joint 
entropy evaluations are then used to compare measurement 
systems to select the most appropriate sensor configuration. 
The optimal measurement system is the combination of the 
optimal sensor configuration involving several sensor types and 
the optimal set of static load tests. 

Sensor placement is thus defined as an optimization task, 
where an objective function and optimization algorithm must 
be defined. The information entropy was introduced by 
Papadimitriou [21] as an objective function for the task of 
sensor placement. Locations were evaluated through their 
ability to reduce the entropy in posterior distributions of model 
parameter. In the hierarchical algorithm, information- and 
joint-entropy values are evaluated in the prediction domain. In 
this approach, locations are thus evaluated through their 
variability in model-instance predictions. Therefore, locations 
that maximized these metrics are selected. 

The distribution of model-instance predictions at each sensor 
location i is divided in intervals based on the combined 
uncertainty Ui,c (2). The probability that a model instance 
output gi,j falls inside the jth interval among 𝑁𝐼,𝑖 intervals is 

equal to 𝑃(𝑔𝑖,𝑗) = 𝑚𝑖,𝑗 ∑ 𝑚𝑖,𝑙
𝑁𝐼,𝑖

𝑙=1
⁄ , where mi,j is the number of 

model instances in the jth interval. In the hierarchical algorithm, 
the information entropy 𝐻(𝑔𝑖) is evaluated for a sensor location 
i according to (4). 

 𝐻(𝑔𝑖) = − ∑ 𝑃(𝑔𝑖,𝑗) log2 𝑃(𝑔𝑖,𝑗)
𝑁𝐼,𝑖

𝑗=1
 (3) 

Using the information entropy, locations that provide the 
largest variability in predictions, thus maximizing the 
falsification is found. However, locations with large 
information-entropy values may provide redundant 
information.  

To explicitly account for the mutual information between 
sensor locations, joint entropy was proposed as a new sensor-
placement objective function [23]. This metric evaluates the 
information entropy between sets of predictions while taking 
into account the redundant information between them. For a set 
of two sensors i and i+1, the joint entropy 𝐻(𝑔𝑖,𝑖+1) is defined 
following (5), where 𝑃(𝑔𝑖,𝑗 , 𝑔𝑖+1,𝑘) is the probability that a 
model instance falls in both intervals j and k and 𝑘 ∈

{1, … , 𝑁𝐼,𝑖+1}, NI,i+1 is the maximum number of prediction 
intervals at location i+1, 𝑖 + 1 ∈ {1, … , 𝑛𝑠}, and ns is the 
number of potential sensor locations. 

𝐻(𝑔𝑖,𝑖+1) = − ∑ ∑ 𝑃(𝑔𝑖,𝑗 , 𝑔𝑖+1,𝑘) log2 𝑃(𝑔𝑖,𝑗 , 𝑔𝑖+1,𝑘)
𝑁𝐼,𝑖

𝑗=1

𝑁𝐼,𝑖+1

𝑘=1  (4) 

The joint entropy is less than or equal to the sum of the 
individual information entropies of sets of predictions. Eq. (6) 
presents the joint entropy of two sensors, where I is the mutual 
information between sensor i and i+1. 

 𝐻(𝑔𝑖,𝑖+1) = 𝐻(𝑔𝑖) + 𝐻(𝑔𝑖+1) − 𝐼(𝑔𝑖,𝑖+1) (5) 
Joint entropy enables the simultaneous consideration of 

prediction variability and redundancy of information between 
sensor locations to define the optimal measurement system. 

4 CASE STUDIES 
Table 1 presents characteristics of the Singapore Flyover 
(Singapore) [25], [29], Exeter Bascule Bridge (UK) [26], [30] 
and Rockingham Bridge (Australia) [31] where monitoring has 
been performed in 2016, 2017 and 2014 respectively. The goal 
of monitoring is to reduce the range of possible model-
parameter values to provide more accurate predictions of 
structural behavior.  

Initial intervals of model parameters that must be identified 
during monitoring are presented in Table 1. These intervals are 
estimated based on engineering judgement of plausible 
parameter values for existing bridges. For each bridge, 1000 
model instances are generated, where each instance has a 
unique set of parameter values within initial ranges. These 
populations are inputs for the hierarchical algorithm to define 
optimal measurement systems. In EDMF context, the aim of 
monitoring is to reduce as much as possible these initial ranges 
by falsifying model instances 
4.1 Comparison in terms of chosen sensor configurations 

In this section, sensor configurations chosen by engineers are 
compared with configurations selected by the hierarchical 
algorithm. For each bridge, configurations are selected using 
the same sensors and the same load tests. Therefore, these 
configurations differ only in terms of sensor locations. They are 
compared using information gain in Section 4.2. 
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Figure 1. Flowchart of the hierarchical algorithm to design measurement systems for bridge load testing.  

Table 1. Case-study description. 

Name Characteristics Measurement system and model parameters 
Singapore Flyover 

 

4 precast prestressed concrete 
beams 
Poured-concrete deck 
Built in 1985 
Single span of 32.0m  

4 deflection, 2 inclination and 7 strain measurements 
Value ranges of model parameters to reduce: 

Concrete-deck Young’s modulus 𝜃1,1 [𝐺𝑃𝑎] ∈ [20 − 35]  
Concrete-barrier Young’s modulus 𝜃1,2 [𝐺𝑃𝑎] ∈ [3 − 40]  
Precast-beam Young’s modulus 𝜃1,3 [𝐺𝑃𝑎] ∈ [25 − 50]  

Rot. stiffness of bearing devices 𝜃1,4 [log(Nmm/rad)]∈ [8 − 11]  
Vertical stiffness of bearing devices 𝜃1,5[log(N/mm)]∈ [9 − 13]  

Exeter Bascule Bridge 

 

2 steel girders 
Aluminium deck 

Built in 1972 
Single span of 17.3m 

1 deflection and 5 strain measurements 
Value ranges of model parameters to reduce: 

Equivalent deck Young’s modulus 𝜃2,1 [𝐺𝑃𝑎] ∈ [20 − 35] 
Rot. stiffness of bearing devices 𝜃2,2 [log(Nmm/rad)] ∈ [8 − 12]  

Axial stiffness of hydraulic jacks 𝜃2,3 [log(N/mm)]∈ [3 − 5] 

Rockingham bridge 

 

8 precast prestressed concrete 
beams 

Poured-concrete deck 
Built in 1970 

Spans of 13.7, 24.3 and 13.2m. 

5 strain measurements 
Value ranges of model parameters to reduce: 

Beam concrete Young’s modulus 𝜃3,1 [𝐺𝑃𝑎] ∈ [25 − 45] 
Deck concrete Young’s modulus 𝜃3,2 [𝐺𝑃𝑎] ∈ [30 − 50] 
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Figure 2. Comparison of sensor configurations for the Singapore Flyover (bottom view). A) Chosen based on engineering practice. 
B) Selected by the hierarchcial algorithm. 

 

  
Figure 3. Comparison of sensor configurations for the Exeter Bascule Bridge (bottom view). A) Chosen based on engineering 
practice. B) Selected by the hierarchical algorithm.

4.1.1 Singapore Flyover 
Figure 2 presents sensor configurations chosen using 
engineering judgement (A) and the hierarchical algorithm (B). 
Each sensor configuration involves the same sensors: two 
inclinometers on the parapet; four deflections target and seven 
strain gauges on the four main girders. 

Engineers have chosen sensor locations on the four girders 
but only at quarter-span and mid-span, while inclinometers are 
installed on the closest locations to the support on both sides 
(Figure 2A). Locations with high SNR are selected, such as at 
midspan, and also, the engineers have qualitatively decided to 
spread sensors over the bridge to reduce the mutual information 
between them.  

The hierarchical algorithm resulted in strain-gauge and 
deflection-target locations on the four main girders (Figure 2B). 
Most sensors are placed near mid-span, and some sensors are 
installed next to the supports. The first inclinometer is installed 
at the support, while the second location is selected near to the 
mid-span. Some sensor locations may be non-intuitive for 
engineers as these locations present small SNRs. A minimum 
SNR value, used as a constraint, ensured that useful 
measurements are possible. Selecting sensor locations that 
maximize the information gain is thus a non-trivial task. 

4.1.2 Exeter Bascule Bridge 
Figure 3 presents the installed sensor network by the engineers 
and the optimal configuration obtained using the hierarchical 
algorithm. Both solutions involve the same sensors, 1 
deflection measurement and 11 strain gauges. The deflection 
measurement is made using a camera on the side of the bridge 
and a target on the structure, while gauges were glued directly 
on the beams. 

The engineers selected locations with high signal-to-noise 
ratios (SNR), such as the deflection at midspan and locations 
on the secondary beams. However, they omitted consideration 
of the mutual information between sensors as most sensors are 
located near to each other. A second omission was made by 
engineers: they did not take into account the variability of 
predictions. In this case study, three parameters were involved 
in the analysis (Table 1). Studies [26], [30] show that the 
vertical stiffness value provided by the hydraulic jacks has the 
greatest influence on model-instance predictions. By precisely 
identifying this parameter value, most model instances can be 
falsified. The locations that are the mostly influenced the by 
hydraulic-jack stiffness value have thus been selected by the 
hierarchical algorithm. They correspond to locations next to the 
jack on the two main girders. Although most sensors are 
clustered in a very specific area, this configuration is justified 
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to identify as precisely as possible this parameter value to 
maximize the information gain and thus reduce the model-
prediction range for the Exeter Bascule Bridge.  

These sensors are placed to maximize the information gain, 
but this does not mean that the increase of information gain 
when placing new sensors is significant. 
4.1.3 Rockingham Bridge 
Figure 4 presents the sensor configurations selected by the 
engineers (red squares) and obtained using the hierarchical 
algorithm (green circles). Each configuration involves 5 strain 
gauges among the 186 possible locations on the three spans of 
the eight beams. The engineers have placed the sensors only at 
midspan of the bridge, due to the large SNR of these locations; 
However, for a multiple-span bridge, the highest SNR for strain 
gauges are close to the second and third supports. Additionally, 
by placing all sensors close to each other, engineers have not 
considered the mutual information between sensors in the 
measurement-system design. 

Locations close to the supports as well as close to midspan 
have been selected by the hierarchical algorithm as these 
locations show high information gain. As sensors are spread 
over the bridge, less redundancy in the information gain 
between sensors is expected for the hierarchical-algorithm 
configuration. These configurations are compared in terms of 
expected information gain with respect to the number of 
sensors in Section 4.2 

 

 
Figure 4. Comparison of sensor configurations (5 strain gauges) 
chosen by engineers and selected by the hierarchical algorithm 
–Bottom view of Rockingham Bridge. 

4.2 Information-gain comparison 

In this section, the information gain for both engineer and 
hierarchical-algorithm sensor configurations is presented. 
Results are shown in terms of joint entropy (information-gain 
metric) as a function of number of sensors. 

Figure 5 presents the comparison between sensor-
configuration information gain with respect to the number of 
sensors for each bridge independently. For engineer-selected 
configurations, sensors have been ranked according to their 
opinion on the most informative sensors. These results are 
compared with the optimal sensor configuration obtained using 
the hierarchical algorithm. 

For each bridge, engineer-selected solutions are 
outperformed by the hierarchical-algorithm configurations for 
any number of sensors. This result shows that using a 
quantitative methodology for measurement-system design 
leads to a more important information gain using the same 

number of sensors. Additionally, this methodology helps find a 
configuration that involves less sensors, thus reducing 
significantly the cost of monitoring, without compromising the 
information gain.  

As the hierarchical algorithm requires several simulations, in 
some situations, information gain may not be justified by the 
computational cost. A cost-benefit analysis is performed in the 
following section. 

 

 

 
Figure 5. Comparison of information gain (joint entropy) of 
sensor configuratjions as function of the number of sensors. A) 
Singapore Flyover; B) Exeter Bascule Bridge; C) Rockingham 
Bridge. 

5 DISCUSSION 
Engineers traditionally design sensor configurations based on 
their experience and signal-to-noise-ratio estimations. This 
strategy presents the advantage of finding a solution quickly 
without numerical simulation. However, finding the optimal 
sensor configuration is a non-trivial task since uncovering truly 
informative locations is difficult. For this reason, advanced 
computing methodologies that require several numerical 
simulations may enable selection of optimal measurement-
system designs, thus increasing the potential performance of 
the structural-identification process.  

The hierarchical algorithm uses the same input as EDMF 
(Section 2) and therefore does not require additional 
simulations using the finite-element model provided that tests 
and measurements will be carried out and that data is 
interpreted using EDMF. Typically, a sensor-placement run 
needs one hour using MATLAB on a laptop. 

Tables 2 and 3 show the benefits of using the hierarchical 
algorithm instead of traditional engineering decision making 
for measurement-system design. For each case study, these 
benefits are quantified in terms of increase of information gain 
for the same number of sensors (Table 2) and number of sensors 
“saved” to reach the same information gain as the engineering 
solutions (Table 3). In all three cases, the hierarchical algorithm 
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leads to significant improvement of the sensor network. As this 
quantitative methodology does not require significant 
additional computational time than the structural-identification 
(EDMF), it is thus recommended for measurement-system 
design. 

The main drawback of using a quantitative methodology is 
that it must be made prior to monitoring. In this situation, the 
selection of the appropriate model class (model with 
parameters of which values are modified to generate model 
instances of the IMS) is not trivial, and several iterations are 
sometimes necessary [32]. As the optimal measurement system 
depends on the model class, the hierarchical algorithm may not 
provide a good sensor design when the model class is incorrect. 
Nevertheless, a modification of the hierarchical algorithm has 
been proposed to include several plausible model classes in the 
design to ensure high information gain regardless of the model 
class [33]. 

Table 2. Comparison of information gain using sensor 
configurations selected by the hierarchical algorithm and 
chosen by engineers. 

Name Info. gain 

hierarchical 
algorithm 

Info. gain 

engineering 
judgement 

Increase of 
information 

gain 
Singapore 
Flyover 

8.4 7.9 6.3 (%) 

Exeter 
Bascule 
Bridge 

5.8 3.8 53 (%) 

Rockingham 
Bridge 

2.5 1.5 67 (%) 

 

Table 3. Potential number of sensors not deployed to reach the 
same information gain as engineering designs using the 
hierarchical algorithm. 

Name Total 
number of 
sensors  

Sensors needed 
to meet engineer 

solution 

Sensors not 
needed 

Singapore 
Flyover 

13 7 6 (46%) 

Exeter 
Bascule 
Bridge 

12 3 9 (75%) 

Rockingham 
Bridge 

5 2 3 (60%) 

6 CONCLUSIONS 
A quantitative strategy for measurement-system design, called 
the hierarchical algorithm, is compared with engineering 
designs that use experience and the signal-to-noise ratio for 
three full-scale bridges. These case studies show that an 
advanced methodology leads to better sensor configurations in 
terms of expected information gain. The following specific 
conclusions can be drawn: 

• A quantitative informatics methodology to design 
measurement systems increases the potential 
performance of structural identification when 
compared with traditional engineering designs using 
only qualitative rules of thumb and the signal-to-noise 
ratio.  

• Use of the joint-entropy metric to estimate the 
variability of model predictions, is a more rational 
means of evaluating the potential information gain of 
sensor locations. 

• By accounting for the redundancy of information gain 
between sensor locations, the hierarchical algorithm 
avoids unnecessary sensor clustering, leading to better 
sensor configurations than proposed by other entropy-
based approaches. 

Future work includes development of a sensor-placement 
methodology that requires fewer model-instance predictions 
without reducing the effectiveness of the measurement-system 
design. 
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ABSTRACT: The response of a structure to seismic loading depends on its dynamic characteristics, and on the input ground 
motion. For low amplitude motion, materials behave linearly but as amplitude increases, non-linear behavior starts taking place 
altering the dynamic properties of the structures. It is well known that periods of vibration are important characteristics in 
determining their non-linear behavior. Local site effects, based on subsurface ground conditions, have remarkable influence on 
its behavior and on damage distribution during an earthquake. The natural period of vibration of buildings can be determined by 
experimental methods with observation of the dynamic in-situ behavior of the structure or using analytical modelling of its 
entire structure, including all elements contributing either to the mass or stiffness of the system as well as the foundation. 
Experimental methods constitute a large variety of techniques essentially by measuring the vibration of the structure, which can 
capture the main trends of the way the structure is vibrating.  

This paper shows the potentialities of the experimental technique based on in-situ ambient vibration records with a single 
three-component sensor placed at the top of the building as a simple and fast method to determine the natural periods of 
buildings for low amplitude input motions which is very much dependent on the structural types. During the last five years 
measured are in-situ dynamic characteristics of the different types of structures built in N. Macedonia, essentially based on 
ambient vibration, using latest technological methods. The data-base established in UKIM-IZIIS contains not only the 
fundamental dynamic characteristics of structures, but also their geometrical and structural properties, with aim of setting 
correlations between structural typologies fundamental periods and damping characteristics. This paper presents summary 
results of the analyzed more than 100 reinforced concrete (RC) buildings, obtained through analytically determined fundamental 
periods from the design documentation of the structures as well as obtained through in-situ ambient vibration measurements. 
The results have shown that the brick masonry infill is having remarkable influence on the dynamic characteristics of structures.  

Definition of representative seismic hazard spectra for urban areas allows us to investigate the resonance “range” between 
input ground motion and dynamic characteristics of buildings. Those data are of great importance for early evaluation of 
potential seismic damage, quantification of the seismic risk and definition of risk scenarios in urban areas. As referred above, the 
seismic response of a buildings mainly depends on the natural period of vibration. 

KEY WORDS:  Ambient vibration measurements; Period of vibration, RC Buildings, N. Macedonia 

1 INTRODUCTION 
The experimental “in situ” testing method has very wide 
application especially in structures from where identity card 
of the structure can be obtained accounting for all dynamic 
characteristics [4-5]. The advantages of this method are the 
light equipment easy for transportation and management and 
the non-destructive procedure without altering the normal 
operation of structures. So, using this non-destructive method 
fundamental dynamic characteristics for the structure can be 
obtained, such as natural frequencies and corresponding mode 
shapes, as well as damping in each mode, without altering 
their normal operation [6-10]. Having this data as a valuable 
parameter, leads in the correlation of experimental and 
analytical results as a confirmation for accurate mathematical 
model formulation. 

In the beginning of this century, significant improvement of 
sensors and data acquisition system technologies was evident. 
The analogue recording and acquisition of data were replaced 
by digital systems providing the large analytical possibilities. 
Also, the software’s for data processing were adequately 
upgraded. Considering “in situ” experimental testing, ambient 
vibration testing methods prevailed, being applicable for all 
types of structures, components and materials in practice as a 
reason for getting more realistic evaluation of dynamic 
properties of structures. This method is based on recording 
and processing of structural response to wind and other 
ambient excitations, like traffic noise, some other micro-
tremor and impulsive forces like wave loading or periodical 
rotational forces of some automatic machines. The 
experimental and theoretical procedure is based on the 

Analytical and experimental in-situ measured fundamental periods of vibration on 

different types of RC building structures 
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assumption that the exciting force is a stationary stochastic 
process with a relatively flat amplitude spectrum. In such 
conditions, the structures will vibrate and their response will 
contain all their normal modes. 

The Institute of Earthquake Engineering and Engineering 
Seismology (UKIM-IZIIS) from Skopje has a long experience 
in the field of ambient vibration testing starting from 1978 
with more than 500 tests performed during the period [11-15]. 

This paper presents summary natural vibration period 
measurements from ambient vibration signal records from 
more than 140 buildings with different structural 
characteristics. The influence of height of the building and 
infill wall effects are investigated. 

2 PERFORMED IN-SITU AMBIENT VIBRATION 
MEASUREMENTS 

2.1 In-Situ measurements 

UKIM-IZIIS has performed thousands of measurements of 
ambient vibrations on buildings. For the needs of the paper, 
140 representative measurements have been considered, 
which have been made in the last 5 years. All these 
measurements were performed at the level of the highest slab 
of the selected buildings. Usually the recording instrument 
was placed in a central position with respect to the layout, 
where applicable. For each of these 140 analyzed buildings, 
measurements were performed with a portable velocimeter 
with measurement duration of 10 minutes and certain pre-
defined parameters as given in Tab. 1. The instrument used 
for the in-situ measurements is TROMINO (Figure 2.1, Figure 
2.2), product of MOHO s.r.l. Italy, company with more than 
30 years of experience in this field. TROMINO instruments, 
originally conceived for the dynamic characterization of 
subsoils, has been increasingly used for the operational modal 
analysis of structures to such an extent that this has become its 
primary application over the years. TROMINO has been used 
on the most iconic structures worldwide, such as the Eiffel 
tower, the Golden Gate Bridge in San Francisco, the Shanghai 
tower, the leaning tower of Pisa, the landmark skyscrapers in 
Abu Dhabi and many more. 

 

 
Figure 2.1. In situ measurements with TROMINO. 

The total lack of cables and external batteries, the light weight 
and small size, make working with TROMINO a unique 

experience. All results are registered as three component 
results, two horizontal and one vertical. 

2.2 Equipment and software used for AV measurements 

The ambient vibration measurements have been performed by 
TROMINO® portable ultra-mobile seismometer 
(http://moho.world/en/tromino/) manufactured by MOHO 
S.R.L. (http://moho.world/en/moho/), Italy. TROMINO® is 
highly mobile, compact (measurement and recording), three 
components, all-in-one technology, wireless (no cables) and 
power independent (self-sustainable) seismic tomography 
instrument, equipped with: 

o 3 high-gain velocimetric channels for seismic 
ambient microtremor analysis (up to ±1.5 mm/s); 

o 3 low-gain velocimetric channels for strong motion 
analysis (up to ±5 cm/s); 

o 3 independent accelerometric channels for strong 
vibration monitoring; 

o 1 analog channel (e.g., external trigger); 
o Built-in GPS receiver, internal and/or external 

antenna for positioning and absolute 
timing/synchronization among different units; and, 

o Built-in radio transmitter/receiver module for 
indoor/outdoor synchronization among different 
units and alarm transmission (e.g., signal above 
threshold levels). 

Figure 2.2. TROMINO® Seismograph. 

TROMINO® works in the frequency range 0.1 - 1024 Hz 
(up to 32 kHz on 2 channels) with A/D conversion > 24 bit 
equivalent at 128 Hz. 

2.3 Data Acquisition and processing 

GRILLA™ software (v.7.6) is used for archiving, organizing, 
viewing and analyzing the recordings of TROMINO®. Grilla 
is interactive user friendly software with capability to 
produces automatic reports in Microsoft WordTM format. 
Grilla can import and analyze also recordings of other 
instruments. 

Some Grilla Capabilities: 
o Spectral analyses (time, space, directivity); 
o H/V analysis following the international and national 

guidelines; 
o Constrained fit of the H/V curve to obtain subsoil Vs 

profiles and seismic site classifications (forward 
modeling and automatic fit); 
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o Multichannel analysis of surface waves, both 
Rayleigh and Love (SASW, MASW, ReMiTM, 
ESAC, SPAC, other spatial correlation techniques); 

o Forward modeling of surface wave dispersion curves 
to obtain subsoil Vs profiles and seismic site 
classifications; 

o Joint fit of H/V and surface wave dispersion curves; 
o Vibration analysis according to UNI 9916, DIN 4150 

(effects of strong vibrations on structures); 
o Modal analysis of structures (mode frequencies, 

mode shapes). 
For each recorded trace, GRILLA™: 
o Correct the trace for the instrumental (TROMINO™) 

transfer function; 
o Subdivide each trace in a number of non-overlapping 

windows of preselected length;  
o Detrend the windowed traces; 
o Taper them with a Bartlett window; and, 
o Pad with zeros for a length which total number of 

discrete points equidistantly spaced at dt = 1/Fs (Fs = 
Sampling frequency) correspond to the next power of 
2. 

 
Table 1. Standard site measurement and processing 
parameters. 

Site 

Measurement 

Parameters 

Processing Parameters 

Record 
(trace) 
length 

10  
min 

Window  
length 

20 sec 

Sampling 
frequency 

128  
Hz 

No. of  
windows 

60 

Nyquist 
frequency 

64 
Hz 

Tapering Bartlett window 
(20 sec, 2561 
points) 

Frequency 
range of 
interest 

0.1 - 
32  
Hz 

Smoothing 
function 

Konno – Omachi, 
b=20, or  
Triangular window 
(5% smoothing) 

 
The results are summarized in the direction for which the 

vibration periods were obtained. For the residential buildings, 
a correlation was made with the dynamic characteristics, i.e. 
the basic periods of vibration separated from the design 
documentation for the buildings. The database is summarized 
in tabular format in which, in addition to the dynamic 
characteristics, the type of structure, total area of the building 
and the number of stories is included. For a certain number of 
buildings, two types of obtained periods from the project 
documentation on a fixed basis and on an elastic basis are 
given. 

3 ANALYZED RC STRUCTURES 
The data-base established in UKIM-IZIIS for this study 
allows detailed classification of the structures. The types of 
structures considered are mainly reinforced concrete (RC) 

buildings built in the last decade while the biggest part of the 
buildings are located in the Skopje area.. The reinforced 
concrete structures are predominantly frame structures with 
and without shear walls. All the buildings in the established 
database are build and constructed according to the latest 
design regulations. In the last years, efforts have been made to 
improve detailing and increase inelastic capacity of the 
building to resist potential earthquake ground motions. 
Although not very common but in some cases the buildings 
have been built over soft soil deposits in which the dynamic 
characteristics of the structures are influenced by the presence 
of soil stiffness characteristics making the soil structure 
interaction phenomenon important to be considered. 
Moreover, the ground floor in some of the structures is used 
for commercial purposes, thus increasing the height and 
decreasing the stiffness of the ground floor, creating the 
conditions for appearance of soft-story effect. The majority of 
the analyzed buildings are residential houses up to three 
floors. The majority of analyzed buildings are of frame type 
structures in which the column-beam connections have been 
given special importance in order to resist the seismic forces, 
thus preventing the columns of collapse assuring life safety 
design criteria. The dynamic characteristics of these domestic 
RC buildings show periods in relation of 0.1 times the number 
of the floors which is a rule of thumb and is a widely accepted 
worldwide practice. 

All investigated structures are designed according to the 
Code of Technical Regulations for the Design and 
Construction of Buildings in Seismic Regions (OGoSFRY No. 

31/81 of June 5, 1981 with Amendments 49/82, 29/83, 21/88 

and 52/90), where the total horizontal seismic force acting on 
a building is given with the equation (1) 

S=K·G             (1) 

where: 

K = the total seismic coefficient for the horizontal direction 
G = the total weight of the building and its equipment 

The seismic coefficient for the horizontal direction K shall 
have a minimum value of 0.02 and depends directly by the 
coefficient of building category, coefficient of seismic 
intensity, coefficient of dynamic response, and coefficient of 
ductility and damping. The coefficient of ductility and 
damping, depends on the type of structure under consideration 
(modem reinforced-concrete structures, steel structures, 
reinforced masonry, and for braced steel structures masonry 
structures, strengthened by means of vertical reinforced-
concrete tie-beams’ for reinforced-concrete shear-wall 
structures etc). 

4 DISCUSSION ON THE OBTAINED RESULTS 
In this study, ambient vibration measurements and numerical 
analysis of total number of 140 newly built reinforced 
concrete structures in N. Macedonia were performed. All 
analyzed structures are residential buildings.  More than 17% 
are mixed residential buildings with commercial parts (Figure 
4.1). Regarding the number of stories, most of the buildings 
have between 2-9 levels. Larger number of them are with 4 
(17.2%) and 6 stories (12.6%) (Figure 4.2). Some photos of 
the measured buildings are shown on Figure 4.3. 
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Figure 4.1. Types of measured buildings regarding usability. 

 
Figure 4.2. Percentage of structures with different no. of 
stories. 

    
       
       (a)                    (b) 

  
     (c)    (d) 

Figure 4.3. Selected measured structures in Kavadarci (a) 
Strumica (b), Ohrid (c) and Skopje (d). 

Ambient vibration spectrum graphs of some selected sample 
buildings are shown in Figure 4.4. 

 

 

 
 

 
Figure 4.4. Tro-component ambent vibraton spectra’s of some 
selected buildings in from data-base. 

The vibration periods obtained from ambient vibration 
measurements were compared with the periods obtained by 
analytical models. The buildings were modelled with infill 
walls as dead load in 3-D models. Aerated concrete block is 
used in the buildings as infill wall element. All other infill 
walls with openings that prevent diagonal strut formation 
were considered as dead loads, only as well. Other dead loads 
such as slab weight were also considered as a distributed load. 
Concrete compressive strength, steel properties and size of 
structural members were taken from construction drawings. 
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Most of the buildings higher than 3 levels were reinforced 
concrete frame type structures with shear walls. Structures 
with lower height are without shear walls. 

A data-base with all measurement results and results from 
the numerical analyses which contains the fundamental 
characteristics of those structures and their most important 
geometric and structural properties with the aim of setting 
correlations between structural typologies and fundamental 
periods or frequencies has been created. The distribution of 
natural vibration periods obtained for all structures with 
respect to the height of the buildings is shown in Figure 4.5. 
These results are related to building structures with infill 
walls. As expected, building periods increase with respect to 
height. 

 

 
Figure 4.5. Fundamental period of measured and analyzed 
structures as a function of building height (m). 

Figure 4.5 shows that the measured fundamental periods are 
higher than the analyzed (numerically obtained), what is 
expected due to level of the construction of the infill walls.  

The height-period curve parameters are defined in many 
design regulations as well as in Eurocode 8 [1]. Ambient 
vibration signal measurements were compared to evaluate the 
consistency of obtained data with other results available in the 
literature (Figure 4.6). Empirical equation derived by 
Eurocode 8 is given in equation (2). T defines the building 
period and H defines the building height in the following 
equation 

 T = 0.075H 0.75 (2) 

Gallipoli et al. [2] derived equation (3) by using ambient 
vibration signal records taken from 244 buildings located in 
various regions in Europe: 

 T = 0.016H  (3) 

Based on the measurements in this study, we propose an 
empirical equation (4) with respect to height-period 
parameters given in the following form 

 T = 0.066H 0.49  (4) 

 
Figure 4.6. Distribution of fundamental periods with respect 
to building height. 

When results are compared, it is observed that the data 
obtained from these measurements have similar tendency with 
the equation proposed by Gallipoli et al. [2]. The Eurocode 8 
code height-period curve resulted in estimations much higher 
than expected for all ranges possibly due to omitting the 
stiffness contribution of infill walls. Another significant point 
is that buildings used in this study are residential buildings of 
similar characteristics. These buildings having reinforced 
concrete frame structures are constructed in accordance with 
current design codes and do not have great differences. For 
buildings with higher amount of shear walls, lack of such a 
high-level relationship between height and period can be 
expected depending on the amount of shear walls [3].  

The period/height ratio of the measured and analytically 
obtained results are given in Table 2. 

Table 2. Period/height ratio. 

Period/height 
ratio Analytical Measured 

max 0.096 0.060 

min 0.008 0.005 
 
The strength of infill walls is influenced by numerous 

parameters such as material and mortar properties as well as 
production quality. Therefore, it is reasonable that under large 
displacements, building periods even in elastic regions can be 
higher than the period values determined based on ambient 
vibration records.  

5. CONCLUSIONS 
Determination of dynamic properties of buildings is essential 
for consistent estimation of building behavior. The ambient 
vibration measurements from the 140 new buildings are 
evaluated. Among them, 23 residential buildings were tested 
after the construction of infill walls. The conclusions from this 
study are as follows: 

i. The measured fundamental periods of all structures are 
lower than the analytically obtained, which is expected 
due to the influence of general stiffness contribution of 
infill walls. 
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ii. There is a close correlation between natural vibration 
periods and building height in RC frame buildings with 
and without constructed infill walls. 

iii. Based on the measurements in this study, an empirical 
equation with respect to height-period parameters is 
derived as T = 0.066H 0.49. The obtained results revealed 
a similar distribution with height-period equations in the 
selected literature by using ambient vibration signal 
records, especially to the Gallipoli et al. [2]. The 
relationship used in Eurocode 8 (1) revealed higher 
natural vibration period estimates than the measured 
periods. 

iv. The highest period/height ratio from analytical results 
was found to be 0.096 and the value for minimum ratio 
is 0.008. The measured minimum and maximum values 
are 0.005 and 0.060 respectively. The uppermost values 
are so low, that are appropriate for newly building 
structures. 
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ABSTRACT: Continuous monitoring of the dynamic properties of existing structures plays a relevant role in safety assessment 
and to support timely structural maintenance. However, the low amplitude vibrations in operational conditions often make reliable 
modal parameter monitoring very challenging. This paper presents some preliminary results of extensive investigations aimed at 
exploiting the capabilities of power spectral density transmissibility (PSDT) for automated operational modal analysis (OMA) in 
the context of civil SHM applications. The investigated aspects mainly concern the modal identification reliability, evaluated also 
through a comparative performance assessment of PSDT-based OMA with other well-established OMA procedures, and the 
automation of the dynamic identification process by using PSDT functions. Application of the proposed PSDT-based automated 
OMA procedure to simulated as well as experimental provided encouraging results. 

KEY WORDS: operational modal analysis; power spectral density transmissibility; modal based SHM. 

1 INTRODUCTION 
Operational modal analysis (OMA) on civil engineering 
structures is a currently well-established tool for the estimation 
of the structural modal characteristics. The procedure of OMA 
has no need of knowledge of the input forces and solely relies 
on the vibrating response to the unknown ambient excitations, 
such as wind, traffic, wave, etc., acting on structures under their 
operational condition. These allow to conduct the test campaign 
under the normal operating condition without applying 
artificial forces as well as service condition interruption. 
Consequently, OMA is especially suitable to complex or 
intensely used civil structures, on which the experimental 
modal analysis (EMA) is difficult to perform under the 
controlled condition. With the advances in sensor technology, 
highly sensitive and relatively low-cost sensors are available 
and lead to make possible a number of interesting applications 
of OMA techniques on civil engineering structures [1-6]. 

However, the uncontrolled and immeasurable input involved 
in the OMA approaches also contributes to their own problems. 
Beyond the issue of mode shape scaling [7], the assumption of 
white-noise loading is rarely fulfilled in the practice. Since the 
external loading has its own spectral distribution, modes are 
actually weighted by the spectral properties of the excitation 
and the properties of the input together with the modal 
parameters of the structure can be identified in the measured 
response [8]. In this regard, the development of new OMA 
techniques has raised increasing interest during the past decade.  

A procedure named transmissibility-driven OMA (TOMA) 
has been developed to try to solve the issue of white-noise 
assumption and successfully applied to mechanical and civil 
structures [9, 10]. Recently, motivated by this novel path for 
the determination of system poles using mode-shape 
information, development efforts have been devoted to seeking 
improvements in real applications [11, 12, 13], leading, among 

others, to the development of the power spectral density 
transmissibility (PSDT) algorithm [13]. Contrary to traditional 
transmissibility-based approaches to OMA, this method makes 
possible the output-only modal identification of engineering 
structures from one single operational load condition. By 
introducing the concept of reference output, PSDT method not 
only inherits the merit of the classic TOMA method, but also 
reduces the application requirement of the classic method in 
terms of measurements from multiple loading conditions to one 
single loading condition. The PSDT method has been also 
further developed into a wavelet-domain strategy by 
constructing continuous-wavelet transmissibility (CWT) 
functions at different scales [14]. Similar to the peak-picking 
method in the frequency domain, human intervention is 
required in applying PSDT to estimate system poles. In order 
to minimize the subjective influence involved, the use of the 
stabilization diagram to assist in achieving the system’s 
physical poles, after applying the least-squares complex 
frequency-domain (LSCF) estimator to PSDT has been 
proposed [15]. Moreover, the local PSDT concept has been 
extended to the multivariable PSDT by relating various 
referring outputs [16].  

This paper presents some preliminary results of extensive 
investigations aimed at exploiting the capabilities of PSDT for 
automated OMA in the context of civil Structural Health 
Monitoring (SHM) applications. The investigated aspects 
mainly concern the modal identification reliability, evaluated 
also through a comparative performance assessment of PSDT-
based OMA with other well-established OMA procedures, and 
the automation of the dynamic identification process by using 
PSDT functions. Application of the proposed PSDT-based 
automated OMA procedure to simulated as well as 
experimental provided encouraging results. 

Preliminary results from development a Power Spectral Density Transmissibility 
based automated OMA procedure for civil SHM 
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2 PSDT-BASED OMA 

 Basics 
Suppose that outputs yi(t), yj(t) (i≠j), together with transferring 
output yo(t) are recorded from a linear time-invariant (LTI) 
system. The corresponding PSDT 𝑇!,#$  can be derived by taking 
the ratio of two PSD functions, represented as follow [13, 15]: 

 (1) 

with 𝑆!$(𝜔)  and 𝑆#$(𝜔)  the PSDs of outputs yi(t), yj(t), 
respectively, under the transferring output yo(t). Considering 
the structural dynamic response as dominated by one single 
mode, the value of PSDT in Eq. (1) while approaching the 
resonant frequencies tends to: 

 (2) 

with 𝜙!%   and 𝜙#%  the kth mode amplitudes of degree of 
freedoms (DOFs) i, j, and turns to be independent of the 
selection of transferring condition. Therefore, combining 
PSDTs under two different transferring outputs through the 
inverse subtraction function provides the systems poles as the 
poles of the rational function: 

 (3) 

One can also notice in Equation (2) that the value of PSDT 
function at the system poles is solely related to the mode shape 
ratio. It is this property that makes PSDT functions applicable 
as primary data for OMA.  

As shown in Equation (1), PSDT is defined as the ratio of 
two PSDs of outputs from one excitation scenario. Thus, the 
first step of PSDT-driven OMA is to compute various PSD 
functions under a single real-operating load condition in order 
to construct the PSDTs with different reference outputs. Due to 
errors originating from PSDT estimation and measurements, 
some spurious poles are prone to exist. With a view towards 
minimizing this risk, a set of PSDT functions relating to 
multiple observed DOFs are incorporated together. To do so, in 
the second step, a rational function related to the inverse of 
PSDT subtraction is evaluated as [15]: 

 
(4) 

where Nz is the total number of measured DOFs. From the 
peak plot of this rational function, the modal frequencies can 
be manually selected. Finally, by assembling the PSDTs 
involving various transferring outputs into a PSDT matrix with 
a fixed reference DOF, u, [17]: 

 
(5) 

and computing the singular value decomposition (SVD) of 
the PSDT matrix at the kth eigenfrequency: 

 (6) 

the mode shape can be estimated by the first vector of [U]. 

 Automatic PSDT-based OMA 
Several automatic OMA algorithms have been developed in 
recent years because of the attractive applicative perspectives 
in the field of civil SHM. One of the main issues in the 
development of automated OMA procedures is the distinction 
between real and spurious poles. Several Authors have focused 
the attention on the development of strategies for the automatic 
interpretation of the stabilization diagram (SD) [6, 18, 19], 
including the application of popular machine learning 
algorithms, such as clustering-driven techniques [4, 5, 20, 21, 
22]. Alternatively, strategies to clean the stabilization diagram 
and simplify the automatic identification of physical poles have 
been investigated [23, 24, 25, 26]. 

In addition to automatic OMA based on parametric 
techniques, automation of non-parametric techniques has also 
been investigated based on the predefined limit value of some 
indicators for the detection of peak or modal domain [8, 19, 25]. 
An automatic procedure for detecting modal bandwidth before 
mode extraction is, instead, presented in [27]. The main issues 
in the development of automated OMA procedures based on 
non-parametric approaches are related to the need for some 
preliminary user interaction to appropriately set the threshold 
values [8], which are also sensitive to noise, and may provide 
less accurate estimates in the case of closely spaced or weakly 
excited modes [5, 8].  

The present section focuses the attention on the automation 
of the PSDT-based OMA method by constructing a non-
parametric implementation framework. The automated PSDT-
based OMA method will be denoted as A-PSDT in the 
following. 

As previously discussed, the critical step for automatic modal 
parameter identification is to filter the noise bandwidths. The 
proposed automatic procedure resorts to the robustness of 
mode-shape information to environment change within a few 
hours. The MAC [28] of the possible mode shape vector from 
two subsequent records should converge to 1 as approaching 
the system poles. After the analysis on each record, the size of 
MAC sequence increases by 1. Assuming that the modal 
information associated to physical modes are quite stable while 
higher variability characterizes the non-physical modes, in the 
first phase of mode discrimination the mean and standard 
variance of the MAC sequence are used to reject possible 
spurious modes [27]. 

Additionally, the complexity of modal vector is considered 
to remove mathematical modes often characterized by high 
complexity. The mean phase of the singular vector is evaluated, 
and modes with low complexity (lower than 15o) are accepted 
as physical modes, whereas those with high complexity (higher 
than 30o) are rejected. The case of modes characterized by 
medium complexity (between 15o and 30o) requires further 
evaluation, as discussed later. Moreover, the mean value of this 
phase sequence can be updated after each operation on the 
updating record. Mean value of the phase of each step is 
deployed by setting a mode complexity rejection level for mode 
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validation, similar to the application of the MAC value 
described above. Thus, the first level of rejection of the 
presented procedure refers to the combined use of the indexes 
with respect to MAC value and those to mean phase of the first 
singular vectors. 

In order to enhance the discrimination of physical and 
spurious modes, a second rejection level based on coherence 
function is developed to qualify the modes with the mean phase 
falling inside the range of (15o, 30o]. To incorporate the outputs 
relating to all the measured DOFs, the combination of 
coherence functions (CF) can be expressed as: 

 (7) 

where 𝛾!#  is the standard coherence function between two 
channels [8]. Since 𝛾!# tends to go to unity when the frequency 
approaches the resonance frequency [29], the combination of 
coherence function expressed by Equation (7) inherits this 
property. However, its value may be somehow sensitive to 
noise, and it may be far from 1 at a high noise level or for the 
poorly excited modes, whose identification is out of the scope 
of this work. By setting an appropriate threshold for the 
combination of coherence functions, further discrimination 
between physical and spurious modes is possible. For the 
application of the second rejection level, the average value of 
the combination of coherence functions is considered as an 
indicator. 

The flowchart of the algorithm is shown in Figure 1. It starts 
with the computation of PSDT functions corresponding to 
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Figure 1. Flowchart of A-PSDT. 
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various recorded DOFs to obtain the inverse subtraction of 
PSDTs between two different transferring outputs. The 
possible mode bandwidths are extracted afterwards. PSDT 
matrix, together with the combination of CFs, is then 
constructed on the basis of the estimation of PSD, and the first 
left singular vector over the extracted frequency bandwidth is 
obtained from SVD of this matrix. Subsequently, the ratio 
between the imaginary and real parts of the singular vector at 
each frequency point within the detected range is computed. 
This process is repeated for the measurements with increasing 
time range, starting from the same time point. The MAC value 
of the singular vectors from two neighboring records can be 
estimated after executing the previous steps to at least two data 
records. Then, the initial possible mode bandwidths from the 
peak plot can be narrowed by setting the upper thresholds for 
standard variance of MAC value, and the lower thresholds for 
its mean values and of the mean phase. Since it is possible that 
several separated bandwidths, which are corresponding to one 
single mode, are achieved, and the number of estimated modes 
is more than that of the true modes, thus an additional step is 
required through comparing the modal coherence function 
(MCF) [25] between adjacent frequency points identified. 
When the function is higher than 0.8, the adjacent frequency 
points are assigned to the same mode bandwidth.  

Based on the sequence of coherence-related function 
available from the PSD estimation, its average value is 
employed to further filter the noise bandwidth from those 
possible mode bandwidths captured. Specifically, this step 
helps checking if a possible mode, with the mean phase of the 
singular vector lying between 15o and 30o, is physical. The 
automatic procedure will end with the identification of a group 
of relatively stable results. 

3 APPLICATIONS 

 Simulated data 
In this example study the response data of a two-dimensional 
shear building with 7 DOFs is simulated. Each DOF has the 
same mass, m=100kg, and the same stiffness, k=1500 kN/m. 
Rayleigh damping is adopted, and the first two modes are set to 
1%. DOFs 1, 2, 5, 6, 7 are subjected to white-noise excitations 
simultaneously. For the purpose of evaluating the performance 
of the manual and automatic PSDT-driven OMA procedures 
under different noise levels, this example investigates the 

measurements with different noise levels, i.e. 0, 10%, 30%, 
50%. 

Here the modal properties are estimated by applying two 
manual OMA techniques, the PSDT-driven and FDD 
algorithms, and the proposed automated procedure, A-PSDT. 
When A-PSDT is applied, the frequency sub-bands are first 
obtained by setting a lower limit on the inverse function of 
PSDT subtraction. Subsequently, phase of singular vector, 
mean MAC sequence, and CFs within the reduced frequency 
bandwidth are calculated with increasing data length. 

A comparative analysis of the results obtained from the 
above-mentioned manual and automated OMA procedures has 
been carried out. The exact values and the estimated results 
from these three OMA techniques are summarized in Table 1, 
along with the corresponding estimation error (percentage). 
The obtained results remark that A-PSDT is ablet to 
successfully estimates most of modes with sufficiently high 
accuracy. Moreover, inspecting the variations of natural 
frequency estimated at increasing noise levels (Figure 2), it is 
possible to note that A-PSDT and PSDT can offer quite stable 
results even when noise-to-signal ratio reaches 50%. 

 

 

 
Figure 2. Error on natural frequency estimates at increasing 

noise levels. 

Table 1. Comparative modal identification performance assessment: simulated frame, 30% noise. 

Mode Exact 
value 

Natural Frequency (Hz) Error (%) MACA-PSDT/EXACT 

A-PSDT PSDT FDD A-PSDT PSDT FDD 

1 1.29 1.29 1.28 1.29 0.41 0.53 0.41 0.9999 

2 3.81 3.81 3.82 3.82 0.03 0.29 0.29 0.9997 

3 6.16 6.14 6.16 6.16 0.39 0.01 0.01 0.9958 

4 8.25 8.34 8.28 8.24 1.22 0.33 0.11 0.9995 

5 9.97 10.07 9.97 9.97 0.97 0.00 0.00 0.9945 
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 Measured data 
The proposed automated PSDT-based OMA procedure has 
been also applied to the analysis of the ambient vibration 
response of a bell tower (Figure 3) located in Montelongo, 
Molise, Italy. 

 
Figure 3. Montelongo’s Bell Tower. 

The ambient vibration measurements of the bell have been 
recorded by ten couples of accelerometers mounted on eight 
different levels in a way able to ensure observability of bending 
as well as torsional modes. The ambient vibration response of 
the tower was measured for 3600sec at a sampling frequency 
of 100Hz. 

Focusing the attention on the fundamental modes only, the 
results reported in Table 2 have been obtained. Comparing the 
results obtained from A-PSDT with those obtained by means of 
well-established manual OMA procedures [30], such as 
Frequency Domain Decomposition (FDD) and Covariance-
driven Stochastic Subspace Identification (Cov-SSI) [8], 
confirms the reliability of the proposed automated OMA 
procedure and the accuracy of the estimates. 

Table 2. Montelongo’s Bell Tower: comparisons of results. 

Mode Natural frequency [Hz] 
A-PSDT Cov-SSI FDD 

1 3.42 3.41 3.41 
2 4.06 4.13 4.13 
3 5.10 5.06 5.06 

4 CONCLUSIONS 
Assuming that reference mode shapes of a structural system are 
available, the PSDT method allows estimating the system poles 
with no assumptions on the excitation model. This reduces the 
risk of extracting spurious poles as a result of the discrepancy 
between white noise input and the actual excitation. The 
present paper has illustrated some preliminary results obtained 
from application of a novel PSDT-based automated OMA 
procedure to simulated as well as real datasets. Adaptive spatial 
filters based on the MAC index have been defined to this aim 
and, taking advantage of it, a significant reduction of the human 
intervention in the procedure was achieved. Because of its 

insensitivity to the excitation characteristics, the PSDT-based 
automated OMA methodology appears very attractive for a 
number of applications in the civil engineering field, including 
buildings and bridges under transient excitations. A-PSDT has 
been tested against simulated as well as real datasets, yielding 
encouraging results for its further development in view of 
extensive applications. The present study has also investigated 
the influence of measurement noise on the accuracy of 
estimates, showing that the proposed automated OMA 
procedure is able to yield satisfactory results even in the 
presence of relatively high noise pollution.  

Even though the proposed method at the current stage 
depends upon some parameters to be tuned, the proposed 
method outlines a roadmap towards a fully automatic dynamic 
identification procedure based on PSDT functions. 
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ABSTRACT: Across the offshore wind industry, there is a consistent discrepancy between the predicted and measured dynamic 
responses of in-situ turbine structures. A large proportion of this discrepancy is believed to stem from the foundation, which is 
typically a monopile, as a result of underestimation of the soil stiffness and poor modelling of the soil-structure interaction. In this 
study the effect of the foundation stiffness on the dynamics of an offshore wind turbine (OWT) is investigated, including 
determination of the ‘foundation sensitive’ modes. These modes are subsequently identified from simulated acceleration data 
under idling conditions. The effect on the dynamics due to the time variability caused by the varying azimuth angle is also explored 
and found to be very small in those modes that are dominated by tower vibrations. The identification results show that the modal 
parameters necessary for inferring information regarding the foundation of the OWT can be identified from simulated idling data. 
The axisymmetric nature of the structure causes difficulties for the identification of the mode shapes due to the presence of close 
modes. Use of the 𝑀𝐴𝐶 and 𝑆2𝑀𝐴𝐶 shows that despite the incorrect identification of the unique mode shape for some modes, the 
mode shape subspaces spanned by the close mode pairs are identified successfully. This enables the extraction of useful 
information from three mode shapes that may otherwise have been disregarded. 

KEY WORDS: Offshore wind turbine; System identification; Close modes; Idling; Monopile foundation. 

1 INTRODUCTION 
Across the offshore wind industry, there is a consistent 
discrepancy between the predicted and measured dynamic 
responses of in-situ turbine structures. For example estimates 
of the first natural frequency from monitoring data are 
consistently around 5% higher than expected from design, and 
in some cases up to 20% higher [1]. A large proportion of this 
discrepancy is believed to stem from the foundation, which is 
typically a monopile, as a result of underestimation of the soil 
stiffness [2]. Uncertainty arises from large variability in 
offshore soil investigation measurements [3] and the challenges 
of numerical modelling of soil-structure interaction [4]. 
Identification of the in-situ foundation properties of offshore 
wind turbines (OWT) from monitoring data would reduce this 
uncertainty, providing critical feedback to foundation design 
methods and aiding lifetime reassessment. 

The first steps towards identifying the foundation properties 
are to determine the system’s foundation sensitive modes and 
subsequently to identify them from monitoring data. These 
steps are the focus of this study.  

Monitoring data is simulated under idling conditions to 
investigate the suitability of idling data for identification. The 
effect of the time variability caused by the varying azimuth 
angle is explored through modelling.  

Owing to the axisymmetric nature of their structure, wind 
turbines exhibit close modes, which poses a challenge for 
system identification methods [5]. This study compares the 
mode shape identification results using both the modal 
assurance criterion (𝑀𝐴𝐶) [6] and the 𝑆2𝑀𝐴𝐶 [7], which 
extends the 𝑀𝐴𝐶 to consider mode shape subspaces. 

The OWT model, system identification and mode shape 
normalisation and correlation methods are explained in Section 

2. In Section 3 the specific modes of interest from a foundation 
identification point of view are determined through modelling, 
and then identified from simulated data using the processes 
outlined in Section 2. 

2 METHODOLOGY 

 Model 

The OWT has been modelled using FAST v7 [8]. FAST is a 
dynamic time-domain tool for simulating the behaviour of 
horizontal axis wind turbines subject to hydrodynamic and 
aerodynamic loads. This model is used for both the calculation 
of the numerical modal properties and the generation of the 
simulated data. 

The adopted structure is the 5MW reference turbine [9], 
developed by the National Renewable Energy Laboratory. It is 
a conventional three-bladed upwind, variable-speed, blade-
pitch-to-feather-controlled turbine with dimensions as shown 
in Figure 1a.  

The soil-structure interaction of a monopile is typically 
modelled as a set of springs that give the displacement response 
under specified loading. In this study a macro-element model 
is used, where the monopile is represented by a set of linear 
lateral, rotational and optional cross-coupling springs at the 
mudline level, as shown in Figure 1b. These coupled springs 
are assembled into a foundation stiffness matrix that governs 
the load displacement response by: 

 {
𝐻𝐺

𝑀𝐺
} = [

𝑘𝐿 𝑘𝐶

𝑘𝐶 𝑘𝑅
] ∙ {

𝑣𝐺

𝜓𝐺
} (1) 

where 𝑣𝐺  and 𝜓𝐺  are the ground-level lateral displacement and 
rotation respectively and 𝐻𝐺  and 𝑀𝐺 are the applied loads as 
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shown in Figure 1b. The soil properties are assumed to be 
axisymmetric about the vertical axis.   

The OWT has been modelled to reproduce idling conditions 
with a blade pitch of 14° resulting in an average simulated rotor 
speed of 3 rotations per minute (rpm).  

 Calculation of modal parameters 

The state matrix, 𝑨, of the system is given by: 

 𝑨 = [
𝟎 𝜤

−𝑴−1𝑲 −𝑴−1𝑪
] (2) 

where 𝑴, 𝑪 and 𝑲 are the mass, damping and stiffness matrices 
respectively. 

FAST calculates the numerical 𝑴, 𝑪 and 𝑲 matrices by 
linearising the nonlinear equations of motion about a specific 
operating point, as presented in the FAST user guide [8]. In this 
paper the operating point used is the steady state vector of the 
OWT states under gravitational loading.  

Within this paper mode shapes will be referred to as damped 
or undamped. The mode shapes of the linear system can be 
calculated by solving the eigenvalue problem given by: 

 𝑨𝝓𝑑 = 𝝓𝑑𝝀𝑑 (3) 

if the damped mode shapes, 𝝓𝑑, are required or by: 

 𝑨𝑢𝝓𝑢 = 𝝓𝑢𝝀𝑢 (4) 

if the undamped mode shapes, 𝝓𝑢, are required. In this latter 
case the state matrix is formulated without the damping matrix 
as shown by: 

 𝑨𝑢 = [
𝟎 𝜤

−𝑴−1𝑲 𝟎
] (5) 

The mode shapes tell us the relative contributions of the 
model’s degrees of freedom to each vibration mode. The output 
matrix, �̂�, is used to transform the mode shapes, 𝝓, from the 
model degrees of freedom basis to the output vector basis 
(sensor basis) as follows: 

 𝝓 
𝑠 = �̂�𝝓 (6) 

where s denotes the sensor basis. This allows for comparison of 
numerical and identified mode shapes. �̂� is calculated by FAST 
or by the identification method for numerical or identified 
parameters respectively. 

𝝀𝑑 and 𝝀𝑢 are the diagonal matrices of eigenvalues for the 
damped and undamped cases respectively. The damping ratios,  
𝜻, are calculated from 𝝀𝑑 by: 

  𝜁𝑖 = −
𝑅𝑒(𝜆𝑑,𝑖)

|𝜆𝑑,𝑖|
 (7) 

where 𝑖 denotes the vibration mode.  
The natural frequencies, 𝒇, can be calculated from either 𝝀𝑑 

or 𝝀𝑢 as follows:  

 𝑓𝑖 =
√𝜆𝑢,𝑖

2𝜋
≅

|𝜆𝑑,𝑖|

2𝜋
 (8) 

The values differ slightly but the discrepancy is considered to 
be negligible in this study.  

 Identification of modal parameters 

The subspace state space system identification method N4SID 
[10] is used to identify the modal parameters of the system from 
the simulated data. ‘Subspace’ refers to the fact that the models 
are obtained from the row and column spaces of specific 
matrices generated with the data, and the model components 
are identified in ‘state space’ form.  

The full algorithm is not presented here however the method 
identifies the unknown state, �̃�𝑑, input, �̃�𝑑, output, �̃̂�, and 
feedthrough, �̃�, matrices of the discrete system describing the 
transition of the system between steps 𝑘 and 𝑘 + 1, in state 
space form as: 

 𝒙𝑘+1 = �̃�𝑑𝒙𝑘 + �̃�𝑑𝒖𝑘 + 𝒘𝑘 , 𝒚𝑘 = �̃̂�𝒙𝑘 + �̃�𝒖𝑘 + 𝒗𝑘 (9) 

where 𝒘 and 𝒗 are the process noise and measurement noise 
vectors respectively. The steps 𝑘 = 1 … 𝑁 are sampled with a 
finite sampling time step 𝑑𝑡. The method requires the discrete 
input, 𝒖𝑘, and output, 𝒚𝑘, data to identify all state-matrices, or 
𝒚𝑘 alone to identify �̃�𝑑 and �̃̂�, as is the case in this study. �̃�𝑑 is 
then converted to the state matrix of the equivalent continuous 
state-space system using: 

 �̃�𝑐 =
log(�̃�𝑑)

𝑑𝑡
 (10) 

where log is the matrix logarithm. �̃�𝑐 is used to find the 
identified modal parameters with Eqs. (3), (7) and (8) giving 
�̃�𝑑, �̃� and �̃�. The identified mode shapes are damped since the 
�̃�𝑐 matrix includes damping contributions. All identified 
parameters are indicated with the accent    ̃. The identified 
output matrix, �̃̂�, transforms the identified eigenvectors into the 
sensor-based mode shapes as follows: 

 �̃� 
𝑠

𝑑 = �̃̂��̃�𝑑 (11) 

 Mode shape normalisation and comparison 

The scaling of mode shapes is arbitrary and therefore a 
normalisation convention must be chosen. A common 
convention involves setting the largest component to unity and 
scaling the other values accordingly. For undamped mode 
shapes, 𝝓𝑢, this process is given by: 

Figure 1. OWT model dimensions and foundation representation. 
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 �̅�𝑢,𝑖 =
𝝓𝑢,𝑖

max (𝝓𝑢,𝑖)
 (12) 

where 𝑖 = 1: 𝑛 vibration modes. 
For damped mode shapes, 𝝓𝑑, this process is more 

complicated as the components are complex-valued. When 
there is significant non-proportional damping, which is 
predicted by the FAST model, the authors have found it 
beneficial to use the following normalisation technique 
originally presented by Fillod in 1980 [11]: 

 �̅�𝑖
𝐶 = 𝑅𝑒 (

𝝓𝑑,𝑖

𝝓𝑑,𝑖,𝑗
) (13) 

where 𝑗 is the vector element that maximises |𝝓𝑑,𝑖,𝑗|. This 
procedure is termed ‘complex normalisation’ in this paper and 
is denoted with superscript C. This process converts the 
complex damped mode shapes to a close approximation of the 
real undamped mode shapes. 

To determine the success of the identification process the 
identified and numerical modal parameters are compared. The 
frequencies are simply compared by calculating a percentage 
difference however the mode shape comparison is more 
complicated. Typically the degree of correlation between a 
relevant pair of mode shapes is calculated with the 𝑀𝐴𝐶 [6] 
which gives a value between 0 and 1 using the following 
equation: 

 𝑀𝐴𝐶(𝝓𝑖 , �̃�𝑖) =
|𝝓𝑖�̃�𝑖

𝑇
|
2

𝝓𝑖𝝓𝑖
𝑇�̃�𝑖�̃�𝑖

𝑇 (14) 

where 𝑖 denotes the vibration mode in question. 
Axisymmetric systems, such as wind turbines, often present 

pairs of close modes which can cause difficulties for 
identification methods [5] as is shown for this structure in 
Section 3.3. For an exactly axisymmetric structure, identical 
modes are found whose mode shapes can only be uniquely 
defined as existing within a subspace around the axis of 
symmetry, as depicted in Figure 2. 

Figure 2. Mode shape subspace for close modes (adapted from 
[12]). 

Mode shapes with close frequencies are very susceptible to 
perturbations in the structural properties, easily moving within 
the subspace. This makes identification of the mode shapes 
along the orthogonal bases very challenging.  

D’Ambragio and Fregolent developed a modification of the 
𝑀𝐴𝐶 called the 𝑆2𝑀𝐴𝐶 [7] which compares the identified 
mode shape, �̃�𝑖, of a close mode to the subspace spanned by the 
numerical mode shapes of the corresponding numerical close 
modes, 𝝓𝑖 and 𝝓𝑘. The equation is given by: 

    𝑆2𝑀𝐴𝐶(�̃�𝑖 , 𝝓𝑖 , 𝝓𝑘) =
(�̃�𝑖

𝑇𝝓𝑖)
2

−2(�̃�𝑖
𝑇𝝓𝑖)(𝝓𝑖

𝑇𝝓𝑘)(�̃�𝑖
𝑇𝝓𝑘)+(�̃�𝑖

𝑇𝝓𝑘)
2

1−(𝝓𝑖
𝑇𝝓𝑘)

2  (15) 

where all mode shapes are real-valued unit vectors and 𝑘 = 𝑖 +

1 or 𝑖 − 1. If the mode shape subspace is successfully identified, 
then the use of the 𝑆2𝑀𝐴𝐶 could enable the utilisation of 
identification results that would otherwise be of no use, for 
example in a model updating algorithm. 

3 RESULTS 

 Foundation sensitivity 

Since this study is focused on the interaction between an 
OWT’s dynamic behavior and its foundation, the vibration 
modes of interest are therefore those that are sensitive to the 
stiffness of the foundation. This was investigated by varying 
the foundation stiffness matrix, 𝑲𝐹, using the equation: 

 𝑲𝐹 = 𝛾𝑲𝐹0 (16) 

where 𝑲𝐹0 is a baseline stiffness matrix and 𝛾 is a real positive 
number. FAST was used to calculate the numerical frequencies, 
𝒇, with varying 𝛾, which are then plotted in Figure 3. 

Figure 3. Foundation sensitivity of modal frequencies. 

Depending on the value of γ there are a limited number of 
modes that are sensitive to the foundation stiffness. As γ varies, 
the frequencies of these ‘foundation sensitive’ modes change 
and they can interact with nearby modes causing temporary 
foundation sensitivity and changes in their frequencies. At 
certain points there seems to be a transition of this foundation 
sensitive behaviour from one mode to another and occasionally 
the modes almost appear to cross one another, for example at a 
frequency of around 1.1Hz and γ≃0.3. 

The simulated data to be identified in this study was 
generated with a foundation stiffness matrix equal to 𝑲𝐹0, so 
focusing at 𝛾 = 1, there appear to be five modes that are 
foundation sensitive: two modes around 0.24Hz; two modes  
around 1.4Hz; and one mode around 1.75Hz. These five modes 
will be referred to as modes A to E and will be the focus of this 
study from this point on, investigating their characteristics as 
predicted by the FAST model and as identified from the 
simulated data.  
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 Numerical modal properties 

Since the OWT is idling, meaning that the rotor is rotating but 
not producing power, a degree of time variability is introduced 
to the system as the geometry of the structure is changing with 
time.  

The effect of this time variability is explored by calculating 
the numerical modal properties at varying azimuth angle 
between 0° and 120°. The effect on the frequencies is 
negligible.  

Figure 4 shows the mode shape of the OWT tower from 
above at various azimuth angles for two modes. The mode on 
the left has a frequency of 0.244𝐻𝑧 and a mode shape that is 
dominated by motion of the tower, whereas the mode on the 
right has a frequency of 2.00𝐻𝑧 and a mode shape that is 
dominated by motion of the blades. 

Figure 4 demonstrates how the mode shape of the tower can 
be sensitive to the rotor azimuth for modes that are dominated 
by blade vibration. Fortunately for this study the five 
‘foundation sensitive’ modes have consistent tower mode 
shapes regardless of the azimuth angle.  

A system identification method would see data captured at 
varying azimuth angles and therefore identify an averaged 
mode shape. For consistent comparison the numerical mode 
shapes are therefore obtained by calculating the mode shapes at 
5° increments of azimuth angle between 0° and 115° and 
averaging across all angles. This also helps to minimise any 
effect on the mode shape from the varying azimuth angle.  

 Figure 5 shows the two elevation views and plan view of the 
mode shapes of the five foundation sensitive modes. Shown are 
the undamped, �̅�𝑢 

𝑠 , and the damped complex normalised, �̅�𝐶
 

𝑠 , 
sensor-based mode shapes, which have been averaged across 
the azimuth angles as described above. The damped mode 
shapes were averaged before being normalised to reflect the 

Figure 4. Effect of rotor azimuth angle on tower mode shape. 

Figure 5. Comparing damped and undamped mode shapes averaged across varying azimuth angle. 

Fore-aft 

Side-to-side 

Fore-aft 

Side-to-side 
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process that would occur with system identification.  The 
complex normalisation procedure gives a good approximation 
of the undamped mode shapes, even after azimuth averaging, 
as indicated by the agreement between the mode shapes shown 
in Figure 5. 

 Identification 

The FAST model was used to generate simulated data for a case 
with the blades pitched to 14° and the following foundation 
stiffness matrix: 

 𝑲𝐹0 = [
0.0257 0.225
0.225 2.63

] × 1011 N/m (17) 

The environmental loading consisted of stationary water and 
synthetic wind data generated with a stochastic turbulent wind 
simulator, TurbSim [13], using the International 
Electrotechnical Commission Kaimal Model [14] with wind 
turbulence intensity of 37% and mean wind speed of 3m/s. 

The simulated output data were accelerations in the fore-aft 
and side-to-side directions for four sensors located at heights of 
10, 35, 60 and 87m respectively above the mean sea level, 
which is 20m above the seabed. The data were sampled at a 
frequency of 100Hz for a length of 20 minutes. The 
acceleration output signals were then contaminated with 1% 
root-mean-square Gaussian white noise to form eight discrete-
time output signals to be supplied to the identification method. 

The system identification method N4SID was applied to the 
simulated output data, 𝒚𝑘, for the six parameter cases. The 
input data, 𝒖𝑘, is not supplied since it is not practical to measure 
these in reality. Therefore N4SID calculates estimates of �̃�𝑑 
and �̃̂� of the discrete system, given in Eq. (9), for a specified 
system order.  

The equivalent continuous system �̃�𝑐 is calculated using Eq. 
(10), followed by subsequent solution of the eigenvalue 
problem (Eq. 3) to give the identified modal parameters �̃�𝑑 and 
𝝀�̃�. �̃�𝑑 are then transformed to the sensor basis (Eq. 11) and 
complex normalised (Eq. 13) to give 𝝓�̃�

 
𝑠 . Finally �̃� and �̃� are 

calculated from �̃�𝑑  with Eqs. (7) and (8). 
These modal parameters were calculated across a range of 

model orders. The modes were considered to be stable, and 
therefore likely representative of a true vibration mode, if the 
variation of �̃� and �̃� between consecutive model orders was less 
than 1% and 5% respectively and the 𝑀𝐴𝐶 (Eq. 14) between 
the consecutive mode shapes, 𝝓�̃�

 
𝑠 , was greater than 0.99. 

Table 1 compares the numerical and identified frequencies, 
𝑓𝑖 and 𝑓𝑖, including a percentage error, 𝜖𝑓𝑖, for the foundation 
sensitive modes for a model order of 240. 

Table 1. Comparison of numerical and identified frequencies. 

Mode 𝑓𝑖 , 𝐻𝑧 𝑓�̃�, 𝐻𝑧 𝜖𝑓𝑖 , % 

A 0.241 0.243 0.77 

B 0.244 0.245 0.37 

C 1.409 1.406 0.22 

D 1.442 1.440 0.10 

E 1.739 1.746 0.38 

The frequencies of all modes are identified very well. Figure 
6 compares the identified mode shapes, �̃̅�𝐶

 
𝑠 , against the 

numerical model mode shapes, �̅�𝑢 
𝑠 , showing the two elevation 

Figure 6. Comparison of numerical and identified mode shapes. 

Fore-aft 

Side-to-side 

Fore-aft 

Side-to-side 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure 

606 

views and the plan view. The mode shape of mode D is 
identified well and E fairly well. The mode shapes of modes A,  
B and C appear to have the correct ‘shape’ of the mode shape 
but not the correct direction. As explained previously this can 
be as a result of the modes being closely spaced, meaning the 
identification method identifies the subspace spanned by the 
close modes rather than the individual mode shapes. Table 2 
compares the 𝑀𝐴𝐶 and 𝑆2𝑀𝐴𝐶 between �̃̅�𝐶

 
𝑠  and �̅�𝑢 

𝑠 . The 
𝑆2𝑀𝐴𝐶 compares the identified mode shape, e.g. �̃̅�𝐶

 
𝑠

𝐴
, with 

the subspace spanned by the numerical mode shapes of the 
relevant close modes, e.g. �̅�𝑢,𝐴 

𝑠  and �̅�𝑢,𝐵 
𝑠 .  

Table 2. Comparison of 𝑀𝐴𝐶 and 𝑆2𝑀𝐴𝐶 results. 

Mode 𝑀𝐴𝐶 𝑆2𝑀𝐴𝐶 

A 0.7632 1.0000 

B 0.0006 1.0000 

C 0.8711 0.9999 

D 0.9993 1.0000 

E 0.9690 - 
 
The results in Table 2 show that despite the unique mode 

shapes of various modes being poorly identified, for all modes 
A to D the subspace spanned by the two pairs of close modes 
has been identified successfully.  

These identification results could therefore be used for the 
intended application of this research, which is to identify the 
foundation model parameters using a model updating approach. 
If the 𝑆2𝑀𝐴𝐶 was not applied then the identified mode shapes 
of modes A, B and possibly C could not be used.  

The identification of the other vibration modes, which are 
more highly dominated by blade vibrations, is not shown here, 
but the modes either did not stabilise or incorrect mode shapes 
were identified.   

The damping ratios are poorly identified, which is typically 
the case for output only identification methods [15], and would 
therefore not be used in subsequent analysis, for example 
model updating. 

4 CONCLUSION 
This study has shown that the modal parameters necessary for 
inferring information regarding the foundation of the OWT can 
be identified from simulated idling data. 

The time variability introduced by idling causes time 
variability in some mode shapes as the azimuth angle varies. 
This effect is however very small in those modes that are 
dominated by tower vibrations and does not seem to affect the 
identification of these modes. 

Only a subset of the structural modes appear to be sensitive 
with respect to the parameters of the foundation. At the specific 
foundation stiffness modelled in this paper, there appear to be 
five foundation sensitive modes. 

The frequencies of these foundation sensitive modes are all 
identified well from simulated data, of a 5MW OWT idling at 
3𝑟𝑝𝑚, using N4SID.  

The axisymmetric nature of the structure poses a challenge 
for the identification of the mode shapes due to the presence of 

close modes. Use of the 𝑀𝐴𝐶 and 𝑆2𝑀𝐴𝐶 shows that despite 
the incorrect identification of the unique mode shape for some 
modes, the mode shape subspaces spanned by the two pairs of 
close modes are identified successfully. This enables the 
extraction of useful information from two mode shapes that 
may have been completely disregarded if the 𝑀𝐴𝐶 alone had 
been assessed.  
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ABSTRACT: This paper proposes an algorithm to identify the distribution of seismic damages using a mode shape related 
parameter called Coordinate Modal Assurance Criteria through an analytical study. For that purpose, a six story steel moment 
resisting building was modeled in a finite element program. 13 as-recorded earthquake pulse-free ground motions belonging to 
PEER Database Center were then applied bi-directionally to the 3D frame models and nonlinear time history analyses were 
performed. Structural damage was expressed in terms of stiffness reduction. Percentage of changes of arrays in global stiffness 
matrix was computed in each case. Also a procedure for condensation of stiffness arrays was implemented in MATLAB to 
organize and eliminate slabs’ rigid degrees of freedom. In the following step, modal Ritz vectors were extracted for both the intact 
and the damaged state of the building. The aforementioned vectors were normalized with respect to the maximum values of mode 
shapes obtained for each mode. Finally, Coordinate Modal Assurance Criteria was examined and calculated utilizing the extracted 
normalized vectors in order to predict the seismic damages induced by ground motions. Results have revealed that the developed 
damage index is desirably correlated with the structural damages in all the investigated cases and the proposed algorithm is able 
to identify the distribution of seismic damages successfully. Both of the Pearson correlation coefficient and the Spearman 
correlation coefficient between the percentage of changes in the stiffness reduction and the calculated modal related parameter 
were in range of nearly 0.65 to o.80. Therefore, Coordinate Modal Assurance Criteria was proved to be an efficient straightforward 
damage index for prediction of distribution of seismic damages. Furthermore, comprehensive studies on the mid height and the 
high rise building models are required to investigate application of the proposed methodology in those cases. 

KEY WORDS: Seismic damage prediction; Mode shape; Damage index. 

1 INTRODUCTION 
Most of the civil engineering structures are exposed to damage 
accumulation naturally during their service life, but the 
accumulated damage can result in irrecoverable consequences 
specially after natural disasters such as earthquakes. Thus, 
detection of damage matters from the view point of structural 
serviceability, stability and safety [1]. Nondestructive 
vibration-based damage identification methods have been in 
center of attention of numerous studies in recent years. It brings 
up the idea that modal parameters (notably mode shape related 
ones) are functions of physical properties of the structure (such 
as stiffness). Thus, occurrence of any damage in structure is 
followed by changes in physical properties which give rise to 
variation of modal parameters consequently [2]. Several 
methods have been developed that use changes in modal shapes 
and frequencies of a structure to evaluate the size and location 
of the damage in its structural elements. These methods reduce 
time and cost of evaluation since there is no need to conduct 
visual inspection on each element. Furthermore, using these 
methods makes it possible to detect damages that emerge in the 
inaccessible parts of structures [3].  

Several studies have worked on detection of damages in 
building structures as well as bridges using mode shapes and 
changes in stiffness matrix. Escobar et al. utilized the 
transformation matrix and condensation of stiffness matrix in 
the two and three dimensional analytical models of buildings 
for detecting damages in elements. The computational effort for 
identification in their proposed algorithm was proved to be 

independent of the number of damaged elements. Stiffness 
matrix of damaged state was obtained using modes shapes and 
frequencies of damaged case [4]. Huth et al. conducted full 
scale tests on a pre-stressed concrete highway bridge and 
investigated the performance of several damage identification 
methods based on experimental data. They proposed mode 
shape area damage index for damage detection and evaluated 
mode shape area index and flexibility matrix as the most 
sensitive indexes [5]. Fraraccio et al. utilized three 
identification algorithms: 1) the frequency domain 
decomposition (FDD); 2) a time domain Eigen system 
Realization Algorithm (ERA) together with the Observed 
Kalman Filter identification (OKID); 3) a subsequent physical 
parameter identification algorithm (MLK) in a four-story 
building. They concluded that FDD and ERA-OKID provide a 
reliable identification of natural frequencies but they cannot be 
used as damage indicators. However, MLK algorithm offers an 
accurate estimate of the stiffness matrix of the structure in the 
damaged and undamaged state using derived data from those 
methods. Thus, direct stiffness matrix method was 
implemented on the estimated stiffness matrices for 
identification of damage [6]. Rodriguez et al. proposed a new 
method for damage detection in building called Damage 
Submatrices Method. Their method is based on calculation of 
stiffness degradation in elements through an iterative Eigen 
value computation and it is capable of localizing damage in 
specific zone of structural element [7]. Koo et al. presented a 
damage quantification method for shear buildings using the 
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damage-induced inter-story deflections. In their article, they 
extracted an equation in which damage is parametrized using 
flexibility matrix and by solving an optimization problem, 
damage is estimated with substitution of inter-story deflection. 
It is a simplified damage quantification algorithm that does not 
require FE updating [8]. Shan et al. developed an inter-story 
drift-based acceleration feedback method for damage 
identification. By defining and substitution of interstory 
parameter in equation of motion, a dimensionless parameter 
was developed which successfully tracked stiffness changes in 
a 3-story aluminum frame as well as a 12-story concrete frame 
[9]. Paultre et al. set up a program for detection and prediction 
of damage in a concrete building subjected to a series of 
earthquake excitations using model updating method. They 
adjusted measured Eigen value with FE model parameters and 
successfully localized seismic-induced damage [10]. 
Bernagozzi et al. formulated a modal-flexibility based 
approach for damage identification in three-dimensional 
structures. The method uses estimated modal parameters for 
calculation of modal flexibility matrices. Then a damage index 
is defined based on inter-story drifts calculated using 
flexibility-based deflection. A high rate of success was 
obtained for the method under various damage configurations 
[11]. In a more recent study, Pepe et al. demonstrated the 
efficiency of modal parameters obtained based on dynamic 
response assessment of a RC building for dynamic health 
monitoring of structures. They induced damage using repeated 
simulated earthquake loading and calibrated a FE model of the 
structure in SAP2000 with measured modal properties [12]. 

In this paper, a mode shape based parameter called 
Coordinate Modal Assurance Criterion (COMAC) is utilized 
for damage localization in members of a three-dimensional 6-
story steel frame subjected to 13 as-recorded ground motions. 
Then, COMAC is calculated based on mode shape vectors 
extracted in both initial state of structure (intact state) and 
damaged state of structure under earthquake. Stiffness 
reduction is also computed and correlation between COMAC 
and stiffness reduction values is investigated to evaluate the 
efficiency of the method.  

2 STRUCTURAL MODELS 
A 6-story three-dimensional steel moment resisting frame 
having four 4-meter-bays in both X and Y direction was 
modeled in SAP2000 (v. 18.0). The building was analized and 
designed conforming to AISC 360-10 and ASCE 7-05 building 
codes. Detail about matrial properties as well as cross section 
of columns and beams are presented in Table 1 and Table 2, 
respectively. Figure 1 ilustrates the plan view of building while 
Figure 2 shows side view and assigned sections of the structure. 
It is worth mentioning that natural period of the building is 1.41 
secomds. 

Table 1. Material properties. 

Parameter Unit Value 
Module of Elasticity kgf/cm2 2×106 

Poisson Ratio - 0.3 
Density kgf/m3 7850 

Yield Stress Kgf/cm2 2400 
Ultimate Strength Kgf/cm2 3700 

 

Table 2. Beam and column sections. 

Beam or Column Label Section (mm) 
B1 IPE300 
B2 IPE270 
B3 IPE240 
C1 BOX200×25 
C2 BOX200×15 

 

 
Figure 1. Plan view of model. 

 
Figure 2. Side view and section labels of model. 

Nonlinear material model for beam and columns was defined 
based on FEMA 356 code. The schematic curve of nonlinear 
behavior of elements is shown in Figure 3. 

 

 
Figure 3. Moment-rotation nonlinear behavior (backbone 
curve). 

In Figure 3, Δ𝑦 and 𝜃𝑦 denote yield displacement and yield 
rotation, respectively. 𝑄 is the existing force of element and 
𝑄𝐶𝐸  is the expected strength of element. 𝑎, 𝑏 and 𝑐 are 
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parameters for modeling plastic behavior of members and they 
are calculated using FEMA 360 relations.  

3 EARTHQUAKE GROUND MOTIONS 
In this study, 13 as-recorded earthquake ground motions were 
selected from PEER Database. Selection of earthquake records 
was done in a way that the following criteria are satisfied: 

1) Earthquake magnitude is limited to 5.0 or higher 
values. 

2) Ground motions should be consistent with soil type II. 
3) Peak ground acceleration (PGA) of the records should 

be at least 0.1g. 
Characteristics of selected earthquake ground motions are 

discussed in Table 3. 

Table 3. Characteristics of earthquake records. 

No. Earthquake 

label 

Station 

Name 

Magnit

ude 

RSN PGA 

(g) 

1 
Friuli, Italy-

01 Tolmezzo 6.50 125 0.32 

2 
Mammoth 
Lakes-01 

Convict 
Creek 6.06 230 0.44 

3 
Irpinia, 
Italy-01 Calitri 6.90 289 0.14 

4 
Chalfant 

Valley-02 

Bishop - 
Paradise 
Lodge 

6.19 550 0.15 

5 
Northridge-

01 
LA - 

Chalon Rd 6.69 989 0.20 

6 
Northridge-

01 

LA - 
UCLA 

Grounds 
6.69 1006 0.39 

7 
Northridge-

01 

Sunland - 
Mt 

Gleason 
Ave 

6.69 1083 0.15 

8 
Chi-Chi, 
Taiwan CHY028 7.62 1197 0.77 

9 
Chi-Chi, 
Taiwan CHY029 7.62 1198 0.27 

10 
Chi-Chi, 
Taiwan CHY034 7.62 1201 0.30 

11 
Chi-Chi, 
Taiwan CHY052 7.62 1211 0.11 

12 
Chi-Chi, 
Taiwan CHY086 7.62 1234 0.17 

13 
L'Aquila, 

Italy 

GRAN 
SASSO 

(Assergi) 
6.30 4477 0.15 

 

4 METHOD 
In this study, damage is localized and quantified using 
COMAC (Coordinate Modal Assurance Criterion) modal 
parameter. Then, Direct Stiffness Method (DSM) or computed 
stiffness reduction is utilized as a parameter to evaluate and 
confirm proper performance of COMAC index.  

In fact, stiffness reduction is a reliable parameter for 
identification of damage in structures [6] but computing 
stiffness matrix in complex structures is a real challenge and 
sometime is not cost effective. In contrast, modal parameters 
are readily calculated or measured. Therefore, damage indexes 

that are formulated based on modal parameters or their 
derivatives are more applicable for damage identification.  

In the current study, stiffness matrix of the structure was 
extracted from SAP2000 outputs for both the initial state 
(undamaged state) as well as the damaged state of structure (at 
the end of nonlinear time history analysis under earthquake 
load). It is worth mentioning that obtained stiffness matrices 
were condensed to eliminate slabs’ rigid degrees of freedom in 
stiffness arrays. Changes in stiffness matrix arrays or stiffness 
reduction was computed based on equation (1) and equation 
(2): 

 
[∆𝑘𝑖𝑗] = |[𝑘𝑖𝑗]𝑑

− [𝑘𝑖𝑗]𝑢
| (1) 

 
Where; 
[𝑘𝑖𝑗]𝑑

 denotes stiffness matrix in damages state, [𝑘𝑖𝑗]𝑢 denotes 
stiffness matrix in undamaged state and [∆𝑘𝑖𝑗] is matrix of 
stiffness reductions. 
 

(∆𝑘𝑖𝑗)% =
|(𝑘𝑖𝑗)𝑑

− (𝑘𝑖𝑗)𝑢
|

(𝑘𝑖𝑗)𝑢

× 100 (2) 

In which, ∆𝑘𝑖𝑗 is percentage of difference in normalized 
stiffness matrix arrays.  

Mode shape changes may not be sensitive to damage in case 
the damage is small. But, mode shape derivatives can perform 
better [13]. In this study, Coordinate Modal Assurance Criteria 
or briefly COMAC is used for damage identification since not 
only it can determine severity of damage but also it is capable 
of localizing damaged area. In fact, COMAC evaluates 
correlation between damaged and undamaged mode shape 
vectors of the structure. COMAC value varies between 0 and 1. 
In case no damage is presented in the structure, mode shape 
vectors would be completely correlated so COMAC value 
would be equal to 1. Depending on level of damage, COMAC 
value approaches to 0. COMAC is calculated based on 
Equation (3): 

 
COMAC({𝜓𝑑}𝑝.𝑟 . {𝜓𝑢}𝑝.𝑟)

=
|∑ {𝜓𝑑}𝑝.𝑟{𝜓𝑢}𝑝.𝑟

𝑛
𝑟=1 |

2

∑ {𝜓𝑑}𝑝.𝑟{𝜓}𝑝.𝑟
𝑇𝑛

𝑟=1 ∑ {𝜓𝑑}𝑝.𝑟{𝜓}𝑝.𝑟
𝑇𝑛

𝑟=1

 
(3) 

 
In which; 

{𝜓}𝑢 is mode shape vector in undamaged state, {𝜓}𝑑 is mode 
shape vector in damaged state. {𝜓}𝑢𝑇  and {𝜓}𝑑𝑇  are transpose 
of undamaged and damaged mode shape vectors, respectively. 
𝑝 represents degree of freedom. 𝑟 is the mode numerator and 
𝑛 is the total number of modes used.  

Based on Sohn studies, Modal Ritz Vectors are shown to be 
more sensitive to damage compared to modal shapes [14]. 
Thus, Ritz Vectors were utilized and substituted in COMAC 
formulation for damage identification. 

Finally, COMAC Value and stiffness reduction were both 
calculated for the building in X and Y direction separately.  

Results revealed that COMAC values under earthquake 
records are desirably correlated with stiffness reduction 
percentage under the same ground motions. In other words, the 
changing trend of COMAC and stiffness reduction under the 
same set of ground motions was the same. 
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5 RESULTS AND DISCUSSION 
As discussed in the previous section, in the first step, stiffness 
matrices in undamaged (initial) state as well as damaged state 
(after the seismic load was applied) were computed. The main 
purpose of this study is to detect seismic-induced damage under 
earthquake ground motions. It is worth noting that modal 
parameters and stiffness matrix in damaged state were obtained 
by conducting modal analyses at the end of nonlinear time 
history analyses. Figure 4 and Figure 5 illustrate percentage of 
stiffness reduction in arrays of stiffness matrix under sample 
ground motions; Mammoth lakes and Irpinia earthquakes, 
respectively. Location of damage is recognized by its joint label 
in analytical model. Therefore, damage severity as well as the 
location of damage is determined using stiffness reductions.  

In the second step, modal Ritz Vectors were utilized to 
compute COMAC values in each direction. Determined 
damage quantity and locations under Mammoth lakes 
earthquake are shown in figure 6 as an example. It is evident 
that COMAC value in vertical axes shows damage severity and 
joint Label on horizontal axes shows location of damage.  

Finally, Pearson and Spearman correlation coefficients are 
calculated between stiffness reduction values and COMAC 
values. Pearson coefficient evaluates linear correlation while 
Spearman coefficient evaluates nonlinear correlation between 
vectors. In Table 4 and Table 5, computed correlation 
coefficients are listed for X and Y direction, respectively.  
 

 
Figure 4. Percentage of stiffness reduction of matrix arrays 
under Mammoth lakes earthquake in Convict Creek station. 

 

 
Figure 5. Percentage of stiffness reduction of matrix arrays 
under Irpinia earthquake in Calitri station. 

 

 
Figure 6. Damage Localization and quantification using 
COMAC computed values under Mammoth lakes earthquake. 

 

Table 4. Correlation coefficients between COMAC and 
stiffness reduction in X direction. 

Earthquake No. Pearson 
Coefficient 

Spearman 
Coefficient 

1 - - 
2 -0.59 -0.67 
3 -0.58 -0.54 
4 -0.65 -0.67 
5 -0.58 -0.59 
6 -0.55 -0.66 
7 -0.75 -0.73 
8 -0.76 -0.76 
9 -0.73 -0.73 
10 -0.62 -0.60 
11 -0.61 -0.64 
12 -0.71 -0.72 
13 -0.51 -0.63 

 
 

Table 5. Correlation coefficients between COMAC and 
stiffness reduction in Y direction. 

Earthquake No. Pearson 
Coefficient 

Spearman 
Coefficient 

1 - - 
2 -0.57 -0.66 
3 -0.59 -0.64 
4 -0.68 -0.68 
5 -0.63 -0.62 
6 -0.52 -0.61 
7 -0.69 -0.70 
8 -0.67 -0.66 
9 -0.73 -0.71 
10 -0.68 -0.64 
11 -0.68 -0.73 
12 -0.65 -0.69 
13 -0.60 -0.67 
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It is observed that stiffness reduction values are reversely 
correlated with COMAC values. It is inferred that the more 
absolute stiffness reduction values are (i.e. the building is 
damaged in higher extents), the sharper corresponding 
COMAC value would approach to zero value (expressing 
higher level of damage). In fact, stiffness reductions and 
COMAC values are reversely correlated. According to the 
definition of COMAC index in previous section, negative 
correlation coefficients verify the trend of COMAC index with 
respect to stiffness reductions (the more the stiffness reductions 
are, the less the COMAC values would be). Referring to Table 
4 and Table 5, both Pearson and Spearman correlation 
coefficients vary mostly around 0.7 in both X and Y direction 
that demonstrates a strong correlation between stiffness 
reduction (reference parameter) and COMAC index. It is worth 
noting that, earthquake No. 1 resulted in no stiffness reduction 
and COMAC values were equal to 1.0. Thus, calculation of 
correlation coefficients in this case is nonsense. That is why, in 
Table 4 and Table 4, no value is announced for correlation 
coefficients of earthquake No. 1.  Paying careful attention to 
correlation coefficient values, it is observed that Spearman 
correlation coefficient values are in most of the cases higher 
than Pearson correlation coefficient values. Since Spearman 
correlation coefficient evaluates nonlinear trends and 
correlations, it can be concluded that COMAC index is 
correlated with stiffness reduction (induced-damage) in a 
nonlinear manner or trend. 

6 CONCLUSION 
In this paper, a three-dimensional 6 story steel building was 
modeled in SAP2000 finite element program. The analytical 
model of the structure was subjected to 13 earthquake ground 
motions and stiffness matrices were extracted in the initial 
undamaged state as well as damaged state (after applying 
earthquake records). Stiffness reduction percentages were 
computed based on matrices and considered as reference values 
for induced damage. A mode shape based parameter called 
COMAC was utilized for determination of location and 
quantity of seismic induced damage.  

It was observed that COMAC values were desirably 
correlated with stiffness reduction percentages. Thus, COMAC 
index was evaluated to perform well for localization and 
quantification of seismic damage. 

Given the complexity of stiffness matrix computation in huge 
structures, a modal based index that is easier to calculate 
meanwhile provides high correlation with stiffness reduction as 
a reliable damage index, seems an interesting option. 

Further investigations are required to be done in future to 
evaluate COMAC index performance in mid-height and high 
rise buildings. 
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ABSTRACT: Rapid assessment is crucial for a prompt functional recovery of the built environment in the aftermath of disastrous 
earthquakes. Recent building codes have efficiently lowered the death toll of earthquakes, yet cracks and other kinds of 
accumulated damage are tolerated and can result in successively weakened structures, which eventually fail. In order to enhance 
the recovery capacity of communities, rapid damage assessment of the built infrastructure after a seismic event is necessary. 
Current post-earthquake practices rely on slow and potentially subjective visual inspections. Permanent monitoring installations 
are met mainly in exceptional cases of seismic prone regions, applied in structures of high importance, such as high-rise buildings.  
In recent years, however, a large variety of sensing solutions has become available at affordable cost, allowing the engineering 
community to envision permanent-monitoring applications even in conventional buildings. To this end, instrumented 
representative buildings can serve as indicators for properly defined building classes. When combined with adequate structural-
health-monitoring techniques, sensor data recorded during earthquakes have the potential to provide an automated near-real-time 
detection of possible earthquake damage. However, damage detection in existing buildings is impaired by the presence of multiple 
non-structural components, a high redundancy in load-bearing elements, elastic non-linearities and the impact of potential 
localized failure mechanisms. Using a simulated case study of a masonry building, along with data from shake-table tests, the 
applicability of automated damage detection, through data-driven damage-sensitive features, is assessed, along with the potential 
for quantifying damage in order to proceed with smart-tagging of earthquake-damaged buildings. 

KEY WORDS: Damage-Sensitive Features; Data-Driven Damage Assessment; Smart Tagging; Post-Earthquake Assessment. 

1 INTRODUCTION 
Despite improvements in building design codes and 
construction techniques, earthquakes still carry large potential 
to damage structures and to interrupt the functionality of the 
built environment. In addition, designing and retrofitting all 
buildings to withstand rare earthquakes having long return 
periods without sustaining any damage is non-viable for 
economical, ecological and technical reasons. Therefore, 
earthquakes will always result in a high demand for post-
earthquake damage assessment.  

Current approaches to post-earthquake assessment of 
buildings rely on expert-conducted visual inspections that, in 
addition to suffering from subjectivity, delay rapid recovery 
due to the time required to inspect large building stocks. 
However, recent advances in sensor development have resulted 
in increased availability of low cost sensors, thus making 
permanent monitoring installations a realistic outlook even for 
conventional buildings that consist the majority of the existing 
building stock. In this framework, use of modal properties 
derived from ambient vibrations have gained popularity to 
detect structural damage [1, 2]. However, ambient vibrations 
correspond to very low amplitudes of shaking and, thus, may 
not capture the nonlinear behavior of structures under large-
amplitude shaking. Permanently installed sensors record the 
response of buildings to earthquake actions and provide 
valuable information regarding the state of a structure after the 
event.  

Damage-sensitive features (DSF) are data-driven indicators 
of nonlinear behavior that can be derived from measured 

vibrations in near-real time and therefore constitute a valuable 
tool towards automated tagging of buildings after strong 
ground motions as either safe or unsafe. Well-designed DSFs 
detect the onset of damage and further provide information 
regarding its severity, which assists in the planning of recovery 
trajectories after catastrophic events, hence increasing the 
resilience of the built environment.  

Many damage detection approaches based on modal 
properties, such as natural frequencies and mode shapes, have 
been applied and tested on high-rise buildings or bridges [3-5]. 
Such slender structures enable the modal identification of 
higher modes, which are often found to be most sensitive to 
damage. However, this does not fit the profile of low-rise 
masonry buildings, which present the most vulnerable elements 
in the European building stock. Such masonry buildings are 
often characterized by high lateral stiffness, local failure modes 
and redundancy in the lateral load-resisting system. Masonry 
buildings often exhibit a single dominant mode in each 
direction, and thus constitute a challenge for many existing 
approaches of damage detection. In addition, unlike steel or 
modern reinforced concrete structures that can be characterized 
as ductile, masonry buildings exhibit sudden and permanent 
stiffness changes, which results in a rather brittle behavior and 
requires DSFs that can pick up smallest changes in the modal 
behavior in short time windows. 

In this contribution, four DSFs, tracking changes in the 
frequency-domain of the dominant mode, are compared using 
a simulated case study and shake-table tests. We demonstrate 
the potential of DSFs, which are computed in near-real time on 
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the basis of measurable dynamic data, to reliably detect 
damage. In addition, an attempt is made to quantify damage 
through the correlation of DSFs with damage grades (DG) that 
are used in macro-seismic applications for quantifying damage 
of individual buildings within an entire region. It is shown that 
DSFs based on transmissibility and wavelet decomposition 
carry the potential to assist emergency responders with a rapid 
post-earthquake damage assessment. 

2 DAMAGE-SENSITIVE FEATURES 
In data-driven damage identification, damage-sensitive 
features (DSF) are derived from measured time series to assess 
the presence, extent and location of damage or nonlinearity. In 
this contribution, four DSFs, mutually exploiting the influence 
of stiffness-reduction (without changes to the mass 
distribution) on the fundamental frequency, are presented and 
their applicability is compared based on case studies. The 
frequency response of the structure is analyzed with three 
approaches, namely transmissibility, magnitude-square 
coherence and wavelet transforms. 
Ideal DSFs are indicators of nonlinearity and thus, scale with 
the amount of nonlinearity that is sustained by a structure. On 
the other hand, DSFs should have little correlation with either 
the amplitude or the spectral content of the ground shaking. In 
this paper, the DSFs are assessed over the entire duration of an 
earthquake, thereby providing an average assessment of the 
dynamic response of the structure to an earthquake. Some of 
the presented DSFs can also be modified to be applied to data-
windows, in order to track changes over time. However, this is 
outside the scope of this paper. 

For the subsequent analysis, the input excitations is 
considered acting at the base while the measured output 
comprises exclusively recordings at the roof-top level of the 
structure. When positioning several sensors along the height of 
the building, DSFs can also be inferred locally and thus, enable 
to get insights into the location of the damage and into the 
severity of damage of subparts of the building. However, this 
falls outside the scope of this paper.  

Based on the availability of affordable sensors that allow to 
measure large-amplitude vibrations, accelerations are 
considered as the most likely measurement data. Finally, results 
are reported for the fundamental frequency in the dominant 
direction of shaking, as higher modes may not always be 
available for low-rise and stiff structures, such as masonry 
buildings. However, the structure of the presented DSFs allows 
computing the same quantities for higher modes or any 
frequency range of interest.  

 Transmissibility-based features 

Transmissibility is the unitless ratio between the power 
spectrum of the acceleration time series corresponding to an 
input signal and the power spectrum of the output signal, as 
noted in Eq. 1: 

𝑇𝑖,𝑜 =
𝑃𝑜𝑜

𝑃𝑖𝑖
   (1) 

In Eq. 1, 𝑇𝑖,𝑜 denotes the transmissibility between the input 
acceleration time series, �̈�𝑖, and the output acceleration time 
series, �̈�𝑜. 𝑃𝑜𝑜 is the power spectrum of the output signal and𝑃𝑖𝑖  
the power spectrum of the input signal. Peaks in the 
transmissibility function correspond to natural frequencies of a 

linear system and can therefore be used to track possible 
changes in the frequency domain due to damage. 
In order to reveal changes in the fundamental frequency, which 
originate from changes in the stiffness of the system, 
transmissibility evaluations can be compared with a reference 
state considered undamaged. Comparison to the reference 
transmissibility, denoted𝑇𝑟𝑒𝑓, is performed using a measure of 
vector collinearity [6], known as modal assurance criterion 
(MAC) [7]. Thus, the transmissibility-based DSF, 𝐷𝑆𝐹𝑡𝑟𝑎, is a 
scalar, derived using Eq. 2: 

𝐷𝑆𝐹𝑡𝑟𝑎 =
|𝑇𝑟𝑒𝑓

𝑇𝑇𝑒𝑞𝑘|
2

|𝑇𝑟𝑒𝑓
𝑡𝑇𝑟𝑒𝑓| |𝑇𝑒𝑞𝑘

𝑡𝑇𝑒𝑞𝑘|
   (2) 

Where 𝑇𝑟𝑒𝑓  and 𝑇𝑒𝑞𝑘  are the transmissibility vectors, 
corresponding to a given range of frequencies, for the reference 
and the earthquake signal respectively. ∙𝑇 denotes the transpose 
of the transmissibility vector. 

 Features based on magnitude-squared coherence 

The magnitude-squared coherence is traditionally used to track 
linear dependencies in the spectral decomposition of two 
signals [8]. In a similar way to the transmissibility, the 
magnitude-squared coherence is a unitless ratio which yields a 
value of 1 for linearly correlated signals. For an input time 
series, �̈�𝑖, and output time series, �̈�𝑜, the magnitude-squared 
coherence is calculated using Eq. 3: 

𝐶𝑖𝑜 =
|𝑃𝑖𝑜|2

𝑃𝑖𝑖 𝑃𝑜𝑜
   (3) 

Based on a linear reference signal, which has a coherence 
close to 1, the change in coherence is again obtained as the 
MAC, as shown in Eq. 4: 

 𝐷𝑆𝐹𝑐𝑜ℎ =
|𝐶𝑟𝑒𝑓

𝑡𝐶𝑒𝑞𝑘|
2

|𝐶𝑟𝑒𝑓
𝑡𝐶𝑟𝑒𝑓| |𝐶𝑒𝑞𝑘

𝑡𝐶𝑒𝑞𝑘|
   (4) 

 Wavelet-based features 

Wavelet decomposition is a powerful tool to represent changes 
in the frequency content of a signal over time. The wavelet 
transform decomposes a time-history into a sum of wavelets 
that are obtained by dilating, scaling and time-shifting a mother 
wavelet, in this case the Morlet wavelet. Two DSFs based on 
the wavelet decomposition of the structural response are 
assessed [9, 10]: 𝐷𝑆𝐹𝑤𝑡𝑒 based on the energy spread of the 
response signal in the frequency domain and 𝐷𝑆𝐹𝑤𝑡𝑐  based on 
the centroid of the energy spread in the time domain (after the 
main shaking of the structure, corresponding to 95% of the 
cumulated energy of the earthquake). 

Based on the fact that for buildings damage often 
corresponds to reduced stiffness, 𝐷𝑆𝐹𝑤𝑡𝑒  has been defined by 
Noh et al [9] as the ratio of the total energy at the fundamental 
frequency, Ef1, and the total energy Etot at some discrete 
frequencies in the range between [f1/2, f1], as defined in Eq. 5: 

𝐷𝑆𝐹𝑤𝑡𝑒 =
𝐸𝑓1

𝐸𝑡𝑜𝑡
    (5) 

As damage leads to a reduction of the natural frequencies, 
Noh et al. [9] defined another DSF, which measures the time of 
decay of energy in the response signal. Based on the 
assumption that lower natural frequencies lead to a longer 
decay in energy, this 𝐷𝑆𝐹𝑤𝑡𝑐 is defined in Eq. 6: 
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𝐷𝑆𝐹𝑤𝑡𝑐 =
∑ 𝐸𝑓1(𝑏)∙𝑏∙𝑡𝑠

𝐾
𝑏=𝑡95/𝑡𝑠

∑ 𝐸𝑓1(𝑏)𝐾
𝑏=𝑡95

− 𝑡95  (6) 

Where 𝑡95 is the time to reach 95% of the total cumulated 
energy of the input shaking, �̈�𝑖; 𝐸𝑓1

(𝑏) is the energy of the 
output �̈�𝑜 at frequency f1 at time sample b; ts is the sampling 
period and K is the total number of samples that are measured. 

 Computing the damage-sensitive features 

Various approaches exist to derive the power spectrum in the 
frequency domain of a time history. In this paper, Fourier 
analysis is used for very short and zero-padded time-windows 
in order to obtain the resolution in the frequency domain that is 
required for DSFtra and DSFcoh, while still being able to detect 
small changes over time. In order to avoid numerical 
singularities in the Fourier analysis, short time windows 
containing highly transient signals are not considered in the 
analysis. Similarly, due to the ratios that define Equations 1 and 
3, time windows for which the power spectrum of the input 
signal, 𝑃𝑖𝑖 , contains marked minima in the frequency range of 
interest (less than 5% of the average power spectrum of 
interest) are also discarded. 

For the wavelet decomposition, the trade-off between 
precision in either the frequency or the time domain is chosen 
to reach higher precision in the frequency domain for 𝐷𝑆𝐹𝑤𝑡𝑒  
and higher precision in the time domain for 𝐷𝑆𝐹𝑤𝑡𝑐, given the 
nature of the two wavelet-based DSFs. 

3 DAMAGE-SENSITIVE FEATURES APPLIED TO 
SIMULATED BUILDING RESPONSES 

In the following, the potential of DSFs to detect and quantify 
nonlinear behavior is studied through a simulated case study, 
based on a typical Swiss four-story masonry building that has 
been built in the early 20th century [11].  

The building is modelled as a three-dimensional equivalent 
frame model in the Tremuri software [12, 13], where a dynamic 
nonlinear time-history analysis is carried out. The building 
slabs are considered to be rigid compared to the lateral stiffness 
of the walls and the building is assumed fixed at the ground 
level. As the goal of the simulations is not to reproduce an 
observed behavior, characteristic  parameter values are used for 
material properties. 

A nonlinear static (pushover) analysis is performed prior to 
the time-history analysis in order to establish the lateral load-
resistance. The relation between roof displacement and base 
shear is provided in Figure 1. The bi-linear idealization of the 
curve results in a yield displacement of 4 mm and an ultimate 
displacement of 36 mm. Yield and ultimate displacements are 
subsequently used to derive the boundaries between damage 
grades (DG) as defined by the European Macroseismic Scale 
(EMS98) [14] and formulated for existing masonry buildings 
by Lagomarsino and Giovinazzi [15]. As data-driven damage 
assessment is most useful for buildings with low-to-moderate 
damage (heavy damage can be observed visually by non-expert 
inspectors) the study focuses on DGs 1 to 3. In addition, a DG0 
is introduced in addition to the EMS98 DGs and corresponds to 
a fully linear and elastic behavior of the structure, unlike DG1 
which contains slight nonlinearities (see Figure 1). 

The nonlinear behavior model of the Tremuri formulation 
uses a damage parameter to model the post-yield stiffness of 

each macro-element of the equivalent frame. This parameter is 
used to monitor the nonlinearity of the structure (in order to 
validate the DSFs). The increasing nonlinearity (based on the 
damage coefficient inherent to the model) is represented in 
Figure 1 with the color shade of the pushover curve. Unlike the 
DSFs described in Section 2, stiffness reduction and damage 
parameters cannot be measured accurately in real structures and 
are only used for comparison with DSFs. 

 
Figure 1. Simulated pushover curve of the masonry building 
and the corresponding bi-linear approximation (dotted line) 
with the delimitation of displacement-based damage-grades.  

Subsequently the equivalent-frame model is used to simulate 
the dynamic response of the building to four historic ground 
motions with increasing amplitude: Montenegro 1979 (MNG), 
Northridge 1994 (NRG), Gilroy 2002 (GIL), L’Aquila 2009 
(LAQ). In total, 50 ground motions are simulated. Acceleration 
responses at the top of the building are used as output signal, 
�̈�𝑜, while the ground shaking is used as input signal, �̈�𝑖. A 
constant Rayleigh-type damping is assumed for the dynamic 
simulations. In addition, neither strength degradation nor 
residual stiffness degradation are considered for the dynamic 
simulation of macro-elements of the equivalent frame model. 
Absence of residual stiffness degradation presents a complex 
case for data-driven nonlinearity detection as traditional 
approaches, such as residual changes in natural frequencies that 
could be found using ambient vibrations would fail to reveal 
such nonlinear behavior. 

The evolution of the four DSFs, described in Section 2, with 
respect to spectral accelerations (computed as the mean 
between the spectral accelerations evaluated at the fundamental 
frequency and half of the fundamental frequency) is shown in 
Figure 2. All DSFs change with increasing Sa, indicating their 
potential to track behavior changes in the system. 

The coherence-based 𝐷𝑆𝐹𝑐𝑜ℎ (Figure 2a) shows good 
agreement for low spectral accelerations but diverges for higher 
spectral accelerations. However, it has to be noted that the 
changes in coherence are relatively small (< 10 %) which may 
reduce the accuracy in cases of higher noise (as may the case in 
real-world applications with low-cost sensors). 
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Figure 2. Evolution of the four damage sensitive features with 
increasing spectral accelerations (average value of spectral 
accelerations evaluated at the fundamental frequency, f1, and 
at half the fundamental frequency, f1/2).  

The transmissibility-based 𝐷𝑆𝐹𝑡𝑟𝑎 (Figure 2b) shows good 
agreement for low values of spectral accelerations and 
decreases gradually with increasing Sa. Although the scatter in 
the derived DSFs resulting from the selected ground motion 
increases for higher spectral accelerations, a correlation 
between Sa and DSF can be observed. 

The wavelet-based 𝐷𝑆𝐹𝑤𝑡𝑐  (Figure 2c) is characterized by 
large scatter and correlates well with the spectral content of the 
earthquake, rather than the nonlinearity of the structural 
response. 

The wavelet-based 𝐷𝑆𝐹𝑤𝑡𝑒  (Figure 2d) has an almost linear 
relationship between Sa and DSF. However, the value of the 
DSF is significantly influenced by the spectral content of the 
ground-shaking, as evidenced by the vertical scatter at similar 
spectral accelerations for the four earthquake signals. 
Based on the observations made in Figure 2, it is found that 
𝐷𝑆𝐹𝑤𝑡𝑐  has little potential for damage detection in masonry 
buildings, which are characterized by high stiffness, relatively 
little ductility and considerable redundancy in the load-resisting 
system. 

As a first step towards quantifying building damage, which 
is essential for applications such as automated smart tagging of 
buildings, DSFs are compared to the DGs that are derived for 
each simulated earthquake instance. This comparison is 
meaningful as the formulation of DGs is a generalized damage 
assessment over the entire building and the studied DSFs 
evaluate the global response based exclusively on acceleration 
signals from the base and the top of the building. The reference 
state of the studied building corresponds to fully linear elastic 
behavior and is labelled as DG0. DGs 1 to 3 are attributed using 
the maximum roof displacement, in accordance with the 
EMS98 damage-scale, as shown in Figure 1. 

Figure 3 shows the values of DSFcoh that correspond to DGs 
0 to 3. When the system remains linear, the value of DSFcoh 
remains at 1 and thus, successfully indicates absence of any 
damage or nonlinear behavior. When nonlinearity occurs, the 
value of the DSF drops below 1. Although the changes remain 
relatively small (< 10%), it is worth noting that due to software 
limitations the stiffness reduction occurs over a limited amount 
of time, without residual degradation. 

The transmissibility-based DSFtra (see Figure 4) shows  
similar behavior to DSFcoh, although the sensitivity to  
nonlinearity is higher (up to 20% reduction). When comparing 
DSFtra and DSFcoh it appears that the earthquake signal does not 
influence the two indicators in the same way. While DSFtra 
(Figure 3) produces singularities for the Northridge-earthquake 
signal (NRG) in DG1 and DG2, DSFcoh (Figure 4) is more 
sensitive to nonlinearities created by the signal corresponding 
to the L’Aquila earthquake (LAQ) in DG2. For a more robust 
classification of buildings into DGs after an earthquake, a 
combination of DSFs could therefore be considered. 

The wavelet-based DSFwte exhibits a large scatter for each 
DG, even for the linear DG0. As DSFwte is based on the energy 
spread in the frequency domain of the structural response, it is 
much more influenced by the spectral content of the ground 
shaking. The DSFwte in Figure 5 is presented as the relative 
change with respect to the undamaged reference case in order 
to provide meaningful values that can be interpreted by 
engineers. Positive values of DSFwte result from a higher energy 
share at the natural frequency, f1, which can result from slight 
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resonance phenomena if the energy content of the ground 
motion in the vicinity of f1 is higher.  
 
 

 
Figure 3. Values of DSFcoh corresponding to the simulated DGs.  

 

 
Figure 4. Values of DSFtra corresponding to the simulated DGs.  

 

 
Figure 5. Values of DSFwte corresponding to the simulated DGs.  

The EMS98 DGs aim at a discrete classification of damage 
and therefore, each DG encompasses a range of displacement 
values and, by extension, levels of nonlinearity. In addition, 

higher DGs present larger intervals for the maximum roof 
displacement (see Figure 1), which inevitably results in larger 
scatter for DG2 and DG3 in continuous DSFs, as shown in 
Figures 3 to 5.Therefore, based on the damage factor that is 
used in the numerical model to account for nonlinearity, Figure 
6 illustrates the relationship between the nonlinearity parameter 
(continuous variable) and the DSFtra. For readability, elastic 
simulations (DG0) have been omitted from Figure 6. Compared 
with Figure 4, there is a clear trend in Figure 6 that higher 
nonlinearity leads to lower values of DSFtra and the vertical 
scatter is therefore reduced. However, a correlation between the 
earthquake signal and the value of DSFtra can be observed, as 
for instance the L’Aquila earthquake (LAQ) tends to lower 
values of DSFtra for large values of nonlinearity (> 0.5) than the 
Gilroy earthquake (GIL). For changing amplitudes of a same 
earthquake signal, the evolution of the DSF with respect to 
nonlinearity is coherent. 

 
Figure 6. Values of DSFtra corresponding to the simulated level 
of nonlinearity. 

 

4 TESTING DAMAGE-SENSITIVE FEATURES ON 
SHAKE-TABLE DATA 

Simulating the response of buildings contains many 
idealizations and simplifications when compared to real-world 
applications. Therefore, the DSFs are also tested with the data 
of a half-scale four-story building that has been tested on the 
EUCENTRE shake table in Pavia by Beyer et al. [16]. The 
response of the mixed, unreinforced-masonry and reinforced-
concrete, building to the Montenegro 1979 earthquake, scaled 
to increasing levels of peak ground acceleration (PGA) has 
been measured. 

White-noise excitation that has been applied to the structure 
prior to any earthquake shaking is used as reference state of the 
structure. The fundamental frequency in the (unilateral) 
direction of shaking is found to be 6.9 Hz and, based on the 
spectral analysis of the structural response to the white-noise 
excitation, the range of frequencies to compute the DSFs is 
taken as [4, 7.5] Hz. 

The response of the building is analyzed separately for six 
levels of shaking (five increasing levels of shaking, with PGA 
ranging from 0.13g to 0.76g, followed by one after-shock with 
a PGA of 0.37g). The transmissibility function at the reference 
state and during the fourth earthquake (PGA=0.4) are given in 
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Figure 7. The red symbols indicate the selected frequency range 
considered for the definition of the DSFtra, . It can be seen that 
the transmissibility derived for the earthquake shaking has its 
peak and significant part of its energy spread shifted towards 
lower frequency values, which is a result of reduced. 

 
Figure 7. Transmissibility function derived for the reference 
case and the 4th earthquake instance. The selected frequency 
range for the definition of DSFtra is highlighted with ’x’ and ‘o’ 
symbols for the reference and earthquake signals respectively.   

 
The values of DSFtra as a function of PGA for the six levels of 
shaking  are reported in Figure 8(a). Visual inspections 
performed on the specimen after each shaking test have 
concluded that the building remained in DG1 for the first 2 tests 
and in DG2 for the 4 subsequent tests, which include one 
aftershock. More information on the building state and the 
testing protocol can be found in [16]. 

As can be seen in Figure 8(a), DSFtra accurately predicts little 
damage for the first two tests, with increasing levels of damage 
for the subsequent tests. Especially after the fifth test (PGA = 
0.76g) DSFtra indicates that the structure has sustained damage, 
which remains constant during the aftershock (DG2-AS in 
Figure 8). This is consistent with observations made from the 
specimen and highlights the potential of DSFs to track 
nonlinear behavior and provide a continuous quantification of 
the extent of damage. The behavior of DSFcoh is comparable to 
the behavior of DSFtra, even though, as described in Section 3, 
the observed changes are lower (<20% compared to 80%). 

The wavelet-based DSFwte (shown in Figure 8b) also reveals 
a change in the structural state that initiates with the third 
earthquake, although the drop is much steeper compared with 
DSFtra. Application to further experimental data is required in 
order to assess which DSF scales best with the real extent of 
damage. For robust assessment of damage in real buildings, a 
combination of several DSFs may prove the most suitable. As 
already noted for the simulated case study (Section 3), the 
DSFwtc also reveals onset of damage with test number 3, which 
however does not show consistency with accumulating damage 
in subsequent tests. 

 
Figure 8. Evolution of DSFtra (a) and DSFwte (b) for increasing 
levels of shaking. The aftershock shaking (DG2-AS) has been 
applied to the specimen after the five previous shaking levels 
and thus, contains similar levels of damage than the previous 
shaking at PGA = 0.76g. 

5 SUMMARY AND DISCUSSION 
The potential of data-driven DSFs for detection and 
quantification of earthquake-induced damage is here illustrated 
through application on simulated earthquake responses of a 
three-dimensional model of an unreinforced masonry building, 
as well as on shake-table experiments performed on a half-scale 
four-story building. All DSFs exploit changes in the 
fundamental frequency of a building as a proxy of nonlinearity 
and thus, damage. However, different techniques are used to 
represent the building response in the frequency domain: 
transmissibility, magnitude-squared coherence and wavelet 
decomposition. Table 1 contains a summary of the four tested 
DSFs. Results have shown that the first three DSFs provide 
satisfactory results. 

 

Table 1. Summary of the performance of the four tested DSFs. 

DSF Requires 
undamaged 

data 

Required 
sensors 

Robustness 
to input 
shaking 

DSFtra Yes 2 Yes 
DSFcoh Yes 2 Yes 
DSFwte Yes 1 No 
DSFwtc Yes 2 No 

 
DSFs have been shown to not only detect the onset of 

nonlinear behavior; they also scale with the extent of damage 
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and therefore could provide a valuable contribution towards 
automated smart-tagging of buildings after an earthquake. 

With well-chosen indicator buildings that are representative 
of properly defined building classes within a region, such 
smart-tagging could contribute to rapid loss assessment after 
earthquakes, thus increasing the resilience of the built 
environment by reducing down-time and speeding up recovery. 
With such building typologies, relationships between the extent 
of damage and DSFs can also be formulated in order to be able 
to include DSFs as engineering demand parameters (EDPs) into 
a probabilistic performance-based earthquake-engineering 
framework. While performance-based assessment with 
behavior models is required to not only assess the damage 
sustained by an earthquake, but also to conclude on the capacity 
of a building to withstand future earthquakes or strong 
aftershocks, application of the full chain of performance-based 
earthquake engineering (intensity measures, engineering 
demand parameters, performance groups, damage indicators) 
accumulates many uncertainties that can be alleviated with 
measurable DSFs. In addition, DSFs can be used as data-driven 
criteria for updating physics-based engineering models in order 
to reduce the uncertainty of model-based predictions of the 
residual seismic capacity of damaged buildings [17, 18]. 

While the application to the shake-table tests (Section 4) has 
shown that the studied DSFs can be applied to experimental 
datasets, such data do not include all sources of uncertainty that 
complicate real-world applications, such as environmental 
influences on material properties, amplitude-dependent elastic 
changes in stiffness and soil-structure interaction. These 
sources of uncertainty influence the spectral responses of 
buildings independently of damage and may result in false 
alarms. In addition, by comparing Sections 3 and 4, the 
limitation of the shake-table tests to different scaling of one 
ground-motion signal may provide an upper bound estimate of 
the performance of DSFs. 

6 CONCLUSIONS 
In this paper, four data-driven damage-sensitive features (DSF) 
are reviewed and applied to a simulated response of an 
unreinforced masonry building to earthquakes and to shake-
table tests on a four-story buildings. The following conclusions 
are drawn with respect to DSFs that can be derived in near-real 
time from measurement data: 

- DSFs that are based on changes in the frequency-domain 
of the dynamic response to earthquake loading detect the 
onset of damage in low-rise and stiff structures such as 
masonry buildings. 

- DSFs that are obtained using 1 or 2 acceleration sensors 
scale with the extent of damage and therefore, have 
potential to be used for damage quantification and as 
input for data-driven model updating. 

- Data-driven detection and quantification of damage 
requires reference recordings of the structure at healthy 
state (linear-elastic response). 

- Spectral contents of the ground shaking influence the 
four frequency-based DSFs in different ways and 
therefore, one single DSF may not be sufficient to 
perform robust damage identification. 
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ABSTRACT: Structural monitoring of wind turbines often involves the use of a numerical model, which must be
regularly updated to yield an adequate representation of the governing dynamics. The model updating can be cast
as an inverse problem, in which selected model parameters are estimated by minimizing the discrepancy between
experimental target poles and model-predicted ones. An issue that may prevail in this setting is that the problem will
be ill-posed, because the number of model parameters to be updated exceeds the number of target poles. The noted
issue can be remedied by a virtual implementation of output feedback, which allows for computation of multiple
closed-loop (CL) eigenstructures through non-linear transformations of the open-loop transfer matrix. The present
paper offers an application study, in which virtual output feedback is used for updating numerical wind turbine models
based on CL system poles. In particular, we explore the feasibility of employing the excitation stemming from the
blade pitch control system as the input in the open-loop input-output realization required in the virtual output feedback.
The methodological concept is outlined, and subsequently the applicability of the procedure is tested numerically in
the context of simulations with a finite element model of a parked wind turbine. The preliminary findings suggest
that procedures for customizing the pitch excitation to yield sufficient system excitation are required for the CL model
updating to be feasible.

KEY WORDS: Structural health monitoring, Model updating, Output feedback, Wind turbines, Jacket substructures

1. INTRODUCTION

Offshore wind turbine systems operate under varying
environmental and operational conditions, which are
governed by, among other parameters, the wind, the
waves, the temperature, and the control system. The
shifts in these environmental and operational parame-
ters (EOPs) render the structural properties time-variant
and promote structural integrity degradation [1, 2], thus
regular integrity assessments are required to ensure that
the wind turbines operate adequately. A particular
way of conducting the assessments is to use vibration-
based structural health monitoring (VSHM) techniques,
in which the structural condition is inferred on the ba-
sis of processed vibration measurements [3]. Numer-
ous VSHM techniques have been suggested for differ-
ent levels of VSHM of wind turbine systems; cover-
ing damage detection [4], localization [5], quantifica-
tion [6], and prognosis [7].

Numerical models are widely used in damage lo-
calization, assessment, and prognosis of wind turbines
[8, 9]. In order to ensure that the models provide an ad-
equate representation of the governing system dynam-

ics, they must be regularly calibrated through model up-
dating [10]. Different studies have shown how indirect
model updating—in which a subset of model parame-
ters are estimated in an inverse problem setting—can
allow for efficient calibration of numerical models of
wind turbines and subsystems hereof [11, 12, 13, 14].

Indirect model updating aims to minimize the dis-
crepancy between experimental target features and the
corresponding model-predicted features by updating the
selected model parameters. Let δλ ∈ Cp denote the
discrepancy between the p experimental and model-
predicted features and let θ ∈ Rq be the q model pa-
rameters to be updated, then

δλ ≈ Jδθ, (1)

where J ∈ Cp×q is the Jacobian matrix containing
the sensitivities of λ with respect to θ. A commonly
adopted approach in structural model updating is to cal-
ibrate a finite element model by matching system poles
from the model with target poles estimated from exper-
iments [10]. When using this setting for updating wind
turbine models, a likely scenario is that problem (1) will
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be ill-posed, because the number of updating parame-
ters, q, exceeds the number of identifiable poles, p.

The ill-posedness of problem (1) can be resolved us-
ing output feedback to design multiple closed-loop sys-
tems and hence target features [15, 16, 17]. To imple-
ment the feedback physically, the system input needs to
be controllable, which will be infeasible in some appli-
cations. Instead, a signal processing-based implemen-
tation of the feedback can, as outlined in [18, 19, 20],
be attained from available open-loop (OL) input-output
realizations. As such, this implementation, which is
referred to as virtual output feedback, eliminates the
practical issues associated with closed-loop (CL) test-
ing (including the physical constraints on the gain) and
removes the constraint of CL system stability.

The present paper addresses the use of virtual output
feedback for CL updating of finite element models of
offshore wind turbine systems in parked conditions. In
particular, we explore the feasibility of using excitation
from the blade pitch control system as deterministic in-
put in the virtual output feedback during parked condi-
tions. Here, the pitch control system refers to the tech-
nology that is used to control the angle of the wind tur-
bine blades in order to satisfy specific operational con-
straints governed by the wind speed, power output, and
so forth. As such, the proposed procedure does not re-
quire any additions to the control system. This study is
based on a numerical model of an 8 MW offshore wind
turbine system, which is introduced to stiffness-related
perturbations that emulate common structural damage
in wind turbine substructures.

The paper is organized as follows. In Section 2,
the methodological principles of output feedback-based
model updating are outlined. Section 3 describes the
case study setup, including the use of pitch excitation
input, while Section 4 presents the appertaining model
updating results. The paper closes with some conclud-
ing remarks in Section 5.

2. METHODOLOGY

We consider a linear, time-invariant system of order 2n
with input u(k) ∈ Rr and output y(k) ∈ Rm at time in-
stant k. The discrete-time state-space formulation of the
system is

x(k + 1) = Adx(k) + Bdu(k), (2a)
y(k) = Cdx(k), (2b)

where Ad ∈ R2n×2n, Bd ∈ R2n×r, and Cd ∈ Rm×2n are
the state, input, and output matrices. In system (2), it
is assumed that the direct transmission term is zero or

subtracted from the output. Let system (2) operate under
static output feedback given as

u(k) = −Gy(k) + v(k), (3)

in which G ∈ Rr×m is the feedback gain and v(k) ∈ Rr

is a disturbance vector. By inserting (3) into system (2),
we get the CL state equation

x(k + 1) = (Ad − BdGCd) x(k) + Bdv(k) (4)

with
Ā = Ad − BdGCd (5)

being the CL state matrix.

2.1. Virtual output feedback
The virtual implementation of output feedback follows
from OL input-output realizations of system (2). In par-
ticular, let

H(z) = Cd (zI − Ad)−1 Bd (6)

be the OL transfer matrix of system (2), then, with feed-
back law (3), we establish

y(z) = H(z) (−Gy(z) + v(k)) . (7)

Hereby, the CL transfer matrix can be found as

H̄(z) = (I + H(z)G)−1 H(z), (8)

which implies that multiple CL systems can be com-
puted based on a single OL input-output realization by
plugging in different gains, G j ∈ Rr×m. This concept is
illustrated in Figure 1, where Λ ∈ C2n is the full set of
OL system poles while Λ̄ j ∈ C2n contains the poles of
the CL system formed using G j.

System
+

Λ

System
+

Λ̄1

G1

−

System
+

Λ̄N

GN

−

Open-loop

Closed-loop

Figure 1. The concept of virtual output feedback with a total of N CL
systems based on a single OL input-output system realization.
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2.2. Model updating formulation and gain design

In practice, only a subset of Λ will be identifiable. To
increase the dimensionality of the target feature vec-
tor, one can simply expand it with poles from Λ̄ j (for
j = 1, . . . ,N) until the inverse problem to be solved is
(over)-determined with p ≥ q. With the expanded target
feature vector, the model updating can be conducted in
full analogy to the conventional OL inverse problem for-
mulations [10]. In the present study, the optimal model
parameter set, θ̂, is estimated as

θ̂ = arg min
θ∈Rq

(
δλTδλ

)
, (9)

where δλ is specified as the difference between the ex-
perimental target features, λT , and the model-predicted
features, λM(θ).

The N gains to be used in the updating can be de-
signed using different approaches [18, 21, 22, 23]. Here,
we employ a gain design aiming to decrease the condi-
tion number of the Jacobian matrix in (1). Let

G =
[
GT

1 GT
2 . . . GT

N

]T
∈ RNr×m (10)

be the compound gain matrix, then

Ĝ = arg min
G∈RNr×m

K(J) (11)

with K denoting the condition number operator. Worth
of explicit note is that the gain design, for necessary
practicality, is conducted on the basis of a model of the
structural reference state, which does not take into ac-
count the current realization of the system parameters.

3. CASE STUDY SETUP

The offshore wind turbine model used in the numerical
example is shown in Figure 2. The system, which is de-
picted without its rotor, consists of a three-legged jacket
substructure with four brace levels connected to the soil
with piles and an 8 MW turbine. Details about the mod-
eling, including dimensions, soil conditions, and damp-
ing properties, can be found in [24].

We use the terms nominal model and simulation
model to refer to, respectively, the model to be updated
and the model used to simulate experiments. The two
models are shown in Figure 3, and it is noted that they
both have 1200 degrees of freedom (DOF). The mod-
els have identical mass and damping matrices, denoted
M, C ∈ R1200×1200, while the stiffness, as outlined in
Subsection 3.1, differs. The nominal model—whose
stiffness, K ∈ R1200×1200, is to be updated—provides

Figure 2. Wind turbine model used in the case study. The arrows
indicate the wind load direction, which is co-directional with the

waves.

the model-predicted features, λM(θ). Additionally, this
model is used for designing the gains in accordance with
the procedure outlined in Subsection 2.2.

In the simulations, the turbine is, as specified in Ta-
ble 1, in a parked condition with the impact from the
wind and waves at a minimum. Hereby, the time-variant
and non-linear effects induced by rotor operations are
avoided, and the pitch excitation can be tailored to gov-
ern a part of the output. Each simulated OL input-output
realization has a duration of 600 s and a time increment
of 0.01 s, hence totaling NS = 60001 sample points.

Table 1. Load case used in the case study.

Parameter Value

Turbine state Parked
Wind speed, U [m/s] 0.1
Wind profile NWP∗

Wave height, Hs [m] 0.1
Wave period, Tp [s] 3.76
Wind and wave direction [◦] 30

∗Normal wind profile (NWP)
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λM(θ)

K, M, C

(a) Nominal model.

λT

y(k), u(k)

fb

(b) Simulation model.

Figure 3. Models used in the case study. The load vector, fb, is
explained in Subsection 3.2.

From the realizations, the state-space system matrices
are estimated as Ãd, B̃d, and C̃d such that the OL tar-
get poles can be extracted as the eigenvalues of Ãd. The
CL target poles are computed by plugging Ãd, B̃d, and
C̃d into (5) with a gain from the compound gain in (10).
These estimated OL and CL poles compose the target
features, λT . Subsections 3.1 to 3.3 provide further de-
tails on the simulation model.

3.1. Input, output, and damage locations

To accommodate the constraints imposed by practicali-
ties, it is chosen to place all output sensors in dry and ac-
cessible locations on the turbine. The sensors are taken
as displacement sensors, which are distributed as shown
in Figure 4. It is noted that at each output location, both
x- and y-directional displacements are captured, thus
the output vector is y(k) ∈ R10 for k = 0, . . . , 60001.
The selected sensor distribution implies, as elaborated
in [24], that the “local” brace modes of the system are
not identifiable.

The loads used as deterministic input in the model
updating are computed based on the load iteration pro-
cedure outlined in Subsection 3.2. The result is a set
of interface loads, composed of x-, y and z-directional
forces and moments around the x-, y and z-axes, at the
location marked in Figure 4. Therefore, we get the in-
put vector u(k) ∈ R6 for k = 0, . . . , 60001. In practice,

Figure 4. Input, output, and damage/stiffness perturbation locations.

the input should be taken as the pitch loads acting in the
rotor, which are either to be measured directly or esti-
mated based on the available pitch angle time histories.
The procedure selected in this study is thus merely for
computational convenience.

The simulation model is, compared to the nominal
model, perturbed by local stiffness changes at the lo-
cations indicated in Figure 4. With the first perturbation
being the lowermost and the last the topmost, the pertur-
bation vector is set to

[
920% 0 915%

]
. The perturbations

are introduced in three beam elements, which each has
a length of approximately 3 m and is placed around a
bolted connection in the tower; with the lowermost per-
turbation being at the bolted interface point between the
tower and the jacket.

3.2. Load iteration and response simulation
The load iteration setup [25] depicted in Figure 5 is
used to produce the required structural load input and
response output. The setup includes the following four
steps:

1. Initial Ramboll offshore structural analysis
(ROSA) [26] model containing a wave model.

2. Craig-Bampton condensation [27] of the ROSA
model and wave loads to generate a superelement
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Interface point ub

Craig-Bampton SE
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[
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]

Aeroelastic simulation

fb

8 MW

Apply interface-
loads fb

S
E

Figure 5. Load iteration used in input-output realizations.

(SE) with reduced mass, damping, stiffness, and
loading (Mr, Cr, Kr, and fr) used in the subsequent
aeroelastic simulation.

3. Aeroelastic simulation in LACflex [28], which
computes the interface loads, fb.

4. Load recovery run in ROSA, with turbine loads
from LACflex applied to the interface DOF, ub.

The last step of the load iteration, namely, the load
recovery run, computes the structural response of the
jacket and tower. Here, it is afterwards possible to ex-
tract displacements, stresses, and so forth.
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(b) Detailed view.

Figure 6. Bending moment Mx at the interface point during pitching.

3.3. Pitch excitation

The interface loads from the pitch excitation are used as
input in the OL system identification, thus u(k) = fb(k).
The pitching is programmed such that all three blades
rotate between two specific pitch angles, namely, 90 deg
and 30 deg with quick transitions. In Figure 6, the time
history of one of the pitch excitation-induced loads,
namely, the bending moment around the x-axis, Mx, is
plotted along with the blade pitch angle. As expected,
the temporal evolution of the moment correlates with
the blade pitching.

To quantify the impact of the pitch excitation on

100 120 140 160 180 200

0

20

40

100 120 140 160 180 200

-40

-20

0

Figure 7. Structural displacement response at the topmost sensor
(with reference to Figure 4) with and without pitch excitation. y1 and

y2 are the x- and y-directional displacements.
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Table 2. OL continuous-time poles of the nominal model, λM, plus the exact, λT , and estimated, λ̃T , poles of the simulation model.

Pole λM λT λ̃T

1 −0.0430 ± 5.0153i −0.0431 ± 4.9836i −0.0476 ± 4.9877i
2 −0.0430 ± 5.0153i −0.0431 ± 4.9837i −0.0426 ± 4.9877i
3 −0.1132 ± 9.0915i −0.1134 ± 9.0529i −0.1145 ± 9.0654i
4 −0.1132 ± 9.0928i −0.1134 ± 9.0542i −0.1127 ± 9.0836i

the structural response, we plot, with reference to Fig-
ure 4, the displacements captured in the topmost sen-
sor. The results are shown in Figure 7 for the system
with and without the pitch excitation; with y1 being the
x-directional displacements and y2 the y-directional dis-
placements. Evidently, the pitching affects both direc-
tional responses, as the no-pitch response is for static.
The findings are a result of how the turbine loads are af-
fected by the wind and wave direction, and how the tur-
bine is rotated with respect to the global axis and jacket
setup, as depicted in Figure 2.

3.4. Updating features

The input and output data is used to infer an estimate
of the system and, as such, the employed target features
through system identification. In this study, the data-
driven subspace identification algorithm N4SID [29] is
used under the precondition that the system is observ-
able and controllable. The system identification yields
consistent estimates of two poles of the wind turbine,
which are presented in Table 2 along with the exact first
and second bending mode poles from the simulation
model and the nominal model. Evidently, the attained
estimates match, with reasonable accuracy, the poles of
the first two sets of bending modes. The corresponding
exact poles from the nominal model have, as expected,
higher frequencies since no perturbations are present.

4. RESULTS

The updating is conducted in a setting where the three
model parameters perturbed with

[
920% 0% 915%

]
in the

simulation model are to be estimated in the nominal
model. With three model parameters, the three esti-
mated OL poles are insufficient to render the updating
problem well-posed, so CL systems are formed to ex-
pand the target vector such p ≥ q. We design three
CL systems from each of which we extract the three CL
poles that “correspond” to the three OL poles. The tar-
get feature is thus a mixture of three OL and nine CL
poles.

Table 3. CL updating results using the first three OL poles and
“corresponding” CL poles with δθ in percentage. Note that ’a’ is the

initial evaluation of the cost function and ’b’ the converged.

Setup δθT
0 δθ̂1 δθ̂2 δθ̂3 β (1093)

1a
[

0 0 0
]

Initial evaluation 7.06
1b

[
0 0 0

]
915 90.85 96.8 1.27

2a
[
920 0 915

]
Initial evaluation 3.35

2b
[
920 0 915

]
916 1.6 913 0.15

Table 4. Estimated target poles and poles of the nominal model
updated with the converged solution in configuration 2b in Table 3.

Pole λ̃T λM(θ̂)

1 90.0427 ± 4.9876i 90.0431 ± 4.9898i
3 90.1123 ± 9.0654i 90.1133 ± 9.0585i

With the target vector discrepancy δλ ∈ C12, the three
model parameters are estimated via minimization of

β = δλHδλ, (12)

which is solved in MATLAB® using “fmincon” with
an interior-point algorithm [30]. The results for differ-
ent initial configurations, δθ0, are listed in Table 3. As
can be seen, the CL updating scheme fails to provide the
correct perturbation configuration when starting from
δθ0 =

[
0 0 0

]T . When starting from the true configura-
tion, such δθ0 =

[
920% 0% 915%

]T , the solution converges
around the true configuration, whilst returning a lower
β-value. The associated OL poles for this converged
model configuration are presented in Table 4, where it
can be appreciated that the frequency of the first pole is
above the target value, while the frequency of the sec-
ond pole is below the target value. It is noted that when
conducting the updating with just the three OL poles,
the results are

[
912% 92.2% 1.3%

]T for δθ0 =
[

0 0 0
]T and[

99.3% 1.3% 95.8%
]T for δθ0 =

[
920% 0% 915%

]T .
The error in the estimate of the second OL pole, see

Table 2, is a likely cause of the erroneous findings in
Tables 3 and 4. Therefore, we conduct a new update
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of the nominal model based solely on the first OL pole
and three “corresponding” CL modes. The appertain-
ing results are listed in Table 5 for different initial con-
figurations. When initializing the optimization from
δθ0 =

[
0 0 0

]T , the three model parameters converge at
values that do not coincide with the true values. In the
case of δθ0 =

[
920% 0% 915%

]T , the three model param-
eters converge in the vicinity of the theoretical values.
The attained cost function is, however, equal to the one
attained in setup 1, so although using only the first OL
pole and the “corresponding” CL poles improves the re-
sults, there is still some clear room for improvement. It
is contended that this can be achieved if the pitch excita-
tion can be tailored trough input shaping [31, 32], such
that more accurate estimates can be obtained of a subset
of the OL poles.

5. CONCLUSION

The paper explores the feasibility of employing blade
pitch-induced excitation as input in CL updating of nu-
merical models of parked offshore wind turbines. The
merit of the CL implementation is that it can be formu-
lated such that the inverse problem to be solved in the
model updating is well-posed. A case study with a nu-
merical wind turbine system is presented, and although
the current, preliminary findings do not appear particu-
larly encouraging, it is contended that the encountered
issues can be resolved by tailoring the delivered pitch
excitation to allow for improved estimation of the sys-
tem poles. This is a part of the ongoing research.
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ABSTRACT: The identification of the axial force installed in the main cable of suspension bridges is of paramount importance to 
validate numerical models, compute safety factors or assess load paths within the structure. Vibration-based techniques have been 
extensively used in the context of stay cables and hangers, enabling, in many cases, a simultaneous evaluation of their stiffness 
properties, with direct relation to the structural condition. As such, this paper illustrates the potentialities of a similar approach to 
the assessment of the installed axial force, flexural rigidity and shear stiffness in the main cable of a long-span suspension bridge. 

Focusing on the dynamic behavior in the out-of-plane direction, some sensitivity studies are conducted on the Euler-Bernoulli 
and Timoshenko beam models, revealing that the experimental identification of vibration modes is only suitable for the evaluation 
of the main cable axial force and bending stiffness. In order to overcome this intrinsic limitation, an additional step is proposed 
for the shear rigidity estimation, built upon the dispersive characteristics of the cable medium. Following the corresponding 
experimental campaigns, two nonlinear regression models are considered for the inverse problem, and statistical confidence 
regions are defined to quantify the uncertainties associated with the cable parameters. The obtained results demonstrate the 
accuracy and viability of this practical and low-cost solution to the testing and monitoring of suspension bridge cables. 

KEY WORDS: Cable dynamics; Suspension bridges; Dispersion; Inverse problems; Uncertainty quantification; Axial force; 
Bending stiffness; Shear stiffness. 

1 INTRODUCTION 
Long-span suspension bridges constitute unique and critical 
infrastructures in the transportation networks. Despite their 
impact on individual mobility and economics, these structural 
systems present a load path that is generally non-redundant, as 
main cables are solely responsible for transferring dead and live 
loads to the pylons and anchorage blocks. Therefore, 
methodologies for the condition assessment of main cables 
have been the subject of extensive research, either through 
internal inspections [1] [2] [3] or nondestructive evaluation 
techniques [4] [5]. 

Aiming at similar purposes, vibration-based approaches have 
been extensively used in the context of hangers [6] or stays in 
cable-stayed bridges [7] and suspended roofs [8], as they 
represent a practical and low-cost solution to the identification 
of the installed axial force. Applications of this methodology to 
the main cables of long-span suspension bridges are relatively 
uncommon; however, assessing the level of tensile stresses is 
of paramount importance to validate and update numerical 
models, compute the cable safety factors or monitor load 
distributions within the structure, alerting against possible 
malfunctioning [9]. In many cases, these techniques yield a 
simultaneous identification of the cable stiffness properties, 
which constitute direct indicators of its structural condition. 

In such a context, this study illustrates the potentialities of 
vibration-based approaches in the assessment of the installed 
axial force, flexural rigidity and shear stiffness in the main 
cable of a long-span suspension bridge. The case study 
constitutes the 25 de Abril Bridge over Tagus River in Lisbon, 
Portugal, and is presented at section 2. Focusing on the out-of-
plane dynamic behavior, sensitivity studies are conducted on 

the Euler-Bernoulli and Timoshenko analytical models, 
revealing that the usual identification technique, based on the 
experimental assessment of natural frequencies, is only suitable 
for the evaluation of the main cable axial force and bending 
stiffness. As such, a supplemental step is proposed for the shear 
rigidity estimation, considering the dispersive characteristics of 
the cable medium. 

Section 4 details the methodology adopted for the in situ tests 
and processing of experimental data. In section 5, the results of 
the inverse problem are presented and discussed, quantifying 
the uncertainties associated with the obtained cable parameters 
through statistical confidence regions. Finally, section 5 
synthetizes the main conclusions, pointing out some future 
research paths. 

2 CASE STUDY 
When inaugurated in 1966, the 25 de Abril Bridge carried a 
four-lane roadway and possessed the longest free span in 
Europe, 1012.88 m long [10]. The structural system comprised 
a continuous stiffening truss, connected by vertical hangers 
(23.02 m apart) to an earth-anchored main suspension cable, 
with saddles over piers P2 and P5, and pylons P3 and P4 
(Figure 1). After the introduction of an additional reversible 
road lane in 1990, studies were developed to increase the load 
capacity of the bridge, in order to accommodate a sixth road 
lane and two railway tracks on a lower deck, inside the girder 
[11]. The selected solution involved the stiffening of the truss 
and the introduction of an additional suspension system, with a 
secondary cable running 3.70 m above the main cable, and a 
new set of vertical hangers also 23.02 m apart, thus halving the 
distance between suspended sections. 
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Figure 1. Elevation of the 25 de Abril Bridge. 

Both the main and the secondary cables were aerially spun 
and, after compaction, protected against corrosion with the 
conventional system of red lead paste, wrapping wire and paint. 
They are comprised of parallel, high-strength steel and 
galvanized wires with a diameter of 4.98 mm. In particular, the 
main cable is composed of 37 strands with 304 wires each, and 
presents an exterior diameter of 58.6 cm. 

The vibration tests reported in this study were performed on 
the main cables at the south suspended span, near the pier P2, 
upstream and downstream. Some additional properties 
regarding these cables are included in Table 1, namely the 
wires’ elastic modulus 𝐸, the total cross-sectional area 𝐴 and 
the mass per unit length 𝜇. The true values of the axial force 
and the area moment of inertia are not known. Nevertheless, in 
2015 the National Laboratory for Civil Engineering conducted 
an experimental campaign aiming at the assessment of the 
hanger forces [12]. From the obtained results and assuming the 
static equilibrium of an elastic parabola [13], one can then 
attain reference values for the deformed cable length 𝐿 and the 
horizontal component of the axial force 𝑇. Regarding the area 
moment of inertia, and for future comparisons, three estimates 
are included in Table 1: 

▪ 𝐼𝑠𝑜𝑙  refers to a solid, circular cross-section with a 
diameter of 58.6 cm; 

▪ 𝐼𝑠𝑡  was calculated from the parallel axis theorem, 
considering a compact cross-section with 11 248 wires; 

▪ 𝐼𝑒𝑞  concerns the solid cross-section whose area is equal 
to that of the main cable. 

Table 1. Geometric and mechanic characteristics of the main 
suspension cable. 

𝐸 [GPa] 200 
𝐴 [m2] 0.219 
𝑰𝒔𝒐𝒍 [m

4] 5.79×10-3 

𝑰𝒔𝒕 [m
4] 4.21×10-3 

𝑰𝒆𝒒 [m4] 3.81×10-3 

𝑳𝒓𝒆𝒇 [m] 500.9 

𝑻𝒓𝒆𝒇 [MN] 83.3 

𝜇 [ton m-1] 1.825 

3 ANALYTICAL MODELS AND SENSITIVITY STUDY 
The main cables from suspension bridges exhibit considerable 
sag-extensibility effects, with impact on their dynamic in-plane 
response [13]. The out-of-plane behavior, on the contrary, is 
not affected by these factors, and will therefore be solely 
considered in all subsequent analyses and applications. 

 Natural Frequencies 

In the field of inverse problems and parameter identification, 
recent studies have employed the analytical model of 
Timoshenko for the transverse behavior of cables [14] and 
beam members subject to a tensile force [15]. If 𝑢 represents 
the transverse displacement and 𝜑 designates the cross-section 
rotation (both as functions of position 𝑠 and time 𝑡), equilibrium 
considerations yield the system of partial differential equations: 

𝐺𝐴𝐾

𝜇
(
𝜕2𝑢

𝜕𝑠2
−
𝑑𝜑

𝑑𝑠
) + 𝑐𝑡

2
𝜕2𝑢

𝜕𝑠2
=
𝜕2𝑢

𝜕𝑡2
 

(1) 
𝐺𝐴𝐾

𝜇
(
∂𝑢

𝜕𝑠
− 𝜑) + 𝑐𝑓

2 𝜕
2𝜑

𝜕𝑠2
=
𝐼

𝐴

𝜕2𝜑

𝜕𝑡2
 

where 𝑐𝑡, 𝑐𝑓, 𝐺 and 𝐾 denote the quantities √𝑇 𝜇⁄  and √𝐸𝐼 𝜇⁄ , 
the distortion modulus and the shear coefficient, respectively. 

Harmonic and non-trivial solutions 𝑢(𝑠, 𝑡) = 𝐴1𝑒
𝑖(𝛾𝑠−𝜔𝑡) 

and 𝜑(𝑠, 𝑡) = 𝐴2𝑒
𝑖(𝛾𝑠−𝜔𝑡), with frequency 𝜔 and wavenumber 

𝛾, exist only if the following characteristic condition is verified: 

𝜏3𝛾
4 + 𝑐𝑡

2𝛾2 − (𝜏2𝛾
2 + 1)𝜔2 + 𝜏1𝜔

4 = 0 (2) 

in which the auxiliary parameters 𝜏1, 𝜏2 and 𝜏3 are defined by: 

𝜏1 =
𝜇𝐼

𝐺𝐴2𝐾
 (3) 

𝜏2 =
𝐼

𝐴
(1 +

𝑇

𝐺𝐴𝐾
+

𝐸

𝐺𝐾
) (4) 

𝜏3 = (1 +
𝑇

𝐺𝐴𝐾
) 𝑐𝑓

2 (5) 

Assuming hinged boundary conditions, the natural 
frequencies 𝜔𝑛 correspond to the roots of the implicit equation: 

sin(𝐿√
𝛼 + √𝛼2 + 4𝛽

2
) = 0 (6) 

with 𝛼 and 𝛽 defined by: 

𝛼 =
𝜏2𝜔

2 − 𝑐𝑡
2

𝜏3
 (7) 

𝛽 =
𝜔2 − 𝜏1𝜔

4

𝜏3
 (8) 

In order to assess the sensitivity of these natural frequencies 
to the installed axial force, flexural rigidity and shear stiffness, 
10% variations (from 50% up to 150%) in the quantities 𝑇, 𝐼 
and 𝐾 were investigated for Figure 2, considering the reference 
values from Table 1 (in the case of the area moment of inertia, 
the estimate 𝐼𝑠𝑡  was adopted). 

Almada Lisbon
South North

P1 P2 P3 P4 P5 P6 P7

98.64 m 483.42 m 1012.88 m 483.42 m 99.64 m
99.64 m
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(a) (b) (c) 

Figure 2. Progression of natural frequencies according to the Euler-Bernoulli (orange line) and Timoshenko (blue lines) models, 
considering 10% variations in the quantities: (a) 𝑇; (b) 𝐼; (c) 𝐾. 

   

(a) (b) (c) 

Figure 3. Dispersion relation for group velocities according to the Euler-Bernoulli (orange line) and Timoshenko (blue lines) 
models, considering 10% variations in the quantities: (a) 𝑇; (b) 𝐼; (c) 𝐾. 

For comparison, natural frequencies calculated according to 
the Euler-Bernoulli hypothesis (for the reference values of 
Table 1) are also represented. Under this assumption, deformed 
sections remain orthogonal to the neutral axis, and, for hinged 
boundary conditions, the progression of vibration modes is 
given explicitly by: 

𝑓𝑛 =
𝑛

2𝐿
√𝑐𝑡

2 +
𝑛2𝜋2𝑐𝑓

2

𝐿2
 (9) 

The results from Figure 2 reveal that the level of axial force 
determines the progression of the first modes (namely, the 
slope of the tangent over the vertical axis), but bending stiffness 
effects are only manifested at higher orders (above 20, for this 
cable). Natural frequencies seem insensitive to variations in the 
shear coefficient, at least for the mode orders susceptible of 
experimental identification. In addition, for the reference 
values of Table 1 and the frequency domain under analysis, the 
Timoshenko and Euler-Bernoulli hypotheses provide similar 

results; therefore, the latter shall be preferred for the inverse 
problem, given its simplicity. Regarding boundary conditions, 
parametric studies conducted by Yan et al. [16] on the Euler-
Bernoulli model revealed that the effect of rotational restraints 
decreased with the cable slenderness, evaluated through the 
non-dimensional parameter 𝜉. From the reference values of 
Table 1, the main cable of the 25 de Abril Bridge presents a 𝜉 
value of 160, well above the threshold of 100 suggested by the 
authors for the validity of the assumption on hinged boundary 
conditions. 

 Dispersion Relations 

The sensitivity study in the previous section uncovered that the 
identification of the shear rigidity from the main cable vibration 
modes will not be experimentally viable. Indeed, only small 
wavelength disturbances are responsive to this effect, but they 
are also prone to attenuation before reaching the cable ends, 
preventing the definition of standing waves. As such, a 
supplemental identification approach will be considered 
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hereinafter, based on the properties of transient waves 
propagating along the cable. 

Since the group velocity is defined by 𝑑𝜔 𝑑𝛾⁄ , from the 
implicit differentiation of equation (2), two dispersion relations 
for group velocities arise, in accordance with the degrees of 
freedom of the Timoshenko model [17]. With respect to the 
transverse displacement 𝑢, one can obtain: 

𝑐𝑔𝑡(𝛾𝑡)

=

𝜏2𝛾𝑡 +
2𝜏1(2𝜏3𝛾𝑡

3 + 𝑐𝑡
2𝛾𝑡) − 𝜏2𝛾𝑡(𝜏2𝛾𝑡

2 + 1)

√(𝜏2𝛾𝑡
2 + 1)2 − 4𝜏1𝛾𝑡

2(𝜏3𝛾𝑡
2 + 𝑐𝑡

2)

√2𝜏1 (𝜏2𝛾𝑡
2 + 1 −√(𝜏2𝛾𝑡

2 + 1)2 − 4𝜏1𝛾𝑡
2(𝜏3𝛾𝑡

2 + 𝑐𝑡
2))

 
(10) 

with: 

𝛾𝑡(𝜔)

= √
𝜏2𝜔

2 − 𝑐𝑡
2 + √(𝜏2𝜔

2 − 𝑐𝑡
2)2 − 4𝜏3𝜔

2(𝜏1𝜔
2 − 1)

2𝜏3
 

(11) 

The expressions above reveal that each frequency component 
of waves traveling along the member propagates with a distinct 
group velocity, defined by the cable properties. In Figure 3, a 
similar sensitivity analysis is performed for these results, 
considering the same variations in the quantities 𝑇, 𝐼 and 𝐾, and 
two distinct frequency domains. Group velocities are largely 
insensitive to the axial force and the bending stiffness, except 
in a low frequency range, as anticipated by Figure 2. As for the 
shear coefficient, it clearly controls the value of the horizontal 
asymptote for 𝜔 → ∞, given by √𝑐𝑡2 + 𝐺𝐴𝐾 𝜇⁄ . The results 
from this section justify and unveil the adopted methodology 
for the identification of the cable parameters, based on the 
fitting of natural frequencies for the assessment of 𝑇 and 𝐼, and 
of group velocities for the estimation of 𝐾. 

4 METHODOLOGY 

 Identification of Natural Frequencies 

One-hour records of the ambient, out-of-plane response were 
collected in the main cable of the 25 de Abril Bridge at the 
south suspended span, both in the upstream and downstream 

sides, using a set of piezoelectric accelerometers with a 
sampling frequency of 40 Hz. Since hangers do not possess any 
lateral stiffness, the degree of interaction between cable and 
girder modes is not significant at this direction (unlike the 
vertical one), and cable harmonics are clearly identifiable on 
the normalized power spectral density estimates of Figure 4(a). 

Figure 4(b) reveals the experimental progressions of natural 
frequencies for both cables, which are very similar. The large 
number of vibration modes identified proves necessary for the 
sensitivity of the inverse problem to bending stiffness effects, 
as concluded at section 3.1. 

 Assessment of Dispersion Relations 

Following previous works [17], the experimental assessment of 
dispersion relations is based on the computation of time-
frequency distributions at two sections along the main cable. 
To this end, the wavelet transform of the out-of-plane response 
𝑢, denoted {𝒲𝑢}, is a function defined by: 

{𝒲𝑢}(𝑎, 𝑏) =
1

√|𝑎|
∫ 𝑢(𝑡)𝜓∗ (

𝑡 − 𝑏

𝑎
)𝑑𝑡

+∞

−∞

 (12) 

where 𝜓∗ represents the complex conjugate of the Morlet 
mother wavelet 𝜓 [18]. The variable 𝑏 constitutes a translation 
parameter, while 𝑎 ≠ 0 is the scale parameter, responsible for 
dilating (i.e., stretching or compressing) the window function 
𝜓. In fact, if 𝜓(𝑡) is centered at 𝑡 = 0 and its Fourier transform 
at 𝜔 = 𝜔0, then 𝜓((𝑡 − 𝑏) 𝑎⁄ ) is localized around 𝑡 = 𝑏 in the 
time domain and 𝜔 = 𝜔0 𝑎⁄  in frequency domain. Therefore, 
the wavelet transform of 𝑢, evaluated at (𝑎, 𝑏), characterizes 
the time-frequency distribution of the response around a point 
(𝑏, 𝜔0 𝑎⁄ ). 

Kishimoto et al. [19] demonstrated that, for a given location 
𝑠, the peaks in the magnitude of {𝒲𝑢} indicate the arrival time 
of a wave frequency component 𝜔 propagating with a group 
velocity 𝑐𝑔. In the present approach, such waves are generated 
by an impact hammer excitation introduced at a section S0, and 
the response is measured simultaneously at S1 and S2. From 
the relative maxima of each time-frequency distribution, one 
can identify the arrival times 𝑡𝑆1 and 𝑡𝑆2 of each frequency 𝜔. 

(a) (b) 

Figure 4. Identification of vibration modes in the main cable of the 25 de Abril Bridge: (a) normalized power spectral density 
estimates; (b) experimental progression of natural frequencies. 
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(a) (b) 

(c) (d) 

Figure 5. Assessment of dispersion relations in the main cable of the 25 de Abril Bridge: (a) experimental setup; (b) application 
to the case study; (c) example of response scalogram; (d) experimental dispersion relation (95% confidence interval). 

As such, and referring to Figure 5(a), the experimental 
dispersion relation for group velocities is given by: 

𝑐𝑔𝑡(𝜔) =
𝑑𝑆1,𝑆2

𝑡𝑆2(𝜔) − 𝑡𝑆1(𝜔)
 (13) 

A total of 48 setups were conducted in the main cable of the 
25 de Abril Bridge, near the location of the ambient vibration 
tests (only results from the downstream side are included in this 
paper). Figure 5(b) illustrates the set of piezoelectric sensors 
used to collect the time series of the response, with a sampling 
frequency of 25 000 Hz. As an example, Figure 5(c) presents 
the scalogram of transverse accelerations at one measuring 
section; circular markers give the location of the relative 
maxima for each frequency component along the vertical axis, 
being their diameter proportional to the magnitude of {𝒲𝑢}. 
As evidenced by this depiction, the spectral content is 
distributed along ridges in the time-frequency plane: the first 
ridge, in orange, concerns the direct propagation from S0, while 
the subsequent ones result from reflections at the cable bands. 
In this application, 𝑡𝑆1 and 𝑡𝑆2 are identified from the first ridge 
in the respective scalograms, and the methodology becomes 
independent of any assumption regarding boundary conditions. 

The 48 setups were defined considering different hammer 
tips and values for the distances 𝑑𝑆0,𝑆1 and 𝑑𝑆1,𝑆2, ranging from 
0.25 and 0.50 up to 1.25 m, respectively. From the obtained 
results, 95% confidence intervals were computed for the group 
velocities, using robust estimators (median and median 
absolute deviation) for the location and scale parameters. 

Figure 5(d) clearly evidences a horizontal asymptote as those 
in Figure 3, but the behavior up to about 1000 Hz does not 
conform to the theoretical derivations. A similar pattern has 
been observed in other applications of this methodology, and 
results from two factors [20]: on one hand, the width of the time 
window in the lower frequency range becomes larger than the 
duration of the hammer contact, preventing the distinction 
between the rising and the ending of the excitation history; in 
addition, arrival times are difficult to identify in this domain, 
since the transient response is concealed in the stationary 
vibration of the cable. However, these issues do not pose any 
obstacle to the inverse problem, as the horizontal asymptote 
will be sufficient to assess the shear coefficient, and estimates 
of 𝑇 and 𝐼 were already attained from the fitting of natural 
frequencies. In practice, values of 𝑐𝑔𝑡 for frequencies below 
1105 Hz (limit identified through the DBSCAN algorithm [21]) 
will be regarded as outliers, and removed from the regression 
model. 

 Inverse Problem and Nonlinear Regression Models 

In general terms, a fixed-regressor nonlinear model built upon 
𝑛 observations (𝑥𝑖 , 𝑦𝑖) and a given functional relationship 𝒻 
can be formulated as: 

𝑦𝑖 = 𝒻(𝑥𝑖 , 𝜽) + 𝜀𝑖 (14) 

where errors 𝜀𝑖 possess a zero expected value, and the true 
value 𝜽∗ of vector 𝜽 belongs to Θ, a subset of ℝ𝑝 [22]. 

dS1,S2dS0,S1

S0 S1 S2
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Table 2. Point estimates of [𝐿, 𝑇, 𝐼]𝑇 and 𝐾, from the fitting of vibration modes and dispersion relations. 

Cable 
Vibration Modes Dispersion Relations 

�̂� [m] �̂� [MN] �̂� [m4] RMSE [Hz] �̂� RMSE [m s-1] 

Downstream 

490.5 86.4 4.19×10-3 

0.10 0.071 45.6 0.98 𝐿𝑟𝑒𝑓  1.04 𝑇𝑟𝑒𝑓  
0.72 𝐼𝑠𝑜𝑙  
0.99 𝐼𝑠𝑡  
1.10 𝐼𝑒𝑞  

Upstream 

490.1 86.0 4.30×10-3 

0.11 – – 0.98 𝐿𝑟𝑒𝑓  1.03 𝑇𝑟𝑒𝑓  
0.74 𝐼𝑠𝑜𝑙  
1.02 𝐼𝑠𝑡  
1.13 𝐼𝑒𝑞  

 

(a) (b) (c) 

Figure 6. Sections of the objective function and 95% confidence region for [𝐿, 𝑇, 𝐼]𝑇 (red line) along: (a) 𝐿 = �̂�; (b) 𝑇 = �̂�; (c) 
𝐼 = 𝐼 (vibration modes identified in the downstream side). 

The least-squares estimate of 𝜽∗, represented as �̂�, minimizes 
the sum of squares: 

𝑆(𝜽) =∑[𝑦𝑖 − 𝒻(𝑥𝑖 , 𝜽)]
2

𝑛

𝑖=1

 (15) 

over 𝜽 ∈ Θ [22]. In order to assess the uncertainty associated 
with the optimal parameters, confidence ellipsoids can be built 
from the contours of 𝑆(𝜽), since the objective function 
evaluates the closeness of the observations to the fitted 
equation, for any 𝜽. In particular, for a 1 − 𝛼 confidence level, 
a confidence region for 𝜽 can be computed from: 

{𝜽: 𝑆(𝜽) ≤ 𝑆(�̂�) (1 +
𝑝

𝑛 − 𝑝
𝐹𝑝,𝑛−𝑝
𝛼 )} (16) 

where 𝐹𝑝,𝑛−𝑝𝛼  is the upper 𝛼 critical value of the 𝐹𝑝,𝑛−𝑝 
distribution [22]. 

As results from the previous sections, two regression models 
are defined in this study for the inverse problem: 

▪ the first concerns the functional relationship expressed 
by equation (9) and the experimental vibration modes, 
aiming at the joint estimation of the effective length of 
vibration, axial force and area moment of inertia (𝜽 =
[𝐿, 𝑇, 𝐼]𝑇, 𝑝 = 3 and 𝑛 = 59); 

▪ the second addresses the experimental group velocities 
and the relationship represented by expressions (10) and 
(11), permitting the evaluation of the shear coefficient 
(𝜽 = 𝐾, 𝑝 = 1 and 𝑛 = 125). 

The first of these models is ill-conditioned, because of the 
simultaneous indeterminacy in the cable length and installed 
axial force. Algorithms that find the global minimum of 𝑆(𝜽) 
making use of first or second-order approximations would then 

be numerically unstable; furthermore, the relevant difference 
between the scales of 𝐿, 𝑇 and 𝐼 would pose some challenges 
in defining a proper step between iterations. For these reasons, 
the inverse problem will be addressed through an evaluation of 
the objective function in a grid of 𝐿, 𝑇 and 𝐼 values, defined 
with acceptable precisions for each variable. Although 
computationally more expensive, this process takes less than 
1 min and overcomes the limitations above, providing also the 
evaluations of 𝑆(𝜽) necessary to characterize the exact 
confidence regions of expression (16). 

5 RESULTS AND DISCUSSION 
Following the previous methodology, Table 2 summarizes the 
point estimates obtained for the parameters of the main cable 
of the 25 de Abril Bridge, comparing them with the reference 
values of Table 1, whenever possible. 

Regarding the deformed length and installed axial force, the 
optimal values from the downstream and upstream sides are 
very close to each other, and also similar to the static-based 
estimates. While the latter may reflect different operating 
conditions (because the corresponding tests were conducted in 
2015), they confirm the order of magnitude of �̂� and �̂� and 
attest to the feasibility of the vibration-based identification. 
With respect to the area moment of inertia, the attained results 
suggest that considering the contributions from all individual 
wires through the application of the Steiner’s theorem may 
provide good estimates of this parameter, at least for similar 
cables made of parallel wires with adequate compaction. 

The corresponding confidence regions, illustrated in Figure 6 
for the downstream side, reflect the uncertainty associated with 
the point estimates and, to a certain extent, the ill-conditioned 
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nature of the inverse problem. This circumstance is particularly 
apparent in Figures 6(b) and (c), which represent sections of the 
confidence ellipsoid along the planes 𝑇 = �̂� and 𝐼 = 𝐼. In any 
case, worse results would have been obtained if the number of 
modes introduced in the fitting was lower than the adopted. 
These depictions are also very important to assert that the 2.6% 
difference between 𝐼 estimates in the downstream and upstream 
sides is not statistically significant. 

As for the shear coefficient, no reference values are available 
for comparison, and its assessment from numerical modeling 
would be cumbersome. To the authors’ knowledge, this study 
includes the first in situ assessment of the shear rigidity of a 
bridge cable; nevertheless, this order of magnitude for 𝐾 was 
also found on laboratorial tests performed on stranded cables 
from spaceflight structures [23]. 

In association with the point estimate, Figure 7 presents a 
narrow confidence interval (i.e., a one-dimensional confidence 
region), confirming that the horizontal asymptote in the 
experimental dispersion relation is suitable to support a precise 
identification of this parameter. 

Figure 7. Objective function and 95% confidence interval for 
𝐾 (red line) (dispersion relations assessed in the downstream 
side). 

6 CONCLUSIONS AND FUTURE WORK 
This paper addressed and demonstrated the opportunities posed 
by vibration-based approaches in the identification of the axial 
force and stiffness properties in the main cable of long-span 
suspension bridges. Focusing on the out-of-plane response, 
sensitivity studies performed on the Timoshenko beam model 
evidenced that the dynamic behavior of the main cable could 
be framed into three domains, the first being controlled by the 
axial force, the second defined by bending stiffness and the last 
governed by shear rigidity. The experimental evaluation of 
vibration modes was not suitable for the assessment of this last 
property, so an additional identification step was defined, based 
on the velocities of transient waves propagating along the 
cable. 

The attained results revealed that accurate estimates of the 
axial force are obtained from the fitting of vibration modes, 
which means that intensive experimental campaigns aiming the 
characterization of the bridge load condition can be replaced by 
ambient vibration tests with virtually one sensor per suspension 

cable, provided that its location is carefully chosen. In addition, 
this approach is suitable for monitoring applications and for the 
continuous identification of the installed axial force, which is 
of utmost relevance for the long-term evaluation of load paths 
within the structure. As for the dispersion-based assessment of 
stiffness properties, in situ tests in other locations along the 
cable are essential to verify the reproducibility of the obtained 
estimates for the shear coefficient, and to investigate whether 
variations of this parameter can be related to the presence of 
damage. 

ACKNOWLEDGMENTS 
The authors appreciate the permission from IP for sharing the 
results presented in this work, as well as the collaboration of 
Catarina Oliveira (LNEC) and Júlio Vaz (IP) in the in situ tests. 
The first author would also like to acknowledge the PhD 
scholarship SFRH/BD/129183/2017 awarded by FCT. 

This work was financially supported by: Base Funding – 
UIDB/04708/2020 and Programmatic Funding – 
UIDP/04708/2020 of the CONSTRUCT – Instituto de I&D em 
Estruturas e Construções, funded by national funds through the 
FCT/MCTES (PIDDAC); SAFESUSPENSE – Safety Control 
and Management of Long-Span Suspension Bridges (reference 
POCI-01-0145-FEDER-031054), funded by COMPETE 2020, 
POR Lisboa and FCT. 

REFERENCES 
[1] R. M. Mayrbaurl and S. Camo, "NCHRP Report 534: Guidelines for 

Inspection and Strength Evaluation of Suspension Bridge Parallel Wire 
Cables," Transportation Research Board, Washington, D.C., 2004. 
Available: https://doi.org/10.17226/23338 

[2] P. D. Blasko et al., "Evaluating Suspension Bridge Cables on North 
America's Busiest International Crossing", Transportation Research 

Record: Journal of the Transportation Research Board, vol. 2050, no. 
1, pp. 49-58, 2008. [Online]. Available: https://doi.org/10.3141/2050-05 

[3] C. Cocksedge et al., "M48 Severn Bridge – main cable inspection and 
rehabilitation", Proceedings of the Institution of Civil Engineers - Bridge 
Engineering, vol. 163, no. 4, pp. 181-195, 2010. [Online]. Available: 
https://doi.org/10.1680/bren.2010.4.181 

[4] R. Betti et al., "Monitoring the structural health of main cables of 
suspension bridges", Journal of Civil Structural Health Monitoring, vol. 
6, no. 3, pp. 355-363, 2016. [Online]. Available: 
https://doi.org/10.1007/s13349-016-0165-8 

[5] Y. Deng et al., "Long-Term In-Service Monitoring and Performance 
Assessment of the Main Cables of Long-Span Suspension Bridges", 
Sensors (Basel), vol. 17, no. 6, 2017. [Online]. Available: 
https://doi.org/10.3390/s17061414 

[6] S.-W. Kim et al., "Image-based back analysis for tension estimation of 
suspension bridge hanger cables", Structural Control and Health 
Monitoring, vol. n/a, no. n/a, p. e2508, 2020. [Online]. Available: 
https://doi.org/10.1002/stc.2508 

[7] R. Geier et al., "Accurate cable force determination using ambient 
vibration measurements", Structure and Infrastructure Engineering, vol. 
2, no. 1, pp. 43-52, 2006. [Online]. Available: 
https://doi.org/10.1080/15732470500253123 

[8] E. S. Caetano et al., "Assessment of cable forces at the London 2012 
Olympic Stadium roof", Structural Engineering International: Journal 

of the International Association for Bridge and Structural Engineering 
(IABSE), vol. 23, no. 4, pp. 489-500, 2013. [Online]. Available: 
https://doi.org/10.2749/101686613X13627351081713 

[9] A. Pacitti et al., "Cable tension identification via nonlinear static inverse 
problem", Structural Health Monitoring, 2020. [Online]. Available: 
https://doi.org/10.1177/1475921720940645 

[10] N. J. Gimsing, Cable Supported Bridges: Concept and Design. Norwich: 
John Wiley & Sons, 1983. 

[11] P. G. Buckland, "Increasing the load capacity of suspension bridges", 
Journal of Bridge Engineering, vol. 8, no. 5, pp. 288-296, 2003. 
[Online]. Available: https://doi.org/10.1061/(ASCE)1084-
0702(2003)8:5(288) 

https://doi.org/10.17226/23338
https://doi.org/10.3141/2050-05
https://doi.org/10.1680/bren.2010.4.181
https://doi.org/10.1007/s13349-016-0165-8
https://doi.org/10.3390/s17061414
https://doi.org/10.1002/stc.2508
https://doi.org/10.1080/15732470500253123
https://doi.org/10.2749/101686613X13627351081713
https://doi.org/10.1177/1475921720940645
https://doi.org/10.1061/(ASCE)1084-0702(2003)8:5(288
https://doi.org/10.1061/(ASCE)1084-0702(2003)8:5(288


Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure  

636 

[12] J. P. P. Santos et al., "Monitorização Estrutural da Ponte 25 de Abril: 
Determinação Experimental das Forças Instaladas nos Pendurais," 
National Laboratory for Civil Engineering, Lisbon, 2015.  

[13] E. d. S. Caetano, Cable Vibrations in Cable-Stayed Bridges. Zürich: 
IABSE-AIPC-IVBH, 2007. 

[14] T. Kernicky et al., "Dynamic identification of axial force and boundary 
restraints in tie rods and cables with uncertainty quantification using Set 
Inversion Via Interval Analysis", Journal of Sound and Vibration, vol. 
423, pp. 401-420, 2018. [Online]. Available: 
https://doi.org/10.1016/j.jsv.2018.02.062 

[15] K. Maes et al., "Identification of axial forces in beam members by local 
vibration measurements", Journal of Sound and Vibration, vol. 332, no. 
21, pp. 5417-5432, 2013. [Online]. Available: 
https://doi.org/10.1016/j.jsv.2013.05.017 

[16] B. Yan et al., "Mode shape-aided tension force estimation of cable with 
arbitrary boundary conditions", Journal of Sound and Vibration, vol. 
440, pp. 315-331, 2019. [Online]. Available: 
https://doi.org/10.1016/j.jsv.2018.10.018 

[17] J. Rodrigues et al., A dispersion-based methodology for the in situ 

assessment of bending stiffness in bridge cables vol. 1, 2020. Available: 
https://doi.org/10.47964/1120.9078.20084 

[18] S. Mallat, A Wavelet Tour of Signal Processing. San Diego: Academic 
Press, 1999. 

[19] K. Kishimoto et al., "Time frequency analysis of dispersive waves by 
means of wavelet transform", Journal of Applied Mechanics, 

Transactions ASME, vol. 62, no. 4, pp. 841-846, 1995. [Online]. 
Available: https://doi.org/10.1115/1.2896009 

[20] H. Inoue et al., "Experimental wavelet analysis of flexural waves in 
beams", Experimental Mechanics, vol. 36, no. 3, pp. 212-217, 1996. 
[Online]. Available: https://doi.org/10.1007/BF02318009 

[21] E. Schubert et al., "DBSCAN revisited, revisited: Why and how you 
should (still) use DBSCAN", ACM Transactions on Database Systems, 
vol. 42, no. 3, 2017. [Online]. Available: 
https://doi.org/10.1145/3068335 

[22] G. A. F. Seber and C. J. Wild, Nonlinear Regression. Hoboken: John 
Wiley & Sons, 2003. 

[23] K. Spak et al., "Parameters for Modeling Stranded Cables as Structural 
Beams", Experimental Mechanics, vol. 54, no. 9, pp. 1613-1626, 2014. 
[Online]. Available: https://doi.org/10.1007/s11340-014-9941-8 

 

https://doi.org/10.1016/j.jsv.2018.02.062
https://doi.org/10.1016/j.jsv.2013.05.017
https://doi.org/10.1016/j.jsv.2018.10.018
https://doi.org/10.47964/1120.9078.20084
https://doi.org/10.1115/1.2896009
https://doi.org/10.1007/BF02318009
https://doi.org/10.1145/3068335
https://doi.org/10.1007/s11340-014-9941-8


Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure
                                                                                                           Porto, Portugal, 30 June - 2 July 2021  

ISSN 2564-3738 

637 

ABSTRACT: Damages are the primary causes of structural failure and often occur on structures due to aging, cumulative crack 
growth or excessive response. In the past decades, particular attention was given to avoid the sudden failure of structural 
components by detection damage in structures in the early state. More specifically, structural health monitoring based on the 
vibration of structures has been at the focus of attention of many researchers to obtain very efficient tools of great importance for 
the civil, aeronautical and mechanical engineering communities. But recently more emphasis is given on reliable and effective 
non-destructive damage detection technique which is crucial to maintaining safety and integrity of structures. Although both the 
Destructive Damage Detection (DDD) and Non-destructive Damage. Detection (NDD) techniques are employed to continuously 
monitor the structure, detect the possible damage, and evaluate the safety of the structure, but the recent advances in computer, 
sensors and other electronic technologies made NDD techniques far more convenient and cost effective than destructive detection 
techniques which usually evaluate the safety of a structure by testing samples removed from the structure. Most nondestructive 
damage detection methods can be categorized as either local or global damage detection techniques. Local damage identification 
techniques, such as ultrasonic methods and X-ray methods, require that the vicinity of damage is known a priori and readily 
accessible for testing, which cannot be guaranteed for most cases in civil or aerospace engineering. Hence, the vibration-based 
damage detection methods as global damage detection techniques are developed to overcome these difficulties. This paper 
provided an overview of these methods. 

KEY WORDS: Damage Detection, Vibration-Based, Pattern Recognition 

1 INTRODUCTION 
Destructive detection techniques usually evaluate the safety of 
a structure by testing samples removed from the structure. It 
not only gives the clear picture of the strength of structure to 
withstand the damage but also is not convenient. But with the 
recent advances in computer, sensors and other electronic 
technologies NDD techniques have become far more 
convenient and cost-effective than destructive detection 
techniques. In the review of the damage assessment techniques 
by Jean-Jacques Sinou, these are divided into three categories: 
modal testing, vibration-based methods with signal-based and 
model-based methods, and non-traditional methods. The most 
popular methods being modal testing in which changes in 
modal parameters such as changes in frequencies, modes 
shapes and response to specific excitation are used for the 
damage detection [3,4,10]. 

Currently, vibration-based damage detection is an area of 
significant research activity. Michael L. Fugate, Hoon Sohn, 
and Charles R. Farrar [1] attempted to extend the research in 
this field through the application of statistical analysis 
procedures to the vibration-based damage detection problem 
using vibration test data acquired from a concrete bridge 
column as the column was progressively damaged. They cast 
the damage detection process in the context of a statistical 
pattern recognition paradigm. In particular, they focused on 
applying statistical process control methods referred to as 
"control charts" to vibration-based damage detection where an 
auto-regressive (AR) model is fit to the measured acceleration-
time histories from an undamaged structure. And then the 

residual errors, which quantify the difference between the 
prediction from the AR model and the actual measured time 
history at each time interval, were used as the damage-sensitive 
features. They employed the X-bar and S control charts to 
monitor the mean and variance of the selected features 
constructing control limits for the control charts based on the 
features obtained from the initial intact structure. The residual 
errors computed from the previous AR model and subsequent 
new data were then monitored relative to the control limits 
which showed a statistically significant number of error terms 
outside the control limits indicating system transit from a 
healthy state to a damaged state [1]. Liang Wang and T.H.T. 
Chan also discussed various Vibration based Damage 
Detection methods based on changes in natural frequencies, 
curvature/strain modes, modal strain energy (MSE) dynamic 
flexibility, artificial neural networks (ANN) before and after 
damage and other signal processing methods like Wavelet 
techniques and empirical mode decomposition (EMD) / Hilbert 
spectrum methods [9]. Vibration-based damage detection 
consists of some sensors placed on a system such that a global 
response can be measured by using the previously described 
analysis procedures. Damage is detected by noting any change 
in this global response when comparing it to a reply gathered at 
a previous period. Charles Joseph Schallhorn summarized in 
his report that by arranging the sensors in such a manner to 
replicate local damage detection, i.e., increase the number of 
sensors or arrange the sensors in specified locations and 
orientations, that damage could be detected, located, and 
quantified [7]. 

An overview of vibration-based damage detection methods 
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Signal-based methods analyze the steady-state or transient 
vibrational measurements to detect damage and consider 
different known indicators of the presence of damage in 
mechanical structures [4]. Model-based methods propose to 
correlate the experimental signature of damaged structures with 
analytical or numerical models to identify the damage 
parameters. The nontraditional methods concern more specific 
techniques based on genetic algorithms, neural networks, signal 
processing methods such as the wavelet analysis or Wigner-
Ville transforms [12]. 

2 SIGNAL BASED NDD METHODS 
Signal-based methods examine changes in the features derived 
directly from the measured time histories or their 
corresponding spectra through proper signal processing 
methods and algorithms to detect damage. Based on different 
signal processing techniques for feature extraction, these 
methods are classified into time-domain methods, frequency-
domain methods, and time-frequency (or time-scale)-domain 
methods. Detailed descriptions of these signal-based features, 
feature extraction, and successful applications are discussed in 
next chapters. As an enhancement for feature extraction, 
selection, and classification, pattern recognition techniques are 
deeply integrated into signal-based damage detection. Detailed 
descriptions of these mostly used pattern recognition methods 
and successful applications for damage detection are also 
discussed in another chapter. Compared with modal-based 
methods, signal-based methods have received considerable 
attention from the civil, aerospace, and mechanical 
communities because they are mainly more effective for 
structures with complicated nonlinear behavior and the 
incomplete, incoherent, and noise-contaminated measurements 
of structural response. They are also more cost-effective and 
suitable for online structural monitoring. 

3 FEATURE EXTRACTION AND SELECTION 
The area of the SHM that receives the most attention is feature 
extraction. Feature extraction is the process of the identifying 
damage-sensitive properties, derived from the measured 
system response, which allows one to distinguish between the 
undamaged and damaged structure. Linear modal properties 
(resonant frequencies, mode shapes, or properties derived from 
mode shapes such flexibility coefficients) are the most common 
features used for damage detection. Hoon Sohn, Charles R. 
Farrar Francois Hemez, and Jerry Czarnecki mentioned in their 
review that more investigators are using features that are 
associated with the systems transition from a predominantly 
linear, time-invariant system to a system exhibiting nonlinear 
and time-varying response as a result of damage [5]. The 
implementation and diagnostic measurement technologies 
needed to perform SHM typically produce a significant amount 
of data. Almost all feature extraction procedures inherently 
perform some form of data compression. Data compression into 
feature vectors of small dimension is necessary if accurate 
estimates of the feature’s statistical distribution are to be 
obtained. As an example, the use of residual errors between 
auto-regressive model predictions and measured time histories 
represents a one-dimensional feature vector that has been used 
for damage detection. Note that the data fusion process can also 
be thought of a form of information condensation.  

Feature extraction process is the most crucial process in 
structural damage detection, many different damage-sensitive 
features have been proposed including relatively simple ones 
such as the root-mean-squared (RMS) and kurtosis of the 
response amplitudes, fundamental linear modal properties such 
as resonant frequencies and mode shapes, and quantities 
derived from them such as dynamic flexibility matrices. 
According to Michael L. Fugate, Hoon Sohn, and Charles R. 
Farrar for systems exhibiting a nonlinear response, features 
such as an Aries Intensity Factor, features based on time-
frequency analysis, and features derived from time series 
analysis have shown promise for damage detection [1]. 

Radoslaw Zimroz and Walter Bartelmus demonstrated the 
application of adaptive filter as a pre-processor for impulsive 
cyclic weak signal recovery from raw vibration signals 
captured from complex mechanical systems used in industries. 
The primary purpose of adaptive filters was to recover the 
signal of interest related to cyclic wideband, impulsive 
excitations, which are usually associated with local faults. It 
was shown that for signals from pulley bearings, it is possible 
to extract the SOI, after which diagnosis of the failure becomes 
much more comfortable and more reliable. As an adaptation 
algorithm, the Normalized Least Mean Square (NLMS) was 
used. The benefit of NLMS usage is that this algorithm is a 
modification of the LMS algorithm that avoids the problem 
with the selection of learning rate μ. NLSM guarantees the 
stability of the algorithm by normalizing by the power of the 
input. The Adaptive Filter is one of the most advanced, blind 
extraction technique that can be used in online diagnostics. 
Other approaches (wavelet decomposition, blind cyclo-
stationary source separation, etc.) may provide sometimes 
better results but they require some a priori knowledge, and it 
makes industrial application difficult. Still, the most important 
thing is the extraction process; in the next step for spiky signals, 
one may use statistical indicators as detectors (e.g., kurtosis) or 
classical envelope analysis (for fault recognition/localization) 
[11]. 

A variety of methods are employed to improve the feature 
extraction and selection procedure. Based on different signal 
processing techniques for feature extraction, these methods are 
classified into time-domain methods, frequency-domain 
methods, and time-frequency methods. [2] Features derived by 
time-domain methods include auto-regressive model, auto-
regressive moving average model and auto-regressive with 
exogenous input model. Features obtained by frequency-
domain methods include frequency response functions, 
frequency spectra, and power spectral density and FFT 
magnitudes. Features derived by time-frequency-domain 
methods include spectrogram, continuous wavelet transform 
coefficients, wavelet packet energies and wavelet entropy. 

 Time-domain methods 

Time-domain methods use linear and nonlinear functions of 
time histories to extract features. Sohn et al. [16]used an auto-
regressive (AR) model to fit the measured time history on a 
structure. Damage diagnoses using X-bar control chart were 
performed using AR coefficients as damage-sensitive features. 
In the AR(n) model, the current point in a time series is 
modeled as a linear combination of the previous n points. 

𝑥(𝑡) = ∑ 𝜑𝑗𝑥(𝑡 − 𝑗) + 𝑒𝑥(𝑡)𝑛
𝑗=1                   (1)                                           
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where x(t) is the time history at time t; φj is the unknown AR 
coefficient; and ex(t) is the random error with zero mean and 
constant variance. The value of φj is estimated by fitting the AR 
model to the time history data. The AR coefficients of the 
model fit to subsequent new data were monitored relative to the 
baseline AR coefficients. The X-bar control chart was used to 
provide a framework for monitoring the changes in the mean 
values of the AR coefficients and identifying samples that were 
inconsistent with the past data sets. A statistically significant 
number of AR coefficients outside the control limits indicated 
that the system was transited from a healthy state to a damaged 
state. 

Principal component analysis and linear and quadratic 
projections were applied to transform the time series from 
multiple measurement points into a single time series in an 
effort to reduce the dimensionality of the data and enhance the 
discrimination between features from undamaged and damaged 
structures. For demonstration, the authors applied the AR 
model combined with X-bar control chart to determine the 
existence of damage on a concrete bridge column as the column 
was progressively damaged. This topic is discussed in detail 
under X-Bar control chart topic [2]. 

 Frequency-domain methods 

Natural frequency-based methods use the natural frequency 
change as the essential feature for damage identification. The 
choice of the natural frequency change is attractive because the 
natural frequencies can be conveniently measured from just a 
few available points on the structure and are usually less 
contaminated by experimental noise. There are two types of 
frequency analysis, the forward identification and the inverse 
identification that can be used for damage identification. Wang, 
Liang and Chan, Tommy H.T. [9] mentioned that although both 
methods use the hypothesis that natural frequencies of a 
structure shifts when the physical properties change, Doebling 
et al., [6,19] pointed out that the frequency shifts had significant 
practical limits for civil structures due to its insensitivity to 
damage unless when there was a severe damage or accurate 
measurement applied. Wei Fan and Pizhong Qiao [8] presented 
a review of these problems which are discussed as follows. 

The Forward Problem: The forward problem in any issue is 
to determine the natural frequency changes of a given structure 
based on damage location and severity, and it serves as a 
theoretical foundation for natural frequency-based methods. 
Gudmundson [20] used an energybased perturbation approach 
and derived an explicit expression for the resonance 
frequencies of a wide range of damaged structure. This method 
can account for a loss of mass in addition to a loss of stiffness. 
Liang et al. [21] addressed the issue of determining frequency 
sensitivity for simply supported or cantilevered beam with one 
crack and developed analytical relationships between the first-
order changes in the eigenfrequencies and the location and 
severity of the damage. This method requires symbolic 
computation of the characteristic equation. Morassi [22] 
showed that the frequency sensitivity of a cracked beam-type 
structure could be explicitly evaluated by using a general 
perturbation approach. Frequency sensitivity turns to be 
proportional to the potential energy stored in the cracked cross-
section of the undamaged beam. Moreover, the ratio of the 
frequency changes of two different modes turns to be a function 
of damage location only. Both Liang’s and Morassi’s methods 

were based on Euler–Bernoulli beam theory and modeled crack 
as a massless, little rotational spring. All of the above 
mentioned three explicit expressions are valid only for small 
defects. Kasper et al. [23] derived the explicit declarations of 
wavenumber shift and frequency shift for a cracked symmetric 
uniform beam. These expressions apply to beams with both 
shallow and deeper cracks. But the exact illustrations are based 
on high-frequency approximation, and therefore, they are 
inaccurate for the fundamental mode and a crack located in a 
boundary-near field. 

Inverse Problem: The inverse problem of this issue is 
determination of damage location and size of a given structure 
based on natural frequency measurement. The study on such an 
inverse problem dates back to 1978, when Adams et al. [24] 
presented a method for detection of damage in a 1D component 
utilizing the natural frequencies of longitudinal vibrations. In 
1997, Salawu [25] presented an extensive review of 
publications before 1997 dealing with the detection of 
structural damage through frequency changes. In the 
conclusion of this review, Salawu suggested that natural 
frequency changes alone may not be sufficient for a unique 
identification of the location of structural damage because 
cracks associated with similar crack lengths but at two different 
locations may cause the same amount of frequency change 
Messina et al. proposed a correlation coefficient termed the 
multiple damage location assurance criterion (MDLAC) by 
introducing two methods of estimating the size of defects in a 
structure. The method is based on the sensitivity of the 
frequency of each mode to damage in each location. ‘MDLAC’ 
is defined as a statistical correlation between the analytical 
predictions of the frequency changes 𝛿f and the measured 
frequency changes ∆f. The analytical frequency change 𝛿f can 
be written as a function of the damage extent vector 𝛿D. The 
required damage state is obtained by searching for the damage 
extent vector 𝛿D which maximizes the MDLAC value: 

𝑀𝐷𝐿𝐴𝐶({𝛿𝐷}) =
|{∆𝑓}𝑇.{𝛿𝑓({𝛿𝐷})}|

2

({∆𝑓}𝑇.{∆𝑓}).({𝛿𝑓({𝛿𝐷})}𝑇{𝛿𝑓({𝛿𝑓({𝛿𝐷})})
   (2) 

Two algorithms (i.e., first and second order methods) were 
developed to estimate the absolute damage extent. Both the 
numerical and experimental test results were presented to show 
that the MDLAC approach offers the practical attraction of only 
requiring measurements of the changes in a few of natural 
frequencies of the structure between the undamaged and 
damaged states and provides good predictions of both the 
location and absolute size of damage at one or more sites. 

 Time-frequency domain methods 

In contrast to the frequency-domain methods, the time-
frequency (or scale) methods can be used to analyze any non-
stationary event localized in time domain. Staszewski et al. [26] 
applied the Wigner-Ville distribution (WVD) to detect local 
tooth faults in spur gears. The authors showed that the visual 
observation of the WVD contour plots could be used for fault 
detection. Dark zones and curved bands in the contour plots 
were the main features of an impulse produced by the fault in 
the spur gear. The changes in features of the distribution were 
used to monitor the progression of a fault. For the sake of 
automatic fault detection, the authors chose the two-
dimensional contour plots of the WVD as patterns, and the 
amplitude values of the contour plots as features. Pattern 
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recognition procedures based on the statistical and neural 
approaches were used for classification of different fault 
conditions [2]. 

4 PATTERN RECOGNITION 
Feature patterns represent different conditions of an analyzed 
structure or machine. The objective of pattern recognition in 
damage detection is to distinguish between different classes of 
patterns presenting these conditions based either on a prior 
knowledge or on statistical information extracted from the 
patterns. Classical methods of pattern recognition use statistical 
and syntactic approaches. 

The portion of the structural health monitoring process that 
has received the least attention in the technical literature is the 
development of statistical models to enhance the SHM process. 
It is very important to assess if the changes in the selected 
features used to identify damaged systems are statistically 
significant or not. Statistical model development is concerned 
with the implementation of the algorithms that analyze the 
distributions of the extracted features in an effort to determine 
the damage state of the structure. The algorithms used in 
statistical model development usually fall into three categories. 
(1) Group Classification, (2) Regression Analysis, and (3) 
Outlier Detection. When data are available from both the 
undamaged and damaged structure, the statistical pattern 
recognition algorithms fall into the general classification 
referred to as supervised learning. Group classification and 
regression analysis are supervised learning algorithms. 
Unsupervised learning refers to class of algorithms that are 
applied to data not containing examples from the damaged 
structure. In general, some form of outlier analysis must be 
applied for unsupervised SHM. Supervised learning methods 
include response surface analysis, linear discriminants, neural 
networks and genetic algorithms. Unsupervised learning 
methods include novelty/outlier analysis, statistical process 
control charts, and simple hypothesis testing. These approaches 
are shown to be very effective for identifying the onset of 
damage, and they are identified as one of the most significant 
improvements since the previous literature review, but these 
approaches only identify the existence of damage. [5] Many 
damage detection methods attempt to identify damage by 
solving an inverse problem, which inevitably requires the 
construction of analytical models. This dependency on a prior 
analytical model, which is often uncertain and not fully 
validated with experimental data, makes these approaches less 
attractive for certain applications. Some researcher tries to 
avoid this dependency on the numerical models by performing 
signal based unsupervised learning. 

The statistical models are typically used to answer a series of 
questions regarding the presence and location of damage. When 
applied in a supervised learning mode and coupled with 
analytical models, the statistical procedures can be used to 
determine the type of damage, the extent of damage, and the 
remaining useful life of the structure. The statistical models are 
also used to minimize false indications of damage. False 
indication of damage falls into two categories: (1) False-
positive damage indication (indication of damage when none is 
present), and (2) False-negative damage indication (no 
indication of damage when damage is present) [1]. 

Another way of solving the inverse problem is the 
employment of neural network approaches. In recent years, 
neural networks have been established as a powerful tool for 
pattern recognition. A neural network can be employed to map 
the inverse relationship between the measured responses and 
the structural parameters of interest. However, almost all of the 
reviewed neural network-based approaches suffer from a single 
common drawback that the training requires a large data sets 
from both the undamaged and damaged structures and such 
data are rarely available from real world structures. [5] A brief 
description of some applications for damage detection is given 
below   

 Fisher’s discriminant 

Fisher’s discriminant is a classification method that projects 
multidimensional feature vectors onto one-dimensional 
subspace to perform classification. The projection maximizes 
the distance between the mean of the two classes while 
minimizing the variance within each class. Farrar et al. defined 
Fisher’s discriminate using data from the vibration tests 
conducted on the columns under both undamaged condition 
and the damage condition of initial yielding of the steel 
reinforcement. The time series were modeled using 
autoregressive estimation referred to as linear predictive coding 
(LPC). Subsequent damage levels were then identified based 
on this same Fisher projection. When Fisher’s discriminant was 
applied to data from both sensors on undamaged and damaged 
columns, there was statistically separation between the LPC 
coefficients for the undamaged cases and damaged cases. 
While increasing damage was not necessarily related to 
increasing Fisher coordinate, all damaged cases had a profile 
significantly different from that of the undamaged case. The 
authors showed a strong potential for using linear discriminant 
operators to identify the presence of damage [13].  X-bar 
Control Chart. Michael L. Fugate, Hoon Sohn, and Charles R. 
Farrar applied statistical process control using control charts in 
an unsupervised learning mode to the vibration test data 
obtained from the bridge column in its undamaged state and 
after various levels of damage have been introduced. 
Acceleration time series were recorded from the vibration tests 
of the bridge column and auto-regressive (AR) prediction 
models were used to fit the time series. Then, control charts 
were constructed using the AR coefficients of the AR model as 
the observation quantities. X-bar and S control charts, 
developed from time histories, were used to monitor the mean 
and variance of residuals, obtained from fitting the AR model 
to the observed acceleration measurements. The upper and 
lower control limits were set to correspond to the 99% 
confidence intervals of a normal distribution. The mean and the 
standard deviation of the normal distribution was derived from 
the AR coefficients of the normal operational condition. After 
the yielding of the concrete rebar was gradually introduced in 
the column, new sets of AR coefficients were computed from 
various levels of damage. These new AR coefficients were 
plotted on the control charts whose limits were set from the 
initial undamaged state of the system. If a significant number 
of the coefficients (at least more than 1% of the coefficients) 
fell out of the limits, either a state of damage or a significant 
change in environmental conditions was reached. Since the 
authors used a third order AR model, there were three control 
charts for each damage level of the column. The authors 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure 

641 

determined that the third AR coefficient was the most sensitive 
to damages in this particular experiment. The core of this 
technique is to establish the lower and upper control limits 
(LCL and UCL) which enclose the variation of the extracted 
damage indicators due to measurement noise with a large 
probability. Once any damage indicator falls outside of the 
enclosure, it will signify the change of the structural condition 
with high probability. The assumption here is that the residuals 
are a damage sensitive feature derived from the measured data. 
The basis for this assumption is that there will be a significant 
increase in the residual errors when an AR model developed 
from the undamaged linear system response is used to predict 
the response from a damaged system exhibiting nonlinear 
response. In this manner, the statistical process control 
procedures are being used only to identify the existence of the 
damage. For long term monitoring a statistical process control 
framework is very attractive. Once a feature of interest has been 
chosen or constructed, the distribution of this feature can be 
estimated and then, automatically, future observations can be 
monitored to see if the feature distribution has changed 
significantly. If a significant change has occurred, a warning 
signal can be sent to the appropriate people [1]. Similar 
previous works were also mentioned by Long Qiao and Asad 
Esmaeily in their paper [2]. 

 Outlier detection 

Sohn et al. [29] employed an outlier analysis based on the 
Mahalanobis distance to monitoring a surface-effect fast patrol 
boat. Three strain time signals were obtained from two different 
structural conditions. Signal 1 and signal 2 were measured 
when the ship was in structural condition 1 while signal 3 was 
measured when ship was in structural condition 2. Two-stage 
time series analysis combining auto-regressive (AR) and auto-
regressive with exogenous inputs (ARX) prediction models 
were used to fit the time signals. The 30-dimensional AR 
parameters were used for the outlier analysis. The training data 
were composed of half of signal 1 and 2. In order to compensate 
for the non-stationarity of the AR parameter sequence, the 
training data and testing data were taken alternately from the 
relevant feature sets. The Mahalanobis squared distance of the 
potential outlier was checked against a confidence threshold of 
99.99%. Any values above this threshold had a less than 0.01% 
probability of arising as a random fluctuation on the normal 
condition set. The results show that there is an extremely clear 
separation between structural condition 1 and structural 
condition 2. All points in the testing set from signal 1 and 2 are 
well below the threshold implying no false-positive indication 
of changes in structural conditions [2]. 

Similarly, for all investigated damage levels by Michael L. 
Fugate, Hoon Sohn, and Charles R. Farrar [1], the control 
charts successfully indicated some system anomaly. The 
strongest indication of damage, as identified by the number of 
points outside the control limits, is associated with damage case 
one. Fewer outliers, compared to the other damage levels, were 
detected for damage levels 4 and 5. Although not rigorously 
verified, it was speculated that this trend in damage indication 
is related to yielding of the rebar. The first damage level 
corresponds to incipient yielding of the rebar. Because of strain 
compatibility, this incipient yielding is accompanied by 
cracking of the concrete. The shaker, which was driven with the 
same input voltage level during each test, is most likely to cause 

nonlinear response associated with the cracks opening and 
closing at this first damage level. At the higher damage levels, 
the rebar has yield significantly. When load is removed from 
the column, this yielding tended to hold the cracks in an open 
configuration during the subsequent dynamic tests. The 
excitation provided by the shaker could not excite the 
nonlinearities associated with cracks opening and closing to the 
same degree when the rebar had yielded significantly. 

The robustness of the proposed control charts against a false-
positive warning of damage was also demonstrated using two 
separate tests. These tests gave no indication that the control 
charts would produce a false-positive indication of damage. 
False-positive indications of damage can arise when the data 
features are correlated. Correlated data lead to the 
underestimation of control limits. The use of residual errors as 
damage sensitive features removed correlation in the data being 
monitored by the control charts. In general, the observation of 
a large number of outliers does not necessarily indicate that a 
structure is damaged but only that the system has varied to 
cause statistically significant changes in its vibration signature. 
This variability could be caused by a variety of environmental 
and operational conditions that the system of interest is subject 
to. Operational and environmental conditions such as wind, 
humidity, intensity and frequency of traffic loading should be 
taken into account, and to the extent possible monitored, for 
applications to full-scale civil engineering infrastructure. 
Statistical process control provides a framework to account for 
these additional sources of variability and is a current focus of 
research for the authors. 

 Bayesian probabilistic approach 

Long Qiao, and Asad Esmaeily [2] summarized the works of 
Sohn and Law [14,16], Vanik et al. [15] and Ching and Beck 
[17,18] on Bayesian Probabilistic Approach in their paper. 
These are described here. 

Sohn and Law [14] used Bayesian probabilistic approach to 
detect the locations and amount of damage in a structure. The 
system stiffness matrix was represented as an assembly of the 
substructure stiffness matrices and a non-dimensional 
parameter was introduced to model the stiffness contribution of 
the 8th substructure. The mass matrix was assumed to known 
and invariant. A uniform probability density function (PDF) 
was assumed for the non-dimensional parameter. The authors 
formulated the relative posterior probability of an assumed 
damage event and applied a branch-and-bound search scheme 
to identify the most likely damage event. The measurement 
noise and modeling error between the structure and the 
analytical model were taken account into the Bayesian 
probabilistic framework. Several examples using a shear frame 
structure, a two-story and a five-story three-dimensional frame 
structure was simulated to demonstrate the proposed method. It 
was found that as long as sufficient modal data sets were 
available, the proposed method was able to identify the actual 
damage locations and amount in most cases. The computational 
cost of the method was significantly reduced by using a branch-
and-bound search scheme. 

Vanik et al. [15] presented a continual on-line structural 
health monitoring (SHM) method, which utilized Bayesian 
probabilistic approach to identify damage indicators from sets 
of modal parameter data in the presence of uncertainties. The 
method required a linear structural model whose stiffness 
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matrix was parameterized to develop a class of possible models 
by grouping the elements of the structural model into 
substructures. Modal data (i.e. frequencies and mode-shapes) 
measured from a structure was used to identify the model 
substructure stiffness parameters. The differences in the 
stiffness parameters estimated from different modal data sets 
were used as indicators of damage. Bayes’ theorem was used 
to develop a probability density function (PDF) for the model 
stiffness parameters conditional on measured modal data and 
the class of possible models. The authors illustrated their 
method with a 10 DOF shear building model that included story 
masses and inter-story stiffness. Using modal data simulated 
from a numerical model, they tested their algorithms with a 
20% stiffness loss in the fifth story. Results were favorable only 
when the damage indicators were based on the current 
monitoring cycle. Any addition of the prior training seemed to 
create an unreal bias towards undamaged states. Sohn and Law 
[16] used Bayesian probabilistic approach to predict the 
location of plastic hinge deformation using the experimental 
data obtained from the vibration tests of a reinforced concrete 
bridge column. The column was statically pushed 
incrementally with lateral displacements until a plastic hinge 
was fully formed at the bottom portion of the column. Vibration 
tests were performed at different damage stage. The proposed 
damage detection method was able to locate the damaged 
region using a simplified analytical model and the modal 
parameters estimated from the vibration tests. Also, the 
Bayesian framework was able to systematically update the 
damage probabilities when new test data became available. 
Better diagnosis was obtained by employing multiple data sets 
than just by using each test data set separately. 

Ching and Beck [17,18] proposed a two-step probabilistic 
structural health monitoring approach, which involved modal 
identification followed by damage assessment using the preand 
post-damage modal parameters based on the Bayesian model 
updating algorithm. The approach aimed to attack the structural 
health monitoring problems with incomplete mode shape 
information by including the underlying full mode shapes of 
the system as extra random variables, and by employing the 
Expectation-Maximization algorithm to determine the most 
probable value of the parameters. The non-concave non-linear 
optimization problem associated with incomplete mode shape 
cases was converted into two coupled quadratic optimization 
problems, so that the computation becomes simpler and more 
robust. The authors illustrated the approach by analyzing the 
IASC-ASCE Phase II simulated and experimental benchmark 
problems. 

 Neural networks 

Many damage detection schemes utilize neural networks to 
detect, localize, and quantify damage in structure and 
machinery. They are powerful pattern recognizers and 
classifiers. Wang, Liang and Chan, Tommy H.T. [1] and Long 
Qiao, and Asad Esmaeily [2] reviewed and summarized these 
methods in their paper which are mentioned here.  

Ritter A & Kirkegaard, [27] evaluated two neural networks 
for damage assessment, namely the multilayer perceptron 
(MLP) network with back propagation and the radial basis 
function (RBF) network and concluded that the MLP network 
demonstrates might be used in connection with vibration-based 
inspection whereas the RBF network completely failed. The 

authors also cautioned that the performance of the RBF 
network was highly dependent on an appropriate selection of 
damage cases used in the training [9]. Chang et al. [28] 
proposed an iterative neural network technique for damage 
detection. “The network was first trained off-line using initial 
training data that contained a set of assumed structural 
parameters, which represented various damage cases, as output 
and their corresponding dynamic characteristics as inputs. A 
modified back-propagation learning algorithm was proposed to 
overcome possible saturation of the sigmoid function and speed 
up the training process. The trained NN model was used to 
predict the structural parameters by feeding in measured 
dynamic characteristics. The predicted structural parameters 
were then used in the FE model to calculate the dynamic 
characteristics.  

Huang & Loh, [30] observed that a nonlinear neural network 
could be regarded as a general type of nonlinear auto-regressive 
moving-average (NARMA) model and discovered that the 
nonlinear model was able to predict the structure’s behavior 
during earthquakes if the network was trained using past 
earthquakes with equivalent peak amplitudes. Choi & Kwon, 
[31] developed a damage detection method for a steel-truss 
bridge based on neural network analysis [9]. 

Fang et al. [32] explored the structural damage detection 
using frequency response functions (FRFs) as input data to the 
back-propagation neural network (BPNN). Various training 
algorithms, such as the dynamic steepest descent (DSD) 
algorithm, the fuzzy steepest descent (FSD) algorithm and the 
tunable steepest descent (TSD) were studied. Numerical 
examples demonstrated that using the heuristic procedure, the 
TSD training algorithm outperformed significantly the DSD 
and FSD algorithms in training effectiveness, efficiency and 
robustness without increasing the algorithm complexity. The 
TSD based neural network was then used as the basis for 
structural stiffness loss 846 Advances in Structural Engineering 
detection on a cantilever beam. The neural network was a three-
layer feed-forward network with 78 input nodes, 40 hidden 
nodes, and 5 output nodes. 30 numerical stiffness loss cases 
were used to train the network. The analysis results show that 
the neural network can assess damage conditions with very 
good accuracy in all considered damage cases [2]. 

Adeli and Jiang [33] presented a dynamic time-delay fuzzy 
wavelet neural network model for nonparametric identification 
of structures using the nonlinear autoregressive moving 
average with exogenous inputs approach. The model integrates 
four different computing concepts: dynamic time delay neural 
network, wavelet, fuzzy logic, and the reconstructed state space 
concept from the chaos theory. Noise in the signals was 
removed using the discrete wavelet packet transform method to 
speed up the training convergence and improve the system 
identification accuracy. In order to preserve the dynamics of 
time series, the reconstructed state space concept from the 
chaos theory was employed to construct the input vector. In 
addition to de-noising, wavelets were employed in combination 
with two soft computing techniques, neural networks and fuzzy 
logic, to create a new pattern recognition model to capture the 
characteristics of the time series sensor data accurately and 
efficiently. The number of fuzzy wavelet neural network nodes 
in the hidden layer was selected by the Akaike’s final 
prediction error criterion.  
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Jeyasehar and Sumangala [34] employed feed-forward 
artificial neural network (ANN) learning by back–approach 
algorithm, to assess the damage in pre-stressed concrete (PSC) 
beams. The post-crack stiffness obtained from the load-
deflection characteristics of the beam and the natural frequency 
of the beam, were used as the test inputs to the ANN. The 
training and test data are generated from the experimental 
results obtained through the static and dynamic tests conducted 
on the damaged and perfect beams. The damage was introduced 
in the beam by electrochemical pitting corrosion to resemble 
natural damage in PSC beams. The efficiency of this damage 
assessment method was studied by testing this ANN with the 
test data of a damaged beam to different levels. It is 
demonstrated that ANN trained with post-crack stiffness and 
natural frequencies is sufficient to predict the damage with 
reasonable accuracy. 

Li and Yang [35] used back-propagation neural network 
(BPNN) to detect damage on a three-span continuous beam. 
The changes of variances (covariance) of structural 
displacements were adopted as input of neural network, and the 
damage status (location and extent) as output of neural 
network. Both single damage case and multi-damage case were 
numerically simulated on the beam, and several steps of 
damage location identification and damage extent detection 
were carried out in each case. 

5 CONCLUSION 
This paper provided an overview of vibration-based damage 
detection methodologies used in structural health monitoring of 
structures to detect, locate, and characterize damage in 
structure and mechanical systems. For a number of structures 
in the real-world, no single method or technique can be utilized 
for either global or localized health monitoring due to their 
different limitations. Therefore, the investigation of 
comprehensive methods is needed in future to keep SHM 
system feasible under more damage patterns and to be more 
practical. Besides, signal processing methods proposed 
recently allow the VBDD methods distinguish the damage 
localization/ patterns in a clear manner and more efficiently. 
These methods examine changes in the features derived 
directly from the measured time histories or their 
corresponding spectra through proper signal processing 
methods and algorithms to detect damage. Based on different 
signal processing techniques for feature extraction, these 
methods are classified into time-domain methods, frequency-
domain methods, and time-frequency (or time-scale)-domain 
methods. Features derived by time-domain methods include 
auto-regressive model, auto-regressive moving average model 
and auto-regressive with exogenous input model. Features 
derived by frequency-domain methods include frequency 
response functions, frequency spectra, and power spectral 
density and FFT magnitudes. Features derived by time-
frequency-domain methods include spectrogram, continuous 
wavelet transform coefficients, wavelet packet energies and 
wavelet entropy. Mostly used pattern recognition techniques 
include fisher’s discriminant, X-bar control chart, outlier 
detection, Bayesian probabilistic approach and neural network. 
Many successful applications demonstrated that different 
damage scenarios can be uniquely identified by these signal-

based features and pattern recognition techniques can enhance 
the accuracy and efficiency of damage detection. 

This comprehensive review provides readers the comparative 
study of different types of damage detection algorithms and 
demonstrates the advantages and validity of some of the 
algorithms and guides researchers and practitioners when 
implementing these damage algorithms in damage 
identification process. From the review, it can be concluded 
that although damage detection, from Level 1 to Level 3, is a 
vital part of the condition assessment of any structures and has 
been investigated by a number of peers, few papers mention the 
SHM systems that have fallen into the structural condition 
assessment (Level 4) based on the interface supported by Level 
1 to Level 3. Therefore, these all prompt an urgent need to build 
comprehensive damage detection approaches and a technical 
condition assessment system for a practical and efficient SHM 
system.  
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ABSTRACT: A look at the worst earthquakes in recorded history, explains even though some buildings withstand catastrophic 
collapses, yet to be demolished due to not conforming to economic resilience demands. Thus, forecasting earthquake-induced loss 
of buildings is crucial for post-earthquake rehabilitation. Recent efforts by the Pacific Earthquake Engineering Research (PEER) 
Center have led to the development of the current generation of Performance-Based Earthquake Engineering (PBEE) approach. 
The PEER-PBEE is an appropriate basis to predict the seismic loss estimation of buildings in terms of repair cost, downtime and 
other decision variables. In this study, to improve the accuracy in seismic performance prediction of buildings, initially, the 
Operational Modal Analysis (OMA) is performed to extract the modal properties of a structure and then, the actual derived 
structural properties are reflected in a Finite Element (FE) model through FE model calibration. Next, the nonlinear time history 
analysis is performed to find the target structural responses in different ground motion records which are scaled for the Montreal 
area. Finally, the seismic resilience analysis based on PEER-PBEE is carried out to evaluate the seismic-induced repair cost and 
repair time. As a result, the calculated damage and loss consequence predictions would be sufficiently precise and accountable to 
be considered for post-earthquake rehabilitation. To investigate the rationality of the proposed methodology, the 16-storey 
Engineering and Visual arts (EV Building) complex of Concordia University is examined as a case study aided by the Structural 
Health Monitoring (SHM) system. Consequently, the result indicates the level of effect that the actual structural responses based 
on sensing measurements, can add to seismic vulnerability assessment of structural and non-structural elements, as well as better 
interpretation of loss consequence predictions and subsequent decision-making process. 

KEY WORDS: Structural health monitoring; Model updating; Performance-Based Earthquake Engineering; FEMA P-58. 

1 INTRODUCTION 
There are numerous studies dedicated to the loss estimation of 
buildings, subjected to an earthquake through characterizing 
the seismic performance of buildings into predicted damages 
and corresponding monetary loss [1], [2]. Among these studies, 
Performance-Based Earthquake Engineering (PBEE) is 
identified as an established approach from its first-generation 
implementation to the current second-generation PBEE, which 
has been pursued by the Pacific Earthquake Engineering 
Research (PEER) Center [3]–[5]. 

2 PEER-PBEE FRAMEWORK 
Further developments in framing and standardizing PEER- 
PBEE methodology led to the development of FEMA P-58 

Seismic Performance Assessment of Buildings [6], a product of 
the Federal Emergency Management Agency (FEMA), that 
estimates the induced-seismic loss of buildings in terms of 
economic losses, downtime, casualties and other decision 
variables at the component-level. The methodology consists of 
four main stages: hazard analysis, structural analysis, damage 
analysis, and loss analysis, as shown in Figure 1, where the 
expression ρ[X|Y] and λ[X|Y] are the probability density and 
occurrence frequency of X respectively for a given Y. Also, to 
incorporate the inherent uncertainties, related to seismic 
performance metrics, the Monte Carlo procedure is employed 
through the various stages of the analysis [3], [7], [8]. 
Following, are the stage-wise highlights of FEMA P-58 

methodology. The first of them is hazard analysis, in which an 
adequate number of ground-motions, compatible to the location 
and the design of the target structure, are selected to articulate 
the probabilistic seismic hazard in each ground motion 
intensity (IM) such as spectral acceleration at the fundamental 
period of the structure (λ[𝐼𝑀]). Subsequently at the second 
stage, i.e., structural analysis, the structural responses are 
determined in the form of selected engineering demand 
parameters (EDPs) at various levels of IM (𝜌[𝐸𝐷𝑃|𝐼𝑀]). 
Considering the global parameters perspective of view, EDPSs 
are normally peak floor accelerations, peak floor velocities and 
peak inter-story drift ratios. The third stage is damage analysis, 
in which the physical damages at the component-level scale are 
quantified through employing the given EDPs in the set of 
fragility functions of structural and non-structural components 
(𝜌[𝐷𝑀|𝐸𝐷𝑃]). The last stage is loss analysis, in which the 
structural performance of the target structure is characterized 
through meaningful decision variables such as repair cost, 
downtime, injuries and fatalities using the distributed damages 
from damage analysis (𝜌[𝐷𝑉|𝐷𝑀]). Since estimating the 
probabilistic seismic performance of buildings explicitly 
incorporates uncertainties into decision-making, Performance 

Assessment Calculation Tool (PACT) is established by FEMA 
P-58 development team, which helps the decision-makers 
evaluate the practicality of a given “D” (design and location) 
based on the acceptance criteria of the PEER-PBEE 
methodology (λ[𝐷𝑉|𝐷]) [1], [5], [6], [9].  
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Figure 1. Overview of PEER-PBEE methodology (top) and its mathematical equation (bottom)

3 PBEE & SEISMIC INSTRUMENTATION 
Although various sources of uncertainties are explicitly 
acknowledged through the process of performance metrics 
quantification in current PBEE methodology, lack of reliable 
knowledge on the actual responses of structures can 
significantly affect the accuracy of the estimated damage and 
corresponding loss consequence predictions. Employing 
seismic instrumentation on buildings not only enhances the 
realization of the actual relationship between response and 
damage but also, reduces the uncertainties in characterizing the 
seismic performance of buildings in terms of predicted 
economic loss, downtime and other relevant decision variables 
[10], [11]. 

4 BACKGROUND STUDIES 
Apart from few studies, which have been conducted over the 
years on the combination of seismic instrumentation of 
buildings and PBEE framework, significant contribution of 
sensor derived data yet, does not seem to be happened in loss 
estimation and PBEE. Two general types of methodological 
approaches are mostly used to mitigate seismic risk and loss 
assessment of instrumented buildings such as model-based and 
nonmodel-based approaches [1], [10], [12].  

[13] was perhaps one of the earliest studies, employing 
nonmodel-based approaches that attempted to identify story 
drift ratios of a 24-story steel-frame building, from the recorded 
accelerations. The FEMA 273-style performance levels such as 
`Operational', `Immediately Occupiable', `Life Safety', and 
`Collapse Prevention' [14] and the associated drift limits were 
then utilized to be compared with the story drift ratios. The 
computation of story drift ratios in [13] was only limited to 
consecutive floors, where sensor instrumentations were 
located. While [10] adopted statistical interpolation and 
resampling techniques on the instrumented responses of two 
reinforced concrete structures during the 1994 Northridge 
earthquake to identify and correlate the EDPs at non-
instrumented floors. Moreover, FEMA P-58 methodology was 
used to benchmark the loss consequence predictions of the 
studied structures with different density of instrumentation. 
Another example of the nonmodel-based approach that 
demonstrated the role of sensing instrumentation in rapid loss 
assessment is [12], where wavelet-based damage-sensitive 
feature (DSF) with minimal information based on building 
geometry was utilized to identify EDPs in the instrumented 

steel frame buildings against the recorded excitation of the 
Northridge seismic event.  

With respect to the model-based approaches, [1] proposed a 
rapid loss estimation approach, based on second-generation 
PBEE, for a reinforced concrete structure against the 
Northridge earthquake. The approach involves a stochastic 
structural model and a nonlinear time-history analysis (THA) 
to account for the uncertainties in the estimated EDPs. A 
Bayesian-updating technique, along with sensor data was used 
by [1] to correlate the distribution of EDPs in the statistical 
structural model with due consideration of the geometric and 
material nonlinearities. Whereas, in this research work, the 
derived EDPs, obtained from the nonlinear THA, are based on 
a calibrated Finite Element Model (FEM), resulting from an 
Operational Modal Analysis (OMA).  

This paper is a state-of-the-art-study, proposing a model-
based loss assessment of instrumented buildings, utilizing the 
combination of OMA and FE model calibration in post-
earthquake damage and loss consequence predictions 
calculated from the FEMA P-58 methodology at a component-
level scale. The 16-storey Engineering and Visual arts (EV 
Building) complex of Concordia University, located in 
Montreal, is chosen to empirically study the role of the 
proposed methodology in improving the accuracy of seismic 
performance prediction of instrumented buildings. 

5 METHODOLOGY 
The ultimate goal of the proposed methodology is to develop a 
model-based loss assessment approach that integrates the 
knowledge from the structural health monitoring (SHM) and 
FEMA P-58 framework. As shown in Figure 2, it contains four 
stages: OMA, FE model calibration, nonlinear THA, damage 
and loss prediction. 

 Stage 1: OMA 

An OMA test is performed, using highly sensitive sensing 
instruments (such as triaxial accelerometers and triaxial 
geophone velocimeters) on the building’s floors. Normally, due 
to the lack of an adequate number of sensors or the enormous 
size of structures, merging techniques are recommended [15], 
[16]. Subsequently, the modal properties of the structure such 
as natural frequencies, mode shapes, and damping ratios are 
extracted (referred as the undamaged state of the building), 
using an ambient vibration system identification technique (SI). 
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Figure 2. Framework of this study. 

 Stage 2: FE model calibration 

At this stage, first, a simplified FE model of the building is 
developed in CSI ETABS software and subsequently, the 
structural elements are calibrated, based on the natural 
frequencies and corresponding mode shapes of the building 
experimentally obtained through OMA. 

 Stage 3: Nonlinear THA 

Initially, an adequate number of ground motions for the given 
earthquake intensity is collected and scaled, based on the 
National Building Code of Canada (NBCC) guidelines and the 
target location. Finally, a nonlinear THA is performed over the 
calibrated FE model of the building to derive the actual 
structural response of the building in terms of EDPs (such as 
peak floor absolute accelerations and peak story drift ratios). 

 Stage 4: Damage and loss analysis 

At this stage, in order to perform the loss analysis based on 
FEMA P-58 procedure, initially, all the vulnerable structural 

and nonstructural building components, along with the 
corresponding fragility and consequence functions are acquired 
from FEMA P-58 collection. This process is also known as 
developing the building performance model. Finally, PACT 
utilizes a set of consequence functions to translate the potential 
physical damages from the fragility curves into performance 
measures, in the form of repair cost and repair time. 

6 CASE STUDY 

 Target Building Specification 

The 16-storey Engineering and Visual arts (EV Building) 
complex of Concordia University is located in Montreal 
(shown in Figure 3). The complex is a combination of two 
reinforced concrete structures (which are partially 
interconnected) with a reinforced structural system of concrete 
shear walls and flat slabs. The taller building is named Gina 
Cody School of Engineering and Computer Science (GCSECS) 
with sixteen operational stories and the total height of 67.25 m 
above the ground, while the other building (Visual Arts tower) 
has eleven operational floors with the total height of 46.75 m 
above the ground. The GCSECS building has the dimension of 
70 m deep and 30 m width, whereas the Visual Arts building is 
40 m x 50 m. Also, it is noteworthy to mention that the 
connection between the buildings, is proved to have adequate 
stiffness to provide semi-structural integrity [17]. 

 

 
Figure 3. Isometric view of the EV Building, Concordia 
University (Source: Google Map). 

 Measurement of Structural Dynamic Response  

A set of three ‘Larzé sensors’ developed by Sensequake Inc 
[18], was placed on the floors with even numbers, starting from 
2nd floor to 10th floor (i.e., 2nd, 4th, 6th and so on) 
simultaneously. Two of them were at the GCSECS building 
and one at the Visual Arts building. Starting from the 11th floor 
to the 16th floor, only two sensors were used, which both were 
placed at Gina Cody School building (only the floors with even 
numbers, i.e., 12th, 14th and so on). Seven sets of sensor setups 
were conducted, using multi-setup merging method (reference 
sensor technique) to capture the response of the structures with 
61 Hz sampling rates in the duration of 14 minutes. Note that 
at each setup, one sensor was fixed at the 16th floor as the 
reference sensor. (more information is provided in [15], [17].)  
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 Output-only System Identification  

In order to identify the dynamic characteristic of structure in 
the absence of measurable input excitation, output-only SI 
techniques are employed. In this study as already provided in 
[17], Frequency Domain Decomposition (FDD) method was 
employed to extract the first three natural frequencies and the 
corresponding mode shapes of EV building. For this matter, 
[17] adopted ‘ARTeMIS Extractor Pro’ software [19], which 
estimates the Singular Value Decomposition (SVD) from the 
Power Spectral Density (PSD) matrices calculated from the 
sensor data, that finally leads to manual selection of modal 
frequency values and the corresponding mode shapes using 
peak picking method. As the result, Table 1 provides the modal 
properties (natural frequencies and the corresponding mode 
shapes) of the building (more information is provided in [17]).  

 

Table 1. Sample table. 

Mode 
shape 

Natural 
frequency 

(Hz) 
Description 

1st Mode 
2nd Mode 
3rd Mode 

0.66 
0.75 
0.83 

Lateral mode in direction Y 
Lateral mode in direction X 

Tortional mode 
 

 FE Model Calibration  

Initially, a simplified FE model of EV building is developed, 
using CSI ETABS software and subsequently, the FE model is 

calibrated to the first three of the experimentally obtained 
natural frequencies. Figure 4 demonstrates the first three mode 
shapes of EV building in ETABS software after the calibration 
process. 

 Nonlinear THA 

At this stage, first eleven pairs of ground motions records are 
collected and scaled to the target spectra defined by NBCC 
2015 for the Montreal (City hall) at the given intensity of 
Maximum Considered Earthquake (MCE) (2% probability of 
exceedance in 50 years). Next, with regards to inputting the 
scaled horizontal ground motions to the corresponding 
directions of the building, (direction X and Y) nonlinear THA 
is performed on the calibrated FE model. Finally, peak floor 
absolute accelerations and peak story drift ratios are obtained 
along both directions as the story-based EDPs. As shown in 
Figure 5, both the mean values and standard deviations (σ) of 
the obtained peak floor absolute accelerations and peak story 
drift ratios of the direction Y are slightly larger than those of 
direction X. Therefore, it is expected that all the drift sensitive 
components parallel to direction Y might be more exposed and 
vulnerable to the potential damage than the similar components 
along the X-direction. 

 Building Performance Model (PACT) 

The first step to perform the damage and loss prediction based 
on FEMA P-58 procedure is to assemble the building 
performance model within the PACT software. This section 
briefly discusses the considered inputs for developing the 
building performance model of EV building. The total 

Figure 4. First three correlated mode shapes of EV building: 1st mode (left), 2nd mode (middle) and 3rd mode (right). 

Figure 5. Structural responses of EV building: Peak floor absolute accelerations (left) and peak story drift ratios (right). 
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replacement cost and time estimated for EV building are ($148 
million) and two years (720 days), respectively. Taking into 
account that (over 700) fragilities and the consequence 
functions provided in PACT are based on Northern California 
region in the year of 2011, Region Cost Multiplier and Date 

Cost Multiplier are utilized to adjust the repair costs to 
Montreal region in 2020. Therefore, according to the RS Means 
Cost Index system, 0.82 and 1.25 are considered to reflect the 
inflation and region effect through Region Cost Multiplier and 
Date Cost Multiplier respectively [20]. Although FEMA P-58 
suggests 40% of the replacement costs as the irreparability 
threshold [6], the Total Loss Threshold in this study is 
considered to be 1.0 to fully estimate the maximum 
consequence information, before being tagged as irreparable. 
Table 2 and Table 3 are showing the descriptions of all the 
common vulnerable structural and non-structural components, 
along with their average PACT values for all stories of EV 
building. The PACT values represent the quantity of the 
vulnerable components in the building according to the unit of 
measures that FEMA P-58 recommended for being used in 
PACT software [6]. In this study, the PACT values for the 
structural components are based on the actual structural system 
of the building, however, Normative Quantity Spreadsheet 
(provided by FEMA P-58 collection) is used to estimate the 
quantity of non-structural components, conditioned on the 
occupancy and the floor area of each story. The peak floor 
absolute accelerations and peak story drift ratios, (driven from 
the non-linear THA performed on the calibrated FE model) are 
applied to the set of fragility functions, corresponding to the 
structural and non-structural components of the building, to 
estimate the probable physical damages. In this study, it is 
assumed that the building experiences neither collapse nor 
residual drift. It is to be noted that similar simplifying 

assumption is already used in previous studies [10]. Therefore, 
the performance measures of the loss analysis would be 
provided in the form of repair cost and repair time. Also, one 
thousand Monte Carlo samples are utilized to stabilize the 
predicted loss analysis result [10], [21]. 

 Seismic Loss Analysis Result 

This section briefly, reviews the seismic-induced loss of EV 
building at the given intensity of Maximum Considered 
Earthquake (MCE) (2% probability of exceedance in 50 years), 
based on FEMA P-58 procedure. Overall, the result indicates a 
slight level of damage, including in both the structural and non-
structural components of the building. However, due to the lack 
of acceptance criteria associated with the distribution of loss 
consequences within FEMA P-58 methodology, one should 
define the criteria associated with each performance measure 
based on the specific application of the structure to evaluate the 
building performance [22]. Therefore, 10th, 50th and 90th 
percentile values (90%, 50% and 10% chances of exceedance, 
respectively) from the cumulative loss distribution of repair 
cost and repair time, (derived from PACT software) are 
benchmarked in this study to demonstrate the seismic-induced 
loss between structural and non-structural components. It is 
noteworthy to mention that any commonality in reported 
damage components within these percentiles, highlights the 
vulnerability of those components in building performance. 
Otherwise, no other comparison is truly sensible between any 
two percentiles itself. Total repair costs and repair time of 10th, 
50th and 90th percentiles are shown in Table 4. Almost in all the 
percentiles, it is notable that, the higher levels of the building 
(from 12th floor onward to 16th floor) may sustain a greater 
portion of damage and loss compared to the lower levels. 

Table 2. Structural component fragilities used in PACT model. 

 

Table 3. Non-structural component fragilities used in PACT model 

Structural component type Fragility classification number PACT value Demand parameter 
Concrete shear wall 

Flat slab-column joint 
B1044.021 

B1049.042b 
13.29 

57 
Story Drift Ratio 
Story Drift Ratio 

Non-structural component type Fragility classification number PACT value Demand parameter 
Curtain wall 

Wall partition  
Wall partition  
Wall partition  

Suspended ceiling 
Pendant lighting 
Traction Elevator 
Hot Water Piping 
Hot Water Piping 
Sanitary Piping 
HVAC ducting 
HVAC ducting 
HVAC drops 
(VAV) box 

Fire sprinkler water piping 
Fire sprinkler drop 

Bookcase 
Lateral Filing Cabinet 

B2022.002 
C1011.001a 
C3011.001a 
C3011.002a 
C3032.001d 
C3034.001 
D1014.011 
D2022.012a 
D2022.022a 
D2031.022a 
D3041.011b 
D3041.012b 
D3041.031b 
D3041.041b 
D4011.022a 
D4011.032a 
E2022.105b 
E2022.125b 

225 
20.71 
3.14 
3.14 

14.94 
124 

8 
5.23 
1.83 
2.31 
3.05 
0.81 

36.54 
20.3 
8.12 
3.65 

81.21 
32.48 

Story Drift Ratio 
Story Drift Ratio 
Story Drift Ratio 
Story Drift Ratio 

Acceleration 
Acceleration 
Acceleration 
Acceleration 
Acceleration 
Acceleration 
Acceleration 
Acceleration 
Acceleration 
Acceleration 
Acceleration 
Acceleration 
Acceleration 
Acceleration 
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Concerning to Figure 6, it could be concluded that the total 
repair cost in the 10th percentile (100th largest cost among the 
1,000 realizations) is only caused by non-structural 
components. Also, the 50th percentile (500th largest cost) has a 
higher portion of repair cost in the non-structural components 
than the structural components. On the other hand, the repair 
cost is dominated by the structural components in the 90th 
percentile (900th largest cost). With regards to the 
decomposition of the total repair cost, the wall partition 
(includes both the wall partitions and the wall finishes) is the 
only category of the non-structural components that sustains 
the total repair cost in the 10th percentile. However, various 
structural and non-structural components contributed to the 
total repair cost in the 50th and 90th percentiles. Overall as it is 
shown in Figure 7 and Figure 8, the majority of the contribution 
to the total repair costs in the 50th and 90th percentiles come 
primarily from wall partitions, flat slab-column joints and 
concrete shear walls. In the other words, the flat slab-column 
joint and the wall partition are the most contributed structural 
and non-structural categories, respectively to the total repair 
cost in these percentiles.  With regards to the 50th percentile, 
among all categories of the components, wall partitions 
significantly dominate the total repair cost, whereas the curtain 
walls have the least contribution. Also, nearly a third of total 
repair cost is distributed among the structural components, 
which shows the significant vulnerability of non-structural 
components to the induced damage in the 50th percentile. With 
regards to the building performance in the 90th percentile, more 
than half the total repair cost comes from the structural 
components (flat slab-column joints and concrete shear walls) 
while the remaining part is mostly dominated by wall partitions 
and suspended ceilings at around 32%. Moreover, a tiny 
minority of the total repair cost comes from the contribution of 
HVAC drops (1.59%), HVAC metal ducting (0.09%), fire 
sprinkler water piping (0.05%), fire sprinkler drop (0.05%), 
sanitary waste piping (0.04%) and pendant lighting (0.01%), 
which are not visible in Figure 8.  

Table 4. Total repair cost & repair time (percentile-based). 

Percentile Total repair 
cost (CAD $) 

Total repair 
time (days) 

10th  
50th  
90th  

170,000 
1,000,000 

15,000,000 

2 
10 

153 
 

 
Figure 6. Participation of the structural and non-structural 
components in the total repair cost. 

 
Figure 7. Decomposition of the total repair cost in the 50th 
percentile. 

 

 
Figure 8. Decomposition of the total repair cost in the 90th 
percentile. 

 

7 SUMMARY & CONCLUSION 
The current study proposes a model-based approach using 
ambient vibration modal identification to obtain seismic loss 
assessment of instrumented buildings. The proposed 
framework determines and translates the actual seismic 
performance of buildings, through the combination of OMA 
and FE model calibration, into potential damage, loss and 
corresponding performance metrics (such as repair cost and 
repair time), based on FEMA P-58 procedure. The 16-storey 
building complex of Concordia University, named Engineering 
and Visual arts building (EV Building) is used to validate the 
proposed methodology under an output-only measurement test, 
using multi-setup merging method (reference sensor 
technique). It was found that at the given intensity of Maximum 
Considered Earthquake (MCE), the repair costs associated with 
an average or relatively high probability of non-exceedance are 
mainly caused by damage of non-structural components, 
whereas structural components dominated the repair costs 
associated with a relatively low probability of non-exceedance. 
Also, flat slab-column joints and wall partitions are identified 
as the most contributed structural and non-structural categories, 
respectively to the total repair cost. 
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ABSTRACT: In Structural Health Monitoring (SHM), damage-sensitive features are difficult to define prior to
operation. By considering the data recorded from similar systems, a population-based approach can be used
to share information, extending the data used to extract damage-sensitive features. This work suggests that
pseudo-faults (simulated experimentally, at a low-cost) might be used to inform feature extraction, to define
features that are sensitive to real damage within populations of systems (in-the field).

KEY WORDS: Damage detection; Feature extraction; Sparse Bayesian Learning; Vibration-based monitoring.

1 INTRODUCTION

The definition of damage-sensitive features remains
difficult within structural monitoring regimes. Often,
the data recorded from operational systems are sensitive
to benign variations in the environment (confounding
influences [1]) that mask less significant variations due
to damage. To further complicate feature-extraction,
representative damage data are rarely available prior
to the actual monitoring regime – instead, the signals
become available in real-time, in situ, during operation.
Consequently, damage-sensitive features must be de-
fined in a unsupervised manner: in the absence of any
‘real’ damage data.

This work suggests a combination of two frameworks
to define damage-sensitive features without ‘real’ dam-
age data: (i) population-based methods [2–4], consider-
ing groups of similar systems together, and (ii) pseudo-
fault data [5] – utilising damage data that are simulated
experimentally, at a low cost.

1.1 Pseudo-Faults for Novelty Detection in PBSHM

A multi-task learning model [6] (Section 2) is consid-
ered here in two steps: (i) initially, the data from simi-
lar structures are projected into a shared latent space,
where normal and pseudo-damage data are (linearly)

separable; (ii) following projection, a single one-class
classifier is inferred, which is used to flag the pseudo-
damage data as outlying (for all structures); a visual
representation is presented in Figure 1.

The method is applied to an experimental dataset,
consisting of vibration-based measurements from a pop-
ulation of four aircraft tailplanes. The results illustrate
that pseudo-damage data can inform novelty detection
in the absence of ‘real’ damage data (a priori) for a
population of structures. Further experiments are re-
quired, however, to test if the pseudo-fault framework
could be used to define features for practical examples
of damage.

2 MULTI-TASK LEARNING

Multi-task learning is a mechanism for inductive trans-
fer [7] which improves generalisation by utilising the
information in training data across a number of domains
for related tasks [8]. Typical frameworks will learn the
tasks in parallel for some shared representation over
domains.

In the context of damage detection for population-
based SHM, the related task is (usually) novelty detec-
tion, while distinct domains are associated with each
structure. In the proposed method, the multi-task

1
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X

H

Figure 1: Multi-task learning for (damage-sensitive)
feature extraction. Normal data are represented by
solid ellipses, damage data are represented by dashed
ellipses. In the original feature-space, X, the novel data
are inseparable; in the latent space, H, the normal and
novel data are linearly separable (for all structures).

learner extracts damage-sensitive features, by defining a
latent-space H where the normal and novel population
data are (linearly) separable (for a total of T structures).
In the separable feature space (H) a shared model can
be learnt for the normal-condition data across the pop-
ulation (this is visualised in Figure 1 for a group of
T = 2 structures). The shared model is a common rep-
resentation of the normal-condition, i.e. the population
form [2].

For T structures, each is associated with a domain
D = {X , p(X)}: consisting of a feature space X and
a marginal probability distribution p(X) [7]. A task
T = {f(·),Y} consists of a predictive function f and an
associated label space Y . The training data are a finite
sample of feature (observation) data X = {xi}ni=1 ∈
X and corresponding labels y = {yi}ni=1 ∈ Y from
each domain. Here, considering novelty detection Y =
{−1,+1}, where −1 corresponds to normal observations,
and +1 corresponds to outliers (novelty).

3 TAIL-PLANE PSEUDO-FAULT CASE STUDY

The experimental data concern a population of four
wing structures (T = 4) from two tailplanes. Each
tailplane was removed from one (of two) aircraft, and
the elevators and wing-tips were removed; the planes
were cut in half to create four wing structures, shown

Figure 2: Arrow tailplane wings: A1 (port) and A2
(starboard).

Figure 3: Cherokee tailplane wings: C1 (port) and C2
(starboard).

in Figures 2 and 3. Two structures, referred to as A1
and A2, correspond to wings from a Piper PA-28 Arrow,
while structures B1 and B2 correspond to wings from a
Piper PA-28 Cherokee. All wing sections have the same
airfoil (NACA0012) and chord (0.76m); however, the
span of the Cherokee tailplane was 3.62m long, while the
Arrow tailplane was 2.75m long. Following PBSHM ter-
minology [2–4], each tail-plane pair represents a weakly
homogeneous group, while the collected population of
four wings is a heterogeneous group.

3.1 Problem set-up

A domain is associated with each wing {D1, . . . ,D4}.
The related task T (across all domains/structures) is
novelty detection: i.e. classifying measurements as inly-
ing (normal FRFs) or outlying (pseudo-fault FRFs). To
define an outlier analysis problem [9], pseudo-outliers
(or artificial outliers [10]) are generated for each domain
by fixing a (104g) mass to the main stiffener of each
wing [11]. In consequence, the artificially-generated
outliers correspond to 2.2% increase in mass for wings
A1/A2, and a 1.5% increase for wings C1/C2.

The structures were hung via springs, to approximate
free-free boundary conditions. White Gaussian excita-
tion was applied to the lower surfaces via an electrody-
namic shaker. In multiple tests [11], a grid of 65 FRFs
were recorded from the A wings and 75 FRFs for the C
wings using piezoelectric uniaxial accelerometers. The
response locations are mirrored between port/starboard
sides. More response locations were recorded for the
C wings because of the increased surface area. The

2
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Hv FRF estimator [12] was used throughout, and the
number of averages for each experiment was 40. All
measurements in the modal analysis had a frequency
bandwidth of 0-512Hz and a frequency resolution of
0.125Hz (4097 frequency bins). After modal testing
of each structure (LSCF/PolyMAX [13]) masses were
added (to collect the pseudo-outliers), and the tests
were repeated [11].

3.2 Dataset

The summed FRFs for each wing are used as a
frequency-domain feature. To generate multi-task learn-
ing data, observations are re-sampled from the FRFs
via a Monte-Carlo (MC) method [14]. The MC method
iterates the following steps: (i) a sample is taken from
the uncertain FRF1 at each response point, (ii) the sam-
ples are summed and then stored. Steps (i) and (ii) are
repeated for an appropriate number of iterations, then
the sample mean and standard deviation are calculated
from the batch of summed FRFs.

In each domain, 100 observations are sampled from
the normal and pseudo-fault (summed) FRFs between
100-180Hz (640 frequency bins) to define 200 samples
in each domain: i.e. 100 observations of inlying and
outlying data. 60% of the data are used for training,
while the remaining 30% define an independent test
set. The training data in domains t ∈ {1, . . . , T} are
denoted,

{Xt,yt} = {x(t)
i , y

(t)
i }nt

i=1

where nt = 120 ∀ t ∈ {1, . . . , T}. Observations are
640-dimensional xi ∈ R

640 (frequency bins) while the
labels are yi ∈ {−1,+1} where {−1} corresponds to
normal FRFs, and {+1} corresponds to the (pseudo)
outliers2. The data are visualised via Principal Compo-
nent Analysis (PCA) [14] in Figures 4a and 4b.

Basic PCA projections indicate that the data suf-
fer from masking, such that the pseudo-damage data
(outliers) are indistinguishable from the normal data (in-
liers). Additionally, domain-shift for the normal clusters
can be visualised (somewhat) by the PCA projection
for the stacked data, Figure 4b. Domain shifts (or con-
cept drift) highlight that some alternative features are

1The deviation over the empirical FRF is estimated using [15]
and then increased by a large factor (30) to define a challenging
classification problem with mixed/confused clusters.

2To avoid cluttered notation, domain scripts t are omitted
from observations and labels.
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(b) PCA of the stacked domain data.

Figure 4: Principal component projections of the data.

required to make the normal data comparable over the
population.

To define a shared representation of the data that
is novelty sensitive, a multi-task feature extraction is
applied through KBTL.

4 KERNELISED BAYESIAN TRANSFER LEARN-
ING (KBTL) FOR FEATURE EXTRACTION

Kernelised Bayesian transfer learning (KTBL) [6] is
used here as a multi-task learner for feature extraction.
In previous work [16, 17], the KBTL algorithm has
been used for transfer learning, concerning damage-
classification.

In general terms, the objective of the method is to
define a shared feature-space where the normal and
(pseudo) outliers data are (linearly) separable for all
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Figure 5: Visualisation of KBTL – adapted from [6].

structures, as illustrated in Figure 1. Following [3],
each novelty detection task is associated with an i.i.d
training set {Xt,yt}. Each domain has a specific ker-
nel function kt(·, ·) to determine the similarities be-
tween observations, in turn, this defines a kernel matrix3

Kt[i, j] = kt (xi,xj) such that Kt ∈ R
nt×nt .

Figure 5 presents the KBTL algorithm visually. The
model can be considered in two steps: (i) the first
projects data from different tasks into a shared subspace
using kernel-based dimensionality reduction, (ii) the
second performs coupled binary classification in the
shared subspace (to ensure separability between normal
and novel data) using common classification parameters.
In terms of notation, the kernel embedding for each

domain Kt is projected into a shared latent subspace by
a projection matrix At ∈ R

nt×R where R is the dimen-
sionality of the subspace. Following projection, the rep-
resentation of the domain data Kt in the latent-space

is
{
Ht = A�

t Kt

}T

t=1
. Here, a coupled discriminative

classifier is inferred for the collected data (projected
from each domain)

{
ft = H�

t w + 1b
}T

t=1

i.e. the same set of parameters {w, b} define the related
task for all domains.
In a Bayesian manner, prior distributions are asso-

ciated with the model parameters. For the projection
matrices At there is an nt × R matrix of priors, de-
noted Λt. For the weights of the coupled classifier, the

3Square bracket notation is used to index matrices and vectors.

Λt At

HtKt

yt

ft

w η

b γ

αλ

βλ

ν
βγαγ

βη

αη

t = 1 : T

Figure 6: Directed graphical model for binary classifi-
cation KBTL.

prior is η, and for the bias b the prior is γ. These
are standard priors given the parameter types in the
model – for details refer to [6]. The collected priors
are Ξ = {{Λt}Tt=1, η, γ} and the latent variables are
Θ = {{Ht,At, ft}Tt=1,w, b}; the observed variables (ker-
nelised training data) are given by {Kt,yt}Tt=1. The
Directed Graphical Model (DGM) in Figure 6 high-
lights the variable dependences and the associated prior
distributions.

Distributional assumptions are summarised briefly,
further details can be found in [6]. The prior for the el-
ements At[i, s] of the projection matrix are (zero mean)
normally distributed with variance Λt[i, s]

−1; in turn,
the prior over Λt[i, s] is Gamma distributed. It then
follows that the observations are normally distributed
in the latent space with variance σh, i.e. Ht[s, i].

For the coupled classifier, the prior of the bias b is
assumed to be (zero mean) normally distributed, with
variance γ−1, where γ is Gamma distributed. Similarly,
the weights w[s] are (zero mean) normally distributed,
with variance η[s]−1, where η[s] is Gamma distributed.
The functional classifier ft[i] is assumed to be Gaussian
distributed. The label predictive equations are given by

p(y
(t)
∗ | f (t)

∗ ): passing f
(t)
∗ through a truncated Gaussian,

parametrised by ν, which defines the margin. The
prior definitions allow for sparsity to be induced4 in the
projection matrix At, from the kernel matrix Kt onto
the latent subspace Ht.

The hyperparameters associated with these assump-
tions are shown in the DGM, Figure 6. To infer the pa-

4Sparsity can also be induced in the weight vector w, although
this is less useful when R = 2.
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rameters of the model, approximate inference is required.
Following [6], a variational inference scheme is used; this
utilises a lower bound on the marginal likelihood, to
infer an approximation, denoted q, of the full joint dis-
tribution of the parameters p(Θ,Ξ | {Kt,yt}Tt=1) of the
model. To achieve this, the posterior distribution is
factorised as follows,

p
(
Θ,Ξ | {Kt,yt}Tt=1

)
≈ q(Θ,Ξ) . . .

=

T∏
t=1

(q(Λt)q(At)q(Ht)) q(γ)q(η)q(b,w)

T∏
t=1

q(ft) (1)

Each approximated factor is defined as in the full con-
ditional distribution [6]. The lower bound can be opti-
mised with respect to each factor separately, while fixing
the remaining factors (iterating until convergence).

5 RESULTS

The hyperparameters of the model are set such
that αλ = βλ = αη = βη = αγ = βγ = 1 (as
in [6]) while σh = 0.2 and ν = 1. The dimension
of the shared latent space is R = 2 to aid visualisa-
tion. The radial-basis function is is used for the kernel
k(xi,xj) = exp

{
1
2l2

|| xi − xj ||2
}
, with length scale l

set according to the median heuristic [18].
The latent subspace {Ht}Tt=1 successfully represents

the tailplane population data such that pseudo-damage
and the normal-condition are (linearly) separable, as
plotted in Figure 7. The KBTL subspace offers two
significant improvements over the conventional (domain-
wise) feature extraction (PCA, Figure 4):

(i) Similar data distributions (from different struc-
tures) are harmonised, such that a shared model
can be learnt over the population, extending the
data available for training.

(ii) Feature extraction is automatic, maximising the
(linear) separability of the normal and psuedo-
damage data (rather than the variance of the pro-
jected data, as in PCA).

Comparisons between data representations in Figures 4
and 7 should make these distinctions clear.
Interestingly, observations from the C1 and C2 ap-

pear to lie closer to the boundary than A1 and A2,
particularly for the normal data. Confusion between
these normal/novel data makes sense physically, as the

(a) Training data: left – predicted labels; right – ground truth.

(b) Test data: left – predicted labels; right – ground truth.

Figure 7: Shared (latent) representation E[Ht] of the
population data, the pseudo-fault and normal data are
linearly separable.

mass difference for the C planes was less significant
(1.5% compared to 2.2%); thus, the change in vibration
characteristics is less distinct, leading to less separable
groups in the feature-space.

5.1 Modelling the coupled normal-condition: the Form

To characterise the shared normal-condition (i.e.
the form [2]) the underlying data distribution is
approximated with bi-variate Gaussian distribution
N (μH ,ΣH). As the latent representations Ht are su-
pervised, the parameters can be estimated from the
expected values of the normal-condition (training) data
in the latent space. This approximation is plotted
in Figure 8, which shows the normal-condition model,
alongside the deviation of test data from the normal-
condition, quantified by the Mahalanobis-Squared-
Distance (MSD) [9]. The MSD measures of discor-
dancy successfully show that the normal test data (from
all structures) are inlying, while the pseudo-fault data
(from all structures) are outlying.

5
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Figure 8: Gaussian approximation of the normal pop-
ulation data. Left: training data with mean (+) and
two/three-sigma covariance ellipses. Right: discordancy
measures for the test data — pseudo-fault data correctly
show higher measures of discordancy in each domain.

6 CONCLUDING REMARKS

Considering the incompleteness of SHM data, partic-
ularly damage-condition measurements, a pseudo-fault
methodology has been applied within a multi-task learn-
ing framework for population-based SHM. Pseudo-faults
(simulated experimentally and at a low cost) have been
utilised for feature extraction, to define a shared repre-
sentation of the normal-condition for a group of simi-
lar tail-plane structures (vibration-based experiments).
Given the latent representation of data, outlier-analysis
is applied to model the shared normal-condition over
the population (i.e. the population form).

The current model assumes that future outliers will
deviate in a similar fashion to the pseudo-outliers. In
other words: novel data will remain separable based on
the linear classifier – this may prove unrealistic. An
alternative method for multi-task feature extraction
should consider the novelty-detector itself at the base of
the multi-task learner (rather than a sequence of KBTL,
followed by outlier analysis); Normalising Flows [19]
suggest one solution.

6.1 Alternative domains: new sources of information

Interestingly, pseudo-fault data from alternative (low-
cost) domains can be included within the multi-task
learner; Finite Element Modelling (FEM), for example.
This might work towards more holistic modelling of
various information sources in monitoring regimes, via
a multi-task learning paradigm.
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ABSTRACT:
Transfer learning, in the form of domain adaptation, seeks to overcome challenges associated with a lack of available
health-state data for a structure, which severely limits the effectiveness of conventional machine learning approaches to
structural health monitoring (SHM). These technologies seek to utilise labelled information across a population of structures
(and physics-based models), such that inferences are improved either for the complete population, or for particular target
structures; enabling a population-based view of SHM. The aim of these methods is to infer a mapping between each member of
the population’s feature space (called a domain) in which a classifier trained on one member of the population will generalise
to the remaining structures. This paper seeks to introduce a domain adaptation method for population-based structural
health monitoring (PBSHM) that is formed from a Gaussian mixture model (GMM). The method, the domain-adapted
Gaussian mixture model (DA-GMM), seeks to infer a linear mapping that transforms target data from one structure onto a
Gaussian mixture model that has been inferred from source domain data (from another structure). The proposed model is
solved via an expectation maximisation technique. The method is demonstrated on three case studies: an artificial dataset
demonstrating the approach’s effectiveness when the target domain differs by two-dimensional rotations, a population of two
numerical shear-building structures and a population of two bridges, the Z24 and KW51 bridges. In each case study, the
method is shown to provide informative results, outperforming other conventional forms of GMM (where no target labelled
data are assumed available), and provide mappings that allow the effective exchange of labelled information from source to
target datasets.

KEY WORDS: Population-Based Structural Health Monitoring, Domain Adaptation, Domain-Adapted Gaussian Mixture
Model

1 INTRODUCTION

Data-based approaches to structural health monitoring
(SHM) are often limited by the range of available labelled
health–state data in training. This lack of available health-
state data means that most approaches are limited to nov-
elty detection, or only being able to identify previously-seen
health-states on a structure. Population-based structural
health monitoring (PBSHM) is a branch of SHM that seeks
to overcome these challenges by expanding the set of avail-
able labelled health-state data, by considering a population
of structures [1–3]. By pooling together datasets from a
population, there is likely to be more labelled information
available and an increase in the potential to diagnose more
health-states of interest.

A significant challenge in adopting PBSHM is that the fea-
ture spaces between structures will not be aligned; this will
occur for several reasons. Firstly, the structures themselves
can be different, whether because of manufacturing variations
in homogeneous populations (i.e. nominally identify struc-

tures) [1–3] or because the population is heterogeneous [1–3].
Secondly, issues arise because the monitoring setup is not ex-
actly equivalent for each member of the population. Thirdly,
the environmental and operational conditions for each mem-
ber of the population are different, meaning each member
of the population may be observing a different part of the
feature space. These shifts in the feature space (also known
as domain shift) mean that labelled data cannot be näıvely
shared by directly applying a classifier trained on one mem-
ber of the population to other members. Instead, a mapping
must be inferred between the feature spaces such that a
classifier can be inferred on a harmonised dataset that will
generalise between all members of the population.

Transfer learning, and more specifically domain adaptation,
is a branch of machine learning that aims to achieve this
goal of identifying a mapping between different domains (i.e.
different feature spaces) [4, 5]. By inferring a mapping that
harmonises these domains based on some criteria (typically
using statistical distances [6–11] and/or manifold assump-
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tions [10,12]), a classifier can be inferred for a source domain
where labelled information is known, and be applied to unla-
belled target domains. Several domain adaptation methods
have been used within the SHM literature, with most fo-
cusing on identifying a latent space where the two datasets
are harmonised [6–14]. The majority of the approaches are
deterministic in nature, and utilise a distance metric in order
to infer the mapping. This paper takes a different viewpoint,
instead seeking to infer a mapping from the target domain
directly onto the source domain (rather than to a latent
space). In addition, the method outlined in this paper uses
a maximum likelihood criteria in order to infer the mapping.
The method outlined in this paper, named the domain

adapted-Gaussian mixture model (DA-GMM), is an extension
of work proposed by Paaßen et al. [15] that inferred a linear
mapping between a fully-labelled target dataset and a source
Gaussian Mixture Model. The novelty in this paper is that
the method has been extended to the scenario where the
target is unlabelled (and even the scenario where the source
is unlabelled as well). This makes the approach practical
for PBSHM scenarios, with the method demonstrated on
three case studies: an artificial dataset, a population of two
numerical shear-building structures, and the Z24 [16] and
KW51 [17] bridge datasets.

The outline of this paper is as follows. Section 2 introduces
the DA-GMM and the expectation maximisation algorithm
used to solve the model. An artificial dataset is introduced
in Section 3 in order to demonstrate the flexibility of the
linear mapping in the context of two-dimensional rotations.
A case study inferring the mapping between a population
of two numerical shear-building structures is presented in
Section 4, where the approach is benchmarked against several
other GMM models. In Section 5, the method is applied in
a completely unsupervised manner between two bridges, the
Z24 and KW51. Finally, conclusions are drawn in Section 6.

2 DOMAIN ADAPTED-GAUSSIAN MIXTURE MODEL

The Domain Adapted-Gaussian Mixture Model (DA-
GMM), an extension of the work by Paaßen et al. [15], seeks
to learn a mapping from a target dataset onto a Gaussian
Mixture Model (GMM) learnt in a supervised manner from a
labelled source domain dataset {Xs,ys} (where Xs ∈ R

D×Ns

and ys ∈ R
1×Ns). Specifically, the approach seeks to learn

a linear mapping via a projection matrix H ∈ R
D×D that

transforms the distribution of the unlabelled target feature
data Xt ∈ R

D×Nt such that the likelihood of the trans-
formed data X̂t = HXt ∈ R

D×Nt being generated by the
k-component source GMM is maximised. The underlying
distribution of transformed target data is therefore assumed
to be defined by a k-component mixture model, where each
of the k components is defined by a Gaussian distribution,

p(x̂
(i)
t | z(i) = k) = N (Hx

(i)
t | μ(k)

s ,Σ(k)
s ) (1)

where k indexes the class group k ∈ {1, . . . ,K}, and the mean

μ
(k)
s and covariance Σ

(k)
s of each component are defined by

the supervised source domain GMM (and hence fixed in the
following inference).
The latent variable that governs the mixture z(i) ∈

{1, . . . ,K} is categorically distributed such that,

P (z(i) = k) = π(k) (2)

and
∑K

k=1 π
(k) = 1, where π = {π(1), . . . , π(k)} define the

mixing proportions.
The posterior probability of each class given a transformed

data point is,

p(z(i) = k | x̂(i)
t ) =

p(x̂
(i)
t | z(i) = k)P (z(i) = k)∑K

k=1 p(x̂
(i)
t | z(i) = k)P (z(i) = k)

(3)

p(z(i) = k | x̂(i)
t ) =

π(k)N (Hx
(i)
t | μ(k)

s ,Σ
(k)
s )∑K

k=1 π
(k)N (Hx

(i)
t | μ(k)

s ,Σ
(k)
s )

(4)

where p(z(i) = k | Hx
(i)
t ) = r(i,k), aptly named the responsi-

bility matrix.
Parameter inference can be performed for the projection

matrix H as well as the mixing proportions for the trans-
formed target data π using a maximum likelihood approach.
The log likelihood of the projected target data given the
parameter set θ = {H,π} is defined as,

log p(X̂t, Z | θ) =
N∑

n=1

log

K∑
k=1

π(k)N (Hx
(i)
t | μ(k)

s ,Σ(k)
s ) (5)

which can be maximised using Expectation Maximisation
(EM).

The auxiliary function Q (the expected complete data log
likelihood) is,

Q(θ,θ0) = EZ|X̂t,θ0

[
log p(X̂t, Z | θ)

]
(6)

Q(θ,θ0) =
∑
Z

p(Z |X̂t θ0) log p(X̂t, Z | θ) (7)

Q(θ,θ0) =
N∑
i=1

p(z(i) |x̂(i)
t θ0)

K∑
k=1

I(z(i) = k)

log
[
π(k)N (Hx

(i)
t | μ(k)

s ,Σ(k)
s )

]
(8)

where p(z(i) |x̂(i)
t θ0)I(z(i) = k) = p(z(i) = k | x̂(i)

t ) = r(i,k).
This expression simplifies to,
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Q(θ,θ0) =
N∑
i=1

K∑
k=1

r(i,k)

(
log

[
π(k)

]
+ log

[
N (Hx

(i)
t | μ(k)

s ,Σ(k)
s )

])
. (9)

The auxiliary function can be maximised with respect to
the mixing proportions π analytically, by adding a Lagrange
multiplier (to ensure that

∑K
k=1 π

(k) = 1) and setting the
partial derivative to zero,

π(k) =
1

N

N∑
i=1

r(i,k). (10)

The maximisation step with respect to the projection
matrix H only requires maximising the part of the auxiliary
function dependent on H,

max
H

N∑
i=1

K∑
k=1

r(i,k) log
[
N (Hx

(i)
t | μ(k)

s ,Σ(k)
s )

]
(11)

which can be expanded to,

max
H

=

N∑
i=1

K∑
k=1

r(i,k) log
[
(2π−

n
2 |Σ(k)

s |− 1
2 )
]

×−1

2
(Hx

(i)
t − μ(k)

s )T (Σ(k)
s )−1(Hx

(i)
t − μ(k)

s ) (12)

where the constants with respect toH can be omitted, leading
to the minimisation of a weighted quadratic error,

min
H

=

N∑
i=1

K∑
k=1

r(i,k)(Hx
(i)
t −μ(k)

s )T (Σ(k)
s )−1(Hx

(i)
t −μ(k)

s )

= EQ(H). (13)

It can be shown that EQ(H) is convex [15], and the gradient
is,

∇HEQ(H) = 2

K∑
k=1

(Σ(k)
s )−1

N∑
i=1

r(i,k)(Hx
(i)
t −μ(k)

s )x
(i)
t

T

(14)

meaning the maximisation step with respect to H can be
solved using a gradient-based optimiser. In the case where
Σk = Σ ∀k, the projection matrix H can be found in closed
form as,

H = MRXT
t (X

T
t Xt)

−1 (15)

where M =
[
μ(1), . . . ,μ(k)

]
∈ R

D×K and R(i, k) = ri,k,
where R ∈ R

K×N . This result is similar to a least squares
solution for a multiple output linear regression. This therefore
leads to the possibility of extending the mapping to being
nonlinear and adding a prior over H . The algorithm is shown
in Algorithm 1.

Algorithm 1 DA-GMM

1: {μ(k)
s ,Σ

(k)
s }Kk=1 = GMM(Xs, ys,K)

2: E ← ∞, H ← H0, π(k) ← 1/k ∀ k ∈ K

3: while true do

4: E-step

5: for i = 1 : N do
6: for k = 1 : K do
7: r(i,k) = Eqn. 4
8: end for
9: end for

10: M-step

11: for k = 1 : K do
12: π(k) = Eqn. 10
13: end for
14: H = minH EQ(H) � Using Eqn. 13
15: E′ = EQ(H)

16: Convergence check

17: if |E − E′| < ε then return H
18: end if
19: E ← E′

20: end while

3 ARTIFICIAL DATASET

In order to demonstrate the capability of the linear trans-
form H in the DA-GMM, an artificial dataset is utilised.
The dataset consists of four, two-dimensional Gaussian com-
ponents, as stated in Table 1. The source dataset was ob-
tained by directly sampling from these distributions Xs = X,
whereas the target data was created by applying a rotation
to the data obtained from these distributions i.e, Xt = HX,
where H is parametrised as

H(θ) =

[
cos(θ) − sin(θ)
sin(θ) cos(θ)

]
. (16)

The target test data are obtained from 1000 observations of
each class transformed through the same rotation matrix (i.e.
N test

t = 4000).

Figure 1 states the testing accuracy against the rotation
in degrees (where θ = {5, 10, · · · , 355}). The results shown
correspond to the highest likelihood from 25 random ini-
tialisations. Despite the stochastic nature of the random
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k μ Σ N
(k)
s N

(k)
t

1 [−4.0 − 1.0]
T

[
0.60 0.10
0.10 0.60

]
500 100

2 [1.0 − 0.5]
T

[
0.40 −0.30
−0.30 0.40

]
150 50

3 [4.5 0.2]
T

[
0.48 0.28
0.28 0.48

]
100 50

4 [−6.0 2.0]
T

[
0.30 0.20
0.20 0.30

]
75 50

Table 1: Gaussian components of the artificial dataset and
number of training data points in the source and target
domains (Ns and Nt respectively). Gaussian distributions
are parametrised by a mean μ and covariance Σ, N (μ,Σ).

Figure 1: Comparison of testing accuracies for different rota-
tions for the artificial dataset.

initial conditions, the test accuracies are fairly consistent
with rotation (with the majority ≈ 100%). This evidences
that the DA-GMM approach is robust to rotations in two-
dimensions. As an illustration of the approach, Figure 2
depicts the source and target datasets, along with the trans-
formed target dataset from the DA-GMM, for a rotation of
80◦ (i.e. Xt = H(80)X).

4 CASE STUDY: SHEAR-BUILDING STRUCTURES

Within the field of PBSHM a challenging problem is iden-
tifying mappings between heterogeneous populations. This
difficulty arises because, as structures become increasingly
different, their features spaces are more dissimilar, typically
making the mapping more complex. This case study con-
siders a population of two numerical four degree-of-freedom
shear-building structures, constructed from different material
properties (one aluminium and the other steel) and geome-
tries.

The numerical simulations are obtained from four degree-
of-freedom lumped-mass models, where the outputs of the
model were four damped natural frequencies {ω1, ω2, ω3, ω4}
(calculated in a similar way to [3,10]). The mass of each floor
was parametrised by a length lf , width wf , thickness tf and
density ρ. The stiffness between each floor is formed from four
rectangular cross-sectioned cantilever beams parametrised

Figure 2: An example of the artificial dataset when θ = 80◦.
Panels (a) and (b) presents the source data Xs (·) and the
untransformed target data Xt (�) respectively. Panels (c)
and (d) show the DA-GMM predictions on the transformed
target X̂t (�) training and testing data respectively (where
Panel (c) includes the source data for reference). Panels
(a), (c) and (d) include visualisations of the inferred source
Gaussian mixture model clusters denoted by μ (+) and Σ
(—).

by length lb, width wb, thickness tb and Young’s Modulus
E. Damage is introduced to the beams via an open crack
using the stiffness reduction model proposed by Christides
and Barr [18]. For each structure, five damage scenarios were
considered based on a localisation problem; the undamaged
condition y = 0, and an open crack on one of the beams
at each of the four floors (y = 1, 2, 3, 4 numbered from the
ground floor upwards). For each location, the crack had a
length of 5% of the beam width and was located at 10% of the
way up the beam’s length. In order to introduce variability,
the material properties {ρ,E} and damping coefficients c
were defined as random variables, where each output obser-
vation was obtained by a random draw from an underlying
distribution. The properties for the two structures are shown
in Table 2. The labelled training data for Structure One
consisted of 100 observations of y = 0, and 75 observations
for each of the four damage classes y = {1, 2, 3, 4} (i.e.,
Ns = 400). The unlabelled training data for Structure Two
comprised of 50 observations of y = 0 and 30 observations of
each damage class y = {1, 2, 3, 4} (i.e, Nt = 170). For both
structures the test data comprised of 1000 observations of
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Structure {lf , wf , tf}, mm {lb, wb, tb}, mm
1 {350, 254, 25} {200, 25, 6.25}
2 {300, 250, 24} {210, 24, 6.24}

Structure ρ, kg/m3 E, GPa c, Ns/m
1 N (2800, 1) N (71, 1.2× 10−9) G(50, 0.1)
2 N (8000, 5) N (210, 1.1× 10−9) G(50, 0.1)

Table 2: Geometric and material properties of the shear-
building structures. Gaussian distributions are parametrised
by a mean μ and variance σ2, N (μ, σ2), and Gamma distri-
butions by a shape κ and scale θ, G(κ, θ).

each class (N test
s = N test

t = 5000).

The PBSHM scenario was to infer a mapping from Struc-
ture One to Structure Two such that the labelled data in
Structure One can aid in classifying the unlabelled data from
Structure Two, i.e. Structure One is the source domain and
Structure Two the target. To aid visualisation, the features
in this analysis were the first two principal components of
the four damped natural frequencies (calculated from each
domain individually), i.e. Xs ∈ R

2×Ns and Xt ∈ R
2×Nt for

structures One and Two respectively. The feature spaces are
visualised in Figure 3 where it can be seen that the source
and target domains are very different; and there is a large
amount of overlap between classes y = {1, 2, 4} in the tar-
get domain. It is hoped that the DA-GMM will aid both
in labelling the target domain and improving separability
between these classes.

Five scenarios were examined, demonstrating the com-
parative performance of the DA-GMM approach against
conventional GMMs, with their accuracies compared in Ta-
ble 3. The first scenario (a prerequisite for the DA-GMM)
was training the source domain supervised GMM, where a
testing accuracy of 100% was achieved. The second analysis
applied the source domain GMM directly to the untrans-
formed target data, as seen in Figure 3a, where a testing
classification accuracy of 44.0% was achieved. This result
shows that there is a need for performing domain adapta-
tion, as there is domain shift between the source and target
datasets. The second scenario in Figure 3b is where the
target data have been transformed using the DA-GMM. The
target data have been expanded in order to match the source
GMM and as such have improved testing accuracy to 81.5%.
It is noted that the misclassification that has occurred is
due to the overlap in the untransformed target data and
its effect on the mapping. The final two scenarios consider
the target data alone (i.e. there is no attempt to transfer
knowledge), with Figure 3c showing the results of the fully
supervised GMM trained on a labelled target dataset, and
Figure 3d displaying the unsupervised GMM results (where
classes have been assigned by the proximity of the inferred
unsupervised clusters to the supervised model). These results
show with perfect information a testing accuracy of 95.6% is

Figure 3: Comparison of Gaussian mixture models and their
predictions for the shear-building case study on the training
data. Source dataXs (·), target dataXt (�) and transformed
target data X̂t (�) are depicted against the inferred Gaussian
mixture model clusters denoted by μ (+) and Σ (—). Panel
(a) shows the source model applied to the target data and
Panel (b) displays the DA-GMM predictions. Panels (c) and
(d) show the supervised and unsupervised Gaussian mixture
models inferred from the target data (where the unsupervised
labels are determined by the proximity of the inferred clusters
to the supervised model).

achieved, and with no label information the best accuracy
one could achieve (assuming classes can be assigned with
inspection knowledge) would be 76.8%. This evidences that
the DA-GMM provides better classification accuracy than an
unsupervised model on the target domain (if labels could be
assigned), and is a robust way of labelling the target domain
from source domain observations.

5 CASE STUDY: Z24 AND KW51 BRIDGES

Inferring mappings between structures such that label in-
formation can be shared is an important aspect of PBSHM.
By linking structures via mappings, any labelled data ob-
tained for one structure can be applied to the rest of the
population. In this section, domain adaptation is performed
such that a mapping is obtained between two unlabelled
bridge datasets, namely the Z24 [16] and KW51 bridges [17].
By learning a mapping between the two bridge datasets, any
future label information obtained for one structure can be
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GMMs(Xs) GMMs(Xt) GMMs(X̂t)
Training 100.0% 55.9% 84.7%
Testing 100.0% 44.0% 81.5%

GMMun
t (Xt) GMMt(Xt)

Training 70.0% 94.7%
Testing 76.8% 95.6%

Table 3: Training and testing accuracies for the different
Gaussian mixture model scenarios. GMMa(Xb) denotes a
supervised Gaussian mixture model trained on domain a and
applied to dataset Xb, where the subscript un denotes an un-
supervised mixture model. It is noted that the unsupervised
model labels are determined by the proximity of the inferred
clusters to the supervised model and the accuracies are used
here as a reference measure.

directly applied to the other. This is particularly important
for managers of bridge infrastructure, as any observation of
damage, from any member of the population, can be used in
diagnosing that health-state for any bridge in the population
(given that a mapping can be inferred).

The Z24 bridge dataset has been well-studied within the
literature, with numerous analyses managing to identify the
key events in the dataset. The Z24 bridge, located in the
canton Bern near Solothurn, Switzerland, was a concrete
highway bridge that was used as an experimental structure
for an SHM campaign before its demolition in 1998, as part
of the SIMCES project [16]. The monitoring campaign oc-
curred during the year before demolition, in which a range
of environmental data, as well as the acceleration response
at 16 locations, were measured. The acceleration responses
were processed such that the first four natural frequencies
of the structure were obtained. In this section, only the
first 99 days of monitoring data are used for this analysis,
with the reason for this decision being expanded upon later
in this section. In keeping with the brevity of the paper,
the interested reader is referred to [16] for more information
about the dataset.

The KW51 bridge is a steel bowstring railway bridge in
Leuven, Belgium. A 15-month monitoring campaign occurred
between 2018 and 2019, in which the acceleration response,
the strains in the deck and gauges of the rails, the displace-
ment at the bearings, as well as environmental data were
all recorded [17]. The acceleration responses were processed
in order to obtain the first 14 natural frequencies of the
structure. During the monitoring campaign, every diagonal
member was retrofit with a steel box in order to strengthen
the design of the bridge [17]. This paper only considers the
part of the dataset before this retrofit occurred (from 2nd
October 2018 to 15 May 2019). Again, the interested reader
is referred to [17] for more information about the dataset.

Both the Z24 and KW51 show stiffening in the natural fre-
quency that correspond to low temperature events, depicted

Figure 4: Z24 dataset. Ambi-
ent temperature and first two
natural frequencies.

Figure 5: KW51 dataset.
Ambient temperature and
13th and 14th natural fre-
quencies.

in Figures 4 and 5 (this is the reason that only the first 99
days of monitoring data from the Z24 bridge are used in
this analysis, such that both datasets contain the same class
types). The two bridge datasets therefore have two distinct
events, one corresponding to normal ambient temperature
and another corresponding to a low-temperature event (it is
noted that these events are not labelled in either datasets).
In order to aid visualisation, two natural frequencies were
selected from each bridge, where qualitatively the feature
spaces showed some distinction between the ambient and
low temperature events; these corresponded to the first and
second natural frequencies from the Z24 dataset and the 13th
and 14th natural frequencies from the KW51 dataset.

The aim of the analysis in this section was to find a map-
ping using the DA-GMM approach that aligns the data from
these two bridges for the two environmental conditions in a
completely unsupervised manner (as no ground truth labels
are known for either dataset). An unsupervised GMM (using
an EM maximum likelihood approach) was inferred on the
Z24 dataset (which can be considered the source dataset);
this replaces the supervised source GMM on line one of Algo-
rithm 1. A linear mapping was subsequently identified using
the DA-GMM approach from the KW51 dataset (which can
be considered the target dataset) to the Z24 mixture model.
It is noted that these two bridges form a heterogeneous popu-
lation, with the bridges sharing very few similarities. For this
reason, in practice, the mapping between the two datasets
will be nonlinear; however, this case study demonstrates the
performance of the DA-GMM even when limited to a linear
mapping. Furthermore, the identified Gaussian mixture from
the unsupervised GMM could be improved with the addition
of labelled information, or better modelling assumptions (i.e.,
potentially the low temperature event is better described by
more components than one Gaussian, or maybe by another
more appropriate distribution). However, the analysis still
shows the potential in inferring a mapping between these two
bridges, such that if labelled information was available for
one structure it could be used to diagnose both structures.

Before the DA-GMM was applied, both datasets were
standardised based on each datasets first 10 observations.
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Figure 6: Unsupervised domain-adapted Gaussian mixture
model predictions of the Z24 and KW51 bridge datasets.
Panels (a) and (b) show the first two normalised natural
frequencies of the Z24 bridge against sample point. Panels
(c) and (d) show the transformed 13th and 14th natural
frequencies of the KW51 bridge against sample point. Panel
(e) is a comparison of the two features for each bridge Xs

(·) and X̂t (�) against the inferred unsupervised Gaussian
mixture model inferred from the source data.

This was performed such that no offset was required in the
mapping (i.e. removing the need for Xt to be augmented by
a matrix of ones). The maximisation step with respect to
H was performed using equation (15) in order to maintain
two clusters in the mapping. Figure 6 presents the inferred
mapping as well as the predictive classes for both datasets.
It can be seen that the unsupervised GMM trained on the
Z24 dataset does not approximate class one well (for the
reasons mentioned above). However, this is not a major
problem for the algorithm, as the method has been able to
align both clusters, even though the inferred distributions
are not optimal and the mapping is restricted to being linear.
This linear approximation has meant that class one from
KW51 is not perfectly aligned with the Z24. In contrast,
class two (corresponding to the ambient condition) has been
well-matched between both bridges, and this is likely because
there are more data points from the KW51 bridge in this
class. As a result, even a slight rotation of the KW51 dataset
towards aligning class one (the low-temperature event) with
the Z24 dataset would result in a drop in likelihood. This
may be undesirable in SHM contexts, as damage classes will
have fewer observations than the normal condition, and as
such the algorithm could be modified to weight classes more
equally.

The predictions from the DA-GMM qualitatively appear

to have captured the two events (low-temperature as class
one and ambient temperature as class two), as seen in Fig-
ure 6a to 6d. In the mapped space, any future label infor-
mation can be directly exchanged between the two bridge
structures. Furthermore, the mapped space can also be
utilised to infer any classifier (that might improve perfor-
mance from the source GMM), where that classifier should
generalise to both datasets. It is imagined that, as damage
occurred in both structures this would also be aligned in the
projected space. Finally, although the assumptions in the
DA-GMM are limiting for this case study, the method has
still produced an adequate and useable mapping. However,
the results would be improved if the DA-GMM was modified
to include the capability of inferring a nonlinear mapping.

6 CONCLUSIONS

Population-based SHM is a branch of structural health
monitoring that seeks to utilise information from across a
population of structures, in order to improve diagnostic ca-
pabilities. Specifically, PBSHM seeks to transfer label infor-
mation between members of the population. One method
of transferring label information is via domain adaptation,
where a mapping can be inferred such that the source and
target datasets are harmonised, meaning a classifier trained
on one domain will generalise to others in the population.
This paper developed and demonstrated the potential of a
domain adaptation approach, constructed from a Gaussian
mixture model formulation, for use in a PBSHM context.

The domain-adapted Gaussian mixture model seeks to
identify a linear mapping from a target dataset to a source
Gaussian mixture model (although this could be extended to
a nonlinear mapping). The approach was demonstrated on
three datasets. The first was a numerical dataset, displaying
the method’s ability to infer linear mappings in the form of
two-dimensional rotations. The second dataset presented a
numerical case study involving a heterogeneous population
of two shear-building structures. The approach was shown
to outperform näıvely applying the source GMM to the un-
transformed target dataset, and to be an improvement on
an unsupervised GMM trained on the target domain. The
final dataset, involving the Z24 and KW51 bridges, showed
the approach in a completely unsupervised setting. An un-
supervised GMM was inferred from the Z24 dataset, which
was utilised in identifying a mapping for the KW51 bridge
dataset onto the Z24 dataset. Even though the mapping
between the two structures would be expected to be highly
nonlinear, a simple linear mapping was able to align two
environmental classes from each structure. The case study
also demonstrated the potential of a PBSHM approach even
when no labels are known initially; as any future labels from
one structure can be used in diagnosing the others in the
population.

The DA-GMM presents an alternative to existing domain
adaptation approaches, using a probabilistic framework and
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inferring a mapping directly from the target to source do-
mains. Future research should seek to extend the mapping
to be nonlinear, whether by a regression viewpoint, via a
basis function approach or the kernel trick, or whether via a
normalising flows [19]. In addition, more robust estimates
of the projection parameters and mixing proportions could
be obtained if a Bayesian model was constructed by intro-
ducing priors on both these parameters. The model could
then be solved using a variational inference approach that
may be more robust to initial conditions. The DA-GMM is a
promising tool for PBSHM and could also be used for more
traditional concept drift scenarios on a single structure.
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ABSTRACT:
Gaining the ability to make informed decisions regarding the operation and maintenance of structures and infrastructure
provides motivation for the implementation of structural health monitoring (SHM) systems. However, descriptive labels for
measured data corresponding to health-state information of the monitored system are often unavailable. This issue limits
the applicability of fully-supervised machine learning paradigms for the development of statistical classifiers to be used in
decision-supporting SHM systems. The current paper presents a risk-based active learning approach in which data-label
querying is guided by the expected value of perfect information for incipient data points. In the context of SHM, the
data-label querying process corresponds to the inspection of a structure to determine its health-state. The risk-based active
learning process is demonstrated on a representative numerical case study. The results of the case study indicate that a
decision-maker’s performance can be improved via the risk-based active learning of a statistical classifier.

KEY WORDS: structural health monitoring; decision-making; risk; active learning; value of information.

1 INTRODUCTION

The field of structural health monitoring (SHM) is con-
cerned with the development and implementation of online
data acquisition and processing systems for the purpose of
damage detection in structures and infrastructure [1]. Im-
pelling advancement in SHM is the desire for quantitative
decision support regarding the operation and maintenance
(O&M) of high-value and/or safety-critical assets. By the in-
corporation of information provided by SHM systems into the
decision process, thereby facilitating condition-based O&M,
it is hoped that both structural safety can be improved and
operational costs can be reduced.

One approach to decision-making in SHM is to adopt a
probabilistic risk-based framework [2], in which failure events
and decidable actions - like maintenance - are assigned costs
and utilities, respectively. Decisions are made so as to max-
imise expected utility gain or minimise expected utility loss.
As a product of probability and utility, expected utility can
be considered a measure of risk [3]. The risk-based framework
employs probabilistic graphical modelling to form Bayesian
network representations of fault trees to define a probability
of a failure event conditioned on the health state of the struc-
ture. In addition, the approach uses transition/degradation
models to forecast future health states. In accordance with [1],
the framework in [2] utilises a statistical pattern recognition
(SPR) approach to damage detection and localisation in the
inference of structural health states.

A critical challenge associated with the (supervised) learn-
ing of statistical classifiers for SHM is a lack of labelled
data corresponding to the health states of interest. Several
methods have been investigated as a means to overcome this
challenge, including the use of physics-based models [4] and
transfer learning [5,6]. An alternative approach, that enables
the online development of classifiers, is active learning. An
active learning framework for SHM has been developed in [7],
in which probabilistic classifiers direct the acquisition of new
labelled data according to an uncertainty measure, given the
current model. Within the active learning framework for
SHM, newly-acquired labelled data correspond to diagnostic
information provided by an engineer, following an inspection
of a structure. While this formulation provides a principled
methodology for allocating inspection resource in a manner
that optimises classification accuracy, in some scenarios it
may be desirable/utility-optimal to consider the active learn-
ing of a classifier with respect to the context in which the
classifier is being applied; supporting O&M decision-making.

The current paper aims to formulate the active learning
process in the context of probabilistic risk-based SHM by
considering the expected value of perfect information (EVPI)
with respect to a maintenance decision process. The layout of
the paper is as follows. Sections 2 and 3 provide background
information on risk-based SHM and on machine learning
for SHM, respectively. Section 4 presents the methodology
for conducting risk-based active learning. Section 5 demon-
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strates risk-based active learning of a Bayesian mixture of
Gaussian components for a simple, but representative, nu-
merical dataset. Sections 6 and 7 provide discussions and
conclusions, respectively.

2 PROBABILISTIC RISK-BASED SHM

2.1 Probabilistic Graphical Models

Probabilistic graphical models are graphical representa-
tions of factorisations of joint probability distributions and
are a powerful tool for reasoning and decision-making under
uncertainty. For this reason, they are apt for representing and
solving decision problems in the context of SHM, where there
is uncertainty in the health states of structures. While there
exist multiple forms of probabilistic graphical model, the
key types utilised for the risk-based decision frameworks are
Bayesian networks (BNs) and influence diagrams (IDs) [8].

Bayesian networks are directed acyclic graphs (DAGs)
comprised of nodes and edges. Nodes represent random
variables and edges connecting nodes represent conditional
dependencies between variables. In the case where the ran-
dom variables in a BN are discrete, the model is defined by a
set of conditional probability tables (CPTs). For continuous
random variables, the model is defined by a set of conditional
probability density functions (CPDFs).

X Y Z

Figure 1: An example Bayesian network.

Figure 1 shows a simple Bayesian network comprised of
three random variables X, Y and Z. Y is conditionally
dependent on X and is said to be a child of X, while X is
said to be a parent of Y . Z is conditionally dependent on
Y and can be said to be a child of Y and a descendant of
X, while X is said to be an ancestor of Z. The factorisation
described by the Bayesian network shown in Figure 1 is given
by P (X,Y, Z) = P (X)·P (Y |X)·P (Z|Y ). Given observations
on a subset of nodes in a BN, inference algorithms can be
applied to compute posterior distributions over the remaining
unobserved variables. Observations of random variables are
denoted in a BN via grey shading of the corresponding nodes,
as is demonstrated for X in Figure 1.

WcWf

D U

Figure 2: An example influence diagram representing the
decision of whether to go outside or stay in under uncertainty
in the future weather condition given an observed forecast.

Bayesian networks may be adapted into influence diagrams
to model decision problems. This augmentation involves the
introduction of two additional types of node that are shown
in Figure 2: decision nodes, denoted as squares, and utility
nodes, denoted as rhombi. For influence diagrams, edges
connecting random variables to utility nodes denote that the
utility function is dependent on the states of the random
variables. Similarly, edges connecting decisions nodes to
utility nodes denote that the utility function is dependent
on the decided actions. Edges from decision nodes to ran-
dom variable nodes indicate that the random variables are
conditionally dependent on the decided actions. Edges from
random variable or decision nodes to other decision nodes
do not imply a functional dependence but rather order, i.e.
that the observations/decisions must be made prior to the
next decision being made.

To gain further understanding of IDs, one can consider
Figure 2. Figure 2 shows the ID for a simple binary de-
cision; stay home and watch TV or go out for a walk, i.e.
domain(D) = {TV, walk}. Here, the agent tasked with mak-
ing the decision has access to the weather forecastWf which is
conditionally dependent on the future weather condition Wc.
The weather forecast and future condition share the same
possible states domain(Wf ) = domain(Wc) = {bad, good}.
The utility achieved U , is then dependent on both the future
weather condition and the decided action. For example, one
might expect high utility gain if the agent decides to go for
a walk and the weather condition is good.

In general, a policy δ is a mapping from all possible ob-
servations to possible actions. The problem of inference
in influence diagrams is to determine an optimal strategy
∆∗ = {δ∗1 , . . . , δ∗n} given a set of observations on random vari-
ables, where δ∗i is the ith decision to be made in a strategy
∆∗ that yields the maximum expected utility (MEU). For
further details on the computation of the MEU for influence
diagrams, the reader is directed to [9] and [10]. Defined as a
product of probability and utility, the expected utility can
be considered as a quantity corresponding to risk.

2.2 Decision Framework

A probabilistic graphical model for a general SHM decision
problem across a single time-slice is shown in Figure 3. Here,
a maintenance decision d is shown for a simple fictitious
structure S, comprised of two substructures s1 and s2, each
of which are comprised of two components; c1,2 and c3,4,
respectively.

The overall decision process model shown in Figure 3 is
based upon a combination of three sub-models; a statistical
classifier, a failure-mode model, and a transition model.

Within the decision framework, a random variable denoted
Ht is used to represent the latent global health state of the
structure at time t. For this decision process, a posterior
probability distribution over the latent health state Ht is
inferred via observations on a set of discriminative features
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Figure 3: An influence diagram representing a partially-
observable Markov decision process over one time-slice for
determining the utility-optimal maintenance strategy for a
simple structure comprised of four components. The fault-
tree failure-mode model for time t+ 1 has been represented
as the node F ′t+1 for compactness.

νt. It is assumed that the generative conditional distribution
P (ν|H) is learned implicitly or explicitly, depending on the
choice of statistical classifier. Here, the use of a probabilistic
classifier is vital to ensure decisions made are robust to
uncertainty in the health state of the structure.

The failure condition of the structure FS is represented
as a random variable within the PGM and is conditionally
dependent on the health states of the substructures denoted
by the nodes hs1 and hs2. The health states of the sub-
structures are dependent on the local health states of the
constituent components denoted by the nodes hc1−4. The
local health states of the components are summarised in the

global health-state vector H = {hc1, hc2, hc3, hc4}. The con-
ditional probability tables defining the relationship between
random variables correspond to the Boolean truth tables for
each of the logic gates in the fault tree defining the failure
mode FS [11,12]. This failure-mode model is repeated in each
time-step. The failure states associated with the variable FS

are given utilities via the function represented by the node
UF . As it is necessary to consider the future risk of failure in
the decision process, these utility functions are also repeated
for each time-step.

Finally, a transition model is used to forecast the future
health states given the current health state and a decided
action, i.e. P (Ht+1|Ht, dt). The transition model considers
the degradation of the structure under the various operational
and environmental conditions a structure may experience,
while accounting for uncertainties in each.

3 MACHINE LEARNING PARADIGMS

3.1 Supervised and Unsupervised Learning for SHM

In taking a data-driven SPR approach to SHM, one em-
ploys machine learning tools to learn patterns in data ac-
quired from structures in order to infer information about
structural health states such as the presence, location, and
type of damage. For classification in general, the ith mea-
sured data point xi ∈ X can be categorised according to a
descriptive label yi ∈ Y where yi corresponds to the ground
truth of the classification problem. For SHM, observations xi

correspond to features extracted from the raw data acquired
from a structure via signal processing, and the descriptive
labels yi relate to structural health-state information.

As aforementioned, probabilistic classifiers are desirable in
SHM. For probabilistic classifiers, the features xi are defined
as random vectors existing in a D-dimensional feature space
X ∈ RD. Additionally, the descriptive labels yi are defined
by a discrete random variable such that yi ∈ Y = {1, . . . ,K}
where Y is the label space and K is the number of classes
required to uniquely identify the structural health states of
interest.

Traditionally in SHM, classifiers are learned using one of
two frameworks; supervised or unsupervised learning [13].

For a supervised classifier f , a mapping between the fea-
ture space and the label space is learned, i.e. f : X → Y .
Supervised learning requires a fully-labelled training-set Dl

such that [14],

Dl = {(xi, yi)|xi ∈ X, yi ∈ Y }ni=1 (1)

for n collected data points. In the context of SHM, a fully-
labelled training-set is often unavailable and/or prohibitively
expensive to obtain.

Conversely, unsupervised learning techniques (e.g. novelty
detection) may be applied when only unlabelled data are
available and the training-set Du is of the form,
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Figure 4: The general active learning heuristic from [7].

Du = {xi|xi ∈ X}mi=1 (2)

for m collected data points. The issue with unsupervised
techniques is that, without label information corresponding
to the structural health conditions, the models learned are of
limited usefulness for decision-making. For a more in-depth
discussion of the use of supervised and unsupervised learning
in SHM, the reader is directed to [7].

3.2 Active Learning for SHM

Active learning is a form of partially-supervised learn-
ing [14]. Partially-supervised learning algorithms are charac-
terised by their utilisation of both labelled and unlabelled
data, such that the dataset used is,

D = Dl ∪ Du (3)

Active learning algorithms automatically query unlabelled
data in Du to obtain labels allowing the labelled dataset Dl

to be extended. A generalised active learning heuristic is
presented in Figure 4.

The probabilistic active learning framework for SHM de-
veloped in [7] details an approach built around a supervised
probabilistic mixture model trained and retrained on Dl

as it is extended via the active querying process. The ap-
proach presented in [7] uses measures of uncertainty to guide
querying of incipient data points; specifically, preferentially
obtaining labels for data points that have high entropy (in-
formation) [15] or low likelihood given the current model.

After some thought, one can realise that the active learning
approach overcomes several of the challenges associated with
supervised and unsupervised learning in SHM as decision-
making may be facilitated through the acquisition of class
labels whilst limiting the expenditure necessary to obtain
them.

4 RISK-BASED ACTIVE LEARNING

The current paper proposes a variation on the active learn-
ing framework presented in [7] where, instead of using uncer-
tainty measures to guide querying of data points according
to their information or likelihood, incipient data are queried
according to the EVPI with respect to the decision process,
modelled using the risk-based SHM framework, in which

provide
unlabelled
input data

establish
which

data have
highest

value of in-
formation

provide
labels for
these data

train a
classifier
on this

informed
subset

Figure 5: The general risk-based active learning heuristic.

the classifier is being utilised. A generalised framework for
risk-based active learning is presented in Figure 5.

4.1 Classifier Initiation

To begin the risk-based active learning process, one must
initiate the classifier to be learned. Typically, this is done in
a supervised manner with the available labelled data Dl. In
the case that there are no available labelled data, i.e. Dl = ∅,
and one has opted for a Bayesian learning approach, the
classifier may be initiated using only the prior distribution.
Here, it is worth noting that the risk-based approach to active
learning assumes that the number of classes (health states of
interest) to be targeted by the model is known a priori.

4.2 Value of Information

The expected value of perfect information (EVPI) is often
understood as the price a decision-maker should be willing to
pay in order to gain access to perfect information regarding
an otherwise uncertain or unknown state. More formally,
EVPI can be defined as [10],

EVPI(d|X) := MEU(IX→d)−MEU(I) (4)

where EVPI(d|X) is the expected value of observing (with
perfect information) a variable X before making a decision
d, I corresponds to an original influence diagram for a de-
cision process involving a decision node d and a random
variable node X, and IX→d corresponds to a modified in-
fluence diagram incorporating an additional edge from X
to d. The EVPI has the important characteristic that it is
strictly non-negative (when disregarding the cost of mak-
ing the additional observation), i.e. EVPI(d|X) ≥ 0. This
proposition can be realised by considering the conditional
probability distributions over which the expected utility is
optimised; the conditional probability distributions defined
by the influence diagram I are a subset of those defined
by IX→d. Furthermore, EVPI(d|X) = 0 if and only if the
optimal policy for d in I remains optimal for d in IX→d; put
simply, information has value when its possession results in
a policy change.

In the context of an SHM decision process, the expected
value of inspection can be represented as EVPI(dt|Ht), where
the original influence diagram I corresponds to the decision
process where the health state of the structure is inferred only
via the observation of discriminative features with use of the
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statistical classifier. The modified influence diagram includes
an additional edge from Ht to dt indicating the inspection
of the structure. Considering the influence diagram shown
in Figure 3 as I, the modified influence diagram IHt→dt

is
shown in Figure 6. For the computation of the EVPI, it is
assumed that inspection of the structure returns the ground
truth health state at the current time.

UFt

FS

hs2hs1

hc3 hc4hc1 hc2

UFt+1

F ′t+1

Ht Ht+1

νt

dt

Udt

Figure 6: A modified influence diagram IHt→dt . The addi-
tional edge is shown in red.

An example calculation of EVPI is provided in Appendix
A.

4.3 Inspection Scheduling

The EVPI of an unlabelled data point provides a conve-
nient measure for determining whether a structure warrants
inspection; if the EVPI for a data point νt exceeds the cost
of inspection Cins, the structure should be inspected prior to
dt and the corresponding health-state label for Ht obtained.

Subsequently, (νt,Ht) can be incorporated into Dl and the
classifier retrained. The risk-based active learning process
for inspection scheduling and the development of statistical
classifiers for risk-based SHM is shown in Figure 7.

4.4 Assessing performance

Typically, classifier performance is evaluated using mea-
sures of classification accuracy, a popular choice being the
f1-score. As the focus of this paper is the development of
classifiers in the context of decision-making, classification
accuracy is of secondary concern. Rather here, an alternative
measure for evaluating performance is proposed and termed
‘decision accuracy’.

Whereas, in the simplest sense, a classification accuracy is
a comparison between the predicted outputs and the target
outputs, ‘decision accuracy’ is defined as a comparison be-
tween the actions selected by an agent using the statistical
classifier being evaluated, and the optimal actions selected
by an agent given perfect information, i.e. an agent in pos-
session of the target outputs of the classifier. A decision is
considered ‘correct’ if the agent utilising the classifier selects
the same action as an agent with perfect information. A
quantitative value for decision accuracy may be calculated
by taking the ratio:

decision accuracy =
no. of correct

no. of correct + no. of incorrect
(5)

5 NUMERICAL EXAMPLE

To demonstrate risk-based active learning in the context
of SHM, the framework was applied to a representative nu-
merical case study. Consider a structure S with four dis-
tinct health states of interest H ∈ {1, 2, 3, 4} where; state
1 corresponds to the structure being undamaged and fully
functional, state 2 corresponds to the structure possessing
minor damage whilst being fully functional, state 3 corre-
sponds to the structure possessing significant damage whilst
operating at a reduced operational capacity; and state 4
corresponds to the structure possessing critical damage and
being non-operational, i.e. failed.

5.1 Decision Process

One can consider a decision process for the structure S in
which an agent at time t is tasked with making a decision dt,
such that some degree of operational capacity is maintained
and the structure is not in the failed state at time t+ 1. The
influence diagram for such a decision process is shown in
Figure 8.

Here, the decision dt is a binary choice where dt = 0 corre-
sponds to ‘do nothing’ and dt = 1 corresponds to ‘perform
maintenance’. The utilities associated with dt are specified
by the utility function U(dt) and are shown in Table 1. It is
assumed that the ‘do nothing’ action has no utility associ-
ated with it, whereas the ‘perform maintenance’ action has
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Figure 7: Flow chart to illustrate the risk-based active learning process for classifier development and inspection scheduling.
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Ht+1Ht

νt
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Udt

Figure 8: An influence diagram representation of the decision
process associated with structure S.

negative utility relating to the expenditure associated with
material and labour costs for structural maintenance.

For the ‘do nothing’ action dt = 0, it is assumed that
the structure monotonically degrades, with a propensity

Table 1: The utility function U(dt) where d = 0 and d = 1
denote the ‘do nothing’ and ‘perform maintenance’ actions,
respectively.

dt 0 1

U(dt) 0 −30

to remain in its current health state. This assumption is
reflected in the CPD P (Ht+1|Ht, dt = 0) shown in Table 2.

Table 2: The conditional probability table P (Ht+1|Ht, dt)
for dt = 0.

Ht+1

1 2 3 4

Ht

1 0.8 0.18 0.015 0.005
2 0 0.8 0.15 0.05
3 0 0 0.8 0.2
4 0 0 0 1

For the ‘perform maintenance’ action dt = 1, it is assumed
that the structure is returned to its undamaged health state
with probability 0.99 and remains in its current state with
probability 0.01. The conditional probability distribution
P (Ht+1|Ht, dt = 0) is shown in Table 3.

For simplicity, within the decision process it is assumed
that utilities may be attributed directly to the future health
state Ht+1 of the structure without the need for modelling a
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Table 3: The conditional probability table P (Ht+1|Ht, dt)
for dt = 1.

Ht+1

1 2 3 4

Ht

1 1 0 0 0
2 0.99 0.01 0 0
3 0.99 0 0.01 0
4 0.99 0 0 0.01

specific failure mode. The utility function used for the current
case study was specified so as to reflect the relative utility
values that may be expected in a typical SHM application.
The utility function U(Ht+1) is given in Table 4. Here,
states 1 and 2, in which the structure S is fully functional are
assigned some positive utility, state 3 in which the structure
is functional but with reduced capacity is assigned a lesser
positive utility, and state 4 for which the structure is non-
operational is assigned a relatively large negative utility to
reflect the loss of functionality and some additional severe
consequence associated with the failure, e.g. risk to human
life.

Table 4: The utility function U(Ht+1).

Ht 1 2 3 4

U(Ht) 10 10 5 −75

Finally, it is also assumed that the health state Ht may be
inferred with the use of a statistical classifier by observing
a set of discriminative features νt = {ν1t , ν2t }. The ground-
truth health state at time t may be obtained via inspection
at the cost of Cins = 7.

5.2 Statistical classifier

The statistical classifier employed here was one similar
to that used in [7]; a Bayesian mixture of four multivariate
Gaussian distributions learned in a supervised manner from
the labelled dataset Dl. Each Gaussian component defines
a generative model for the discriminative features νt, given
each of four possible health states of interest in the domain
of Ht,

p(νt|Ht = k) = N (µk,Σk) (6)

where µk and Σk are parameters of the multivariate Gaus-
sian distribution corresponding to the mean and covariance,
respectively. In addition to the mean and covariance parame-
ters of the Gaussian components, the mixture model requires
specification of p(Ht),

Ht ∼ Cat(λ) (7)

where the categorical distribution is parametrised by a set of
mixing proportions λ = {λ1, λ2, λ3, λ4} such that,

P (Ht = k) = λk (8)

and,

4∑
k=1

P (Ht = k) =
4∑

k=1

λk = 1 (9)

The parameters of the Gaussian mixture model that de-
scribe the generative statistical distribution p(Ht,νt) can be
summarised as,

Θ = {(µ1,Σ1, λ1), . . . , (µ4,Σ4, λ4)} (10)

In order to learn the parameters Θ from Dl in a manner
that avoids over-training, a Bayesian approach was adopted
here. In this approach, the parameters Θ were treated as
random variables with a prior placed over them. For conju-
gacy with the multivariate Gaussian distribution, a Normal-
inverse-Wishart prior was chosen such that,

µk,Σk ∼ NIW(m0, κ0, v0, S0) (11)

wherem0, κ0, v0 and S0 are hyperparameters of the Bayesian
mixture model. The hyperparameters were specified such
that each class Ht was initially represented as a zero-mean
and unit-variance Gaussian distribution.

As a conjugate to the categorical distribution, a Dirichlet
prior was placed over the mixing proportions λ,

λ ∼ Dir(α) (12)

where α = {α1, . . . , α4} are hyperparameters of the mixture
model. The hyperparameters were specified such that the
prior probability of each class in the mixture model was 1

4 ,
i.e. each state equally weighted.

Posterior estimates of the parameters may be calculated
using the labelled dataset Dl. As conjugate priors were used,
posterior estimates of the parameters may be computed an-
alytically; for brevity, the intricacies of these calculations
are omitted in the current paper; however, for the interested
reader, details can be found in [16]. The posterior predictive
distribution can be obtained by marginalising out the param-
eters of the model, resulting in a Student-t distribution [13],

νt|Ht = k,Dl ∼ T (mn,
κn + 1

κn(vn −D + 1)
, Sn, vn −D + 1)

(13)
where mn, κn, vn, Sn are the updated hyperparameters and
D is the dimensionality of the feature space.

The predictive distribution for the class labels given a new
unlabelled observation νt can be obtained using the posterior
predictive distribution and Bayes’ rule [7],
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p(Ht = k|νt,Dl) =
p(νt|Ht = k,Dl)p(Ht = k|Dl)

p(νt|Dl)
(14)

In summary, a Gaussian mixture model was trained in
a supervised Bayesian manner on Dl and subsequently re-
trained as Dl was extended via the risk-based active querying
process.

5.3 Results

The complete dataset associated with the structure S in
its various health states of interest Ht ∈ {1, 2, 3, 4} was
comprised of 1997 data points and is shown in Figure 9. The
data were generated to be representative of typical changes
in SHM feature spaces due to progressive damage. One half
of the data were randomly selected and set aside to form an
independent test set, the remaining data were used to form
the dataset D.

Figure 9: The 2-dimensional feature space of the complete
dataset.

A small (1.5%) random subset of D was annotated with
their corresponding labels to initialise Dl and the statistical
classifier; it was ensured that at least one data point from each
of the four classes as included in Dl upon initialisation. The
remaining data Du were left unlabelled to be sequentially
presented to the decision model in the risk-based active
learning process. An example of an initial model learned
from Dl is shown in Figure 10 with data points in Dl circled.

It can be seen from Figure 10 that, in general, the initial
model fits the data poorly due to insufficient data. The
best fitted Gaussian component of the mixture model is for
Ht = 2; this is to be expected, since this cluster lies close to

Figure 10: An initial statistical classifier p(νt, Ht,Θ) learned
from the original labelled dataset Dl; maximum a posteriori
(MAP) estimate of the mean (+) and and covariance (dotted
lines represent 2 and 3 sigma).

the zero-mean of the prior distribution. The EVPI across
the feature space given the initial model is shown in Figure
11.

Figure 11: The EVPI over the 2-dimensional feature space
given the initial model shown in Figure 10.
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Figure 11 shows the regions of high and low value of in-
formation. At this stage, it is worth reminding oneself that
the expected value of information arises when obtaining in-
formation results in a change in policy; areas of high EVPI
correspond to regions in the feature space where there is
classification uncertainty in the vicinity of decision bound-
aries given the current model. Bearing this in mind, one
can justify the observation that the feature space around the
learned Gaussian component for class 1 (corresponding to
the structure being undamaged) has low EVPI. Additionally,
the region of the feature space in the overlap between the
learned Gaussian distributions for class 1 and class 2 (minor
damage), where there is uncertainty between the two classes,
has low EVPI as the optimal policy is unchanged regardless
of whether the structure is in state 1 or state 2. On the other
hand, areas with high EVPI correspond to regions of the fea-
ture space where there is classification uncertainty between a
benign state and a more worrisome state; an example of this
is the dominant vertical band of high EVPI feature space that
corresponds to the set of points equidistant (Mahalanobis
distance) from the learned clusters for state 1 and state 4.

The labelled dataset Dl was extended according to the
risk-based active learning process presented in Section 4.
Data points νt in Du were considered in random order one-
at-a-time and had their EVPI computed given the current
model. A data point was queried, annotated with a label,
and incorporated into Dl if the data point met the condition
EVPI > Cins. After each query, the statistical classifier was
retrained on the newly-extended Dl. After being presented
with each data point in Du one at a time, a final model trained
on the fully-extended dataset in Dl is shown in Figure 12.

It can be seen from Figure 12 that data in classes 2 and 3
have been preferentially queried, particularly in the overlap
between clusters; this is to be expected due to the associ-
ated classification uncertainty between states that warrant
different maintenance policies. It can be seen that very few
samples have been made for data points belonging to states 1
and 2, resulting in poorly-fitting learned distributions. This
result can be explained by again considering the EVPI of the
feature space shown in Figure 10, which shows low value of
information in the regions around those data.

Figure 13 shows the EVPI over the feature space after the
statistical classifier has been trained on the fully-extended
version of Dl. Similarities can be seen between Figure 11 and
Figure 13 such as areas of low EVPI and the bands of high
EVPI in regions equidistant from clusters corresponding to
states that warrant differing maintenance actions. Figure
13 also shows a region of high EVPI that lies between the
estimated means for the distributions learned for states 3 and
4; this is where the boundary between the structure being
operational, and the structure being non-operational and
requiring repair, lies. This result may indicate that the risk-
based active learning approach preferentially incorporates
data that strengthen decision boundaries.

Figure 12: A final statistical classifier p(νt, Ht,Θ) learned
from the extended labelled dataset Dl; maximum a posteriori
(MAP) estimate of the mean (+) and and covariance (dotted
lines represent 2 and 3 sigma).

Figure 13: The EVPI over the 2-dimensional feature space
given the final model shown in Figure 12.

To evaluate the change in classifier decision performance
throughout the active learning process, the decision accuracy
achieved on the independent test set was computed after each
time the classifier was retrained. The active learning process
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was repeated 1000 times using different random number
generator seeds so that the data selected to be in D and
the initial subset Dl were randomly varied. The mean and
standard deviation of the decision accuracy as a function on
the number of queries is shown in Figure 14. The mean and
standard deviation of the decision accuracy for a classifier
trained on Dl when extended with randomly-queried data
points is also shown for comparison.

Figure 14: The variation in decision accuracy with number
of label queries for an agent utilising a statistical classifier
trained on Dl extended via (i) risk-based active querying and
(ii) random sampling. The dashed lines show ±1 standard
deviation.

The decision accuracy can be seen to increase more rapidly
when guiding by querying according to EVPI rather than
random sampling which suggests incorporating data labels
with high expected value into a classifier will improve an
agent’s decision-making. After approximately 20 queries,
the improvement in decision accuracy gained per query is
greatly reduced. Upon close examination, it can be seen that
after 28 queries, the decision accuracy begins to decrease
slightly. This may be a result of sampling bias introduced
via the active learning process and will be further discussed
in Section 6.

In summary, a risk-based approach to active learning was
demonstrated for a representative numerical case study. A
simple maintenance decision problem was formed for a struc-
ture with four key health states of interest, and EVPI was
used to trigger ‘inspections’ to obtain class-label information
corresponding to structural health states.

6 DISCUSSION

The results presented in Section 5 indicate that making
inspections of structures according to a risk-based active
learning heuristic may provide a cost-effective method of
developing statistical classifiers for use in decision processes
in situations when no, or limited, labelled data are available
a priori. Moreover, it is interesting to note that a classifier
does not necessarily need to accurately model the entire fea-
ture space to be useful in decision processes. That being
said, a statistical model that is able to accurately predict
health-state labels has the potential to provide additional
information such as damage locations and types that may be
useful in directing more specific types of maintenance and
coordinating repair teams - albeit at a potentially higher
cost. Nevertheless, it can be said with confidence that the
appropriate machine learning paradigm to be used for statis-
tical classifiers in SHM is highly dependent on the context
in which the monitoring system is being employed; taking
into account factors such as: data availability, knowledge of
relevant physics, and the decision support application of the
monitoring system itself.

6.1 Sampling Bias

A noteworthy observation in Section 5 that bears further
discussion is that, whilst decision accuracy may be increased
via risk-based active learning, after a certain number of
queries have been made, any incipient data points whose
true labels may have high expected value with respect to
a structural maintenance decision process, may, in fact, be
detrimental to the performance of a decision-maker when
incorporated into the statistical classifier on which it relies.

A likely explanation for this observation is the phenomenon
known as sampling bias; a known issue associated with active
learning that has been documented to impact upon classifica-
tion performance [7, 17]. Sampling bias occurs when specific
regions of feature-space are over/under-sampled resulting in
a training dataset that is not representative of the under-
lying distributions; this can clearly be observed in Figure
12. In the numerical example presented in Section 5, sam-
pling bias manifests as unrepresentative mixing proportions
λ which may result in overconfident misclassifications that
subsequently cause erroneous actions to be decided.

6.2 Future Work

To overcome the dangers of sampling bias two poten-
tial solutions could be be considered for future work. The
first would be to establish a heuristic-based methodol-
ogy for switching between value of information-based and
uncertainty-based measures for guided sampling. This would
have the effect of establishing decision boundaries by querying
regions of the feature space with high value of information,
while also exploring low likelihood and high information (in-
cluding low-value) regions of the feature space. An alternative
approach would be to incorporate semi-supervised learning
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techniques [18, 19], such that the label predictions for the
unlabelled data Du may be utilised to retain representative
estimates for the mixing proportions.

Another interesting avenue for further investigation is that
of risk-based active learning applied to more complex decision
spaces such that the requirements of the statistical classifiers
are extended to damage localisation and the identification
of different types of damage. The case study presented in
the current paper considered only a simply binary decision
between ‘do nothing’ and ‘perform maintenance’. By increas-
ing the number of decisions, and therefore the number of
decision boundaries to be learned, the generalisation capa-
bilities of the framework will be tested, as no doubt more
queries will be required. This investigation will potentially
result in the decision accuracy of the value-based querying
approach being superseded by that of the random sampling
approach for higher numbers of queries.

7 CONCLUSIONS

The aim of the current paper has been to present a risk-
based active learning approach for SHM. The approach
utilises the expected value of perfect information of incipient
data points to instigate inspections, such that structural
health information may be obtained and incorporated into
probabilistic classifiers. The methodology was demonstrated
on a numerical case study. The results of the case study
indicated that the risk-based approach to active learning has
the potential to provide a cost-effective solution to the devel-
opment of decision-supporting SHM systems. This finding is
valuable as, ordinarily, the comprehensive labelled datasets
necessary for the fully-supervised learning of statistical clas-
sifiers are seldom available at the inception of a monitoring
system.
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Appendices

A EVPI CALCULATION

Here, an illustrative calculation of the EVPI is provided,
based upon the example presented in Section 5.

Consider Figure 8 as the influence diagram of the original
decision process I. The corresponding modified influence
diagram IHt→dt

is shown below in Figure 15.

UHt+1

Ht+1Ht

νt

dt

Udt

Figure 15: An influence diagram representation of the modi-
fied decision process associated with structure S.

With the EVPI given by equation (4), one must first
calculate the MEU for the decision process represented by I.
The MEU for I is given by,

MEU(I) =

maxdt

[∑
Ht

∑
Ht+1

P (Ht|νt)P (Ht+1|Ht, dt)U(Ht+1)

+ U(dt)
]

(15)

For the purposes of the demonstration, it will be assumed
that the classifier has predicted P (Ht|νt) = {0.4, 0.3, 0.2, 0.1}.
Otherwise, the remaining conditional probability distribu-
tions and utility functions are as specified in Section 5. Em-
ploying equation (15) one can compute that MEU(I) = −4.4.

Next, one must calculate the MEU for the decision process
represented by the influence diagram IHt→dt . This is given
by,

MEU(IHt→dt) =∑
Ht

maxdt

[ ∑
Ht+1

P (Ht|νt)P (Ht+1|Ht, dt)U(Ht+1)

+ U(dt)
]

(16)

Applying equation (16) and again taking P (Ht|νt) =
{0.4, 0.3, 0.2, 0.1}, one determines MEU(IHt→dt) = 1.015.

Finally, the EVPI of observing Ht prior to making the
decision dt, or the expected value of inspecting the structure,
can be trivially calculated with equation (4) to be,

EVPI(dt|Ht) = 1.015−−4.4

EVPI(dt|Ht) = 5.415
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ABSTRACT: This work proposes a novel framework for computing general Lie symmetries of nonlinear dynamical systems with 
unmeasured (unknown) inputs. Existing methods are typically oriented towards finding specific types of Lie symmetries with 
known forms, while often inputs are required to be fully measured. The main objective of the work is to relax both of the 
constraints. The obtained Lie symmetries from the framework provide an alternative path to approach the observability and 
identifiability properties of a dynamical system. Moreover, Lie symmetries imply the possible system identification results of 
states, parameters and unmeasured inputs for a given set of input-output measurements. Potential applications of Lie symmetries 
to model reduction and sensor placement in order for obtaining an equivalent observable and identifiable model are also important. 
In the end of this work, the computation and usage of Lie symmetries are demonstrated in detail using a suitably chosen 
engineering model with a displacement-proportional stiffness nonlinearity.  

KEY WORDS: Lie symmetries, Observability, Identifiability, System identification, Structural Health Monitoring 

1 INTRODUCTION 
System identification is important in estimating parameters and 
reconstructing states of dynamical systems based on input-
output measurements [1], which has found wide applications in 
Structural Health Monitoring (SHM) and many other scientific 
fields. In recent years, developing joint parameter/state/input 
identification methods for systems with unmeasured inputs has 
received increasing attention [2-4]. Such developments are 
motivated by the need to relax the constraints of classical 
identification methods in situations where inputs are too 
expensive, difficult or even impossible to measure, which are 
often encountered in practical SHM.  

Whether a system identification campaign is expected to be 
successful is associated with the observability properties of the 
system [5]. A dynamical system for a given setup of sensors 
being observable means that, it is theoretically feasible to find 
the true solutions of unknown quantities of the system 
(parameters/states/unmeasured inputs) which are (locally) 
unique to fit input-output data. Otherwise the system being 
unobservable implies that, any choice of identification method 
would not succeed but rather obtain one of the infinitely many 
sets of incorrect solutions of unobservable quantities which 
equally well satisfy the input-output relation. It has been 
recently discovered that these infinitely many incorrect 
solutions of unobservable quantities could be implied by a 
group of transformations, called Lie symmetries of the 
dynamical system.  

A widely-used approach for examining the observability of 
nonlinear systems is the Observability Rank Condition (ORC), 
introduced by Hermann and Krener [6]. The ORC was recently 
extended by Martinelli [7] and Maes et al. [8] to account for the 
presence of unmeasured inputs. To maximize the applicability 
of the ORC and the extended ORC to real-world engineering 
systems, the authors developed efficient implementations of the 
observability approaches for examining large linear systems 

with unknown parameters [9] and for rational nonlinear 
systems with unmeasured inputs [10]. If a system is detected 
unobservable it would be of significant interest to further 
investigate its Lie symmetries. Lie symmetries could provide 
rational predictions for the identification results of 
unobservable quantities given input-output measurements, and 
give mathematical relationships between the identification 
results and the true solutions of these quantities. Moreover, Lie 
symmetries could potentially be used to guide model reduction 
and sensor placement, in order to obtain an equivalent 
observable system. Robust computation of general Lie 
symmetries of nonlinear systems with fully measured inputs 
was achieved by Sedoglavic [11]. An alternative means was 
provided by Urguplu [12] and Anguelova et al. [13] to 
efficiently calculate some specific types of Lie symmetries of 
known forms. To serve for joint parameter/state/input 
estimation problems, the authors proposed an extension of 
[12,13] by incorporating unmeasured inputs into the framework 
[14]. Similar to [14], other computation methods [15,16] also 
exist but all require a prior assumptions on the forms of Lie 
symmetries during implementation, which limits the 
applicability of Lie symmetries to a certain extent.  

In this work, a novel computational framework is proposed, 
which allows for finding arbitrary nonlinear Lie symmetries 
existing in a nonlinear system with unmeasured inputs. 
Derivation of the framework is based on making use of an 
augmented form of system, and the fundamental property and 
theorem of Lie symmetries. In the following sections, the 
mathematical derivation is presented, followed by a suitably 
chosen example used to demonstrate the computation of Lie 
symmetries and usage of the results for reducing the model or 
changing the sensor setup to ensure the observability and 
identifiability.  
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2 LIE SYMMETRIES OF NONLINEAR SYSTEMS 
WITH UNMEASURED INPUTS 

This section briefly sketches the basic definition of Lie 
symmetries of nonlinear systems with unmeasured inputs, 
while the detailed exposition of Lie symmetries of differential 
equations can be found in [17]. In general, the considered 
systems can be written in the following state-space 
representation: 

 
 �̇� = 𝒇(𝒙, 𝒖,𝒘) 

𝒚 = 𝒉(𝒙, 𝒖,𝒘) 
(1) 

 
where 𝒙 = [𝑥!, 𝑥", … , 𝑥#]$ is the state vector containing both 
the dynamic states and the time-invariant parameters of the 
underlying system. 𝒘 = [𝑤!, 𝑤", … , 𝑤%]$  is the vector of 
unmeasured inputs, 𝒖 ∈ ℝ&  is the vector of measured inputs 
and 𝒚 ∈ ℝ' is the vector of output measurements. A dynamical 
system may contain multiple one-parameter groups of Lie 
symmetries, and it is assumed that the system in equation (1) 
contains 𝑟 groups. The 𝑖()	(1 ≤ 𝑖 ≤ 𝑟) group of the system is 
defined as a one-parameter group of transformations: 
 

 𝝓𝒙𝒊
# (𝒙,𝒘, 𝜀#) = . 𝜙$,&#

# , 𝜙$,'#
# , … , 𝜙$,(#

# 1
)

 
𝝓𝒘𝒊
# (𝒙,𝒘, 𝜀#) = . 𝜙+,&#

# , 𝜙+,'#
# , … , 𝜙+,,#

# 1
)

 

(2) 

 
where the group of transformations is indexed by a constant 
parameter 𝜀* in a continuous interval 𝑆 ⊆ ℝ. The 𝑗()	(1 ≤ 𝑗 ≤
𝑛)  component of 𝝓𝒙𝒊

* , i.e. 𝜙-,/*
* , is a symmetry of the 

corresponding 𝑗() component of 𝒙, i.e. 𝑥/, which is an analytic 
and smooth function of 𝒙, 𝒘 and 𝜀*. Similarly, the 𝑗()	(1 ≤ 𝑗 ≤
𝑚)  component of 𝝓𝒘𝒊

* , i.e. 𝜙1,/*
* , is a symmetry of the 

corresponding 𝑗()  component of 𝒘, i.e. 𝑤/ , which is also an 
analytic and smooth function of 𝒙, 𝒘 and 𝜀* . A fundamental 
property of the group of transformations is that, for any value 
of 𝜀* in S and any measured inputs 𝒖, 𝝓𝒙𝒊

*  and 𝝓𝒘𝒊
*  satisfy the 

state-space and output equations of the system equally well as 
𝒙 and 𝒘, leaving the output measurements invariant, i.e.: 
 

 �̇�𝒙𝒊
# = 𝒇( 𝝓𝒙𝒊

𝑖 , 𝒖, 𝝓𝒘𝒊
𝑖 ) 

𝒚 = 𝒉( 𝝓𝒙𝒊
𝑖 , 𝒖, 𝝓𝒘𝒊

𝑖 ) 

(3) 

 
where it should be noted that the functions 𝒇 and 𝒉 remain the 
same between equations (1) and (3). Due to the above property, 
Lie symmetries of the system can be interpreted as the general 
representation of the other infinitely many possible solutions of 
the states and unmeasured inputs (since there are infinitely 
many values of 𝜀*).  

Furthermore, it is indicated by Lie’s first fundamental 
theorem that the one-parameter group of Lie symmetries is 
equivalent to the solution of the initial value problem for the 
following system of first-order differential equations: 

 
 - 𝝓𝒙𝒊

#

-/#
= 𝝃𝒙𝒊

# 3 𝝓𝒙𝒊
# , 𝝓𝒘𝒊

# 4,     𝝓𝒙𝒊
# (𝒙,𝒘, 0) = 𝒙 

- 𝝓𝒘𝒊
#

-/#
= 𝝃𝒘𝒊

# 3 𝝓𝒙𝒊
# , 𝝓𝒘𝒊

# 4,    𝝓𝒘𝒊
# (𝒙,𝒘, 0) = 𝒘 

(4) 

 

where 𝝃𝒙𝒊
*  and 𝝃𝒘𝒊

*  are vectors of analytic nonlinear functions. 
When evaluated at 𝜀* = 0, 
 

 𝜕 𝝓𝒙𝒊
#

𝜕𝜀#
7
/#01

= 𝝃𝒙𝒊
# (𝒙,𝒘) 

𝜕 𝝓𝒘𝒊
#

𝜕𝜀#
7
/#01

= 𝝃𝒘𝒊
# (𝒙,𝒘) 

(5) 

 
are defined as the infinitesimals of (2). Lie’s first fundamental 
theorem ensures that the infinitesimals contain essential 
information for characterizing a one-parameter Lie group of 
transformations.  

3 AUGMENTED SYSTEM 
With the definition of one-parameter groups of Lie symmetries, 
i.e. 𝝓𝒙𝒊

*  and 𝝓𝒘𝒊
*  (𝑖 = 1,… , 𝑟), the aim of the next sections is to 

establish a robust framework for computing the expressions of 
𝝓𝒙𝒊
*  and 𝝓𝒘𝒊

* . To achieve so, this section introduces an 
augmented form of the system in equation (1) by treating the 
unmeasured inputs and their time derivatives as additional 
states of the system. Including 𝒙, 𝒘 and its time derivatives up 
to order 𝑘 in a common state vector gives: 

 
 𝒙𝒌 = [𝒙) , 𝒘) , �̇�) , … ,𝒘(4))]) (6) 

 
and then the state-space equations of the system can be 
augmented by rewriting with respect to 𝒙𝒌: 

 
 

�̇�𝒌 =

⎣
⎢
⎢
⎢
⎡
𝒇(𝒙, 𝒖,𝒘)

�̇�
�̈�
⋮

𝒘(46&) ⎦
⎥
⎥
⎥
⎤
= 𝑭𝒌(𝒙𝒌, 𝒖,𝒘(46&)) 

(7) 

 
while the output equation in (1) remains the same. It should be 
noted that the augmented system in equation (7) still contains 
𝑚 unmeasured inputs which now coincide with the (𝑘 + 1)() 
order time derivatives of the original unmeasured inputs, i.e. 
𝒘(56!).  

To proceed, it is necessary to introduce the extended Lie 
derivatives of the outputs of the augmented system using the 
following formulation: 

 

𝑳𝒇
𝒋𝒉 =

𝜕𝑳𝒇
𝒋'𝟏𝒉
𝜕𝒙 𝒇 +(

𝜕𝑳𝒇
𝒋'𝟏𝒉

𝜕𝒘(*'+)𝒘
(*)

-

*.+

+(
𝜕𝑳𝒇

𝒋'𝟏𝒉
𝜕𝒖(*'+)

𝒖(*)
-

*.+

 
(8) 

 
where 𝑳𝒇

𝒋𝒉 is defined as the 𝑗() order Lie derivative, which can 
be calculated recursively given the zero order 𝑳𝒇𝟎𝒉 =
𝒉(𝒙, 𝒖,𝒘). A straightforward calculation based on the chain 
rule shows that 𝑳𝒇

𝒋𝒉 is equivalent to: 
 

 
𝑳𝒇
𝒋𝒉 =

𝑑𝑳𝒇
𝒋9𝟏𝒉
𝑑𝑡

=
𝑑;𝒉
𝑑𝑡;

 
(9) 
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The augmented system also contains 𝑟 one-parameter groups 
of Lie symmetries, and it is possible to denote its 𝑖() group by 
𝝓𝒙𝒌𝒊
*  and 𝝓𝒘(#$%)𝒊

* , where 
 
𝝓𝒙𝒌(𝒙

𝒌, 𝒘(46&), 𝜀#)𝒊
# = [ 𝝓𝒙

)
𝒊
# , 𝝓𝒘

)
𝒊
# , … , 𝝓𝒘(0)

)
𝒊
# ]) (10) 

 
Similarly due to the fundamental property of Lie symmetries, 
𝝓𝒙𝒌𝒊
*  and 𝝓𝒘(#$%)𝒊

*  fulfil the equations of the augmented system 
equally well as 𝒙𝒌 and 𝒘(56!), i.e.: 
 

 �̇�𝒙𝒌𝒊
# = 𝑭𝒌( 𝝓𝒙𝒌𝒊

𝑖 , 𝒖, 𝝓𝒘(𝑘+1)𝒊
𝑖 ) 

𝒚 = 𝒉( 𝝓𝒙𝒊
𝑖 , 𝒖, 𝝓𝒘𝒊

𝑖 ) 

(11) 

 
It should be noted that if the expression of 𝝓𝒙𝒌𝒊

*  could be 
determined, it ensures that 𝝓𝒙𝒊

*  and 𝝓𝒘𝒊
*  would be determined 

as the components of 𝝓𝒙𝒌𝒊
* , as can be observed from equation 

(10). 
Furthermore, based on Lie’s first fundamental theorem, the 

following differential equation holds with an initial condition: 
 
 𝜕 𝝓𝒙𝒌𝒊

#

𝜕𝜀#
= 𝝃𝒙𝒌𝒊

# 3 𝝓𝒙𝒌𝒊
# , 𝝓𝒘(012)𝒊

# 4 

𝝓𝒙𝒌(𝒙
𝒌, 𝒘(46&), 0)𝒊

# = 𝒙𝒌 

(12) 

 
where 𝝃𝒙𝒌𝒊

*  is a vector of analytic nonlinear functions, and the 
corresponding infinitesimals are given by: 
 

 𝜕 𝝓𝒙𝒌𝒊
#

𝜕𝜀#
7
/#01

= 𝝃𝒙𝒌𝒊
# 3𝒙𝒌, 𝒘(46&)4 

(13) 

4 ANALYTIC COMPUTATION OF LIE SYMMETRIES 
This section first presents a means of computing the vector of 
functions 𝝃𝒙𝒌𝒊

*  by solving a set of equations analytically. The 
set of equations is derived based on the fact that the following 
time derivative of the output equation in (11) up to any order 
𝑗 ≥ 0 holds for all possible 𝜀* in 𝑆, 

 
 

𝒚(;) =
𝑑;𝒉( 𝝓𝒙𝒊

𝑖 , 𝒖, 𝝓𝒘𝒊
𝑖 )

𝑑𝑡;
 

(14) 

 
and therefore taking derivatives of both sides of equation (14) 
with respect to 𝜀* yields: 
 

 
𝑑𝒚(;)

𝑑𝜀#
= 𝟎 =

𝑑
𝑑;𝒉( 𝝓𝒙𝒊

𝑖 , 𝒖, 𝝓𝒘𝒊
𝑖 )

𝑑𝑡;
𝑑𝜀#

 

(15) 

 
For 𝑗 = 0,… , 𝑘, applying the chain rule to equation (15) and 
evaluating the equation at 𝜀* = 0 lead to the following set of 
equations, where the time derivatives of the output functions 
are expressed in terms of Lie derivatives: 
 

 𝜕𝒉	
𝜕𝒙𝒌

𝝃𝒙𝒌𝒊
# 3𝒙𝒌, 𝒘(46&)4 = 𝟎 

(16) 

𝜕𝑳𝒇𝒉	
𝜕𝒙𝒌

𝝃𝒙𝒌𝒊
# 3𝒙𝒌, 𝒘(46&)4 = 𝟎 

⋮ 
𝜕𝑳𝒇𝒌𝒉	
𝜕𝒙𝒌

𝝃𝒙𝒌𝒊
# 3𝒙𝒌, 𝒘(46&)4 = 𝟎 

 
Due to the reasons of brevity, the derivation steps from 
equation (15) to equation (16) are not presented in detail. 
Further expressing equation (16) in the form of matrix 
multiplication, one attains: 
 

 

⎣
⎢
⎢
⎢
⎢
⎢
⎢
⎡
𝜕𝒉	
𝜕𝒙𝒌
𝜕𝑳𝒇𝒉	
𝜕𝒙𝒌
⋮

𝜕𝑳𝒇𝒌𝒉	
𝜕𝒙𝒌 ⎦

⎥
⎥
⎥
⎥
⎥
⎥
⎤

𝝃𝒙𝒌𝒊
# 3𝒙𝒌, 𝒘(46&)4 = 𝟎 

(17) 

 
With the derived equation (17), computation of 𝝃𝒙𝒌𝒊

*  can readily 
be achieved by evaluating the kernel of the left matrix, i.e.: 
 

𝝃𝒙𝒌𝒊
# "𝒙𝒌, 𝒘(&'()& = 𝑘𝑒𝑟

⎝

⎜
⎜
⎜
⎜
⎛

⎣
⎢
⎢
⎢
⎢
⎢
⎢
⎡
𝜕𝒉	
𝜕𝒙𝒌
𝜕𝑳𝒇𝒉	
𝜕𝒙𝒌
⋮

𝜕𝑳𝒇𝒌𝒉	
𝜕𝒙𝒌 ⎦

⎥
⎥
⎥
⎥
⎥
⎥
⎤

⎠

⎟
⎟
⎟
⎟
⎞

= 𝑘𝑒𝑟	(𝛀𝒌) 

(18) 

 
At a chosen 𝑘 = 𝑘; , equation (18) would result in multiple 
bases of the kernel, i.e. 𝝃𝒙𝒌𝒊

! , …, 𝝃𝒙𝒌𝒊
< , which correspond 

respectively to the 𝑟 one-parameter groups of Lie symmetries 
of the augmented system. It should be noted that different 
choices of 𝑘 may give rise to different expressions of 𝝃𝒙𝒌𝒊

* 	(𝑖 =
1,… , 𝑟); the results of 𝝃𝒙𝒌𝒊

*  would be determined at 𝑘 = 𝑘; for 
which 𝝃𝒙𝒊

*  and 𝝃𝒘𝒊
*  as the components of 𝝃𝒙𝒌𝒊

*  remain invariant 
for any 𝑘 > 𝑘; . This is in fact associated with the 𝑘 -row 
observability properties of 𝒙 and 𝒘 deduced from the matrix 
𝛀𝒌 being convergent as discussed in [10]. It should be further 
noted that, the Lie derivatives up to order 𝑘 are independent of 
𝒘(/)	(𝑗 > 𝑘)  as can be deduced from equation (8), and 
therefore 𝛀𝒌 is independent of 𝒘(56!); as a consequence, the 
kernel of 𝛀𝒌 would be independent of 𝒘(56!), and hence it is 
feasible to write: 
 

 𝝃𝒙𝒌𝒊
# 3𝒙𝒌, 𝒘(46&)4 = 𝝃𝒙𝒌𝒊

# 3𝒙𝒌4 (19) 
 

Having obtained 𝝃𝒙𝒌(𝒙𝒌)𝒊
* 	(𝑖 = 1,… , 𝑟), it is now sufficient 

to compute the  groups of Lie symmetries using equation (12), 
i.e.: 
 

 - 𝝓𝒙𝒌𝒊
#

-/#
= 𝝃𝒙𝒌𝒊

# 3 𝝓𝒙𝒌𝒊
# 4,     𝝓𝒙𝒌𝒊

# H/#01 = 𝒙𝒌 
(20) 

 

                           Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure

685



It should be noted that once knowing the infinitesimals 
𝝃𝒙𝒌(𝒙𝒌)𝒊
* , the expression of 𝝃𝒙𝒌𝒊

* G 𝝓𝒙𝒌𝒊
* H  would be known 

accordingly as can be seen between equations (12) and (13). 
Analytically solving equation (20) as an initial value problem 
allows for obtaining 𝝓𝒙𝒌𝒊

* 	(𝑖 = 1,… , 𝑟) and thus obtaining 𝝓𝒙𝒊
*  

and 𝝓𝒘𝒊
*  as the components of 𝝓𝒙𝒌𝒊

* , i.e. the 𝑟 one-parameter 
groups of Lie symmetries of the system in equation (1).  

5 EXAMPLE 

 
Figure 1. mass-spring-damper system 

 
Consider a mass-spring-damper system as shown in Figure 1. 
The displacement of the mass 𝑚  is denoted by 𝑥  and the 
corresponding velocity is denoted by 𝑣. The stiffness of the 
nonlinear spring that connects the mass to the fixed support is 
displacement-proportional and given by 𝑘 + Δ𝑘𝑥 . The 
coefficient of the linear damper is 𝑐. The dynamical system is 
driven by an unmeasured force 𝑊  applied to the mass. The 
unknown parameters of the system are 𝑘, ∆𝑘, 𝑐 and 𝑚, and the 
dynamic states are 𝑥 and 𝑣. The state-space equations of the 
system are given in the following: 
 

 

𝑑
𝑑𝑡

⎣
⎢
⎢
⎢
⎡
𝑥
𝑣
𝑘
∆𝑘
𝑐
𝑚 ⎦
⎥
⎥
⎥
⎤

=

⎣
⎢
⎢
⎢
⎢
⎢
⎡

𝑣
−(𝑘 + ∆𝑘𝑥)𝑥 − 𝑐𝑣 +𝑊

𝑚
0
0
0
0 ⎦

⎥
⎥
⎥
⎥
⎥
⎤

 

(21) 

 
It is assumed that the acceleration of the mass is measured, and 
therefore the output equation is given by: 
 

 
𝑦 =

−(𝑘 + ∆𝑘𝑥)𝑥 − 𝑐𝑣 +𝑊
𝑚

 
(22) 

 
It would be of interest to investigate whether the unknown 
parameters, dynamic states and the unmeasured force of the 
system can be successfully identified using the measurement 𝑦. 

Using the computation method presented in Section 4, two 
groups of infinitesimals are obtained: 

 
 

𝝃𝒙𝒌𝒊
& = S

𝝃𝒙𝒊
&

𝝃𝒘𝒊
& T =

⎣
⎢
⎢
⎢
⎢
⎡

1
0

−2∆𝑘
0
0
0
𝑘 ⎦

⎥
⎥
⎥
⎥
⎤

 

(23) 

and 
 

𝝃𝒙𝒌𝒊
' = S

𝝃𝒙𝒊
'

𝝃𝒘𝒊
' T =

⎣
⎢
⎢
⎢
⎢
⎡
0
0
𝑘
∆𝑘
𝑐
𝑚
𝑊⎦
⎥
⎥
⎥
⎥
⎤

 

(24) 

 
The corresponding 𝝃𝒙𝒌𝒊

! ( 𝝓𝒙𝒌𝒊
! )  and 𝝃𝒙𝒌𝒊

" ( 𝝓𝒙𝒌𝒊
" )  are thus 

known accordingly as: 
 

 

𝝃𝒙𝒌( 𝝓𝒙𝒌𝒊
& )𝒊

& =

⎣
⎢
⎢
⎢
⎢
⎢
⎡

1
0

−2 𝜙∆4#
&

0
0
0
𝜙4#
& ⎦

⎥
⎥
⎥
⎥
⎥
⎤

 

(25) 

and 
 

𝝃𝒙𝒌( 𝝓𝒙𝒌𝒊
' )𝒊

' =

⎣
⎢
⎢
⎢
⎢
⎢
⎢
⎡
0
0
𝜙4#
'

𝜙∆4#
'

𝜙=#
'

𝜙,#
'

𝜙>#
' ⎦

⎥
⎥
⎥
⎥
⎥
⎥
⎤

 

(26) 

 
Given that 
 

𝝓𝒙𝒌𝒊
# = [ 𝜙$#

# , 𝜙?#
# , 𝜙4#

# , 𝜙∆4#
# , 𝜙=#

# , 𝜙,#
# , 𝜙>#

# ]) 
𝝓𝒙𝒌𝒊
# H/#01 = [𝑥, 𝑣, 𝑘, ∆𝑘, 𝑐,𝑚,𝑊]) 

(27) 

 
equation (20) can be used to analytically compute the 
expressions of 𝝓𝒙𝒌𝒊

!  and 𝝓𝒙𝒌𝒊
" , i.e. the two one-parameter 

groups of Lie symmetries of the considered system: 
 

𝝓𝒙𝒌𝒊
& =

⎣
⎢
⎢
⎢
⎢
⎢
⎡

𝑥 + 𝜀&
𝑣

𝑘 − 2∆𝑘𝜀&
∆𝑘
𝑐
𝑚

𝑊 + 𝑘𝜀& − ∆𝑘𝜀&'⎦
⎥
⎥
⎥
⎥
⎥
⎤

 

(28) 

and 

𝝓𝒙𝒌𝒊
' =

⎣
⎢
⎢
⎢
⎢
⎢
⎡

𝑥
𝑣

𝑒/3𝑘
𝑒/3∆𝑘
𝑒/3𝑐
𝑒/3𝑚
𝑒/3𝑊⎦

⎥
⎥
⎥
⎥
⎥
⎤

 

(29) 

 
The obtained 𝝓𝒙𝒌𝒊

!  and 𝝓𝒙𝒌𝒊
"  can then be combined into a two-

parameter group of Lie symmetries, 𝝓𝒙𝒌 , by successively 
applying the transformations: 
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𝝓𝒙𝒌 =

⎣
⎢
⎢
⎢
⎢
⎢
⎡

𝑥 + 𝜀&
𝑣

𝑒/3(𝑘 − 2∆𝑘𝜀&)
𝑒/3∆𝑘
𝑒/3𝑐
𝑒/3𝑚

𝑒/3(𝑊 + 𝑘𝜀& − ∆𝑘𝜀&')⎦
⎥
⎥
⎥
⎥
⎥
⎤

 

(30) 

 
It can be deduced from the above group of Lie symmetries that, 
𝑣 is an observable state since its symmetry 𝜙= ≡ 𝑣, while the 
remaining parameters, states and the unmeasured force are 
unobservable. 

To demonstrate the usage of the results of Lie symmetries for 
model reduction and sensor re-placement, four new 
dimensionless variables 𝑘% , ∆𝑘% , 𝑐%  and 𝑊%  are introduced 
as combinations of the parameters and unmeasured force, in 
order to eliminate all 𝜀": 

 
𝑘, = @434

@43,
= 4

,
,     ∆𝑘, = @43∆4

@43,
= ∆4

,
 

𝑐, = @43=
@43,

= =
,

,     𝑊, = @43>
@43,

= >
,

 

(31) 

 
The system can then be reduced by rewriting the state-space 
equations with respect to 𝑘%, ∆𝑘%, 𝑐% and 𝑊%: 
 

 
𝑑
𝑑𝑡
⎣
⎢
⎢
⎢
⎡
𝑥
𝑣
𝑘+
∆𝑘+
𝑐+ ⎦

⎥
⎥
⎥
⎤
=

⎣
⎢
⎢
⎢
⎡

𝑣
−(𝑘+ + ∆𝑘+𝑥)𝑥 − 𝑐+𝑣 +𝑊+

0
0
0 ⎦

⎥
⎥
⎥
⎤
 

(32) 

 
An additional sensor is placed to measure 𝑥 whose symmetry 
is 𝜙- = 𝑥 + 𝜀! in order to eliminate all 𝜀!, such that: 
 

𝒚 = X
𝑥

−(𝑘, + ∆𝑘,𝑥)𝑥 − 𝑐,𝑣 +𝑊,Y 
(33) 

 
A modified model described in equations (32) and (33) is thus 
obtained to improve the observability and identifiability of the 
considered system.  

6 CONCLUSIONS 
In this work, a novel framework for computing general Lie 
symmetries of nonlinear dynamical systems with unmeasured 
(unknown) inputs is proposed. Mathematical derivation of the 
framework is based on making use of an augmented form of the 
system that includes unmeasured inputs and their time 
derivatives as additional states, and the fundamental property 
and Lie’s theorem of symmetries. A system of equations is 
derived which allows for analytically obtaining the one-
parameter groups of Lie symmetries without having to assume 
their forms. This is demonstrated through a dynamical system 
exhibiting a common type of nonlinearity – a spring with a 
displacement-proportional stiffness, under an unmeasured 
excitation. It is shown that the resulting Lie symmetries do not 
correspond to ones of the usual types assumed in the literature 
and hence they might have not been identified with such 
methods. The suggested framework succeeds in defining Lie 
symmetries and uses the results to suggest a means of 

redefining the model and changing the sensor setup to result in 
improving the observability of the campaign.  
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ABSTRACT: Experimental data are used to improve structural models and model-based predictions of output quantities of 
interest (QoI), that are crucial in making decisions regarding structural health, safety and performance. The objective in optimal 
experimental design (OED) is to optimize the design of the experiment such that the most informative data are obtained to 
reduce the uncertainties in the parameters of the models and the uncertainty in the model-based predictions of output QoI. Here 
we propose a Bayesian OED framework for model parameter estimation, based on maximizing a utility function built from 
appropriate measures of information in the data. Asymptotic approximations for the multidimensional integrals arising in the 
formulation are proposed. The design variables include the location of sensors/actuators and/or the characteristics (amplitude 
variation and frequency content) of the excitation. Heuristic algorithms are used to solve the optimization problem. The 
proposed framework is applicable to linear and nonlinear systems encountered in structural health monitoring (SHM) 
applications. The effectiveness of the method is demonstrated for a multi degree of freedom (DOF) spring-mass chain system 
with elements that exhibit hysteretic nonlinearities.  

KEY WORDS: Optimal Sensor Placement; Information Entropy; Parameter Estimation; Structural Health Monitoring; Damage 
Identification. 

1 INTRODUCTION 
Optimal sensor placement (OSP) aims to maximize the 

quality of the experimental data which is used in SHM 
applications to evaluate the condition of existing structures, 
detect damages and making decisions regarding structural 
health, safety and performance. By designing an optimal 
experimental set up, it is possible to improve structural 
models, narrow the uncertainties in their parameters and their 
model-based predictions of output QoI. In particular, the 
prediction of key output QoI (virtual sensing) such as 
strains/stress time histories can provide useful information 
about fatigue damage accumulation over an entire 
substructure or structure [1].  

In this study, a Bayesian OED framework which is 
applicable to linear and nonlinear models, is proposed in order 
to estimate the model parameters. The framework is based on 
maximizing a utility function built from appropriate measures 
of information in the data (e.g. mutual information, Kullback-
Liebler divergence, information entropy). Asymptotic 
approximations for the multidimensional integrals arising in 
the formulation are proposed. The design variables include the 
location of sensors/actuators and/or the characteristics 
(amplitude variation and frequency content) of the excitation. 
Heuristic forward sequential sensor placement (FSSP) 
algorithms are used to solve the optimization problem to 
overcome the large computational expense. The capabilities of 
the proposed framework is demonstrated through an example 
application of a multi DOF nonlinear (hysteretic) spring-mass 
chain model. 

2 BAYESIAN OPTIMAL SENSOR PLACEMENT 
METHODOLOGY FOR PARAMETER ESTIMATION 

The Bayesian framework for optimal sensor placement for 
the estimation of the parameters of a model is presented. The 
model parameters that defined as nR θθ ∈  are estimated using 

a set of data ( ){ }, 1, ,= ∈ =yn
dD y k R k nδ  , where ( )y kδ  

is the data of output quantities (acceleration, velocity and 
displacement) measured at yn  degree of freedoms (DOFs), k  
denotes the time index at time t ( = ∆t k t ) for number of 
sampled data dn  and the sampling interval ∆t . ( )y kδ  
depends on experimental design variables δ , which are 
related to the sensor configuration (number, type and location 
of sensors) or excitation characteristics (frequency content or 
amplitude). It is assumed that, ( ); , ∈ nz k Rθ δ  is the vector of 
the time histories of the responses predicted at n  DOFs for 
the specific values of the parameter set θ . These predictions 
depend on the model structure, the excitations and the sensor 
configuration δ . Accordingly, the discrepancy between the 
measurements and the model predictions is expressed as: 

 ( ) ( ) ( )( ) ; , ; , ,= +y k L z k e kδ δ θ δ σ ϕ δ   (1) 

where ( ) ×∈ yn nL Rδ  is the selection matrix that selects the 

DOF from the response vector ( ); ,z k θ δ  that correspond to 

sensor configuration δ , ( )0, ee N Q  is a zero-mean 
Gaussian measurement and model error term with a 
covariance equal to ( ), ×∈ y yn n

eQ Rσ θ , where σ  are 
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prediction error parameters. Applying the Bayesian theorem, 
the posterior probability density function (PDF) of θ , given 
the measured data D , is given by  

( )
( )

( ) ( )

1| ,
2 det

exp | ,
2

dn

e

d y

p D c
Q

n n
J D

θ δ
π

θ δ π θ

=

 
× − 

 



  (2) 

 where  

( ) ( )

( ) ( )
1

1

1| , ( ) ( ) ; ,

; ( ) ( ) ; ,

dn T

kd y

e

J D y k L z k
n n

Q k y k L z k

δ

δ

θ δ δ θ δ

δ δ θ δ

=

−

 = − 

 − 

∑
  (3) 

expresses the deviation between the measured and model 
predicted quantities. ( )π θ  is the prior distribution for θ  
(assumed as constant), and c  is a normalization constant 
guaranteeing that the posterior PDF ( )| ,p Dθ δ  integrates to 
1. Eq.(2), quantifies the posterior uncertainty in the parameter 
values θ  based on the information contained in the measured 
data.  
The information gain from the data is measured by using 
Kulback-Liebler divergence index [2]. Using utility theory 
[3], the optimal experimental design is accomplished by 
maximizing the expected information gain over all possible 
data generated from the prediction error model. It can be 
shown that asymptotically for large number of data and small 
prediction errors, the utility function that measures the 
expected information gain from the data can be simplified as 
follows: 

 ( ) ( ) ( );  
Θ

= − ∫priorU H H dδ δ θ π θ θ   (4) 

where priorH  is the information entropy of the prior PDF 
given by, 

 ( ) ( )1 1ln 2 1 lndet
2 2

 = + −    priorH n Qθ ππ θ   (5) 

 and ( );H δ θ  is asymptotically approximated by [3, 4]: 

( ) ( ) ( ) ( )1 1; ln 2 1 ln det ;
2 2

 = + − +    H n Q Qθ πδ θ π δ θ θ  (6) 

here ( );Q δ θ  is the Fisher information matrix, a semi positive 

definite matrix given by: 

 
( ) ( ) ( ) ( )

( ) ( )

1

1
; ; ;

;

dn T

k e
k

T
k

Q L z Q

L z

θ

θ

δ θ δ θ δ σ δ

δ θ δ

−

=

 = ∇  

∇   

∑   (7) 

where 1/ , , / ∇ = ∂ ∂ ∂ ∂ nθθ θ θ  is the gradient operator. 
The posterior is based on the Fisher information matrix and it 
is an average of the utility function over all possible values of 
the model parameters (over the parameter space Θ ) as they 
are inferred from the data. For Gaussian prior ( )Qπ θ is the 
inverse of the covariance matrix of the prior.  

2.1 Covariance matrix definition 
It is assumed that the measurement and model errors are 

independent and zero-mean Gaussian vectors with covariance 
matrices, ,e measQ  and ,mode elQ  is given as: 

 2 2
, ,mod,e meas e el e yQ s I Q Qσ= =    (8) 

with error parameters s  and eσ  which are the standard 

deviation of errors, yQ  is a diagonal matrix of the square of 
the intensities of measured QoI (computed for nominal value 
of the model parameter set θ ) and I  is the identity matrix. 
The model error term eσ , is chosen proportional to the 
intensity of the QoI. In addition, a spatial correlation function 
can be used to take into account that between two 
neighborhood locations are correlated. 

2.2 Optimal sensor placement methodology 
The sensor configuration should be designed in a way that 

the measured data as informative as possible with regard to 
the model parameters to be estimated. This is achieved by 
solving an optimization problem: 

 ( )arg maxopt U
δ

δ δ=   (9) 

where optδ  is the optimal sensor position and the utility 
function is the change of information entropy formulated in 
Eq. (4). The optimization of Eq. (9) is performed using 
heuristic sequential sensor placement algorithms to overcome 
the large computational expense without sacrificing accuracy 
[4]. 

3 DYNAMIC MODEL FORMULATION 
The equation of motion of a nonlinear spring-mass chain 

dynamical system consider in this study is described by 
 ( ) ( ) ( ), , 1RF gMu t L q u u t M y t+ = −    (10) 

where ×∈ N NM R is mass, ( ) Nu t R∈  is relative acceleration 

response vector, ( ), , Nq u u t R∈  is the vector of restoring 

force depending on ( ) Nu t R∈ , ( ) Nu t R∈  which are relative 

velocity and displacement responses, ×∈ N N
RFL R  is the 

mapping matrix for restoring force, 1 NR∈  is the column 
vector of ones and ( )gy t  is the base acceleration. The spring 
at the link i  is considered to be nonlinear with restoring force 
given by  

 
( ) ( ) ( )( ) ( ) ( )( )

( )
1 1, ,

(1 )
− −= − + −

+ −
i i i i i i i i

i i i

q u u t c x t x t k x t x t

k z t

α

α

  

  (11) 

where , ,i i ix x x   are the absolute displacement, velocity and 
displacement time histories, ic  is damping, ik  is the stiffness 
and α  is rigidity ratio (i.e., the ratio of final tangent stiffness 

Nk  to initial stiffness ik , ( )0 1< <α ) of i  th link. The 
nonlinearity is represented by Bouc-Wen hysteretic model [6, 
7] given by 

 ( ) ( )1
1 1 1

−
− − −= − − − − −n n

i i i i i i i i i i i i iz A x x x x z z x x zβ γ       (12) 
The restoring force model involves five parameters. Parameter 
A simply controls the hysteresis amplitude. Along with n , the 
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hysteretic parameters β , γ  determine the basic shape of the 
hysteresis. Their absolute value is not of interest, but rather 
their sum/difference, which may define a hardening or 
softening relationship. 

4 APPLICATION 
As a numerical example, a 6 DOFs nonlinear spring-mass 

chain model of a structure is considered, subjected to base 
acceleration which is defined as a Gaussian white noise signal 
( ( )20, , 0.05=N c dt  sec.), with the amplitude 6=c  is 
selected so that nonlinearities are activated. The objective in 
this application is to find the optimal sensor placement that 
optimize the information for computing the model parameters 
θ  introduced for the 1st link of the model. θ  includes 
stiffness parameter of the 1st spring φ  and the Bouc-Wen 
model parameters β  and α  ( [ ], ,=θ φ β α ). γ is assigned to 
be 1−β . It is assumed that the other springs are linear. A 
Normal prior PDF is assumed for θ  with mean and standard 
deviation for each model parameter given in Table 1.   

Table 1. Model parameters prior information. 

Parameter µ  (mean) σ  (standard 
deviation) 

     φ   1 0.1 
    β   0.7 0.1 
    α   0.5 0.1 

The other model parameters A  and n  related to the 
nonlinearity are considered known with values equal to 1. The 
nonlinear restoring force of the 1st link to the white noise input 
is presented in Figure 1 for the mean values of the model 
parameters. Figure 2 shows the intensities (root mean-square 
of the responses) of the acceleration responses at the six DOF.  

 
Figure 1. Hysteretic force vs story drift for the first link with 

1, 0.7, 0.3, 0.5= = = =φ β γ α . 

OSP is performed to optimize the locations of 6 acceleration 
sensors. In the first case, standard deviations for error 
covariance matrices, are selected in a way that model error 
corresponds to 1%  of the intensity of measured QoI (Figure 

2) an measurement error which is very small compared to the 
intensities of the acceleration responses shown in Figure 2. 
Analysis is repeated for different error cases given in Table 2. 
Sparse Grid method is used to calculate the integration in 
utility calculation (see Eqn. (4)) over the possible values of 
model parameters. The order of sparse grid method is selected 
to be 4. Rayleigh damping is assumed with the mass and 
stiffness coefficients selected so that they correspond to 2% 
damping ratio for the first and the third modes of the system.  

Table 2. Model and measurement error parameters. 

Case  eσ   s               s/Intensity  

1 0.01 0.01 0.3%  
2 0.01 0.3 ~ 1%  
3 0.01 1 ~ 3%  
4 0.01 10 ~ 30%  
5 0.1 0.01 0.3%  

 

 
Figure 2. Intensities of the absolute acceleration 

measurements for mean values of the model parameters vs 
DOF. 

The expected information gain (utility values) values as a 
function of the number of sensors placed at their optimal 
locations are presented in Figure 3. Figure 4 shows the utility 
values normalized by the maximum utility value for the sensor 
configuration containing six sensors. The optimal sensor 
locations are shown in Figure 5 as a function of the number of 
sensors, while the worst sensor locations are presented in 
Figure 6 as a function of the number of sensors. Results 
obtained from different error cases are compared in these 
figures. In Figure 3, the difference between the maximum and 
minimum utilities is a measure of the information gain. As 
observed from the expected utility values, there is a 
significant information gain when sensors are placed to the 
system to estimate the model parameters. The first sensor 
provide 92% of the information that one would get by placing 
all six acceleration sensors in all six DOFs. Each additional 
sensor provides some extra information for estimating the 
model paraemters.  
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Figure 3. The maximum and minimum utility values 
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Figure 4. The normalized maximum and minimum utility 

values. 

      In Figure 4, as measurement error increases from case 1 to 
case 4, information gain decreases. One requires more sensors 
to gain the same information for parameter estimation. A 
similar trend can be observed for the model error comparison 
between case 1 and case 5. The best locations for most 
informative sensors and the worst locations for all sensors are 
found to slightly depend on the model and measurement error 
cases. According to the optimal sensor location result, the 1st 
sensor should be placed to 1st DOF to reliably estimate the 
model parameters of the first link, which is consistent with 
intuition. The worst location of one sensor is DOF 5.  
      To explore the effect of the input intensity, the same 
problem has been solved with different c  values by choosing 
the  model error corresponds to 1%  of the intensity of 
measured QoI and measurement error corresponding the 3%  
of the average intensity of measured QoI for c=6. Results are 
presented in Figure 7, for sensor configurations with number 
of sensors 1, 3 and 6.  According to the comparison of the 
results obtained by using different input intensities, 
information gain is increasing with the input amplitude. With 
the higher values of input intensity, the nonlinearity of the 
system are activated and more information can be extracted 

from the data to reliably estimate parameters related to the 
nonlinearity.  
 

Case 1

Case 2

Case 3

Case 4

Case 5

 
Figure 5. The best sensor locations.  

Case 1

Case 2

Case 3

Case 4

Case 5

 
Figure 6. The worst sensor locations. 

  
Figure 7. Utility values vs intensity of Input 

These representative results demonstrate the applicability of 
the proposed optimal sensor placement strategy in estimating 
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the model parameters for nonlinear models in the presence of 
measurement and modelling errors.  

5 CONCLUSION 
A Bayesian OED framework has been presented for 

parameter estimation. The proposed framework is applicable 
to optimize the experimental design for a wide variety of 
linear and nonlinear systems encountered in SHM 
applications. The optimal sensor placement is performed by 
maximizing a utility function based on Kullback-Leibler 
divergence index which measures the difference between the 
prior and posterior distribution of the model parameters. The 
framework employs asymptotic approximations to simplify 
the computation of the integrals involved in the utility 
function built as the expected Kullback-Leibler divergence 
over all possible data generated from the prediction error 
model. The optimization is performed using heuristic 
sequential sensor placement algorithms to provide 
computationally efficient solutions. The effectiveness of the 
method was demonstrated for a multi-DOF nonlinear spring-
mass chain system to obtain the optimal sensor layout for the 
purpose of model parameter estimation. The framework can 
be extended to take into consideration the uncertainties in 
model parameters and to handle the design of the excitation 
characteristics (amplitude variation and frequency content) of 
structural dynamics models.  
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ABSTRACT: Sensor types and their positioning is a major factor in structural health monitoring (SHM) to ensure certainty
in estimation. While acceleration has predominantly been employed for damage detection, they are known to be costly and
not frame invariant (except for moderately accurate GPS based accelerometers). A thorough monitoring of a real life structure
requires dense instrumentation which might become expensive with costly sensor types. Further, damages mostly occur at rare
events, like seismic base excitation, for which typical accelerometers are not proper. This study employs strain as a cheaper
alternative for damage sensitive measurement that is also frame invariant. An interacting filtering approach with particle and
Kalman filters is employed that estimates structural health from measured dynamic strains. Further to account for extreme
non-stationary events like seismic excitation, robustness against uncertain inputs is induced in the filtering environment
following an output injection approach. The proposed algorithm is tested on a seven story-one bay frame model and a real
experimental beam structure.

KEY WORDS: Structural Health Monitoring; Interacting Filters; Particle Filter; Kalman Filter; Damage Detection.

1 INTRODUCTION

The objective of this paper is to monitor structures, sub-
jected to non-stationary input forces through the response
measurements, recorded using a network of sensors. To as-
certain safety in structures, damages due to strong forces
or extreme service conditions should be detected imme-
diately after their occurrence. Traditionally, structural
health monitoring (SHM) research employs determinis-
tic approaches for real time structural damage detection
with no consideration about the uncertainties originating
from unavoidable model inaccuracies, sensor noises and
unknown external disturbances [1–3]. This limits the util-
ity of the methods for real field applications. Bayesian
filtering technique has been proved to be an efficient alter-
native that can promptly detect anomaly in structures in
the presence of such uncertainties [4–8].

Efficiency of SHM approaches depends on the density
and positioning of the measurement locations. Neverthe-
less, cost of sensors and the accessibility of the location
where the sensors are supposed to be placed pose the ma-
jor challenge in real life application. In reality, follow-
ing the financial constraints, the measured data are often
sparse compromising the precision in system health esti-
mation. However, employing a suitably selected numeri-
cal model (typically Finite Element Models (FEM)), the
auxiliary correlation information between these sparse and
non-collocated measured data, obtained from the concep-
tual models, can additionally be incorporated [8]. While
this model-based approach benefits by reducing the esti-
mation uncertainty obvious for sparse dataset, it demands
a precise numerical model.

The involvement of a numerical model in estimation in-
herently introduces modelling uncertainty besides the un-
certainty due to measurement noises. Bayesian filtering
based techniques can simultaneously handle model and
measurement uncertainties. Structural health is further
parameterized in this attempt and subsequently estimated
typically employing acceleration as measurement. Yet, the
acceleration sensors are costly and their placement on the
nodes (structural joints) are not always easy due to the
accessibility reasons. Also, under the base excitation con-
ditions, the accelerometer fails to provide a reference inde-
pendent response as measurement. Due to these practical
complexities involved with acceleration sensors, frame in-
variant and comparatively cheaper strain gauges can be
considered as an alternative for real life SHM problems.
However, this demands a numerical model to map the sys-
tem states to corresponding strain measurement.

Also, for filtering-based SHM approaches typical as-
sumption on stationarity and/or Gaussianity for ambient
forcing does not hold true for extreme loading conditions,
like, earthquakes or high wind/waves. Eventually, with a
forced idealization about the input, the algorithms may
perform poorly for forcing scenarios that are not Gaus-
sian and stationary. Present study discusses one such pos-
sibility in which the structural damage is required to be
estimated under non-stationary forcing. To induce robust-
ness against input forcing, current study takes basis of [9]’s
work in which an output injection approach is adopted in
order to reject the input. The system estimation is per-
formed using an interacting filtering strategy in which a
Kalman filter estimates the system states while a Particle
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filter monitors the variation in health parameters.
Further, since this study adopts strain as measure-

ment, a model is required to map system states (typi-
cally displacement and velocity) to corresponding strain.
The strain-displacement relationship is therefore devel-
oped through an FEM approach taking basis on the shape
functions. The proposal is validated on a seven story-one
bay frame structure involving 21 members and 84 degrees-
of-freedom(dof ). Further, real experiments are performed
on a cantilever beam to calibrate its material properties
and detect the presence of damage in the beam.

2 STATE SPACE FORMULATION FOR THE SYS-
TEM DYNAMICS

The governing differential equation for a typical linear time
varying (LTV) mechanical system with (n×n) order mass,
stiffness and damping matrices being M, K and C (n is
number of dof ) can be represented as,

M(t)q̈(t) + C(t)q̇(t) + K(t)q(t) = f(t)−M(t)τ äg(t) (1)

q̈(t), q̇(t) and q(t) are the system’s acceleration, ve-
locity and displacement responses, respectively. f(t)
is the external ambient force acting on the structure.
äg(t) is the ground acceleration (as disturbance input)
and τ is the location matrix that maps the effect of
ground excitation to each of the nodes of the system.

With F(t) =

[
0n In

−M(t)−1K(t) −M(t)−1C(t)

]
2n×2n

,

Bc(t) =

[
0n

M(t)−1

]
2n×m

, Ec =

[
0
τ

]
2n×l

and x(t) =[
qT (t) q̇T (t)

]T
2n×1

, the system dynamics, given in Equa-

tion (1), can be described in its continuous time as

ẋ(t) = F(t)x(t) + Bc(t)u(t) + Ecäg(t) + v(t) (2)

where x(t) denotes the unobserved system state. 0n and
In are the nth order null and identity matrices respectively.
u(t)m×1, being the ambient forcing on the structure, can
be modeled as a stationary white Gaussian noise (SWGN)
of constant covariance Qm×m. v(t) is the process noise
modeled as SWGN with covariance Qv

2n×2n. However, no
SWGN model can be defined for ägl×1. l is the number
of channels for the disturbance input. The discrete time
representation of the system is as follows,

xk = Fkxk−1 + Bkuk + Ekä
g
k + vk (3)

with Fk, Bk, Ek, xk, uk, xk, vk and ägk correspond to
their continuous time entities described earlier obtained
through zero-order-hold technique. The system’s unob-
served states are estimated using dynamic strain as mea-
surement with the measurement equation defined as,

εk = Hkxk + wk (4)

where, Hkp×2n is the time dependent measurement func-
tion that maps the system states xk to the corresponding
strain measurements εkp×1. In reality, Hk signifies the

strain displacement relationship modeled using the finite
element approach for all the members combined. This
mapping takes basis on Equation (26) (Appendix) and
combines for all measured members. wkp×1 denotes the
measurement noise originating from the sensors and can
be modeled as an SWGN of constant covariance Rp×p.

3 SYSTEM ESTIMATION WITH ROBUST INTER-
ACTING PARTICLE-KALMAN FILTER

This article proposes an interacting strategy (also called
as Rao-Blackwellisation [10–12, 8, 13, 7]) combining a Par-
ticle Filter (PF) with a Kalman Filter (KF), similar to
IPKF algorithm given by [6], which further improvises the
state filter with induced robustness through output injec-
tion following [9], discussed later. Overall, the approach
employs a PF in which particles represent the posterior
distribution of the health parameters as a numerical ap-
proximation, while KF deals with the uncertainty in the
state space. PF being robust to nonlinear systems have
been employed for parameter estimation while KF esti-
mates the system states since a linear system is consid-
ered in this study [14]. Prior to demonstrate the proposed
IPKF algorithm, the involved robustness aspect has been
discussed in the following.

3.1 Robust Kalman filter

Typical KF requires either the exactly known inputs or an
idealized SWGN model of it. For seismic excitation, none
of these idealizations is valid which calls for induction of
robustness within the KF algorithm [15–18]. A previously
developed method [7] achieves the robustness against un-
known input forces by estimating the forces in real-time
through an additional force filter. Yet, this additional
computation makes the algorithm slow and less prompt
from the damage detection perspective. The study em-
ploys [9]’s robust approach that rejects the impact of the
unknown input ägk in the state evolution by suitably inject-
ing a part of the measured output in the state transition
model. Owing to the measurement equation (cf. Equation
(4)), the following holds true for an arbitrary bounded
matrix Gk ∈ R2n×m,

0 = Gk (yk −Hkxk −wk) (5)

Adding Equation (3) with Equation (5) and further set-
ting Lk = I2n −GkHk, the state equation, Equation (3),
can be modified as

xk = Fkxk−1 + Bkuk + Ekä
g
k + vk+

Gk (yk −Hkxk −wk)

= F̃kxk−1 + B̃kuk + Ẽkä
g
k + Gkyk + ṽk

(6)

with F̃k = LkFk, B̃k = LkBk, Ẽk = LkEk and ṽk =
vk −Gkwk. If Gk is chosen such that Gk = Ek(HkEk)†,
with † denoting Moore-Penrose Pseudo-inverse operation,
Ẽk renders to a null matrix. Equation (6) can then be
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transformed to Equation (7), decoupled from the unknown
input ägk as

xk = F̃kxk−1 + B̃kuk + Gkyk + ṽk (7)

Again ṽk can be idealized as an SWGN process. By
this new formalism, Equation (3) has been transformed to
Equation (7) in order to reject the unknown input ägk with
an appropriate injection of the known output yk. Equa-
tion (4) can still be used as the associated measurement
equation. With this approach, the state filter can be em-
ployed without any explicit or statistical knowledge of the
unknown input forces due to ground acceleration ägk.

3.2 PF-based parameter estimation

PF attempts system uncertainty propagation through
a cloud of Np independent parameter particles Ξk =
[ξ1, ξ2, · · · , ξN ] and their evolution [19, 20]. At any ar-
bitrary time step k, the evolution of an arbitrary particle
ξik−1 is basically a random perturbation around its current
position,

ξjk = ξjk−1 + N(δξk, σ
ξ
k) (8)

where a Gaussian blurring is performed on ξjk−1 with a

shift δξk and a spread of σξk
1. The perturbed positions

for the particles are then re-centered for consistency. This
re-centring is actually a second step evolution in which par-
ticles are pushed towards the particle mean. For this, the
same evolution strategy is adopted, as has been adopted
in [7]. The evolved particles are subsequently weighted
based on their likelihood against the current measurement
to find the posterior.

3.3 Nested KF-based state estimation

Inside the KF, state is estimated for each of the jth

particle. The estimation propagates current estimation
(xjk−1|k−1), conditioned on the current parameter estimate

for each jth particle, to the predicted value, xjk|k−1 follow-

ing Equation (9),

xjk|k−1 = F̃ jkx
j
k−1|k−1 + Gj

kyk (9)

with corresponding state covariance, Pjk|k−1,

Pjk|k−1 = F̃ jkP
j
k−1|k−1F̃

jT
k + B̃jkQkB̃

jT
k +Gj

kRkG
jT
k (10)

with Qk and Rk being covariances of process and mea-
surement noise.

The corresponding measurement predictions yi,jk|k−1 can

be obtained exploiting Equation (4). Associated innova-
tion, εjk|k−1, can be obtained through estimating the de-

1A+BN(µ, σ) means A+Bz where z follows N(µ, σ)

parture of prediction from the real measurement yk. Next,
Kalman gain, Kj

k, is calculated as,

Kj
k =

Pjk|k−1H
T
k

HkP
j
k|k−1H

T
k + Rk

(11)

The predicted states and state covariance are updated
accordingly,

xjk|k = xjk|k−1 + Kj
kε
j
k|k−1 (12)

Pjk|k = (I−Kj
kHk)Pjk|k−1 (13)

3.4 Particle approximation

Likelihood of each particle, i.e. L(ξjk), is further calculated

based on the innovation mean εjk|k−1 and co-variance, Sjk,

of each KF. The normalized weight for each jth particle is
further updated as,

w(ξjk) =
w(ξjk−1)L(ξjk)∑N
j=1 w(ξjk−1)L(ξjk)

(14)

with L(ξjk) =
(

(2π)n
√
|Sk|

)−1

e−0.5ε̄jTSk
−1 ε̄j . The parti-

cle approximations for the parameters and states are then
estimated as:

xk|k =

N∑
j=1

w(ξjk)xjk|k; and θk|k =

N∑
j=1

w(ξjk)ξjk (15)

4 NUMERICAL EXPERIMENT
The numerical investigation is performed with an FE
model of a two dimensional seven-storey one-bay shear
frame (cf. Figure 1) considered as the “test structure”
for the experimentation (as a proxy for the real concrete
structure). The relevant material and geometric details are
presented in Table 1. The model is defined with six noded
(three translational and three rotational) Euler Bernoulli
beam elements. A 2% Rayleigh damping is further as-
sumed for damping.

The structure is excited at its base using north-south
component of El-centro earthquake (Data source: http:

//peer.berkeley.edu/research/motions/). Synthetic
strain responses are further simulated from this model un-
der ambient as well as base excitation in its healthy as well
as damaged condition. The sampling frequency, time se-
ries length, time of arrival of seismic excitation, and time
of damage occurrence has been maintained constantly at
50 Hz, 1024, 2 seconds and 3 seconds, respectively. The
sensors are assumed to be patched onto the soffit of beam
members only. Dynamic strain measurements collected
from the members have been considered as response data
which is further contaminated with stationary white Gaus-
sian noise (SWGN) of signal-to-noise-ratio (snr) 1% to
replicate real life scenario.

It is obvious that with increasing size of particle pool,
the estimation accuracy and precision is supposed to be
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Table 1: Geometry and material properties of the frame

Beam section dimension 0.2m× 0.3m
Column section dimension 0.3m× 0.3m

Elasticity 3× 1012Pa
Density 2500kg/m3

Figure 1: Schematic diagram of the experimental frame
structure

enhanced. Yet, this comes at an enhanced computational
cost as well, which ideally should be maintained at a man-
ageable limit. The numerical experiment employed 3000
particle for PF.

Figure 2 presents the adopted north-south component
of the seismic ground motion time history taken from the
El-Centro ground motion data. In parallel, the compari-
son between estimated strains against measured strains is
also demonstrated. The strain estimation is done through
reproducing the member strains from estimated states. It
can be verified from Figure 2, that even after introduc-
tion of the non-stationary base excitation, the proposed
algorithm perfectly estimated the strains as well as de-
tected damage location and intensity with accuracy and
precision. The real time damage detection is presented
in Figure 3, where from the promptness and accuracy of
detection can be verified.

5 EXPERIMENTAL STUDY - CANTILEVER BEAM
The proposed algorithm has been experimentally tested
on an aluminium cantilever beam with material and geo-
metric specifications shown in Table 2.

The beam is segmented into 4 elements with a focus
to estimate health indices (his) for each of the segments.
The first three elements of the beam starting from the
fixed support are instrumented with strain gauges (Gauge
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Figure 3: Real time damage detection: Numerical study

Table 2: Properties of cantilever beam

Cross section 22mm× 6mm
Length 400mm
Density 2700kg/m3

Calibrated elasticity 65.5e9Pa

length 5 mm and resistance 350 Ω) in full bridge configu-
ration placed on the centre of the corresponding elements
(denoted here as e1, e2, and e3). An additional accelerom-
eter is also attached to the tip of the beam to obtain fre-
quency response function (FRF) for model calibration pur-
pose (cf. Figure 4). Both the accelerometer and the strain
gauges are sampled at a fixed sampling rate of 2000 Hz for
very long time (30 sec). The cantilever beam is subjected
to arbitrary as well as known input forces through an im-
pact hammer. The known input force later facilitates in
obtaining the FRF for the beam set up, required for model
calibration.

Next, a primary finite element model for the undamaged
experimental beam set up is created using Euler Bernoulli
beam element with assumed material properties, which is
later calibrated using the FRF obtained from modal do-
main decomposition of the measured accelerations with
Fast Fourier Transform (FFT). This first phase of cali-
bration was done manually targeting to bring the primary
model sufficiently close to the reality. For this, initial ma-
terial elasticity is adopted from tensile testings previously
performed on the same material. This elasticity value is
then uniformly altered for all the elements to arrive close
to the experimentally obtained FRF.

Simultaneously, FFT of the strain gauge signals has been
performed to cross-check the working of the assembled full-
bridge strain gauges. Signals obtained from accelerometer
and strain gauges led to the same experimental frequency
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(first two frequencies: ω1 = 27.34 Hz and ω2 = 187.40 Hz)
of the undamaged cantilever beam which also ascertained
the reliability of the full-bridge assembly.

Figure 4: Experimental set up

Figure 5: Full-bridge strain gauge configuration

The manually calibrated model is then employed as the
undamaged predictor model with the proposed r-IPKF
algorithm along with the strain gauge measurements ob-
tained from the undamaged structure to further calibrate
the element elasticity in accordance to the experimental
conditions. A set of four his has been defined within a
range of 0 to 100% that gets multiplied with the assumed
elasticity values in the primary model. These his are
then estimated using the proposed algorithm as parameter
states. Thus the health of the element can also be tracked
using such his assuming 0 and 100 % denoting complete
failure and healthy state of the element, respectively. 500
particles have been selected for PF with α = 0.98 while the
initial distribution for each hi is considered as Gaussian,
N (1, 0.01). The estimated his are presented in Figure 6
where minute calibrations can be observed to be imple-
mented on element level elasticity. Once calibrated, the
updated predictor model perfectly replicates the reality.

Next, damage is induced in the cantilever by removing
a volume of 7 × 22 × 3mm3 from the e2 element of the
beam as shown in the schematic diagram (cf. Figure 7).
The signals (cf. Figure 8) obtained from the strain gauges
patched on the elements, e1−e3, are then run through the
r-IPKF. Figure 10, histograms of the input strain signals
for the algorithm, demonstrates the non-stationary nature
of the input forcing. The strain signals have a sampling
rate of 100 Hz with a time series length of 2048. The
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Figure 6: Model calibration with undamaged response

result, thus obtained, shows a drop in pre-calibrated hi
to hi = 83.5% for the second element, which corresponds
roughly to a 16.5% damage in that element (cf. Figure 9)
when compared to the initial rigidity value.

Figure 7: Schematic model of the damaged cantilever
beam

6 CONCLUSION

This article demonstrates an interacting filtering-based
SHM algorithm that is robust against arbitrary forcing.
The proposed method couples a particle filter for health
parameter estimation with Kalman filter that estimates
the system states from the measured noisy response data.
The robustness against arbitrary input forcing in induced
within the state filter following an output injection tech-
nique given by [9]. Strain has been adopted in this study
for the measurement due to their cheaper installation cost
and frame invariant nature. The proposed method has
been validated using simulated strain response data from
a numerical frame structure as well as on a real cantilever
beam structure. While for the numerical experiment, non-
stationary seismic base excitation has been employed as
force, for the experiment, it has been ensured that the in-
put forcing is not stationary or Gaussian. Both validation
study establishes the promptness, robustness and efficacy
of the proposed algorithm.
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7 APPENDIX: STRAIN-DISPLACEMENT RELA-
TION

With strain as measurement, a measurement model is re-
quired to map the states to corresponding strains. The
system dynamics defined in equation 1 has been solved
using FEM approach and the nodal displacement values
are obtained. With a strain-displacement relationship de-
fined using the associated shape functions, strains at mem-
bers can be obtained through interpolation. In the follow-
ing, the pertinent strain-displacement relation for a frame
structure is detailed.

Figure 11: Assumed Euler-Bernoulli Beam element with
local and global degrees of freedom

3D Euler-Bernoulli beam has been considered as the el-
ements for the FEM solution of the frame structure. Rel-
evant schematic is presented in Figure 11. For each ele-
ment, two transverse displacements, wy(x, t) and wz(x, t),
are the field variables which can be interpolated at any
arbitrary point x along the length of the beam (cf. Fig-
ure 11) using the nodal displacements and the associated
shape functions. Further, deflection of a frame member at

any direction can be idealized as summations of deflection
due to its beam action and truss action, as:

wy(x, t) = wby(x, t) + wtx(x, t)

wz(x, t) = wbz(x, t) + wtx(x, t)
(16)

The deflection transverse to the beam orientation due to
beam, i.e., wb(x, t), action at any arbitrary distance x can
be interpolated using the nodal displacements ql(t) defined
in local coordinate system as:

wb(x, t) =

[
wby(x, t)
wbz(x, t)

]
= ψb(x)ql(t) (17)

where, ψb(x) is the interpolation matrix that transforms
nodal displacements ql(t) to corresponding transverse dis-
placements. ql(t) can further be retrieved from the nodal
displacements defined in global degrees of freedom through
coordinate transformation as:

ql(t) = Tq(t) (18)

where T is the coordinate transformation matrix. ψb(x)
is constituted with the interpolation functions as:

ψb(x) =

[
0 ψ1(x) 0 0 0 ψ2(x) · · ·
0 0 ψ1(x) 0 ψ2(x) 0 · · ·
· · · 0 ψ3(x) 0 0 0 ψ4(x)
· · · 0 0 ψ3(x) 0 ψ4(x) 0

]
(19)

where,

ψ1(x) =
1

4
(1− η)2(2 + η); ψ2(x) =

L

8
(1− η)2(1 + η)

ψ3(x) =
1

4
(1 + η)2(2− η); ψ4(x) =

L

8
(1 + η)2(η − 1)

(20)

with η = 2x/L − 1 and, nodal displacement ql(t) can be
expanded as:

ql(t) =
[
qex qey qez qeθx qeθy qeθz · · ·

· · · qfx qfy qfz qfθx qfθy qfθz

]T (21)

Similarly, slope and curvature at any arbitrary point x
can be calculated as:

θb(x) = wb(x, t)′ = ψb
′
(x)ql(t)

κb(x) =
(1 + θb(x, t)

2
)

3
2

wb
′′
(x, t)

(22)

where,

wb
′′

(x, t) = ψb(x)′′ql(t) (23)

The curvature is further measured in the form of longi-
tudinal strain (εxx) using a strain gauge patched at the
surface of the beam. This gauge will register total strain
due to both beam action and truss action. The strain due
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to bending in the beam is obtained from this curvature
equation as:

εxx,b(x, t) = −y0/κ
b(x, t) (24)

where y0 is the distance of extreme fiber from the neutral
axis where the strain gauge is patched. The strain due to
truss action can also be obtained as:

εxx,t(x, t) = −1

l
(qex − qfx) (25)

where l is the length of the element. The total strain can
further be obtained as:

εxx(x, t) = εxx,b(x, t) + εxx,t(x, t) (26)
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ABSTRACT: Wind turbine (WT) blade manufacturers are asked to test each wind turbine blade individually prior to its 
installation. Several tests are typically carried out on each individual blade, including static tests, fatigue tests and dynamic tests 
with different types of excitations and boundary conditions. During these extensive test campaigns, several types of sensors are 
used to instrument the blade, e.g. accelerometers, strain gauges, inclinometers etc. Indeed, each test requires the use of different 
sensor types, depending on the system characteristics to be identified. The high cost of these sensors and the time-consuming 
instrumentation procedure often implies drawbacks in terms of time efficiency and cost, or instead prompts the deployment of a 
limited number of sensors. In this context, Virtual Sensing (VS) techniques can be adopted for enriching the monitored information 
via creation of so-called “virtual sensors", i.e., response quantities (e.g. strains) inferred at locations where a physical sensor could 
not be positioned. This work analyzes the influence of the adopted physical sensing configurations on the virtual predictions 
delivered via use of Kalman-type filters for joint input-state estimation. The outlined study is carried out using data acquired 
during an extensive test campaign performed by DTU Wind Energy on a research wind turbine blade.  
 

KEY WORDS: Wind turbine blades, Operational Modal Analysis, Virtual Sensing, Response estimation, Sensors placement

1 INTRODUCTION 
WT infrastructure represents an active area of research in the 
structural dynamics domain. The cyclic nature of loads they are 
subjected to may cause structural failure due to high strain 
values at critical locations. The establishment of a dynamic 
virtualization process for each blade, i.e., building a digital 
model featuring encoded information on the blade “as-is”, often 
addressed as “Digital Twin” [1], can facilitate the blade 
performance investigation throughout its life-cycle and help in 
reliability assessment. 

Performing output-only measurements on each single blade 
only allows to acquire response at a finite number of locations 
on the structure. VS techniques such as Kalman-type filters [2] 
can be adopted for estimating strains at locations that are hardly 
accessible for direct measurements [3][4]. The employment of 
VS provides a fusion of simulated and measured data [5], thus 
allowing for the development of trusted virtual models that can 
guarantee representative dynamic responses in generic 
circumstances.  

This work employs the Augmented Kalman Filter (AKF) [6] 
for enriching the information obtained from tests on a 14.3 m 
long research blade designed by DTU Wind Energy department 
and manufactured by Olsen Wings. In particular, the pull and 
release test shown in Figure 1 is herein taken into account and 
the AKF is employed for input-state-response estimation for 
two different observation sets. The target of the work lies in 
providing insights on the influence of the adopted physical 
sensing configurations on the virtual predictions delivered via 
the AKF. 

2 WT BLADES TESTING: PULL&RELEASE TESTS 
FOR OMA  

The object of this work concerns a 14.3 m long research blade 
made of glass fiber reinforced plastics. The blade was designed 
by DTU Wind Energy and manufactured by Olsen Wings in the 
framework of the “BLATIGUE” project. The DTU Wind 
Energy department has kindly provided the FE model of the 
blade required for the present work, along with the 
experimental data on the tests this work refers to [7].  

 

 
Figure 1. WT blade setup during the pull and release test. 

As shown in Figure 1, during the pull and release test, the 
blade was clamped to a rigid steel-reinforced concrete block 
through the circular interface plate in a flapwise configuration. 
The test consisted in pulling the blade downward by making 
use of a bungee applied at a distance of 13.1 m from the 
clamping. Once the blade tip reached the desired displacement, 
the force was kept constant at 3.17 kN for a few seconds before 
the blade release. The blade was instrumented via 76 strain 
gauges distributed on 12 sections and all measuring in its length 
direction.  
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3 VIRTUAL SENSING FOR VIRTUALIZATION OF 
WIND TURBINE BLADES TESTING  

3.1 WT blade Reduced Order Model (ROM) 
Since VS techniques are based on combining information from 
a model of the system and measured data, a first step of the 
work consists in building and validating a model, which best 
describes the system actual dynamic behavior. This is possible 
by coupling FE models with Model Order Reduction (MOR) 
techniques. The latter relies on commonly used methods for 
dimensionality reduction, which allows for a lower 
computational effort and a near real-time response prediction.  

The blade FE model has been developed in MSC Nastran and 
afterwards exported in Simcenter 3D, where it was validated 
using modal parameters obtained from hammer tests performed 
on the blade in clamped-free conditions, i.e., the same boundary 
conditions adopted during the pull and release test. The blade 
ROM has been built following the procedure described in [8] 
[9][10][11]. The ROM reduction basis has been created 
including the first ten normal modes (frequency range of 
interest: 0-43 Hz) and one residual attachment mode related to 
the unknown force to be estimated. 

3.2 Kalman-based VS for the research WT blade pull and 
release test 

The AKF has been applied for this work in order to 
simultaneously retrieve the full field strain response of the 
blade and the applied input profile during the pull and release 
test. In order to test the prediction accuracy, only a selected 
subset of sensors among the 76 strain responses acquired during 
tests, has been used as observations set for the AKF. The 
remaining responses have been estimated using the AKF and 
then compared to the corresponding acquired time histories to 
obtain an evaluation of the estimation performance. Figure 2 
reports “measured” and “unmeasured” sensor locations for two 
different adopted sensing configurations. Configuration A 
reflects a condition in which only the blade bottom surface 
could be accessible and therefore instrumented. According to 
configuration B instead, the blade could be instrumented at a 
limited number of sections. Table 1 quantifies the “observed” 
and “unobserved” locations for the two sensors layouts herein 
taken into account.  

Table 1. “Measured” and “unmeasured” locations number for 
configurations A and B 

 
 Conf. A Conf. B 

“measured” locations 50 28 
“unmeasured” locations 26 48 

 
  

Uncertainties on both the observations and the system model 
need to be taken into account when employing the AKF, i.e., 
when a Bayesian statistical framework is foreseen. In 
particular, the measurement noise covariance has been 
computed from the available static measurements in order to 
assume a physically reasonable value. The process noise 
covariances related to the input and the states instead, have 
been adjusted by trial and error to obtain accurate estimates. 
The assumed values are respectively 108and 101. 

 
Figure 2. Sensing configurations A (left) and B (right): 
“measured” (red) and “unmeasured” (green) locations.  

3.3 Input-response estimation results comparison for two 
distinct sensing configurations 

This Section reports the input-response estimation results 
obtained using the AKF for building virtual sensors during the 
pull and release test on the research wind turbine blade object 
of this work. The focus relies in both qualitatively and 
quantitatively comparing the results achieved when different 
physical sensing configurations are adopted.  

Figure 3 reports the blade responses time histories at the three 
locations pointed out in Figure 2. Plots included in Figure 3 
compare the quantities estimated using the AKF when 
configuration A and B are adopted to the time histories 
acquired at the corresponding locations during the pull and 
release test. Moreover, the time histories obtained by 
performing a forward simulation of the ROM, when the actual 
input is applied is also reported in the plots. The results show 
that employing the AKF for response prediction corrects the 
model error. However, they do not allow to establish which of 
the two configuration provides an overall better response 
estimation accuracy. The RMSE for the three estimated 
quantities are reported in Table 2, showing that St. 8 (Sec. 4.0) 
is better predicted when configuration A is adopted, while St. 6 
(Sec. 1.5) and St. 7 (Sec. 8.25) are affected by a lower RMSE 
when configuration B is used.  

 

 

 

 
Figure 3. Measured (black), simulated (grey) and estimated 

(red – conf. A, green – conf. B) time histories (left) and 
detailed time histories (right) at strain gauges St.6 (Sec1.5), 

St.8 (Sec4.0) and St. 7 (Sec. 8.25). 

St. 8 

St. 6 

St. 7 
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Table 2. RMSE values for strain responses at the three 
locations pointed out in Figure 2: comparison between 

configurations A and B. 

 Conf. A Conf. B 
Sec. 1.5, St. 6 3.19×10-5 1.09×10-5 
Sec. 4.0, St. 8 1.15×10-5 2.11×10-5 
Sec. 8.25, St. 7 5.61×10-5 1.58×10-5 

 
 
The plot shown in Figure 4 illustrates the overall prediction 

error when the two configurations are used. The RMSE trend 
along the blade shows a slight better performance for 
configuration B, especially for locations close to the blade root.  

 
Figure 4. RMSE of the simulated (grey), estimated (red – 
conf. A, green – conf. B) time histories with respect to the 

measured ones. Sensors are ordered from the blade root (left) 
to the blade tip (right) and in ascending order for each section.  

As the performance discrepancy between the two layouts is 
non-straightforward to investigate, a numerical index is here 
proposed to quantitatively define the variability of the overall 
prediction accuracy under varying sensor layout. The global 
response prediction error (GE), formulated as in Equation (1), 
averages the RMSE values of the estimated responses at 
“unobserved” locations.  

GE = ∑  N
i=1 RMSEi

N
                                    (1) 

Table 3 reports the GE values for the two configurations. 
Configuration A only provides about 0.33% lower GE value, 
denoting that a small prediction accuracy improvement can be 
introduced by significantly augmenting the sensors number.  

Table 3. Global response prediction error: comparison 
between conf. A and B. 

 Conf. A Conf. B 
GE 2.421 ×10-5 2.429 ×10-5 

 
Figure 5 shows the input estimation results for the unknown 

force applied to the blade when sensors configurations A (red 
curve) and B (green curve) are adopted. From the analysis of 
the time histories reported in Figure 5, it can be inferred that 
the input predicted via the AKF matches the actual input profile 
for both the sensors layouts, except for the predicted non-zero 
mean value after the blade release. Nevertheless, the time 
instant when the blade is released is correctly identified in both 
the cases. 
 

 
Figure 5. Input “measured” (black) and estimated (red – conf. 

A, green – conf. B) time histories.  

In order to quantitatively compare the input estimation 
accuracy yielded for each adopted configuration, the static error 
SE and the standard deviation SD have been reported in Table 
4 for both the layouts. The static error is formulated as the 
difference between the actual static input (3.17 kN before the 
blade release and 0 N afterwards) and the mean value of the 
estimated input profiles. The standard deviation, instead, 
quantifies the oscillations that affect the estimated time 
histories after the blade release. The results listed in Table 4 
imply that configuration A allows for about 3.5% more precise 
identification of the applied static force and for around 17% 
lower oscillations affecting the predicted time history after the 
blade release instant.  

Table 4. Input prediction errors: comparison between conf. A 
and B. 

 Conf. A Conf. B 
SE 189.5 N 196.38 N 
SD 68.1 N 82.4 N 

 
The overall comparison provides the following insights about 

how the physical sensors placement (number and position) 
influences the AKF performance: 
 A higher number of sensors uniformly distributed over the 

entire blade length, yields a rather minor accuracy 
improvement both for the response and for the static input 
quantities. This enhancement is not significant enough to 
justify the higher instrumentation costs; 

 The response prediction performance is locally more 
affected by a reduction of sensors in the sections that are 
close to the blade root. This behavior may be explained by 
the lower density of sensors in that region due to the larger 
surface they involve; 

 The input prediction is more sensitive to the sensors layout 
than the response prediction. The observed higher 
prediction error variation is attributed to the higher number 
of “observed” locations in the area where the input is 
applied for configuration A, rather than for configuration 
B.  

4 CONCLUSIONS 
A comparison between the input-response estimation results 
achieved using the AKF for the so-called pull and release tests 
on a WT blade, when different sensing configurations are 
adopted, has been proposed in this paper.  The blade object of 
this work is a 14.3m long research blade designed by DTU 
Wind Energy and manufactured by Olsen Wings. During the 
mentioned tests, performed by DTU Wind Energy, output-only 
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measurements were carried out on the blade instrumented by 
strain gauges. The blade was excited by pulling it downward 
and releasing it after the desired tip displacement was reached. 
The AKF has been exploited by using only a subset of the 
“measured” responses as observations with the aim of 
estimating response in “unobserved” locations. In this work, a 
comparison between the input-response estimation results 
achieved using two different sensor layouts has been proposed. 
The comparison shows that, over a certain minimum limit, 
increasing the observations number does not bear a significant 
influence on the overall input-response estimation prediction. 
Besides the identification of the required minimum number of 
observations, possible future investigations could be carried out 
on the influence of the sensors local density on the virtual 
predictions delivered via the AKF. An optimal sensor layout 
could be indeed identified not only on the basis of the quantity 
of sensors, but also on their locations and density according to 
the input and response sections targeted when adopting VS 
techniques, such as the AKF.  

 

ACKNOWLEDGMENTS 
The authors gratefully acknowledge the European Commission 
for its support of the Marie Sklodowska Curie program through 
the ITN DyVirt project (GA 764547).  
The authors would like to extend their gratitude to the DTU 
Wind Energy department for providing the blade FE model and 
relevant experimental data, developed in the framework of the 
project “BLATIGUE: Fast and efficient fatigue test of large 
wind turbine blades”, supported by the Danish Energy Agency 
through the Energy Technology Development and 
Demonstration Program (EUDP), Grant No. 64016-0023.  
The authors would like to also acknowledge the project 
‘‘RELIABLADE: Improving Blade Reliability through 
Application of Digital Twins over Entire Life Cycle”, 
supported by the Danish Energy Agency through the Energy 
Technology Development and Demonstration Program 
(EUDP), Grant No. 64018-0068, the support of which is greatly 
appreciated. 
  

REFERENCES 
 
[1] Worden, K., Cross, E. J., Gardner, P., Barthorpe, R. J., & Wagg, D. J. 

(2020). On digital twins, mirrors and virtualisations. In Model Validation 
and Uncertainty Quantification, Volume 3 (pp. 285-295). Springer, 
Cham. 

[2] Azam, S. E., Chatzi, E., Papadimitriou, C., & Smyth, A. (2017). 
Experimental validation of the Kalman-type filters for online and real-
time state and input estimation. Journal of vibration and control, 23(15), 
2494-2519. 

[3] Papadimitriou, C., Fritzen, C. P., Kraemer, P., & Ntotsios, E. (2011). 
Fatigue predictions in entire body of metallic structures from a limited 
number of vibration sensors using Kalman filtering. Structural Control 
and Health Monitoring, 18(5), 554-573. 

[4] Dertimanis, V. K., Chatzi, E. N., Azam, S. E., & Papadimitriou, C. 
(2019). Input-state-parameter estimation of structural systems from 
limited output information. Mechanical Systems and Signal 
Processing, 126, 711-746. 

[5] Kullaa, J. (2019). Bayesian virtual sensing in structural 
dynamics. Mechanical Systems and Signal Processing, 115, 497-513. 

[6] Lourens, E., Reynders, E., De Roeck, G., Degrande, G., & Lombaert, G. 
(2012). An augmented Kalman filter for force identification in structural 
dynamics. Mechanical Systems and Signal Processing, 27, 446-460. 

[7] Luczak, M. M., Peeters, B., Manzato, S., Di Lorenzo, E., Reck-Nielsen, 
K., Berring, P., ... & Branner, K. (2018, October). Research sized wind 
turbine blade modal tests: comparison of the impact excitation with 
shaker excitation. In Phys.: Conf. Series (Vol. 1102, p. 012022). 

[8] Craig Jr, R. R. (1985). A review of time-domain and frequency-domain 
component mode synthesis method. 

[9] Silvia Vettori, Emilio Di Lorenzo, Bart Peeters, and Eleni Chatzi. "A 
virtual sensing approach to operational modal analysis of wind turbine 
blades." Proceedings of ISMA2020 International Conference on Noise 
and Vibration Engineering. Leuven, 2020. 

[10] Silvia Vettori, Emilio Di Lorenzo, Bart Peeters, Eleni Chatzi. "Kalman-
based coupled response-input estimation during environmental tests on 
the Box Assembly with Removable Component structure." EURODYN 
2020 . EASD Procedia, 2020. 3878-3885. 

[11] Vettori, S., Di Lorenzo, E., Cumbo, R., Musella, U., Tamarozzi, T., 
Peeters, B., & Chatzi, E. (2020). Kalman-Based Virtual Sensing for 
Improvement of Service Response Replication in Environmental Tests. 
In Model Validation and Uncertainty Quantification, Volume 3 (pp. 93-
106). Springer, Cham. 

 
 
 

 
 

Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure

706



MS09
SHM ENHANCED BY 
MACHINE LEARNING AND 
ARTIFICIAL INTELLIGENCE



 



Feasibility Study of Full Wavefield Processing by Using

CNN for Delamination Detection

Abdalraheem A. Ijjeh1 and Pawel Kudela1

1Institute of Fluid Flow Machinery, Polish Academy of Sciences, Poland

ABSTRACT: In this work, a Convolutional Neu-
ral Network model for delamination detection and
localisation in composite materials is developed.
Accordingly, a large dataset of full wavefield of
Lamb waves was simulated which resembles mea-
surements by scanning laser Doppler vibrometer
The developed model presents an end-to-end ap-
proach, in which the whole unprocessed data are
fed into the model, accordingly, it will learn by it-
self to recognise the patterns and detect and localise
the delamination by surrounding the delamination
with a bounding box.

KEY WORDS: Lamb waves, structural health
monitoring, convolutional neural networks, delam-
ination identification, deep learning.

1 Introduction

Composite materials are widely used in various in-
dustries, due to their characteristics such as high
strength, low density, resistance to fatigue, and cor-
rosion. However, composites materials are sensitive
to impacts resulting from the lack of reinforcement
in the out-of-plane direction [1]. Under a high en-
ergy impact, little penetration rises in composite
materials. On the other hand, for low to medium
energy impact, damage will be initiated by matrix
cracks which will cause a delamination process in
the structure. Delamination can alter the com-
pression strength of composite laminate, and it will
gradually affect the composite to encounter failure
by buckling. The tension encountered by the com-
posite structure creates cracks and produces delam-
ination between the laminates which leads to more
damage. These defects can seriously decrease the
performance of composites, therefore, they should
be detected in time to avoid catastrophic struc-
tural collapses. Damage detection and localisation
techniques have been widely applied in the field
of Structural Health Monitoring (SHM) to moni-
tor the integrity of structures to prolong their life

time and to minimize or delay their failure by esti-
mating the size and the location of the damage at
the early stages. Traditional SHM techniques for
damage detection are based on hand-crafted fea-
ture extraction, which implies that the damage de-
tection process involves a comparison between the
sensed data from the structure and the current sta-
tus of the structure to determine any changes oc-
curred. Accordingly,these processes require a huge
amount of data preprocessing and feature extrac-
tion to be applied to the captured data. In recent
years, the accelerated progress in the field of arti-
ficial intelligence (AI) technologies, mainly in the
deep learning field, offered the opportunity for be-
ing implemented and integrated with the SHM ap-
proaches.Consequently, issues of data preprocess-
ing and feature extraction are solved when applying
deep learning techniques. Alternatively, end-to-end
models are presented, in which the whole unpro-
cessed data are fed in the model,hence, it will learn
by itself to recognise the patterns and detect the
damage.

Several techniques have been developed in the
field of SHM for damage detection and identifica-
tion based on deep learning techniques. Authors
in [2] have developed a model of a neural network
for detecting delamination location and size estima-
tion in composite materials. The model has been
trained with the frequencies of the first five ob-
tained modes from the data of the modal analy-
sis. Piezoceramic sensors were used to obtain the
data of the structure for both states of damaged
and undamaged beams. Moreover, authors in [3]
have trained a back-propagation neural network to
estimate delamination size in a smart composite
beam. Accordingly, delamination sizes for the first
four modal frequencies were utilised to train their
model which was able to predict delamination of
size ranges between 0.22 cm and 0.82 cm. Further-
more, Authors in [4] proposed a model utilising
X-ray computed tomography for delamination iden-
tification in CFRP. Their model was developed us-
ing a convolutional neural network (CNN) which is
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capable of performing image segmentation to iden-
tify the delamination. However, their model en-
counters difficulty with identifying delamination of
large sizes. Authors in [5] have developed a CNN
model for damage detection in metal plates. The
model was trained on full wavefield data acquired
by SLDV. Compared to results of applying tra-
ditional support vector machine (SVM) technique
their CNN model shows better results.

In this work, delamination detection in compos-
ite materials such as carbon fibre reinforced poly-
mers (CFRP) is developed using deep learning tech-
niques. One of the key points of our work is the
computation of a large dataset of full wavefield of
propagating elastic waves to simulate the experi-
mentally generated data which resembles measure-
ments acquired by scanning laser Doppler vibrom-
eter (SLDV).

2 Methodology

2.1 Convolutional Neural Network
CNN

Convolutional Neural Network (CNN) is mainly
used in the field of computer vision in which it
process images for the purpose of image classifi-
cation and segmentation. CNNs became popular
after the breakthrough of AlexNet model [6] won
the competition of ImageNet Large Scale Visual
Recognition 2012 (ILSVR2012), which shows great
results on images classification when applied on a
large dataset of 1000000 images and 1000 different
classes.

CNN consists of a number of units called artifi-
cial neurons (perceptrons) structured in a cascaded
layers. In Fig. 1 A perceptron is presented in which
it mimics a human brain neuron, that it is capa-
ble of performing some sort of non-linear computa-
tion through an activation function such as (Relu)
which acts as a gate to forward the processed signal
to the next layer of perceptrons. Furthermore, it
has several connections of weighted inputs and out-
puts that are updated through a learning process.
Relu is illustrated in equation 1, where (z) is the
summation of the trainable weights {w0, w1, ..., wn}
multiplied by input variables (from previous layer)
{x0, x1,. .., xn} and a bias b as shown in equation 2.

Relu(z) =

{
0, if z < 0

z, otherwise
(1)

z =
n∑

i=0

wi × xi + b (2)

Figure 1: Structure of artifcial neuron.
The learning process occurs through back-

propagation procedure in which the weights are up-
dated in a way the model learns how to predict the
desired output. For this purpose, a cost function
(objective function) is utilised to estimate the dif-
ference between the predicted output and the tar-
geted output. Accordingly, the back-propagation
(e.g Gradient Decent, Adam and RMSprob) proce-
dure is applied to minimize the cost function.

The typical structure of CNN is presented in
Fig.2. It consists of three parts: convolutional
layer, downsampling layer and dense layer.

Figure 2: Convolutional Neural Network architec-
ture.
The convolutional layer is utilised to extract fea-
tures from the input image. By performing con-
volution operation (dot product) through a slid-
ing window (filter or kernel) of size (wf , hf , df ) all
over the input image of a size (w, h, d) feature maps
which are locally correlated are produced. Further-
more, the size of the feature maps are reduced due
to the convolution, however, the same size of the
input can be kept by applying some padding over
the previous input. Usually, a convolutional layer
is followed by a non-linear activation function such
as Relu that change all negative values of the fea-
ture map to zero. Next layer is the downsampling
(pooling) which joins the related features into one
feature. Usually, Maxpooling is applied that oper-
ates by sliding a pool filter (e.g (2× 2)) over a fea-
ture map and picks the maximum value in a local
pool filter, resulting in a reduction in the dimen-
sion of the feature maps [7] which reduces the com-
putation complexity. Dense layers (hidden layers)
can be fully or partially connected neural network
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followed by the output layer which produces the
predicted outputs.

3 CNN model and results

The main core of this work was the generation of
a large dataset of 475 cases of a full wavefield of
propagating Lamb waves in a plate made of CFRP.
For this purpose, a time domain spectral element
method was used to simulate the interaction of
Lamb waves through the delamination [8]. The gen-
erated dataset resembles measurements acquired by
SLDV in the transverse direction. For each case
(512) animations of a full wavefield of propagating
Lamb waves were generated, however, to enhance
the visibility of the delamination the root mean
square (RMS) was applied. In this work, for the
purpose of training our CNN model we have applied
the scenario in which the wavefield was registered
at the top of the surface of the plate. The final
output of this operation is presented in Fig 3.

Figure 3: RMS image: from the top of the plate.
In this work, a CNN model with fully connected

dense layers was developed for delamination de-
tection in CFRP. The model was trained on the
on RMS images from the generated dataset of the
propagating Lamb waves (from the top of the sur-
face of the plate) to predict the delamination loca-
tion using bounding boxes. The dataset contains
475 RMS images of size (500×500) pixels and each
image contains a randomly simulated delamination
with a different size, location and shape(ellipse, cir-
cle), and the angle between the delamination major
and minor axes was also randomly selected. More-
over, the developed model is based on a supervised
learning therefore, with each generated case of de-
lamination a ground truth (label) is given. The
dataset was divided into two portions: 80% train-
ing set and 20% testing set. Additionally, the val-

idation set was created as a 20% of the training
set.

In order to reduce the computation complexity
for the model, a preprocessing for the RMS in-
put images is applied. Accordingly, the dataset
for training the model was prepared by resizing the
RMS input image to (448×448) pixels, then it was
split into four quarters of (224× 224) pixels, more-
over, each quarter was split into (7×7) blocks, and
each block has a size of (32 × 32) pixels. Figure 4
shows . Moreover, to examine the effect of increas-
ing the resolution of the RMS image on delamina-
tion identification another preparation was made by
resizing the RMS input image to (512×512) pixels,
then it was split into four quarters of (256 × 256)
pixels, moreover, each quarter was split into 8 × 8
blocks, and each block has a size of (32×32) pixels.

Figure 4: Left upper quarter of RMS image splitted
into (7× 7) blocks.

Figure 5: Left upper quarter of RMS image splitted
into (8× 8) blocks.

Fig. 6 presents the CNN model architecture. It
in which it takes an input block (processed RMS
image) of size (32 × 32) pixels. The model starts
with a convolutional layer that has (64) filters of
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size (3 × 3), moreover, the same padding was ap-
plied and the activation function is (Relu), followed
by a pooling layer. The pooling layer has a pool
filter of size (2 × 2) with a stride of (2). These
operation of convolution and pooling is repeated
two times. Next, the output of the second pool-
ing layer is flattened and is ready to be fed to the
dense layers in which the model has two fully con-
nected layers. The first dense layer has (4096) neu-
rons and the second dense layer has (1024) neurons.
Additionally, Relu is applied for both dense layers.
Moreover, a dropout of probability (p = 0.5) was
added to the model to reduce the overfitting issue.
The final layer in the model is the output layer, in
which the model outputs two predictions (damaged
and undamaged). Accordingly, the whole block is
considered damaged if there is at least one pixel
of delamination, otherwise, it is considered undam-
aged. The predicted delamination is surrounded by
a bounding box as the final output.

Figure 6: CNN model architecture.
Furthermore, two accuracy metrics were applied.
The first metric measures the accuracy of capability
of the model to detect the delamination, the second
metric measures the Intersection over Union (IoU)
between the bounding box which surrounds the pre-
dicted delamination and the ground truth delami-
nation. Moreover, selecting a proper loss function
during training the model is important since the
loss function reflects how good the model learns to
predict. In this model, we have applied a mean
square error (mse) loss function which calculates
the sum of the squared distances between the pre-
dicted output values and the ground truth values.
Moreover, our focus during training the model was
on minimizing the loss function and maximizing the
accuracy metric. Accordingly, an optimizer func-
tion is required to perform such operation. In the
developed model Adam optimizer was used which
is a combination of RMSprop and SGD [9].

Table 1: Accuracy values for input blocks.

(7× 7) blocks (8× 8) blocks
Mean IoU 10.4% 12.9%

Accuracy of prediction 96.90% 95.87%

Figures. 7 and 8 show the results of delamination
prediction (surrounded by a bounding box) for the
input of (7×7) blocks presented in Fig. 4 and (8×8)
blocks presented in Fig. 5 respectively. The IoU for
the (7× 7) input blocks for this case is 14.45% and
for the (8× 8) input blocks is 20.12%.

Figure 7: Predicted delamination using (7×7) input
block.

Figure 8: Predicted delamination using (8×8) input
block.

Table 1 presents the values of the accuracy met-
rics implemented in the model for the (7 × 7) and
(8× 8) input blocks, we can notice that increasing
the resolution of the input image enhances th IoU
metric.
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Conclusion

In this work, we developed a CNN model that is ca-
pable of detecting and localising the delamination
in composite materials. The results were promis-
ing since the model is able to detect delamination
of various shapes, sizes and angles. Furthermore,
increasing the RMS image resolution enhanced the
IoU accuracy metric. This work can be extended to
the identification of various damage types in com-
posite materials.
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ABSTRACT: Structural damage detection based on acceleration vibration signal is one of the important tasks of bridge health 
monitoring in recent years. Deep learning methods such as convolutional neural network (CNN) and gated recurrent unit (GRU) 
have made some progress in feature extraction of structural damage. However, the existing algorithms still have some 
shortcomings in jointly extracting and recognizing the multivariate characteristics such as temporality and correlation of 
acceleration data. In this paper, aiming at the high-dimensional and temporal characteristics of acceleration data, the problem of 
structural damage detection based on acceleration data is viewed as a multivariable time series classification task, and a bridge 
structural damage detection model based on parallel multi-scale convolutional neural network and gated recurrent unit (PMCG) 
is proposed. Utilizing the sensitivity of multi-scale CNN to the correlations among multi-dimensional data and superiority of 
GRU in forward-backward temporal dependency extraction, this model simultaneously extracts the damage features of 
acceleration data. Based on the classification results of the three-span continuous rigid frame bridge scale model dataset under 
four different structural damage condition, the proposed model outperforms three compared models in four metrics including 
accuracy, precision, recall and F1-score. 

KEY WORDS: Damage detection; Structural health monitoring; Multi-scale convolutional neural network; Gated recurrent unit.  

1 INTRODUCTION 
With the increase of service time and complexity of service 
environment of bridge structure, the health condition of bridge 
is daunting in recent years. According to the 2017 ASCE 
report, the overall score of American bridges is only C+ (A 
for excellent condition and F for unacceptable condition), and 
the renovation and maintenance cost exceed $100 billion [1]. 
It is of vital importance to establish a comprehensive bridge 
maintenance management system, in which the structural 
health monitoring system plays an important role. However, 
in the existing structural health monitoring system, it is faced 
with the following problems: the dimension disaster and long-
tail problems of massive data [2], it is difficult to deal with 
massive data, the performance of sensors is not good enough 
to meet the quality requirements of long-term data acquisition, 
and the lack of effective theory and method to identify the 
initial micro damage of structure and other problems such as 
no benchmark data and quantitative standards. These 
problems seriously restrict the practicability of the monitoring 
system. Damage detection, as an important part of structural 
health monitoring (SHM), how to extract structural features 
quickly and effectively has become its focus of attention. 

Traditional methods take frequency and damping ratio as 
features, but after a large number of experiments, it is found 
that such damage characteristics are not sensitive to structural 
damage. Damage detection method based on modal para-
meters of structural dynamic characteristics (such as mode 
shapes, modal confidence factor, modal strain energy, etc.) 
detects structural damage by testing the change of structural 
vibration mode, which is often limited by the number of sen-
sor and environmental noise and is far from the results under 
controllable experimental conditions. Damage detection based 

on finite element modeling and model modification is also an 
important research issue, but this method has high 
requirements on the accuracy of the model and the quality of 
monitoring data. It still faces huge challenge in the practical 
engineering application. Wavelet analysis based on time 
domain response or spatial domain response methods 
overcomes the short-coming of information loss caused by the 
traditional method using fourier transform, and shows a very 
effective detection performance on simple structures. 
However, the damage detection of large and complex 
structures still needs further research, and the current practical 
application scenarios are limited. 

In recent years, with the wide application of structural 
health monitoring system in bridge, several different types of 
sensors are decorated in each key section of the bridge, such 
as displacement, strain, temperature and acceleration, in order 
to obtain the dynamic and static response information of 
nonlinear structure, so as to realize the real-time monitoring of 
bridge structure information. In terms of dynamic response, 
accelerometer has high accuracy and the technology is 
relatively mature. Because accelerometer collects high fre-
quency vibration signal, it can reflect the overall dynamic 
response of the structure well. Therefore, structural damage 
detection based on acceleration vibration signal has been 
widely concerned as an important issue in the field of bridge 
structural health monitoring. For acceleration vibration signal, 
convolutional neural network (CNN), recurrent neural net-
work (RNN), stochastic configuration networks (SCNS) as the 
representative of deep learning algorithms can autonomously 
learn data features, find hidden pattern from numerous data 
and complete the established task, it gradually become the 
research hotspot in SHM field [3]. Avci et al. [4] proposed a 
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fast and efficient structural damage detection algo-rithm based 
on 1D-CNN, which can efficiently extract damage sensitive 
features from the original acceleration signal. Lin et al. [5] 
and Li et al. [6] use CNN as feature extractor and classifier 
and achieve satisfactory recognition and location results on 
simply supported beam vibration data under different damage 
and noise conditions. Tang et al. [7] proposed a damage 
detection model based on parallel CNN. By connecting 
features obtained from inputting time domain data to 1D-CNN 
and inputting frequency domain or image data to 2D-CNN to 
detect anomalies, this model achieves high recognition 
accuracy in acceleration data detection of long-span cable-
stayed bridge SHM system. Gulgec et al. [8] proposed an 
anomaly detection model based on CNN to detect crack 
damages in a steel gusset plate connection, and found that 
CNN model demonstrates strong noise restraint and strong 
robustness on complex damage situation. Bao et al. [9] 
proposed an anomaly detection model based on deep convolu-
tional neural network (DCNN). By converting the acceleration 
data into gray data and then manually labeling it as the input 
of DCNN, the model achieves a global accuracy of 87.0% on 
the one-year data of a cable-stayed bridge and shows strong 
robustness, therefore it can be applied in real-time SHM and 
alarm systems. Du et al. [10] utilized a network involves 
multi-layer RNN to recognize the time-dependent relationship 
of human behavior data and realize the division of bone vector. 
Because the acceleration vibration signal also has strong 
temporal dependency, the performance of RNNs in it is also 
satisfactory. Li et al. [11] proposed a damage detection 
framework based on long-short term memory (LSTM), which 
reduces the dimension of acceleration data and conduct 
experiments based on on bookshelf framework. The results 
show that LSTM algorithm obtains better pattern recognition 
accuracy than traditional support vector machine (SVM) and 
multilayer perceptron (MLP). Based the above literature, most 
of the existing deep neural network based bridge structural 
damage detection methods classify and identify the accelera-
tion vibration signal data from a single time series dimension, 
but lack of investigation on the correlation among different 
sensors. The corresponding damage detection model consi-
dering both acceleration time series and data correlation still 
needs to be constructed. 

Based on the previous analysis, aiming at the forward-
backward temporal dependency and correlation among multi-
dimensional data, which is commonly used in the field of 
bridge health monitoring, this paper proposes a new bridge 
structure damage detection model based on multi-scale 
convolutional neural network (MCNN) and gated recurrent 
unit (GRU). By leveraging the sensitivity of multi-scale CNN 
to correlation features of multi-dimensional data and the 
advantages of GRU in extracting features of temporal data, 
this model simultaneously extracts the damage features of 
acceleration data from both the forward-backward temporal 
dependency and the correlation among multi-dimensional data. 

2 PROPOSED MODEL 
In order to extract forward-backward temporal dependency 
and correlation among multi-dimensional data from accelera-
tion data more effectively, we propose an approach based on 

parallel multi-scale convolutional neural network and gated 
recurrent unit (PMCG) for structural damage detection. 

2.1 Architecture of PMCG 

As shown in Figure 1, the PMCG network structure proposed 
in this paper consists of four parts, the first part is the input 
layer, the second part is the parallel layer of MCNN and GRU, 
the third part is the feature fusion layer, and the fourth part is 
the output layer. For the input layer, the acceleration data is 
pre-processed and viewed as multivariate time series. Suppose 
there are N  sensors on a bridge, the sampling frequency is f  
and the sampling time is T , then the data collected by N  
sensors within time T  forms an M N  dimensional matrix 

1 2( , ,..., )
n

S S S S= , where iS  is the raw acceleration data 
under the working condition i . In order to realize the joint 
extraction of both temporal dependent features and correlation 
among multi-dimensional data, S  is simultaneously input into 
both MCNN and GRU modules for feature extraction. These 
two modules are introduced in detail in the latter two sections. 
Then concatenate the feature vectors obtained from the two 
modules and put into global average pooling layer and using 
softmax as multiple classification function calculation, and 
finally obtain 1 2( , ,..., )nY y y y= , where iy  is the structural 
status label under the corresponding working conditions. 

 
Figure 1. Architecture of the proposed PMCG. 

Our model introduces Dropout calculation after the feature 
extraction of two parallel modules, therefore minimizes the 
over-fitting phenomenon in the process of model training. 
Moreover, we select the global average pooling calculation 
instead of the fully connected layer after the feature fusion, 
aiming at reducing the number of parameters to prevent the 
fitting phenomenon in this layer and maximizing the 
classification performance. 

2.2 MCNN feature extraction module 

Based on previous studies, CNN is currently widely applied in 
the field of damage detection. Generally, the size of each 
convolution kernel in most convolutional neural networks is 
fixed, which indicates that the local receptive field of the 
network is certain. In this case, the performance of the 
network is generally improved by increasing the number of 
convolution layers or the number of neurons, but this will lead 
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to adverse effects on network training, such as too many 
parameters or the gradient is easy to disappear in backward 
transmission. Therefore, in consideration of the characteristics 
of acceleration vibration data, we incorporate multi-scale 
convolutional neural network (MCNN) module into network 
structure. Our work is inspired by the work of [12], [13], 
which has proposed a multi-column convolutional neural 
network for image classification. The module is composed of 
three convo-lution layers of different scales. By setting 
convolution kernels of different sizes, the correlation among 
measuring points in different ranges of local receptive fields 
can be extracted directly at the same time. The MCNN 
network structure is shown in Figure 2. 

 
Figure 2. The architecture of MCNN module. 

In this MCNN model, there are three parallel CNNs, with 
different convolution kernel sizes. For simplicity, the three 
parallel CNNs adopt the same network structure except for the 
size and number of convolution kernels. The convolution 
calculation equation is shown in the Equation (1):  

 
( )
 1 2

*

, ,...,

k k k
j j j

k
H

iV

V

f M w

V

b

V V

+

=

=
 (1) 

In the equation,   denotes the convolution operation, k

j
w  is 

the j-th convolution kernel corresponding to the k-th scale in 

iM , k

j
b  denotes the j-th bias term corresponding to the k-th 

scale, and k
jV  is the k-th scale corresponding to the j-th feature 

matrix output by a layer of convolution operation, kV  denotes 
all output feature matrices, and f denotes the activation 
function. Our model utilizes the rectified linearunit (ReLU) 
function as the activation function because of its good 
performance on CNN [14]. After the convolution calculation 
of each scale, the dropout calculation is applied to avoid over-
fitting, and the feature vector 

MCNNV  is obtained after global 
average pooling. 

2.3 GRU feature extraction module 

As an improved recurrent neural network model, LSTM is 
good at discovering the long-term and short-term forward-
backward dependency of time series data, and achieves 
effective feature extraction of time series data. Gate recurrent 
unit (GRU) makes further improvements based on LSTM and 
achieves faster training speed and higher computational 
efficiency. Therefore, this paper introduces the GRU module 
to extract the time series-dependent features of data. GRU is 

composed of a memory state unit, a reset gate tr and an update 
gate tz . The structure is shown in Figure 3. 

 
Figure 3. The architecture of GRU module. 

Compared with the input gate, the forget gate and the 
output gate of LSTM, GRU can achieve the same effect as 
LSTM by using only two gates: reset gate and update gate. In 
contrast, it can greatly reduce the computing time and im-
prove the training efficiency. The GRU calculation is shown 
in Equation (2):  
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In the equation, tr  and tz  denote the reset gate and update 
gate respectively,   is the sigmoid activation function, th  and 

1th −  denote the output state of the hidden layer at the current 
time and 1t −  respectively, 

t
h  is the candidate hidden state, 

zW , rW  and W  are the weight matrices of the update gate, the 
reset gate and the candidate hidden state respectively,   
denotes the matrix multiplication. The GRU module is also 
followed by a dropout calculation to avoid over-fitting, and 
obtain the feature vector 

GRUV . 
Finally, this model concatenates the feature vector 

MCNNV , 
which denotes the correlation among multi-dimensional data 
extracted by MCNN, with the feature vector 

GRUV , which 
denotes the forward-backward temporal dependency extracted 
by GRU, as shown in Equation (3):  

 
MCNN GRUV V V=   (3) 

After the concatenate procedure, put the feature vector into 
global average pooling layer again and classified by softmax 
to obtain the predicted label 1 2( , ,..., )nY y y y=  eventually. The 
function of softmax is shown in Equation (4):  
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In the equation, 
il  denotes the activation function, jiW  

denotes the weight matrix. 
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3 EXPERIMENT 
In order to evaluate the effectiveness of the proposed PMCG 
model in the bridge SHM scenario, this paper takes the scale 
model of a three-span continuous rigid frame bridge as the 
object for experimental analysis. 

3.1 Data Acquisition 

The scale model is based on the three-span continuous rigid 
frame bridge with a span of 98m+180m+98m as the 
prototype, and the geometric size of the model is scaled 
according to the proportion of 20:1. The model also imitates 
the design of the bridge health monitoring system and installs 
a total of 18 accelerometers at 1/8-span, 1/4-span, 1/2-span 
and some other important sections of the scale model to 
collect acceleration vibration data. The specific scale model 
and accelerometer arrangement are shown in Figure 4. A total 
of 18 sensors are installed on the beam. 

  

(a)                                             (b) 

 
(c) 

 
(d) 

Figure 4. (a) the view of the real bridge; (b) the laboratory 
scale model; (c) and (d) deployment of accelerometer in the 
scale model. 

In order to simulate the damage of the real bridge, the 
experimenters applied different degrees of concentrated load 
to the scale model in the middle of the main span to make 
several transverse cracks in the bottom plate and simulate the 
real damage. Four different damage conditions (DC) are 
obtained as shown in Table 1. In each damage condition, three 
types of different weight cars are pulled through the scale 
model at a constant speed to simulate the effect of moving 
load, and then the acceleration vibration signal changes of 
each measuring point are collected by the arranged accele-
rometer, which is used as data input of the next damage 
detection model. In this experiment, LMS software is used to 
obtain the signal of each acceleration measurement point, and 
the sampling frequency of accelerometer is 8192Hz. 

Table 1. Description of structural states under different 
damage conditions. 

States Descriptions 
DC 1 No damage 
DC 2 One crack with width of 0.06mm. 

DC 3 
Two cracks in the mid-span of scale model 
with widths of (0.11-0.13) mm and (0.02-

0.04) mm 

DC 4 Two cracks in the mid-span of scale model 
with widths of 0.12mm and (0.06-0.08) mm 

We process the above data with Z-score normalization to 
improve the training speed of the mode as shown in Equation 
(5):  

 ( )= /x x   −  (5) 

In the equation,   is the mean value of the data and   is 
the standard deviation of the data. 

However, due to the large amount of acceleration data, it is 
difficult to input all of them into the network at one time. 
Therefore, this paper uses moving window method to divide 
the data, and the length of sliding window L  is set as 20 and 
the step size of sliding window is set as 20, therefore the 
dimension of each sample feature graph is 20×18. 

3.2 Experimental setup 

After data preprocessing, the date are divided as training set, 
verification set and test set at the ratio of 6:2:2. The main 
hyper-parameters in the model are shown in Table 2. 

Table 2. Model parameters. 

Hyper-parameters values 
Convolution kernel 3×18, 5×18, 7×18 

Batch Size 128 
Loss function cross entropy 

Initial learning rate 0.001 
Optimizer Adam 

Epochs 150 

In order to verify the damage detection performance of the 
proposed model, this paper compares with three common 
damage detection models: CNN, LSTM and GRU. 

The structure of CNN model is set as follows: we set up 
three convolution layers, the first and third layer sets 32 
convolution kernel, and the second layer sets 64 convolution 
kernel. The size of convolution kernel is 5×5. Both LSTM and 
GRU models have two hidden layers, each layer has 32 
hidden states. The proposed PMCG model uses three parallel 
CNNs in MCNN section, and the convolution kernel sizes are 
3×18, 5×18 and 7×18 respectively; the GRU section has two 
hidden layers with 32 hidden states. After Concatenating the 
features extracted from two modules, global average pooling 
is used to replace the tradition full connection layer, and 
finally the features are sent to softmax layer for classification. 

3.3 Experimental results and analysis 

In this paper, the task of damage detection is defined as a 
classification problem of time series, so the four statistical 
indicators commonly used in the classification problem, 
namely accuracy, accuracy, recall and F1-score, are selected 
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as the evaluation criteria. Figure 5 shows the change curve of 
accuracy and loss rate of each model on the verification set 
with the increase of iteration times. 
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(a) Accuracy curves of each comparison model 
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(b) Loss curves of each comparison model 

Figure 5. The accuracy and loss rate change curves of each 
comparison model. 

Figure 5 demonstrates that the parallel MCNN and GRU 
model not only extracts the correlation among multi-
dimensional data, but also extracts the forward-backward 
temporal dependency of the data in the time dimension. 
Therefore, this model achieves better accuracy, lower loss rate 
and faster convergence compared with the traditional CNN, 
LSTM and GRU models, which only extract a single feature. 
Table 3 shows the damage detection performance of each 
model in the validation set. 

Table 3. Results of each model. 

Model Accuracy Precision Recall F1-score 
CNN 0.9297 0.9160 0.9300 0.9219 

LSTM 0.9057 0.8907 0.9057 0.8968 
GRU 0.9232 0.9091 0.9248 0.9156 

PMCG 0.9467 0.9387 0.9452 0.9418 

In order to show the damage detection performance of each 
model under different damage conditions more intuitively, the 

confusion matrix according to the classification accuracy of 
each comparative model under four damage conditions is 
shown in Figure 6. 

 

 
Figure 6. Confusion matrix of CNN, LSTM, GRU and 
proposed PMCG. 

It can be seen from Figure 6 that four models achieves 
satisfactory classification results on DC 2. The reason lies in 
that DC 1 has no damage, and DC 3 and DC 4 are two cracks, 
resulting in similar data characteristics. In contrast, the 
features of DC 2 are more significant and easier to classify. 
The excellent classification results of DC 2 also prove the 
applicability of the deep learning algorithm in the task of 
damage detection. The detection results of DC 2 and DC 3 
demonstrate that the proposed PMCG model has better 
detection effect for more serious and complex structural 
damage states, and therefore is more more in practical 
engineering application. 

4 CONCLUSION 
Based on the previous researches, in consideration of the 
forward-backward temporal dependency and correlation 
among multi-dimensional data in bridge scenario, we propose 
a bridge structural damage detection model based on parallel 
multi-scale convolutional neural network and gated recurrent 
unit(PMCG). This model simultaneously extracts the forward-
backward temporal dependency and correlation among multi-
dimensional data through MCNN and GRU modules. 
Experiment conducted on the three-span continuous rigid 
frame bridge scale model dataset demonstrates that our model 
outperforms traditional damage detection models in four 
metrics. Specifically, our model achieved 94.67% iden-
tification accuracy, which verifies its effectiveness in the 
damage detection task. 

In the future research, we will continue to explore the 
problem of structural damage detection. On the one hand, we 
will build a more precise model to fit in the practical bridge 
situation where exists more complex and multivariate damage 
types; on the other hand, we will incorporate the advanced 
machine learning technology such as graph convolutional 
neural networks [15] into structural damage detection. 
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ABSTRACT: Composite structures are vulnerable to various kinds of defects among which delamination is the most hazardous 
form of damage. Due to the complex design of composite materials, it is very difficult to detect delamination in these materials 
by traditional visual inspection techniques. Ultrasonic guided waves are very popular these days for locating delamination in 
composite structures. Scanning laser Doppler vibrometry is capable of measuring the full wavefield, which is measuring the 
guided waves on a dense grid of points on the surface of a large specimen. A novel full wavefield processing method by using a 
deep learning-based segmentation technique known as pyramid scene parsing network is implemented in this work. The parallel 
spectral element method was used for the simulation of the full wavefield of propagating Lamb waves in the fibre-reinforced 
composite plate. This technique resembles full wavefield measurements acquired on a surface of the plate by scanning laser 
Doppler vibrometer. The goal of the proposed method is the identification of the size, location, and shape of the delamination in 
composite structures. For this purpose, a deep learning-based pixel-wise image segmentation technique is applied. It is 
elaborated that the performance of the proposed method is quite good and it can also enable better automation of delamination 
identification which can further create damage maps without the intervention of the user. Furthermore, the model developed in 
this paper indicates the capability of generalizing well to further experimental data. 

KEY WORDS: Lamb waves; Non-destructive testing; Structural health monitoring; Delamination identification; Deep learning; 
Image segmentation; Pyramid scene parsing network. 

1 INTRODUCTION 
In the last few decades, composite materials are increasingly 
being used in multiple industries such as aerospace, wind 
turbine, marine, automobile, and many more. This extensive 
usage of composite materials is due to its remarkable benefits 
such as higher stiffness-to-mass ratio compared to metals, 
high strength, lightweight, and effective corrosion resistance 
[1–4]. However, these materials are more susceptible to 
impact damage in the form of cracks, debonding, 
delamination, and degradation of material properties due to 
non-ideal design, changes in performance, and environmental 
conditions, etc. [3, 5]. These problems could reduce load-
bearing capability and potentially lead to structural failure. 
Even a low-intensity and a low-velocity impact can induct 
cracks in composites which ultimately may lead to 
delamination [6]. Delamination diminishes the life of these 
structures. Delamination is one of the most common types of 
damage and vulnerable defects in composite structures. 
Delamination can further progress and affect the mechanical 
properties and structural integrity which then may commence 
catastrophic failure of the whole structure [6–8]. Delamination 
is usually invisible which is why it is severely dangerous. 
Therefore, it is essential to monitor the performance of the 
composite structures continuously for safety and damage 
detection at an early stage. Reliable damage detection is 
essential for the use of composites in different applications 
[5–7]. 

Due to the complexity in the design of composites, the 
detection of delamination is challenging because it usually 
occurs between plies of composite laminate and is invisible 

from outside surfaces. This causes that it is difficult to detect 
it by traditional visual inspection techniques [9–11].  

Numerous Nondestructive Testing (NDT) and Structural 
Health Monitoring (SHM) procedures have been proposed for 
the detection of delamination in composite structures. Among 
the various damage detection systems, ultrasonic guided wave 
propagation-based SHM is broadly recognised as one of the 
most promising mechanisms for quantitative identification of 
delamination in composite materials. Recently, ultrasonic 
guided waves have emerged as a reliable way to locate 
delamination in these structures. These techniques produce 
useful information about the presence, type, location, size, and 
extent of delamination in composite structures [12–22]. 

Recently, Scanning Laser Doppler Vibrometry (SLDV) is 
widely being used for measuring guided waves on a very 
dense grid of points over the surface of a large specimen (full 
wavefield) [22–30]. Such wavefields contain rich information 
about the interaction of guided waves with potential defects. 
However, these full wavefields are complex. Analysing such 
wavefields are very difficult for conventional physics or 
classical machine learning-based models. On the other hand, 
deep learning techniques have shown quite better performance 
with handling such nonlinear and complex data in various 
domains such as object detection, computer vision, speech 
recognition, medical sciences, remote sensing, and many more 
[31–34]. In recent years, deep learning has shown significant 
improvements in image segmentation due to the advancement 
in deep Convolutional Neural Networks (CNN). Image 
segmentation is a fundamental component in numerous visual 
recognition systems. The goal of image segmentation is 
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partitioning images or video frames into multiple objects or 
segments [35]. 

Various researchers have applied deep learning-based 
techniques for damage detections in civil infrastructures [36–
42] and rotating machinery [43, 44] and achieved very 
promising results. Further, many researchers have also applied 
basic Artificial Neural Networks (ANN) and deep learning 
techniques for damage detection in composite materials by 
utilising frequency and vibration-based approaches [45–48]. 
However, only very few researchers have used ANN and deep 
learning techniques for damage detection in composite 
structures by utilising guided waves [49–53]. Su and Ye [49] 
developed a guided Lamb wave-based delamination 
identification technique in composite structures with the use 
of Intelligent Signal Processing and Pattern Recognition 
(ISPPR), wavelet transform, and multi-layer feedforward 
ANN architecture. Chetwynd et al. [50] acquired guided 
Lamb wave responses for the healthy and damaged carbon 
fibre reinforced polymer (CFRP) with the help of surface-
bonded piezoelectric transducers and then applied a multilayer 
perceptron (MLP) classification neural network for the 
classification of damaged and undamaged regions of CFRP 
and MLP regression network for the estimation of the exact 
location of defects on the panel. Fenza et al. [51] presented the 
use of ANN and probability-based methods together for 
determining the location and degree of damage in metallic and 
composite plates by employing guided Lamb waves. Feng et 
al. [52] proposed two time of flight (ToF) based algorithms of 
scattered guided Lamb waves in CFRP plates. Firstly, a 
probability matrix is constructed by the probabilistic approach 
which is used for the localisation of defects and then ANN is 
employed for improving the accuracy of locating defects. 
Tabian et al. [53] developed a CNN-based model for the 
detection and localisation of impacts in complex composite 
structures. Their system transfers the signals from 
piezoelectric sensors to 2D images and then the CNN is used 
on those 2D images for performing the health state 
classifications. Furthermore, Melville et al. [54] applied 
Support Vector Machine (SVM) and deep learning techniques 
for damage detection in thin metal plates (steel and aluminum) 
by employing full wavefield signals of ultrasonic guided wave 
images. The wavefield data was acquired via piezoelectric 
actuators and SLDV. They showed that the deep learning 
methods achieved quite better damage prediction results as 
compared to the SVM based methods. 

To the best of the authors' knowledge, no such study exists 
which emphasized deep learning-based segmentation 
techniques for damage detection on full wavefields analysis in 
composite structures. 

In this research work, we are using a deep learning-based 
segmentation technique named Pyramid Scene Parsing 
Network (PSPNet) [55] for the detection, localisation, and 
estimation of the size of delamination in composite structures. 
PSPNet is a state-of-the-art deep learning model for 
segmentation. PSPNet was proposed basically for 
understanding the objects according to the real-world 
scenarios. Recently, PSPNet based model has won various 
awards in different object and scene detection and recognition 
based competitions. PSPNet utilises CNN in their hidden 
layers in the architecture for the final predictions. CNN is 

employed for the feature mapping and pixel-wise convolution 
in PSPNet. In this work, the PSPNet model is applied to high 
resolution based images acquired from numerical simulations 
that resemble SLDV. The proposed segmentation model is 
capable of providing good results for the delamination 
detection and localisation as well as estimation of the size of 
the delamination in a composite structure. The accuracy of the 
PSPNet based solution is computed by the evaluation metric 
named intersection over union (IoU). IoU is the ratio of area 
overlap to the area of the union of two objects. In this case, it 
is the accuracy of simulated (ground truth) in relation to 
predicted delamination area and location. 

2 DATASET PREPARATION 
In this section, the procedure for generating the numerical 
dataset of full wavefield images and the applied data 
augmentation techniques are illustrated. 

2.1 Data Generation 

In this work, a large dataset of 475 cases of full wavefield of 
propagating Lamb waves in a CFRP plate is generated. The 
time-domain spectral element method was applied for 
simulating Lamb wave interaction with delamination [56]. 
The computation of the dataset took about 90 days, for which 
the parallel code of the spectral element method was executed 
on Tesla K20X GPU card. It was assumed that the composite 
laminate is made of eight layers with the total thickness of 3.9 
mm. As illustrated in Figure 1 the delamination was modelled 
between the third and fourth layer. 

 

 
Figure 1. Setup for computing Lamb wave interactions with 
delamination. 

Figure 1 shows an exaggerated cross-section through the 
delamination. The delamination was assumed to be zero-
volume in the model. Furthermore, the delamination size was 
randomly simulated by selecting the major axis and ellipse 
minor from the interval 10–40 mm. The angle between the 
delamination horizontal axis and the major axis was also 
randomly selected. As a result, random spatial placement of 
delamination is generated. The 475 delamination cases on the 
plate are shown in Figure 2. 

https://www.sciencedirect.com/science/article/pii/S0360319919300527#bib27
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Figure 2. The plate with 475 cases of random delamination. 

The equivalent piezoelectric forces were applied at the plate 
centre for the excitation of guided waves. The excitation 
signal had a form of sinusoid modulated by the Hann 
window. The carrier and modulation frequencies were 
assumed to be 50 kHz and 10 kHz respectively. 

The output from the bottom and top surfaces of the plate in 
the form of particle velocities at the nodes of the spectral 
elements were interpolated on a uniform grid of 500×500 
points by employing shape functions of elements (for more 
details, check [56]). This technique essentially resembles the 
measurements acquired by SLDV in the transverse direction 
(perpendicular to the plate surface). The root mean square 
(RMS) according to Equation (1) was applied to the wavefield 
for better visibility. The result of this operation is shown in 
Figure 3. On the basis of image analysis, the shape of the 
delamination can be discerned easily for the top case. 
However, in this paper, we employed the wavefield registered 
at the bottom surface of the plate. 

 

 

Top                                             Bottom 

Figure 3. RMS of the full wavefield from the top and bottom 
surfaces of the plate. 

The output from the wave propagation is in the form of a 
3D matrix which contains amplitudes of propagating waves at 
location (x, y) at time t. It can be shown as a set of frames of 
propagating waves at discrete time moments tk. Therefore, the 
computation of RMS value is: 
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where the number of sampling points N was 512. Therefore, 
the dataset was collapsed to 475 2D matrices in which 
amplitudes are stored as double-precision values. These 
matrices were then converted into grayscale images (colour 
image quantisation) as shown in Figure 3. 

he dataset composed of RMS images used in this research 
work is available online [57]. 

2.2 Data Augmentation 

The best way of generalizing the neural network well is to 
acquire more data. In practice, the amount of available data 
are usually less for training a deep learning model. For 
tackling this issue, one way is to create some fake data based 
on the original dataset and adding it to the training set, which 
is termed as data augmentation. Data augmentation is an 
efficient approach for various classification and segmentation 
based deep learning tasks. Data augmentation includes 
randomly cropping a region from the original image, adjusting 
contrast, rotation for a small angle and flipping of the images, 
etc. [58, 59]. 

In our case, the dataset is composed of 475 images which 
are not enough for a deep learning model to perform well. 
Therefore, we flipped the 475 images diagonally, horizontally, 
and vertically in order to enhance the performance of our deep 
learning model. Therefore, the total dataset is now composed 
of 1900 (475 × 4 = 1900) images. It should also be noted that 
we normalized the colour scale values of all the 475 images to 
a range of (0 – 1) before applying the flipping (data 
augmentation) operations. 

3 PYRAMID SCENCE PARSING NETWORK 
Pyramid Scene Parsing Network (PSPNet) is a multi-scale 
deep learning model for image segmentation. PSPNet 
effectively learns the global context representation of a scene. 
PSPNet employs a residual network (ResNet) [60], with a 
dilated network as a feature extractor for the extraction of 
various patterns from the input images. ResNet designed by 
He et al. [60] is very popular due to its depth (upto 152 layers 
are possible) and with the inclusion of residual blocks. The 
residual blocks in ResNet are very helpful for training a really 
deep neural network by processing the skip connection in such 
a way that layers can mimic their inputs to the succeeding 
layers. This approach assures that the subsequent layer has 
learned something new and different from what the input has 
already been encoded. Moreover, such connections are also 
useful in overcoming the problem of vanishing gradients. 
These days, ResNet is commonly applied for the feature 
extraction in various deep CNN models. 

PSPNet renders adequate global contextual information for 
the pixel-level scene parsing. The local and global contextual 
information together provides more reliable predictions. Sub-
regions context along with the global context information is 
very useful for distinguishing among different types of 
objects. A hierarchical global prior was proposed for further 
reducing the context information loss among diverse sub-
regions. The hierarchical global prior contains information of 
multiple scales and it varies among different sub-regions. 

As shown in Figure 4, the pyramid pooling module 
combines features under four different pyramid scales. 
However, the number of these pyramid levels and the size of 
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each level can be modified because they are related to the size 
of the feature map that is fed into the pyramid pooling layers. 
The coarsest level, highlighted as red in Figure 4 is employing 
global pooling for producing a single bin output. The feature 
map is separated into different sub-regions in the subsequent 
pyramid levels which form pooled representation for different 
locations. The distinctive levels of the pyramid pooling 
module generate an output of the feature map of different 
sizes. These feature maps are processed with a 1 × 1 
convolutional layer to reduce their dimensions. The output of 
the pyramid levels is then up-sampled with bilinear 
interpolation before the concatenation with the initial feature 
maps to obtain both local and global context information. In 
the end, a convolutional layer is employed for generating the 
pixel-wise segmented predictions. 

 
Figure 4. A flowchart of the PSPNet architecture. 

In this paper, we implemented PSPNet with ResNet-50 as a 
backbone for feature map extraction having dilation at the last 
two layers of ResNet. We applied a four-level pyramid 
pooling module (red, orange, blue, green) as shown in Figure 
4 with bin sizes of 1 × 1, 2 × 2, 4 × 4, 8 × 8 respectively. The 
global average pooling is applied at the red (coarsest) sub-
region and max-pooling of filter size with 2 × 2 and a stride of 
size 2 was used for the rest of the sub-regions, followed by a 1 
× 1 convolutional layer. Nonlinear activation functions 
rectified linear unit (ReLU) and sigmoid were applied. ReLU 
was used between the layers and sigmoid was applied at the 
final layer. Furthermore, no padding was applied. For forming 
the final feature representation, the up-sampling, and 
concatenation were applied after the pyramid pooling module. 
The final feature representation is composed of both local and 
global context information, which is then fed into a 
convolution layer for the final pixel-wise prediction. 

4 RESULTS AND DISCUSSIONS 
In this research work, we randomly chose 80% of the dataset 
for training and kept 20% of the dataset aside as a testing 
dataset. Further, we also created a validation set of 20% of the 
training dataset.  

A term known as overfitting is a common problem in 
training a deep learning model, which is when a model trains 
very well on the training data while performs very poorly on 
the test data. In order to minimise overfitting in our model, we 
applied batch normalization [61] and added dropouts [62] to 
layers during training.  

The softmax activation function [63] is applied in this work, 
which is mostly used in the output layers in the classification 
problems. The softmax function calculates the probability of 
healthy and damaged occurrences of each single pixel. It 

compresses the output of every single pixel into the interval 
(0; 1), and ultimately makes their sum as 1. Equation (2) 
shows the softmax, where P(zi) represents the probability of 
each target class zi over all possible target classes zj, C in 
Equation (2) shows damaged and non-damaged classes. An 
arg max function is applied for the purpose of predicting the 
labels of detected output (ypred), which is shown in Equation 
(3). 
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Choosing an appropriate loss function is very important in 
training a deep learning model. A loss function measures how 
good a prediction model performs. We applied a categorical 
cross-entropy (CCE) loss function, which is defined in 
Equation (4). 

 
))P(zlog( iCCE −=              (4) 

P(zi) in the above equation shows the softmax value of the 
target class. 

Furthermore, selecting a proper accuracy metric is also very 
important during training a deep learning model for the 
purpose of evaluation. We applied IoU as the accuracy metric 
in our model, which is illustrated in Equation (5). IoU can be 
calculated by determining the intersection area between the 
predicated output and ground truth for each input image.   
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For the purpose of increasing the value of IoU and reducing 
the loss value of the model, we applied an optimizer function 
known as Adam [64]. Adam employs both a momentum term 
and an adaptive learning rate during the training, which leads 
to better performance than by using other optimizers. The 
detailed configurations of the training process are summarized 
in Table 1. 

Table 1. Configuration of training process. 

Name Value 
Learning rate  0.0005 

Number of batches 4 

Number of epoches 150 

Dropout rate p 0.2 

 
As there is no simple approach to select the best parameters 

for training a deep learning model, therefore, a trial-and-error 
approach was used. 

Python packages Tensorflow and Keras [65] were employed 
to establish the PSPNet architecture with NVIDIA GeForce 
GTX 1060 having 6 GB of video ram memory as graphics 
processing unit (GPU).  
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The values of IoU at 150th epoch on training and validation 
data are 0.80 and 0.75 respectively.  

The evaluation of PSPNet on two damage scenarios from 
the test data is presented below. The mean IoU values are 
calculated for each case as a metric for evaluation purpose. 
The RMS of the full wavefield interpolated at the bottom of 
the plate with delamination on the left edge, its corresponding 
ground truth, and the prediction of the PSPNet model is 
shown in Figure 5. Whereas, Figure 6 represents the RMS at 
the bottom surface having delamination located at the upper 
middle of the plate, its corresponding ground truth, and the 
prediction of PSPNet architecture. The mean IoU values of 
the PSPNet predictions in Figure 5 and Figure 6 are 0.75 and 
0.79 respectively. 
 

 
RMS bottom           Ground truth              PSPNet prediction 

 
Figure 5. First scenario of RMS bottom, ground truth and 
PSPNet prediction. 
 

 
RMS bottom           Ground truth              PSPNet prediction 

 
Figure 6. Second scenario of RMS bottom, ground truth and 
PSPNet prediction. 
 

Both of the scenarios in Figure 5 and Figure 6 shows that 
the PSPNet model is able to identify the delamination quite 
well, which indicates that this deep learning-based 
segmentation approach is capable of generalizing and 
detecting the delamination on the unseen data. Since only 
numerically generated data were used in the training and 
testing of this model. We expect that the performance and 
generalization capability of this model can be more improved 
when the model is trained on experimental data besides the 
numerical data. 

5 CONCLUSTIONS AND FUTURE WORK 
In this paper, we applied a state-of-the-art deep learning-based 
segmentation algorithm (PSPNet) for the purpose of 
delamination identification in composite structures. The 
PSPNet algorithm was trained and tested on numerically 
generated data – simulation of full wavefield of propagating 
guided waves, which resembles the measurements from 
SLDV in real-world scenarios. The results of the proposed 
solution were promising, the model performed well on 
detecting the delamination of different sizes, shapes, and 
angles. 

Although the approach of deep learning-based segmentation 
in this paper shows good performance there is still a long way 
to go for the engineering applications. The current work is 
only based on the simulated data, in the future, we will 
investigate the possibility of training the model on real data 
together with the simulated data to detect real defects with 
high accuracy. Further, this work is only related to 
delamination identification, we will develop a deep learning-
based technique for the detection of various types of defects. 
Moreover, we will also apply different advanced and deeper 
deep learning-based segmentation algorithms on the real and 
simulated data. 
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ABSTRACT: In this work, we propose a combined approach of model-based and machine learning techniques for damage 
identification in bridge structures. First, a finite element model is calibrated with real data from experimental vibration modes 
for the undamaged or baseline state. Second, generic synthetic damage scenarios based on modal parameters are automatically 
generated with the model to train machine learning algorithms for damage classification (Support Vector Machine, SVM) and 
damage location and quantification (Neural Network, NN). For an initial validation of the method we use a lab scale truss bridge 
model, proving that specific damage scenarios can be assessed by the Supervised Machine Learning algorithms trained with 
generic damage scenarios including a certain variability. The NN provides an assessment in terms of damage location and 
quantification, whereas the SVM provides a damage severity classification with graphical indication of the damage location and 
quantification through a reduced dimension plot. 

KEY WORDS: Structural Health Monitoring; Model-based Methods, Machine Learning, Neural Networks

1 INTRODUCTION 
Damage detection is one of the key tasks in Structural 

Health Monitoring (SHM)1. In the field of civil engineering, it 
has become even more important as structures are subject to 
constant degradation and ageing processes, and ensuring 
safety is of extreme importance for society2. Several solutions 
have been proposed that attempt to solve this problem, which 
can be broadly classified in model-based and data-driven1. 
Both have been extensively applied into different cases of 
study, ranging from laboratory scale experiments to complex 
structures under service3–9. It can be concluded that both 
scopes present some limitations. In the case of model-based 
approaches, a strong computational effort is required to solve 
the inverse problem of damage identification through model 
updating, preventing from their application in real-time 
assessment strategies10.  

Data-driven methods overcome this issue since the 
computational cost occurs in the training-validation phase, 
which is done offline11. This yields to the possibility of 
providing faster evaluations10. Several approaches have been 
developed, from pattern recognition12 to Machine Learning 
and Deep Neural Networks13,14. However, these methods rely 
exclusively on the availability of experimental data, which in 
the full-scale field is mainly restricted to the undamaged or 
normal behavior15. Information regarding possible damage 
scenarios is rarely available (impractical) and this situation 
only allows to reach a level I (detection) out of the four 
damage levels defined Rytter16. According to this, it seems 
appealing to combine both methodologies with the goal of 
beating their limitations and exploiting their potentials. 

There are some works in the literature attempting to solve 
this problem, such as 17, which employs data from a numerical 
model to complement the training phase of an outlier 
detection algorithm based on Gaussian regression. 

In this work, we propose a hybrid methodology to detect 
and characterize damage (location and extent) in bridge 
structures. We first create a finite element model that is 
calibrated using experimental vibration measurements for the 
undamaged or baseline state. Next, we build a synthetic 
database by automatically solving generic damage scenarios 
applying changes in material properties and including certain 
variability. We use the modal response (natural frequencies 
and mode shapes) as the damage sensitive features. This 
database is used to train two supervised Machine Learning 
algorithms, namely Support Vector Machine (SVM) for 
damage classification and a Neural Network for location and 
quantification. 

We validate the method using a small-scale truss bridge in 
laboratory environment which allows to recreate damage 
scenarios. Results show that the SVM can classify damage in 
terms of severity and graphically indicate its location using a 
lower dimensional representation, whereas the NN provides a 
probability level of the damage being at a certain position 
with a certain severity level. 

2 METHODOLOGY 

2.1 Description of the structure 

The laboratory bridge follows a truss pattern design and 
represents the isostatic span of the “Old Bridge over Barranco 
de Aguas” in Alicante (Spain), having small modifications in 
the deck area to make it a classic Pratt truss (see Figure 1). 

 

 
Figure 1. Front view of the old bridge over Barranco de 
Aguas. 
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The simplified model was built in a lightweight material 
(polycarbonate: λE = 2350 MPa/Esteel), which allows to have a 
model in a not too reduced geometric scale (λL = 1/3.5) and 
having an operative final weight close to 60 kg. For the scale 
bridge used in this work (see Figure 2), we have that the first 
mode of vibration identified with the software MACEC 3.3 
(KU Leuven – E Reynders, M Schevenels, G De Roeck) is 
very close to the measured value for the isostatic span of the 
real bridge (7.8 Hz in lab versus the approximately 8 Hz 
obtained in a load test of the viaduct in 2015). The model is 
thus considered acceptable for the purpose of testing the 
proposed algorithms. 

 

 
Figure 2. Left: small scale bridge. Right: first bending mode. 

Regarding the experimental damage scenarios generated in 
the laboratory, we recreated a hard damage in the central zone 
and intermediate-hard damage in one of the bearing zones. 
These damages consist of the removal of one of the top chords 
in the corresponding location. For this study, the dynamic 
response in terms of the two first bending eigenmodes and 
eigenvalues are identified for the undamaged and damaged 
states. 

2.2 Calibration of the parametric model 

We build a three-dimensional finite element model of the lab 
bridge in ANSYS APDL, including all the geometrical 
information of the structure. The first bending mode is 
obtained at approximately 7.1 Hz for this preliminary model. 
With the goal of approximating the numerical response to the 
experimental results, we submit the model to a calibration 
process known as finite element model updating. We choose 
16 parameters associated to uncertain properties described in 
Table 1. 

Table 1. Description and initial values of updating parameters. 

Parameter 
type 

Description Initial value 

Material 12 elastic parameters along the 
bridge length 2.35·109 N/m2 

Material 1 density parameter for global 
model mass 1300 kg/m3 

Material 2 fictitious mass parameters to 
add flexibility at chords’ joints 3 kg 

Boundary 
condition 

1 spring stiffness parameter to 
restrain horizontal 

displacement at free boundary  
105 N/m 

 
In the calibration process, we employ a genetic algorithm to 

solve the minimization problem between experimental and 
numerical responses. This is expressed in terms of the 

objective function that computes the relative differences of the 
natural frequencies and mode shapes. The comparison of the 
mode shapes is given by the Modal Assurance Criterion 
(MAC)18. After calibration, we obtain the optimal parameter 
values that constitute the baseline or reference model. Table 2 
compares the numerical frequencies before and after 
calibration. We also show the adjustment of the mode shapes 
in Figure 3 and Figure 4. The objective function is reduced in 
a 76% along 150 iterations. 
 

Table 2. Comparison of natural frequency values (Hz). 

 Experimental Initial 
model 

Calibrated 
model 

First mode 7.70 7.41 7.50 
Second mode 15.60 16.00 15.90 

 

 
Figure 3. Calibration results of the first mode shape. 

 

 
Figure 4. Calibration results of the second mode shape. 

 

2.3 Damage Identification using Machine Learning 

In this work, we employ two machine learning approaches to 
address the damage identification problem, namely Support 
Vector Machine (SVM) and Neural Network (NN). The first 
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one aims at early detecting the presence of damage and the 
second one gives a more insightful characterization of the 
damage. Both techniques are addressed in a supervised 
manner. Thus, they require an extensive database including 
the different damage scenarios that aim to be detected. These 
can be labelled by location and severity level. These damage 
scenarios are generated from the calibrated model obtained in 
section 2.2. We first divide the structure in three separate 
regions where we want to detect damage (see Figure 5). We 
apply a percentual reduction of the elastic moduli located at a 
certain region to simulate damage. We assume that no more 
than one region is damaged at the same time. 

 
Figure 5. Schematic view of the damage regions. 

2.3.1 Support Vector Machine (SVM) 
SVM is a data-driven algorithm that solves classification and 
regression problems19. It establishes relationships in the data 
and finds the optimal space that separates the data among the 
different classes20. This approach is very flexible and can fit 
many different types of discriminant functions from which the 
hypothetic classification space is formed, including linear or 
radial basis models21. Particularly, this algorithm can be 
understood as an optimization problem in the sample space 
with the following formulation21: 

 

 

 

(1) 

where xi is a feature factor in the sample space, β is the slope 
of a normal to the optimal separating hyperplane, β0 is an 
intercept and yi is a class variable. 

In this work, the input to the SVM model is formed by four 
terms: the two natural frequencies and MAC values 
corresponding to the first two longitudinal bending modes. 
The algorithm provides a single-value classification output 
based on the severity of the damage. Table 3 shows the 
different classes of damage to be detected, indicating the 
percentual level of reduction of the elastic modulus. 
 

Table 3 Damage levels based on elastic modulus reduction 

Damage label Elastic modulus 
reduction (%) 

Undamaged < 15 
Light [15-35) 

Intermediate [35-55) 
Hard > 55 

 
We feed the SVM algorithm with the corresponding 

database that contains the labelled inputs. After testing various 
kernel functions to fit the data, we finally employ a linear 

operator to generate the separating hyperplanes due to its 
accuracy and efficiency. Once the model is trained, we apply 
Principal Component Analysis (PCA) to reduce the dimension 
of the data (initially four-dimensional) to a two-dimensional 
space, in order to make the solution representable. Figure 6 
shows the linearly defined hyperplanes that separate the 
dataset in terms of the damage severity. In addition, we can 
also observe that the middle region is clearly separated from 
the two bearing sides of the structure, which indicates the 
ability of SVM to distinguish between these two types of 
location as damage increases. 

 
Figure 6. Principal components of the hyperplane divided 
solution space. 

 
We then generate an experimental testing dataset to evaluate 

the ability of the algorithm to correctly detect the severity of 
unseen damages based on the vibrational input. This testing 
phase provides a 91.6% accuracy. However, it becomes 
impossible to distinguish between the two bearing regions of 
the structure, mainly due to a poor recreation of the boundary 
conditions in the laboratory model that yields to a symmetric 
structure. 

2.3.2 Neural Network (NN) 
Once that we have evaluated the presence of structural 
damage through SVM, we apply the second algorithm that 
uses a neural network to classify the damage in terms of 
location and severity with a certain probability. 

For this purpose, we establish a new labelling criterion for 
the training database, including both the severity level and 
location specification. 
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Table 4. Labelling of damage for the NN approach. 

Damage type Elastic modulus 
reduction (%) Label 

Undamaged [0-15] for all 
the regions ND 

Light damage at E1 [20-35] at E1 S1LD 

Medium damage at E1 [40-55] at E1 S1M2 

Hard damage at E1 [60-75] at E1 S1HD 

Light damage at E2 [20-35] at E2 S2LD 

Medium damage at E2 [40-55] at E2 S2MD 

Hard damage at E2 [60-75] at E2 S2HD 

Light damage at E3 [20-35] at E3 S3LD 

Medium damage at E3 [40-55] at E3 S3MD 

Hard damage at E3 [60-75] at E3 S3HD 
 
The employed architecture for the NN is briefly described 

in Figure 7. It contains an input layer with the four dynamic 
features (two natural frequencies and two MAC values), two 
hidden layers and the output layer with the probability of the 
structural condition being each of the possible classes. The 
example shows a probability of 84% assigned to damage label 
S3LD. 

 
Figure 7. Neural Network model. 

 
After defining the network architecture, we perform the 

training to obtain the bias and weight parameters of the model 
by minimizing the loss function using a gradient-based 
technique (Stochastic Gradient Descent, SGD). The loss 
function measures the discrepancy between the predictions 
and the known outputs for each training sample. After 
training, we evaluate the performance of the network in the 
testing phase. A battery of 24 unseen cases generated 
synthetically is fed to the model, providing promising results. 
Table 5 shows the classification results by indicating the label 
with highest predicted probability. 

 
 

Table 5. Testing predictions of the NN. 

ID 

case 
Label Prediction Probability 

1 ND ND 90.4 
2 ND ND 90.5 
3 ND ND 94.5 
4 ND ND 53.0 
5 ND ND 97.5 
6 ND ND 87.5 
7 S1LD S3LD 48.8 
8 S1LD S3LD 37.9 
9 S1MD S3MD 58.5 

10 S1MD S3MD 51.7 
11 S1HD S1HD 37.2 
12 S1HD S1HD 50.6 
13 S2LD S2LD 98.5 
14 S2LD S2LD 98.6 
15 S2MD S2MD 53.7 
16 S2MD S2MD 95.5 
17 S2HD S2HD 92.1 
18 S2HD S2HD 99.0 
19 S3LD ND 38.3 
20 S3LD S1LD 49.7 
21 S3MD S1MD 48.3 
22 S3MD S1MD 53.7 
23 S3HD S1HD 53.5 
24 S3HD S1HD 51.7 

 
We can conclude that the use of Neural Networks is a good 

method to complement the information provided by SVM to 
effectively locate and quantify damage. However, the 
efficiency of the model strongly depends on the goodness and 
volume of the training dataset, which also depends on the 
numerical model employed to generate the scenarios. There 
are some other factors affecting the results, such as the 
architecture of the network, the number of epochs or the batch 
size assigned to run the epochs in the optimization step, 
among others. Experience is thus an important factor to find 
and implement the best model for the case under study. 

2.3.3 Test with real damage induced to the laboratory 
model 

The following experimental damage scenarios were recreated 
in the laboratory: a hard  damage in the central zone by 
removing one of the top chords within the E2 region (or S2 
location) and an intermediate-hard damage in the E3 region 
(or S3 location) also by removing one of the top chords in the 
selected zone. Figure 8 and Figure 9 show the results of the 
SVM algorithm in the two-dimensional plot that includes the 
hyperplanes obtained from the training set.  
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Figure 8. SVM training plot. Prediction for experimental hard 
damage in the central zone (purple cross). 

 

 
Figure 9. SVM training plot. Prediction for experimental 
medium-hard damage at E3 (purple cross).  

We then evaluated the same experimental scenarios with the 
NN algorithm. The class label with the highest probability is 
chosen as the prediction. Results are gathered in Table 6. 

Table 6 NN results for experimental damage scenarios 

Case Damage type Prediction 

1 Hard damage in S2 S2HD (100%) 

2 Hard damage in S3 S3HD (98.7%) 

2.4 Conclusions 

This work applies two data-driven techniques to detect and 
characterize damage in a small-scale structure using a 
calibrated numerical model to train the algorithms in a 
supervised manner. 

The calibration step helps to introduce experimental 
information into the model and obtain a reliable starting point 
for the simulation of damage scenarios. Results confirm that 

the algorithms trained this way can successfully detect 
experimental damages with a high level of reliability.  

It is verified that the proposed combined methodology is 
feasible and operational, although it must be conducted with a 
deep structural knowledge of the system under study to make 
proper idealizations and assumptions. Besides, the potential of 
data-driven methods is demonstrated, given their ability to 
provide fast and accurate diagnostics when they are correctly 
trained. The results obtained from this work suggest driving 
research towards the implementation of these algorithms in 
full-scale structures with powerful monitoring systems to 
assess their health condition. 
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 ABSTRACT: Improving the efficiency of inspection and diagnosis of infrastructure systems has become an urgent problem 
because of rising costs and labor shortages. Many studies have used deep learning to detect corrosion from images of steel 
structures; however, the previously developed methods cannot adequately detect corrosion in specific equipment intended for 
inspection. In this paper, we propose a two-step deep learning method to identify the parts of bridge-attached equipment to be 
inspected. Photographs of bridges are first classified and then corrosion is detected in the specified areas. We evaluated the extent 
to which our proposed method can suppress over-detection compared with when only corrosion detection is used. To evaluate the 
algorithm, we compared the corrosion detection rate to that of manned conducted equipment detection. The corrosion detection 
rate of our proposed method was 88%. Without equipment detection, the over-detection rate for areas that did not require diagnosis 
was 21%, whereas the over-detection rate of our proposed method was 11%. Thus, our method reduced over-detection while 
maintaining a high corrosion detection rate. The combination of image classification by CNN and segmentation by U-net enabled 
more accurate corrosion detection. 

KEY WORDS: Machine Learning, Corrosion, Bridge, Bridge-Attached Equipment, Semantic Segmentation, Classification, U-net, CNN. 

1 INTRODUCTION 

Corrosion in steel structures is extremely dangerous as it 
causes structural deterioration and may lead to collapse. Steel 
structures need to undergo thorough inspections, repair, 
reinforcement, and renewal. However, increasing maintenance 
costs is becoming a growing concern, in addition to the 
shortage of technicians in Japan due to the decline in the 
working population. NTT Corporation has installed 
communication cables on the ground and underground in order 
to provide communication services. Conduits protect cables set 
underground; when the cables cross a river or railway, they are 
attached to a bridge with conduits. Figure 1(a) shows a 
panoramic view of bridge, and Figure 1(b) shows the conduits 
attached to the bridge. Most bridge-attached equipment is made 
of metal, so corrosion is likely to occur from environmental 
factors such as rain and wind. If left unattended, corroded 
bridge-attached equipment may detach and cause accidents. 
Typically, skilled inspectors visually inspect the corrosion on a 
regular basis; however, this process is time-consuming, 
subjective, and costly. Our goal is to address this by using 
image processing to automatically target and assess only the 
corroded parts of the bridge-attached equipment.  

Recent studies have reported on the application of deep-
learning image recognition to automate diagnostic work as an 
aid or substitute for close visual inspection to improve 
efficiency and reduce the manual labor needed to maintain steel 
structures. Deep-learning methods implemented in recent years 
have been shown to greatly improve the accuracy of image 
classification. Convolutional neural networks (CNNs) are one 
of the methods for recognizing objects in image processing [1]. 
CNNs do not require a person to make decisions. Deep learning 
is used to read a large number of images and train the CNN to             

Figure 1. Sample image of bridge-attached equipment. (a) 
Panoramic view, (b) Conduits and supported parts (Bridge-

attached equipment). 

automatically extract features, which is expected to result in 
automatic detection. 

In order to install bridge-attached equipment without 
disrupting the scenery, the equipment is often painted the same 
color as the bridge body. The shape of the attachment depends 
on its placement, e.g., back surface, sides, so it is difficult to 
extract feature quantities. Thus, a deep-learning method that 
can automatically learn and detect these features should 
effective. 
Atha et al. (2017) examined the effects of color space, slide 
square size, and CNN architecture for automatically detecting 
corrosion in steel structures from images [2]. They divided the 
images into small squares, investigated the recognition 
accuracy at various sizes and determined the optimal size which 
made it possible to detect corrosion accurately. Their study 
used a photographed image divided into small squares, and the 
presence of corrosion was identified in each square. Nash et al. 
(2018) proposed a method to precisely detect corrosion 
generated in steel products by using a segmentation model 
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detected for each pixel [3]. Their proposed method sufficiently 
detected corrosion from an entire image. However, for our 
purposes we only need to know the state of the bridge-attached 
equipment; it is not necessary to know whether the bridge body 
is corroded. Thus, previous methods are not effective because 
it is excessive to detect the deterioration in the parts of the 
bridge which do not need to be inspected. We propose a 
technique for identifying the targeted inspection area of the 
bridge-attached equipment from a photographed image and 
detect the corrosion in the area. 

Our proposed method is expected to improve the efficiency 
of equipment inspection because it can detect the degradation 
in a targeted area. Our methodology is two-fold: first, the 
equipment areas are detected, and then the corrosion is detected. 
We created an image classification database and a corrosion 
recognition database of bridge-attached equipment using 
photographed images. We examined a high-accuracy image 
processing method that combines the detection of bridge-
attached equipment areas by image classification and the 
detection of corroded areas by segmentation. We constructed a 
corrosion recognition algorithm for a specific area by 
combining the predicted values of the two algorithms. To 
evaluate our proposed algorithm, we compared the corrosion 
detection rate with that of when the area of bridge-attached 
equipment was manned (assuming the bridge-attached 
equipment area's detection rate are 100%) detected. 

2 OVERVIEW OF PROPOSED METHOD 
The overall structure of the method is shown in Figure 2. First, 

the algorithm learns to accurately detect the location of the 
bridge-attached equipment from the photographed image in 
order to identify the area of the equipment to be inspected. 

Second, the algorithm predicts the corroded areas by learning 
to detect corrosion from the photographed image. Here, each 
predicted value is between 0 and 1. 

Next, a threshold value is set for each predicted value and 
binarization is performed. If the value is below the threshold 
(negative), the image is black (0); if the value is equal to or 
greater than the threshold (positive), the image is white (1). 
Third, in order to indicate the corroded area of the bridge-
attached equipment to be inspected, the corrosion in the 
detection area of the bridge-attached equipment is identified by 
taking the logical conjunction of the area predicted as the 

equipment and the area predicted as the corrosion. The 
methodology is described in further detail below. 

 Detection of equipment area by image classification 
Deep learning methods for image processing can be divided 

into three categories: image classification, object detection, and 
segmentation. In this study, we did not use object detection to 
specify the equipment area. When object detection is used, the 
angle of the image at which the conduit is captured is limited to 
the vertical or horizontal direction. The images used in this 
study include those taken at an angle, so object detection cannot 
be applied. In general, segmentation-based area detection is 
suitable for objects with a specific angle and a consistent shape 
such as a person or a tree. However, since bridge-attached 
equipment is photographed under various conditions, it is not 
suitable for accurate area detection. Image classification is the 
optimal method since the target object can be detected even if 
the equipment is viewed at an angle. The photographed image 
is divided into arbitrarily-sized squares and the model predicts 
whether each square contains an object to be inspected. In this 
study, we used VGG16, a CNN model, as the classification 
model for deep learning [4]. Figure 3 shows the network 
configuration structure of VGG16 that we used to detection the 
area of the bridge-attached equipment. The CNN model is 
trained on a large image dataset called ImageNet consisting of 
13 convolutional layers and three fully connected layers for a 
total of 16 layers [5]. At the ImageNet Large Scale Visual 
Recognition Challenge (ILSVRC) 2014, VGG16 was 
evaluated and found to have a high detection accuracy [6]. 

VGG16 is a method to build new models by reusing parts of 
existing models. It is trained on the large ImageNet image set; 
however, in this study, we needed to detect non-conventional 
objects such as conduits rather common objects such as people, 

Figure 3. Network configuration of VGG 16. 

Figure 2. Overall of our proposed method. 
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cars, trees, and buildings, so we fine-tuned the model [7]. As 
shown in Figure 3, we used ImageNet's learning weights in the 
shallow layer (shaded in gray) where convolution is performed 
to extract abstract features such as lines and points. In addition, 
we us ed model weigh ts learned from images of bridge-
attached equipment that we need to detect in order to generate 
concrete features in the latter half of the convolution layers 
(shaded in orange). These methods were applied to divide an 
image into squares and to learn whether or not the squares 
contain bridge- attached equipment. Binary cross entropy, 
expressed by equation (1), was used for the loss function. 

E = − ∑ tk k log yk . (1) 
Where E is the value of the loss function, tk is the k-th correct 
label, and yk is the k-th CNN output. The confusion matrix of 
the classification is shown in Table 1. For the true value and the 
value predicted by the detection method, the pixels in the 
equipment areas are defined as positive, and the other pixels are 
defined as negative. 

 Corrosion area detection by image segmentation 
The segmentation which predicted corrosion in every pixel was 
considered effective because the shape and size of the corrosion 

found in the bridge-attached equipment had infinite variations. 
In this study, the U-net model [8] was used as a learning model 
for corrosion detection. We chose U-net because it is difficult 
to collect tens of thousands of images of deteriorated equipment. 
U-net is one of the deep learning methods that can perform 
segmentation of areas. Figure 4 shows the network 
configuration structure of U-net. In this case, the image is input 
in three RGB layers. Since the feature maps corresponding to 
encoder and decoder parts are connected, positional 
information of detected pixels can be included when the 
decoder parts are restoring images. Thus, it is possible to detect 
the corroded area by pixel instead of using binary judgment to 
determine whether there is corrosion in the image. U-net 
models are typically designed to improve the accuracy when 
distinguishing the area to be detected from the area not to be 
detected. When this model is used to detect corrosion in bridge-
attached equipment, the corroded area (area to be detected) in 
the image is much smaller than the sound area (area not to be 
detected). Therefore, we constructed an algorithm to predict all 
deep learning models as sound areas. Such phenomena are 
regarded as a data imbalance problem in the machine learning 
field. Area under the receiver operating characteristic curve 
(AUC) maximization is introduced as a loss function to address 
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Figure 5. The definition of equipment and non-equipment areas. 
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this problem [9]. AUC maximization is a loss function that 
trains to maximize the area of AUC in the ROC (Receiver 
Operating Characteristic) curve [10]. The ROC curve is a curve 
that describes the ratio of TP and FP obtained by changing the 
threshold for classifying the predicted values as positive or 
negative. The area under the curve is called AUC, and the 
closer the area is to 1, the higher the detection performance. 
When the loss function is used for deep learning, the AUC can 
be expressed by the equation (2), and when the AUC is used as 
an evaluation function, the equation (3) can be set as the loss 
function of the deep learning model. 

AUC = 1 −  Ex∈xP
�Ex'∈xN

[l( f (x) −  f (x'))]� ,   

l(z) = (1 − z)2 (2) 

RPN = Ex∈xP
�E𝑥𝑥′∈𝑥𝑥N�𝑙𝑙 � 𝑓𝑓(𝑥𝑥)  −  𝑓𝑓(𝑥𝑥′)��� .  (3) 

Where xP is a positive true value label, xN is a negative true 
value label, f(x) is a predicted value for a true value label of 1, 
and f(x') is a predicted value of the model for a true value label 
of 0. The confusion matrix of the classification in this study is 
shown in Table 1. In the true value and the predicted value 
using the detection method, the pixels in the corroded areas are 
defined as positive and the other pixels are defined as negative. 

3 EXPERIMENTAL DATASET 
This section describes how we verified the accuracy of the 

detected equipment and corrosion. Figure 5 shows the 
definition of equipment and non-equipment areas. For the 
bridge-attached equipment detection, the photographed image 
was divided into arbitrarily-sized squares with respect to the 
photographed image, and the presence or absence of the bridge-
attached equipment in the squares was predicted. All the 
photographed inspection images were standardized to the 
smallest size, 480×640 px. The images were divided into 
squares. The bridge-attached equipment was represented as the 
pixel over the fixed ratio in each rectangular image. The area 
of the bridge-attached equipment was defined as positive, and 
the other areas (non-bridge-attached equipment) were negative. 
In this verification, the pixel percentage of bridge-attached 
equipment in the square was changed from 10% to 50%. We 
investigated four square sizes, 32×32, 40×40, 80×80, and 
160×160 px. The accuracy for each size and threshold was 
evaluated using the confusion matrix in Table 1. The metrics 
for the evaluation are defined in equations (4) to (7). 

Accuracy = 
TP

TP + FP + FN+TN
 , (4) 

True Positive Rate (Recall) = 
TP

TP + FN
 , (5) 

Precision = 
TP

TP + F𝑃𝑃
 , (6) 

F-measure = 
2 × Precision × Recall

Precision + Recall
 . (7) 

For bridge-attached equipment area detection, we emphasized 
recall. This is because we considered that it is important to 
detect the area of the bridge attachment equipment without 
overlooking it. The verification details are summarized in Table 
2. The number of trainings, validations, and tests for each 
square size is shown. The fine-tuned VGG16 was used as the  

Table 1. Confusion Matrix. 

  Predicted 

  Positive Negative 

Actually 
Positive TP FP 

Negative FN TN 

Table 2. Dataset for equipment area detection. 

Patterns (a) (b) (c) (d) 
Square size 32×32 40×40 80×80 160×160 

Training 210,000 134,400 33,600 8,400 
Validation 15,000 9,600 2,400 600 

Test 15,000 9,600 2,400 600 
Algorithm VGG16 (fine-tuned) 

Loss Function Binary cross entropy 
Epochs 1,000 

Table 3. Dataset for corrosion area detection. 

Image size 480×640 
Training 700 

Validation 50 
Test 50 

Algorithm U-net 
Loss Function AUC-maximization 

Epochs 500 

algorithm, and binary cross entropy was used as the loss 
function. For the corrosion detection, the minimum size of the 
inspection image was standardized to 480×640 px. Because the 
minimum size of our images is 480×640 px. The relationship 
between the true value and the result predicted by the U-net 
model was defined using the confusion matrix shown in Table 
1, where corroded pixels were defined as positive and non-
corroded pixels were defined as negative. 
The contents of the verification are summarized in Table 3. The 
U-net model was used to predict the corroded and non-corroded 
pixels. 

We used GeForce RTX 1080Ti for the GPU and Keras 2.3.1 
and Tensorflow 1.14.0 for the libraries. 

4 EXPERIMENTAL RESULTS AND DISCUSSION 
The results of the equipment detection are shown in Figure 7. 

The line type shows the threshold that defines the percentage 
of equipment pixels contained within the square, as shown in 
Figure 4. The highest accuracy, TPR (Recall) = 0.93, was 
attained when the ratio (threshold value: th) included in the 
square was th = 0.3 and the size was 80×80 px. Figure 6 shows 
an example of the detection result for each square size with a 
threshold of 0.3. If the square is too small, undetected values 
(blue square: FN) increase as in (a) and (b). If it is too large, as 
shown in (d), the bridge-attached equipment area cannot be 
narrowed down because the background is included. Therefore, 
(c) is optimal. In this case, it is assumed that accurate detection 
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is such that approximately one conduit is included per square. 
We used a square size of 80×80 px and threshold th = 0.3. The 
same image data set that was used for equipment detection was 
used for corrosion detection. The minimum size of the 
inspection image was 480×640 px. Corrosion pixels were 
defined as positive and non-corrosion pixels as negative. The 
relationship between the true value and the prediction result by 
the model was defined using Table 1 (confusion matrix). 

 Figure 8 shows a ROC curve when TPR (Recall) is set on 
the vertical axis and FPR is set on the horizontal axis. The AUC 
was used as an evaluation function. The accuracy of the 
algorithm increases as the AUC approaches 1.0; in this case, 
the AUC was 0.92 in 500 epochs. Figure 8 shows that the AUC 
increases as the epochs increases. The threshold of the 
predicted value is determined by calculating coordinates that 
minimize the Euclidean distance between coordinates (FPR, 
TPR) = (0, 1) and the ROC curve. The threshold in this case 
was 0.23.  

Table 4 shows the values obtained using the following three 
methods: (1) corrosion detection in non-bridge-attached 
equipment detection, (2) the proposed method, and (3) 
corrosion detection when the bridge-attached equipment 
detection rate is assumed to be perfect (manned). The values 
are the average of the detection results of 50 test images. In (1), 
while the irrelevant area (FPR) was 0.21, our proposed method 
(2) reduced the FPR to 0.11. Thus, the proposed method was 
effective because the TPR (Recall) was comparable to that of 
(1) while the Precision and F-measure was increased, the FPR 
was reduced. On the other hand, the FPR of the proposed 
method was 0.04 higher than that of (3). Figure 9 shows the 
representative results detected by the methods described above. 
For each of the three images, (a) the original image, (b) the 
detection result of the bridge-attached equipment, (c) the result 
of corrosion detection by U-net only, (d) the detection result of 
our proposed method, and (e) the ground truth are shown. Even 
in the case of over-detection in No. 1 to No. 3, e.g., the red 
shaded portion in (c), the corrosion on the conduit was 
successfully detected in (d) by specifying the target area in (b). 
However, since the conduits in the upper right portion of (b) in 
No. 1 were not detected, even though the corroded area was 
correctly detected in (c), the logical conjunction caused the 
detection failure shown in (d). In the shadowed area, where the 
ground truth contains corrosion (right-hand portion of image 
No. 3 (a)), No. 3 (b) and No. 3 (c) could not be detected 
correctly. Our proposed method may not be applicable when 
the object is obscured by shadows or obstacles.  

5 CONCLUSION 
In this study, we proposed a method for detecting corrosion 

in bridge-attached equipment from a photographed image of 
the bridge using a two-step deep learning algorithm. Our goal 
was to target the corrosion in the bridge-attached equipment 
intended for inspection. 

First, in order to target the inspection areas, we divided the 
image into squares. Then we trained the algorithm to 
distinguish the squares that contain equipment. We fine-tuned 
VGG16 to improve learning efficiency with a small number of 
training images. To examine the relationship between the 
detection accuracy and the square size of the bridge-attached 
equipment, four sizes were investigated. For each size, five 

(a)                                             (b) 

(c)                                              (d) 

Figure 6. Equipment detection rate. 

Figure 8. ROC curve. 

Figure 7. Example of equipment detection results. Square sizes 
(a) 32×32, (b) 40×40, (c) 80×80. (d) 160×160 (th = 0.3). Green: 

TP, red: FP, blue: FN, yellow: TN. 
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thresholds were set so that the ratio of the bridge-attached 
equipment was included in the square. We determined that TPR 
(Recall) was 0.93 when the square was 80×80 px and the 
threshold was 0.3. 

Next, to detect the corrosion in the image of the bridge, U-
net, a semantic segmentation method, was used for training. We 
chose U-net because it is difficult to collect tens of thousands 
of images of degraded bridge-attached equipment for training. 
We used AUC as a loss function for U-net. The corrosion 
occupies only a small portion of the images, so we needed to 
address the problem of data imbalance. 

Finally, we created an algorithm for automatically detecting 
corrosion in the bridge-attached equipment based on the pixel-
by-pixel logical conjunction of the area of bridge-attached 
equipment predicted by classification and the area of corrosion 
predicted by segmentation. The proposed method effectively 
reduced the FPR while maintaining a high Accuracy, TPR 
(Recall), Precision, and F-measure. 

In comparison to the FPR of the manned corrosion detection 
(assuming the bridge-attached equipment area's detection rate 
are 100%), the FPR of our method was about 0.04 higher. We 
determined that our proposed method could not be applied 
when the corrosion was obscured by shadows or obstacles.    

The results of our proposed method are expected to improve 
inspection efficiency by automating the process. Bridge-
attached equipments are subject to repair if they corrode 10% 
or more in our rule. Our method seems to be sufficiently 
effective because it can detect more than 80% correctly. 
However, our method cannot consistently identify the bridge-
attached equipment area in pixel units because equipment 
detection is done with squares. Further research is needed to 
improve the accuracy of bridge-attached equipment detection. 

Table 4. Evaluation index performance score (average of 50 
test images). 

A method to identify equipment areas pixel by pixel should be 
implemented. In addition, methods for creating teacher data as 
well as optimal photo angles should be investigated. For more 
detailed inspections, a method should be developed to 
automatically detect the degree of damage by identifying not 
only the presence of corrosion (as described in this paper), but 
also the type of the corrosion. 

REFERENCES 
[1] A. Krizhevsky, I. Sutskever, and G.E. Hinton, ImageNet classification 

with deep convolutional neural networks. In: Pereira F, Burges CJC, 
Bottou L, et al. (eds) Proceedings of the 25th international conference on 
neural information processing systems, Lake Tahoe, NV, pp. 1097–1105. 
Red Hook, NY: Curran Associates, 2012. 

[2] D.J. Atha and M. R. Jahanshahi, Evaluation of deep learning approaches 
based on convolutional neural networks for corrosion detection, Structure 
Health Monitoring. Volume: 17 issue: 5, page(s): 1110–1128, Article first 
published online: November 6, 2017; Issue published: September 1, 2018. 

[3] W. Nash, T. Drummond, and N. Birbilis, Quantity beats quality for 
semantic segmentation of corrosion in images, arXiv: 1807.03138v1 
[cs.CV], 2018. 

Evaluation index 
(1) 

U-net 
(2) 

U-net & VGG 
(Proposed) 

(3) 
U-net 

(Manned) 
Accuracy 0.87 0.93 0.95 

TPR (Recall) 0.89 0.88 0.93 
FPR 0.21 0.11 0.07 

Precision 0.78 0.88 0.91 
F-measure 0.64 0.82 0.88 

Figure 9. Representative detection results. 
(a) Original image, (b) Detected part of equipment, (c) Detected area of corrosion, (d) Logical conjunction of (b) and (c), (e) 

Ground truth. The squares in (b) indicate the area of the bridge-attached equipment.  In (c) and (d), green: TP, red: FP, blue: FN. 

Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure

738



[4] K. Simonyan and A. Zisserman, Very Deep Convolutional Networks for 
Large-Scale Image Recognition, arXiv: 1409.1556 [cs. CV], 2014. 

[5] O. Russakovsky, J. Deng, H. Su et al., “ImageNet Large Scale Visual 
Recognition Challenge, International Journal of Computer Vision (IJCV), 
Vol 115, pp. 211–252, 2015. 

[6] K. He, X. Zhang, S. Ren et al., Deep residual learning for image 
recognition, Proceedings of the 2016 IEEE conference on computer 
vision and pattern recognition, Las Vegas, NV, 2016. New York: IEEE, 
2016. 

[7] S.J. Pan and Q. Yang, A survey on transfer learning. IEEE Transactions 
on Knowledge and Data Engineering, Vol. 22, No. 10, pp. 1345–1359, 
2010. 

[8] O. Ronneberger, P. Fischer, and T. Brox, U-Net:  Convolutional 
Networks for Biomedical Image Segmentation, Lecture Notes in 
Computer Science, volume 9351. 

[9] Z. Xie and X. Li, Semi-Supervised AUC Optimization without Guessing 
Labels of Unblended Data. The Thirty Second AAAI Conference on 
Artificial Intelligence, pp. 4310-4317, 2018. 

[10] T. Fawcett, An introduction to ROC analysis. Pattern Recognition Letters, 
Volume 27, 861–874, 2006.  

                          Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure

739



 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure
                                                                                                           Porto, Portugal, 30 June - 2 July 2021  

ISSN 2564-3738 

741 

ABSTRACT: In recent years, monitoring techniques for knowledge of structural safety have become increasingly important. 
Machine Learning techniques are certainly among the most innovative techniques and with an incredible future potential supported 
by an ever more computational power availability. In this paper, various supervised learning techniques are investigated in order 
to quantify the generalized corrosion thickness that could occur in a steel structure. At this regard, a finite element model has been 
developed in the Finite Element Software OpenSees in which a stochastic ergodic white noise process at the column base has been 
introduced to simulate environmental vibrations. Furthermore, to simulate the operating conditions, the masses were introduced 
in probabilistic terms. Once the vibration signals were extracted in terms of accelerations, various features in frequency domain 
were calculated for AI training. Different configurations of Support Vector Machines (linear, quadratic, cubic and Gaussian) were 
explored also with Bayesian optimization of the hyperparameters and definition of the penalty matrix. The results obtained show 
the potential of these techniques for structural monitoring and their future possible extension to different structural typologies 
and with different damage types. 

KEY WORDS: Machine Learning; Support Vector Machines; Bayesian Optimization; Probabilistic Finite Element Model; Steel 
Structures.

1 INTRODUCTION 
In recent years, the issue of permanent monitoring of structures 
using the latest technologies is becoming progressively 
important. Traditional techniques and visual inspections are 
increasingly accompanied or replaced by techniques that 
exploit technologies such as signal processing, operational 
modal analysis, IoT, Machine Learning, Deep Learning, Big 
Data, etc ... which allow to obtain continuous, and sometimes 
more sensitive and reliable, results. 

The discipline called Structural Health Monitoring (SHM) 
aims to use these techniques for the diagnosis of structural 
damage; where by diagnosis we mean methods to identify its 
probability of existence, its location and severity. The two most 
common strategies are the data-driven and model-based 
approaches. The model-based approach is generally more 
computationally expensive and may even be prohibitive for 
large-scale models. Instead, data-based methods allow faster 
processing, sometimes even on site, based on statistical 
learning algorithms [1,2]. The first efforts considered the 
comparison of the standard deviation of the signal with the 
norm of the outliers while nowdays techniques based on 
Machine Learning and neural networks are being tested 
[3,4,5,6,7,8,9,10,11,12]. 

In the present work we investigate the ability of data-based 
models to identify damage under environmental conditions, in 
particular damage associated with generalized corrosion of a 
steel structure. A framework (Figure 2) is proposed, 
implemented in MATLAB [13] environment, for the 
identification of this damage through supervised learning 

algorithms such as Support Vector Machine (SVM), which are 
able to classify damage states with good accuracy even in 
stochastic conditions. The accuracy obtained in the prediction 
is a function of the goodness of the selected features and the 
hyperparameters of the Artificial Intelligence (AI). For AI 
training, stationary signals were generated through dynamic 
analyzes on a finite element model. 

2 FEM MODEL 
The FEM model, implemented in OpenSees [14], consists of a 
simple vertical column fixed at the base with a load and a 
lumped mass at the top. The section consists of a circular tube 
with an external diameter of 300 𝑚𝑚 and a thickness of 
20 𝑚𝑚. The damage was introduced by parameterizing the 
model with respect to thickness, the reduction in thickness 
corresponds to the metal lost in the corrosion process. Figure 1 
shows the analysis scheme for training in which it is possible 
to note how the thickness is reduced in steps of 1 𝑚𝑚. 

 

 
Figure 1. Section thickness reduction scheme for training. 
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Figure 2. Framework implemented. 

The mass at the top was set equal to 50 𝑁 𝑔⁄  with an 
associated statistical distribution in order to best represent the 
real operating conditions (Figure 3). This addition represents a 
challenge for the AI prediction, as AI must recognize and 
distinguish the change in features due to a change in stiffness 
(due to corrosion in this case) compared to a change in mass. 

 

 

 
Figure 3. Variability of the mass at the top with respect to the 
number of dynamic analyses. 

To simulate environmental conditions, the model input is 
imposed through artificially generated white noise Gaussian 
stochastic processes. 

3 FEATURES EXTRACTIONS 
Dynamic response history analyses are carried out in order to 
compute the accelerations on the structure (in this case only the 
upper node of the column); subsequently these signals are 
analyzed and processed in order to extract features (generally 
scalar quantities) able to quantify the health of the structure. 
These features can be extracted both in the time domain and in 

the frequency domain [15]. In the present work those in the 
frequency domain are used. Each time series is then saved with 
a fault code ID which will be used later for AI training. 

In the present work the following features are extracted and 
analyzed: 
• peak amplitude 
• peak frequency 
• damping coefficient 
• peak band 
• natural frequency 

For dynamic identification, the Frequency Domain 

Decomposition algorithm [16] is used in which the automation 
for the resonance peaks search is done using a local maximum 
search algorithm. 

In Figure 4 two examples of features extracted are reported in 
histograms; specifically, the damping coefficient and natural 
frequency of the system. It is evident that the natural frequency 
is a better feature than damping coefficient because it is able to 
divide the states of damage (identified by the different colors) 
 

  
Figure 4. Histograms of the extracted features: damping 
coefficient on the left; natural frequency on the right. 
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In the considered procedure, the quality of the extracted 
features is calculated using the One-way ANOVA algorithm 
[17] which allows to perform one-way analyses of variance 
with the aim of determining if different groups of an 
independent variable have different effects on the dependent 
variable. 
One-way ANOVA is a linear model 
 

𝑦𝑖𝑗 = 𝛼𝑗 + 𝑒𝑖𝑗 (1) 
 
where: 
• 𝑦𝑖𝑗  is an observation, where 𝑖 represents the observation 

number and 𝑗 represents a different group of the predictor 
variables 𝑦 

• 𝛼𝑗 represents the population mean for the j-th group 
• 𝑒𝑖𝑗 is the random error, independent and having a normal 

distribution with zero mean and constant variance 
𝑒𝑖𝑗~𝑁(0, 𝜎2). 

ANOVA is based on the assumption that all distributions are 
normal or with small variations from that assumption; in this 
research such assumption is satisfied. 

4 MACHINE LEARNING 
Once the features have been extracted, it is possible to proceed 
with AI training. In this case it was decided to use supervised 
learning via Support Vector Machine (SVM). Before forming 
actual classifiers, we need to divide the data into a training set 
and a validation set. The validation set is used to measure the 
accuracy at the end of the model training. 

A support vector machine constructs an optimal hyperplane 
as a decision surface in such a way as to maximize the margin 
of separation between the two classes. Support vectors refer to 
a small subset of the training observations that are used as 
support for the optimal position of the decision surface. 

The training consists of two phases: 
• Transform predictors into a high-dimensional feature 

space. Simply specify the kernel for this step and the data 
is never explicitly transformed into the features space. 
This process is commonly known as a kernel trick. The 
“trick” is that kernel methods represent the data only 
through a set of pairwise similarity comparisons between 
the original data observations 𝑥 (with the original 
coordinates in the lower dimensional space), 

• Solve a quadratic optimization problem to fit an optimal 
hyperplane to the classification of features. 

To construct the decision surfaces, only the support vectors 
chosen from the training data are required. Once located, the 
rest of the training data is irrelevant. 

The most common kernels are shown in Table 1. 

Table 1. Kernel types used. 

Kernel type Equation 
Linear 𝐾(𝑥1, 𝑥2) = 𝑥1

𝑇𝑥2 

Polynomial 𝐾(𝑥1, 𝑥2) = (𝑥1
𝑇𝑥2 + 1)𝑝 

Gaussian 𝐾(𝑥1, 𝑥2) = 𝑒𝑥𝑝 (−
‖𝑥1 − 𝑥2‖2

2𝜎2
) 

 

An SVM classifies the data by finding the best hyperplane 
capable of separating all the data points of one class from those 
of the other classes. The best hyperplane for an SVM indicates 
the one with the largest margin between the two classes. The 
margin indicates the maximum width of the n-dimensional slab 
parallel to the hyperplane that has no internal feature points. 
The support vectors are the data points closest to the separation 
hyperplane; these points are therefore found at the edge of the 
plate [18,19]. 

Given a generic n-dimensional hyperplane defined as in Eq. 
2 

𝑓(𝑥) = 𝑥′𝛽 + 𝑏 = 0 (2) 
 
where 𝛽 ∈ ℝ𝑑 and 𝑏 is a real number. 
The problem defined is associated with the description of the 

best separation hyperplane in which the support vectors are the 
𝑥𝑗 for which 𝑦𝑗𝑓(𝑥𝑗) = 1 holds. 

For mathematical convenience, the problem should be 
reformulated as an equivalent optimization problem, i.e. a 
double quadratic programming problem that can be solved 
using the Lagrange multiplier method 𝛼𝑗: 

 

𝐿𝑃 =
1

2
𝛽′𝛽 − ∑ 𝛼𝑗(𝑦𝑗(𝑥′𝑗𝛽 + 𝑏) − 1)

𝑗

 (3) 

 
where 𝐿𝑝 is a fixed point on 𝛽 and 𝑏. The points 𝑥𝑗 other than 

𝛼𝑗 are the support vectors. 
In some cases, the data may not allow for a separation 

hyperplane. In this case, SVM can use a soft boundary, which 
is a hyperplane that separates many data points but not all. 

There are two standard formulations of soft borders. Both 
involve the addition of slack variables 𝜉𝑗 and a penalty 
parameter 𝐶; the latter is commonly called box constraint, in 
fact it maintains the allowed values of the Lagrange multipliers 
in a limited region. 

In other cases, the theory of reproducing kernels is used, 
which is however able to maintain the simplicity of the 
mathematical formulation of a classic hyperplane. The theory 
can be summarized as follows: there exists a class of functions 
𝐺(𝑥1, 𝑥2), a linear space 𝑆 and a mapping function 𝜑 of 𝑥 on 𝑆 
such that  

 
𝐺(𝑥1, 𝑥2) = 〈𝜑(𝑥1), 𝜑(𝑥2)〉 (4) 

 
where the internal product takes place in the space 𝑆. 
The mathematical approach used exploits the kernels for the 

computation of hyperplanes. The advantage is that nonlinear 
kernels can use simple solver calculations and algorithms and 
obtain nonlinear classifiers. The resulting classifiers are 
hypersurfaces in 𝑆 spaces, where the 𝑆 space does not need to 
be identified or examined. 

5 RESULTS 
In this chapter the results obtained are represented and 
described. In Figure 5 it is possible to see the Parallel Plot of 
the data; this plot allows to visualize spaces with many 
dimensions (in this case five) in a 2D plot. Each line represents 
a record that connects the features extracted from it (in this case 
reported standardized). This plot is able to provide information 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure  

744 

on the functionality of the extracted predictors and identify 
those most useful for class separation. 

 
Figure 5. Parallel Plot (the colors correspond to the state of 
damage). 

Subsequently, the AI is validated. Validation allows you to 
estimate the model's performance on the new data against the 
training data and allows you to choose the best model. The 
validation used is based on a random partition of a part of the 
data that is used for validation and not for training. In this work 
an 80 − 20 partition is used, i.e. 80% of the available data is 
used for training while 20% for validation. 

 
Figure 6. Confusion Matrix. 

Figure 6 shows the Confusion Matrix of the trained and 
validated AI. This graph allows to understand how the 
classifiers worked for each damage class and to identify the 
areas where the classifiers did or did not work. The rows show 
the true class while the columns show the predicted class. The 
main diagonal shows the correct correspondence between real 
and predicted class. The other cells correspond to errors in the 
prediction of the damage class. 

At the end of the validation process it is possible to calculate 
the accuracy of the AI. This parameter encompasses the 
performance of the entire AI in a single scalar number, which 
is why, although it is extremely important, it fails to consider 
every aspect related to a complex process such as training 
process. 

The accuracy is calculated as in Eq. 5 

𝐴𝐶𝐶 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (5) 

 
where: 
• 𝑇𝑃 corresponds to true positives; 
• 𝑇𝑁 corresponds to true negatives; 
• 𝐹𝑃 corresponds to false positives; 
• 𝐹𝑁 corresponds to false negatives; 

AI trained using linear SVM, as can be seen in Figure 6, 
commits a maximum error of 1 𝑚𝑚 with an accuracy of 
73.3 %. Using the same extracted features, other SVM AI with 
different kernel have been trained. With a Quadratic SVM you 
get 68.3 %, with a Cubic SVM 62.5 % while with a Gaussian 
SVM 72.5 %. 

The question is if it is possible to obtain the best possible AI 
by varying its parameters. Therefore, an optimization problem 
arises on the AI training parameters, from here on correctly 
called hyperparameters, with the aim of minimizing the error 
function in the classification. 

The problem is configured as a huge and complex 
multidimensional optimization problem and in addition with a 
stochastic objective function, since every time there is a 
retraining of the AI with the same parameters, the result varies. 
This problem cannot be addressed through classical 
deterministic optimization algorithms. In this work Bayesian 
optimization is used [20,21,22]. 

The Bayesian optimization algorithm tries to minimize an 
objective function 𝑓(𝑥) in a bounded domain. It internally 
maintains a Gaussian process model of the objective function 
and uses evaluations of the function to train the model. An 
innovation in Bayesian optimization is the use of an acquisition 
function, which the algorithm uses to determine the next point 
to evaluate. The capture function can balance sampling in little-
explored points or explore areas that have not yet been modeled 
well. 

The key elements of the process are as follows: 
• A gaussian process of 𝑓(𝑥); 
• A Bayesian update procedure to modify the gaussian 

process at each new evaluation of 𝑓(𝑥); 
• An acquisition evaluation in 𝑥 (based on the gaussian 

process model of 𝑓) which is maximized to determine 
the next point of 𝑥 for the evaluation of the function; 

• evaluates 𝑦𝑖 = 𝑓(𝑥𝑖) for the points 𝑥𝑖 taken randomly 
within the bounds of the variables. 

The algorithm used implements a stopping criterion upon 
reaching the maximum number of allowed iterations. 

In the present work the hyperparameters to be optimized are 
the following: 

• kernel function type; 
• box constrain; 
• kernel scale; 
• methods of classification; 
• standardization of features or non-standardization. 

Some of these hyperparameters are Boolean, some are strictly 
bounded positive integers, and some are real. Considering the 
above, the problem is extremely complex. Given this, the 
previously set goal (i.e. finding the best possible AI with the 
same features) must be reformulated; we are therefore satisfied 
with finding one of the best AI possible considering the fact 
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that the chances of “stopping” in a local minimum are high. 
That said, however, the formulation is no less valid because in 
reality every trained AI works, the goal is to maximize its 
performance by minimizing its error. Therefore, a local 
minimum, even if very far in terms of hyperparameters, can still 
be more than acceptable in terms of performance. It should also 
be added that, since the parameters to be optimized are 
hyperparameters of an AI and therefore difficult to interpret in 

practice for the authors, the n-dimensional search domain has 
been kept very large to be sure to explore all the available 
space; this made the stochastic optimization problem even 
bigger and more difficult. 

Figure 7 shows the evolution of the optimization problem 
considering the classification error function as an objective 
function. 

 

 
Figure 7. Variation of the classification error function during the Bayesian optimization process. 

Figure 7 shows the output of the Bayesian optimization 
described in this way: 

• Each blue dot corresponds to an estimate of the 
minimum classification error calculated by the 
optimization process when considering all the sets of 
hyperparameter values tested so far including the 
current iteration. The estimate is based on a higher 
confidence interval of the current misclassification 
target model; 

• Each dark blue dot corresponds to the observed 
minimum classification error calculated so far in the 
optimization process; 

• The red square indicates the iteration that corresponds 
to the optimized hyperparameters. Such 
hyperparameters do not always provide the smallest 
observed misclassification. Bayesian optimization of 
hyperparameters chooses the set of hyperparameter 
values that minimizes a higher confidence interval of the 
objective model of misclassification, rather than the set 
that minimizes the misclassification. 

• The yellow dot indicates the iteration that corresponds 
to the hyperparameters that produce the smallest 
observed classification error. 

Then, the best point is extracted as an optimized AI whose 
Cunfusion Matrix is shown in Figure 8. 

 
Figure 8. Confusion Matrix. 

The AI trained reaches an accuracy of 73.3 % and commits 
a maximum error in estimating the corroded thickness of 
1 𝑚𝑚. However, the different type of error must be 
distinguished from the error made in estimating the corroded 
thickness. The error present in the upper triangular matrix 
corresponds to an overestimation of the damage present, which 
in the real application could give rise to false alarms; while in 
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the lower triangular matrix the errors derive from an 
underestimation of the damage, which can give rise to lack of 
alarms. Therefore, these two types of errors, although the same 
in terms of quantifying the damage, can give rise to very 
different consequences: a false alarm will be expensive due to 
the inconveniences produced while a lack of alarm can be a 
danger to the safety of the structure. After these considerations, 
one wonders how to translate these engineering observations in 
order to let AI learn them. The solution found consists in 
inserting penalties during its learning phase; penalties that will 
limit the missed alarms in favor of false alarms. Figure 9 shows 
the penalty matrix used. 

 
Figure 9. Penalty Matrix. 

Now we proceed to a new training of the AI through Bayesian 
optimization by introducing this penalty matrix for each AI 

attempt. The Confusion Matrix of the obtained AI is 
represented in Figure 10. 

The trained AI reaches an accuracy of 75.0 % and commits 
a maximum error in estimating the corroded thickness of 
2 𝑚𝑚. This introduction of the penalty matrix could also lead 
to a decrease in accuracy (albeit very limited), in fact its goal is 
not to increase accuracy but to protect structural safety. 

 

 
Figure 10. Confusion Matrix. 

In Figure 11 we depict the goodness of Bayesian 
optimization.  

 
 

 

 
Figure 11. Variability of accuracy. 
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The optimization manages to find one of the best AI possible 
but not the best, in fact it is possible to notice AI with higher 
accuracy. Therefore, it could be argued that Bayesian 
optimization allows you to find an excellent AI without having 
to perform many training iterations to understand the variability 
of the result. This plot shows the accuracy obtained from 
training several thousand AI through randomized 
hyperparameters in gray. We also wanted to investigate the 
variability of accuracy with respect to the amount of training 
data, that is, with respect to the number of analyses performed. 
Specifically, we started with a number of dynamic analysis 
equal to 600 and stopped at 4800. It is noted that as the number 
of analyses performed increases, the accuracy obtained has less 
variability and no over-fitting phenomena occur. 

With the blue dotted line we wanted to deepen the accuracy 
of the AI trained with the penalty matrix; the accuracy remains 
similar to that without penalty matrix. As mentioned above, this 
does not represent a problem as the goal of this further addition 
lies in minimizing the missed alarms. 

6 CONCLUSIONS 
This article explores the potential of an SHM framework based 
on training artificial intelligence models using accelerometric 
signals obtained from environmental vibrations. The goal is to 
develop a robust and reliable algorithm for identifying damage, 
where by identification we mean understanding its presence, 
quantifying its severity and locating its position. Specifically, 
the algorithm proposed here generates environmental vibration 
signals from the FEM model in correspondence with virtual 
sensors which are then processed to extract features in the 
frequency domain. The damage is introduced through a 
reduction in the thickness of the profile; consequence 
associated with the phenomenon of generalized corrosion. 

The training performed allows to learn the rules which 
connect the dynamic properties of the system with the health of 
the structure. To better simulate the operating conditions of a 
real structure, the mass has been introduced in probabilistic 
terms, this addition entails an enormous added difficulty for the 
AI as it varies the dynamic properties without being associated 
with structural damage.  

Training using SVM seems to obtain excellent results in 
terms of accuracy and sensitivity of the error committed (the 
maximum error on the estimate of the corroded thickness is 
1 𝑚𝑚). Furthermore, by exploiting the Bayesian optimization 
of the hyperparameters, it is possible to obtain an excellent 
performance of the AI without having to retrain the model 
several times and extract the maximum from it, a process 
generally required given the stochastic variability of the results. 
This, for complex models, could save a lot of time. 

In the next works it is planned to add the Gaussian noise 
generated by the sensors to understand the impact on the 
classification of the damage and to apply the framework 
presented on more complex structures, with multiple damage 
classes and of different types and materials. A further 
development could be the introduction of other external 
quantities, such as temperature and humidity, in order to let the 
AI also learn their association with respect to degrading 
phenomena. 
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ABSTRACT: Indirect bridge monitoring uses the responses of passing vehicles to assess the condition of the traversed bridge. 
It is a promising alternative for rapid and low-cost bridge health monitoring compared to direct instrumentation of bridges. In 
recent years the use of vehicle fleets and centralized management systems have been widely adopted in transportation networks 
for logistics and other applications. Such systems are able to provide real-time vehicle information to the fleet owner. With recent 
advancements in sensing technologies, vehicles can be instrumented and easily integrated with the existing fleet management 
system. Every single vehicle can act as a mobile sensor and the measured response can be further used for bridge health monitoring. 
However, the practical implementation of indirect bridge monitoring based on these signals faces different challenges and 
variabilities (such as vehicle speeds, axle load, road roughness, noise, and other operational conditions) that need to be considered. 
In this study, a numerical investigation is carried out to evaluate the feasibility of indirect bridge monitoring considering the fleet 
vehicle concept and operational variabilities. The proposed method considers the vehicle acceleration responses from a fleet of 
vehicles passing over a healthy simply supported bridge to train a deep learning model. The convolutional autoencoder based deep 
learning model is trained with health condition (baseline), and subsequently the trained model with a combination of KL 
divergence-based damage index is used for damage detection and severity comparison. The performance of the proposed method 
is evaluated for different damage scenarios and vehicle fleet sizes. This study concludes that the proposed method can successfully 
detect damage with acceptable sensitivity and can be used as a rapid and cost-effective complementary solution for bridge health 
monitoring. 
 

KEYWORDS: Vehicle-Bridge Interaction; Deep Learning; Autoencoder; Damage Detection; Fleet-sourcing. 

1 INTRODUCTION 
To ensure the safe and continuous operation of transportation 
infrastructure bridges are critical components. The 
continuously growing stock of bridges are aging and require 
continuous monitoring and assessment. Traditionally visual 
inspection is the method used for assessment of bridges 
periodically, which is prone to error and expensive [1], [2]. In 
the last decade, Structural Health Monitoring (SHM) methods 
have emerged to improve structural assessment. SHM 
techniques have evolved from direct-wired based sensing 
equipment to wireless sensor-based solutions and are now 
successfully utilized on large and mainly newly built bridges 
[3]. The reason for the limited application of these methods is 
due to the requirement of dense deployment of sensing 
equipment, operational and maintenance cost of the installed 
system. In addition, the main challenge is to define strategies 
and algorithms to effectively utilize the gathered data for each 
bridge [4].  

A ‘Drive-by’ or indirect method is a cost-effective alternative 
to traditional SHM methods because it does not require any 
direct installation of a sensing system on the bridge. The 
method utilizes the interaction between the bridge and a 
moving vehicle [5] to infer information from the bridge using 
sensors on the traversing vehicle. Many researchers have 
explored this method for bridge damage detection and 
localization [6], [7]. Indirect damage detection methods can be 
broadly categorized into (a) modal parameter-based and (2) 
non-modal parameter-based. In the modal parameter-based 

method O’Brien et al. [6] and Kildashti et al. [8] used a EMD-
based alternative for the detection and localization of bridge 
damage. Malekjafarian et al. [9] and Eshkevari et al. [10] 
propose the idea of mode shape estimation from passing 
response, which could be used then for damage detection and 
localization. In the non-modal parameter-based methods 
researchers utilized different signal processing, moving force 
identification, contact point response estimation and machine 
learning techniques for damage detection [11]–[17]. 

Indirect monitoring methods are promising, but there are still 
critical challenges that need to be addressed. Traditionally, 
bridge assessment is a task that requires periodic monitoring. 
In most of the indirect methods, a single specialized vehicle is 
used for assessment, and maintaining the same vehicle for a 
long period is practically challenging. Similarly, operational 
conditions (road profile, speed, noise) affect the sensitivity and 
accuracy of the methods. An alternative that mitigates to some 
extent the negative effects of operational conditions is the use 
of multiple instrumented vehicles frequently traversing the 
bridge [14], [15], [18], [19]. With recent advancements in the 
intelligent transportation network and telemetric technologies, 
the perspective of managing multiple vehicles and on-board 
monitoring systems opens a new prospect for SHM. The multi-
sensor data can be directly accessed from multiple vehicles in 
real-time remotely using a centralized system and can be 
utilized for the assessment of the bridge stock [20], [21].  

Machine learning algorithms had been widely used for multi-
sensory data analysis for the extraction of reliable information.
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In recent years many researchers have employed Deep 
Learning (DL) algorithms for damage detection and feature 
extraction. Sony et al [22] provide a comprehensive review of 
the application of DL in the context of SHM. Only a few 
investigations have used deep learning on indirect methods for 
damage detection. Locke et al [23] used multiple vehicles with 
varying speeds under varying environmental conditions to 
detect the damage in a supervised learning manner. Similarly, 
Malekjafarian et al [15] employed the feed-forward neural 
network and Gaussian process for damage detection using a 
batch of vehicles with the same properties but varying speeds. 

In this research, the authors propose the approach that utilizes 
vehicle responses (accelerations) from a fleet of vehicles 
traversing the target bridge. This idea is investigated 
numerically with a vehicle-bridge interaction model to generate 
responses of a fleet of vehicles under different bridge damage 
scenarios. The data is then used to train an Autoencoder (AE) 
based deep learning model for a healthy bridge. For the 
operational phase, the response from additional set of crossing 
events is passed through the trained model. The differences 
between measured and estimated responses can be treated in 
terms of statistical distributions. The distance between the 
distribution of error of training data (baseline) and testing data 
is used as a damage indicator. Kullbeck-Leibler (KL) 
divergence is applied to calculate the distance between two 
distributions. This indicator can be periodically updated with 
continuous data from additional events. A Monte Carlo 
simulation approach is used for emulate a fleet of vehicle with 
varying properties. Several bridge damage scenarios are 
considered to evaluate the performance of the proposed 
method, including the effects road profile and normal 
operational vehicle speeds. 

2 PROPOSED METHOD 

 Overview  

The overall framework of the proposed method is divided into 
two steps. First, vehicle responses are used to train a deep 
learning model that defines the baseline condition. The deep 
learning model is trained to reconstruct the baseline response. 
In the second step the prediction error is estimated using 
vehicle responses reconstructed by the trained model. KL 
divergence is used to estimate the distance between two 
distributions as a damage indicator. Figure 1 shows an 
overview of the proposed framework. 

 Autoencoder 

Autoencoder is an unsupervised deep learning model that is 
used for dimensionality reduction and feature extraction [24]. 

The architecture of the autoencoder is mainly divided into two 
parts: (1) an encoder that transforms/compresses the input data 
into an arbitrary low dimensional space that is representative of 
the distribution of the input data. (2) The decoder uses the low 
dimensional feature of the encoder to reconstruct the original 
input data. The architecture of the autoencoder is shown in 
Figure 2 and has an input layer and multiple numbers of hidden 
layers. Hidden layers represent the feature vector of 
transformed data. 1D Convolutional neural network (CNN) has 
been used before for extracting a robust feature from vibration 
responses [25]. In the proposed autoencoder each hidden layer 
is comprised of a convolutional layer followed by a pooling 
layer. The autoencoder is trained using the backpropagation 
method to optimize the weight matrix and bias vectors. The 
mean square error is used as a cost function for optimization as 
follows: 
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Figure 2: Architecture of autoencoder 

where   is the parameter to be trained including bias vectors 

,l lb b  and weight matrices ,l lW W  of encoder and decoder 
whereas   is regularization factor used at hidden layers to 
reduce the effect of overfitting. 

Figure 1: Overview of the proposed framework 
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 Damage indicator 

The reconstruction loss between the measured acceleration 
response of the vehicle and the reconstructed response by the 
trained autoencoder model is evaluated. The mean absolute 
error (MAE) is calculated for each vehicle event using equation 
(3). 

 ( ) ( ) ( )
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1 | | 1,2,3,...
n

j p i o i

i

MAE x x j N
n =

= − =  (3), 

where ( )p ix  and ( )o ix  are the predicted and measured responses 
respectively and N is the number of the vehicles considered. 

The mean absolute error for each batch follows a statistical 
distribution. The damage index can be established by 
calculating the distance between two distributions, which can 
be represented by the log-normal distribution. To calculate the 
distance between two distributions in this paper the KL 
divergence is applied. The KL divergence between two log-
normal distributions 

bp  and 
bq  (baseline and testing) can be 

written as: 
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where 
t  and 

b  are the mean value of the testing case and 
the baseline respectively. Similarly 

t  and 
b  are the variance 

of the distribution of testing and baseline cases.  
 

3 NUMERICAL SIMULATION 
In this section, numerical model, data set generation and 
autoencoder model training configuration will be presented.  

 

 Simulation setup 

For the numerical simulation model, a 15m long bridge is 
modelled as a simply supported beam. The bridge is modelled 
using 45 elements (each element 0.33m long). The properties 
of the bridge model are presented in Table 1. 

For the vehicle model a quarter-car, a two degree of freedom 
system (2 DOF), is considered as shown in Figure 3. The model 
is commonly used in the literature for VBI. [11], [15], [23].The 
main body and axle mass is connected with spring and dashpot 
system. The axle mass is connected to the road profile by a 
spring with linear stiffness, which represents the tyre. The 
properties of the vehicles (Table 2) are assumed to follow 
normal distributions to obtain random realizations for the fleet 
of vehicles for a Monte Carlo simulation. The vehicle-bridge 
interaction (VBI) is solved using the coupled equations of 
motion of vehicle and beam models. The equations are 
integrated using the Newmark-β method to obtain the response 
of the VBI system. However this study employs only the 
simulated vehicle accelerations ( , )b au u . More details of 
vehicle modelling, equations, and coupled solution can be 
found in [26]. 

 

Figure 3: Finite element model of vehicle and bridge 
 

For the numerical evaluation of the method, two data sets are 
created with 1000 randomly sampled vehicle events. Each data 
set contains the acceleration responses from the body (

bu ) and 
axle (

au ) of the vehicles. The acceleration response from each 
vehicle is resampled in the spatial domain with the rate of 
dx=0.01m multiplying it by the vehicle speed. Data set 1 is for 
the case of a perfectly flat road profile and is used as a proof-
of-concept. For Data set 2 the simulation considers a road 
profile of Class A, and the simulated signals are corrupted with 
normally distributed 5% measurement noise. A carpet road 
profile is generated as shown in Figure 4. The road profile is 
6m wide and has a 100m long approach to allow the system to 
reach dynamic equilibrium. For the Monte Carlo simulation 
variation in the lateral path is considered as a normal 
distribution. Data set 2 is subsequently used to study the 
influence of damage severity and location as well as the effect 
of fleet size in the performance of the proposed method. 

 

 

 
 Autoencoder architecture  

After an extensive trial and error process optimal model 
architecture was selected. The model was developed using 
TensorFlow modules [27]. The encoder module consists of an 
input layer and 3 convolutional layers followed by max-pooling 
and activation function. The decoder uses the same network as 
the encoder module but in the reverse direction. The details of 
the model and filter sizes are given in Table 3. 

Table 1. Bridge model properties 

Symbol   Description Value 
L Total span length(m) 15 
E Young’s modulus (N/m2) 3.5×1010 

I Section moment of inertia (m4) 0.5273 
ρ Mass per unit length (kg/m) 28125 
ζ Damping (%) 2 
f First mode frequency (Hz) 5.65 

Figure 4: Road profile of Class A (according to ISO 8608) 
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Table 2: Vehicle model properties  

 
 
 
 
 
 
 
 
For training of the model, Adam optimizer is used with a batch 
size of 64. The initial learning rate and decay are selected as 
0.001 and 0.0001 respectively. To avoid overfitting, L2 
regularization is employed with the value of 1×10-3 at the 
bottleneck. A total of 1500 epoch is used for training the model.  
 

Table 3: Configuration of AE 

Layers Output Shape Kernel 
Size 

Activation 

Encoder    
Input (None,1500,1) 1 × 7 Relu 
Conv (None,1500,128) 1 × 7 Relu 

Max pooling (None,500,128) 1 × 7 Relu 
Conv (None,500,64) 1 × 5 Relu 

Max pooling (None,250,64) 1 × 5 Relu 
Conv (None,125,16) 1 × 3 Relu 

Max pooling (None,125,16) 1 × 3 Relu 
Decoder    

Conv (None,125,16) 1 × 3 Relu 
Max pooling (None,250,16) 1 × 3 Relu 

Conv (None,250,64) 1 × 3 Relu 
Max pooling (None,500,64) 1 × 3 Relu 

Conv (None,500,128) 1 × 3 Relu 
Max pooling (None,1500,128) 1 × 3 Relu 

Output (None,1500,1) - Linear 
Conv: Convolutional layer, Relu: Retified linear unit 
 

4 PROOF-OF-CONCEPT 
Autoencoder is trained with data set 1 using the vehicle 
acceleration responses ( bu ) of 1000 vehicles with randomly 
sampled properties. The data set was randomly divided into 
700:300 events for training and validation respectively. After 
1500 epochs the model achieves the mean square error of 
1.5058×10-6 and 1.5529×10-6 for training and validation data. 
To evaluate the performance of the model, 4 new data sets are 
generated, one for the healthy bridge (baseline) and the other 3 
with damage cases (DC) of 10%, 20%, and 30% stiffness 
reduction in one element at midspan of the beam.  
To visualize the performance of the model under different 
conditions, three particular vehicle crossing events are 
investigated. The on-board measured acceleration is compared 
to the prediction provided by the model and Figure 5 shows 
difference between both. The errors for vehicles from the 
training dataset and baseline are almost the same, while for a 
damaged case event the model was not able to reconstruct the 
response accurately. It is this difference in magnitude of the 
reconstruction errors that the proposed method exploits for 
damage detection. 

 
Figure 5:Comparsion of error of predicted and measured 

response of three different vehicle crossing events 

Figure 6 shows the comparison of the distribution of mean 
absolute errors computed by using equation (3). The results are 
fitted to log-Normal distributions. Figure 6 clearly shows that 
the distance between the distribution of training and baseline 
datasets is very small compared to the cases where the beam is 
damaged. 

 
Figure 6:Comparsion of error distributions for different 

scenarios 

The results presented so far correspond to the ideal situation for 
a perfectly smooth road profile (Data set 1). As a proof-of-
concept it shows that the proposed methodology might be used 
for damage detection of bridges using measured responses from 
a fleet of traversing vehicles 

5 RESULTS 
In order to test the method under more realistic operational 
conditions, the effect of profile roughness and measurement 
noise has been included (Data set 2). This more realistic vehicle 
responses have been used to evaluate the sensitivity of the 
proposed method to damage severity, the number of events 
needed to obtain robust results, as well as the effect of the 
damage locations other than midspan. Note, that for these 
studies the model was trained again using same 

Property Name Unit Minimum Maximum Mean SD 
Body mass 𝑚𝑏 kg 7000 14000 10000 500 
Axle mass 𝑚𝑢 kg 600 1200 800 100 

Tire stiffness 𝑘𝑡 N/m 1.5×106 2×106 1.75×106 0.5×106 
Suspension stiffness 𝑘𝑠 N/m 1×105 8×105 4×105 0.5×105 
Suspension damping 𝑐𝑠 N(s/m) 1×104 5×104 2.5×104 0.2×104 

Velocity 𝑣 Km/h 40 80 60 5 
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hyperparameters as discussed in section 3.2. The training and 
validation mean square error of model was 1.7962×10-5 and 
1.7256×10-5 respectively. 

 Damage cases  

Figure 7 shows the average daily value of the damage indicator 
using location at midspan. The damage is simulated assuming 
the first 25 days as a baseline condition. For each day a fleet 
250 vehicles crossed the bridge. Similarly, after 25 days the 
intensity of the damage is increased by 10%. This is repeated 
increasing the damage intensity by 10% every 25 days until a 
maximum of 30% damage. For completeness sake, this 
scenario is studied for both trained models, i.e. without road 
profile and with the profile. 

 
(a) 

 
(b) 
Figure 7: Damage indicator value for daily damage detection 

(a) No Profile; (b) Class A 
 
It is evident from Figure 7 that the proposed method can detect 
the damage even in the presence of a road profile. The presence 
of a road profile significantly affects the magnitude of damage 
indicator and daily variations as shown in Figure 7(b). This is 
because road profiles induce higher dynamic effects and mask 
the component of bridge response from vehicle acceleration. 
However, it doesn’t significantly alter the average value and 
still stiffness loss in the bridge is identifiable. 

 Effect of fleet size 

In this study, the relationship between fleet size and dispersion 
of damage indicator is discussed. Error distribution usually 
fluctuates because of operational effects and varying vehicle 
properties (The vehicles for baseline data set are not the same 
as the vehicles for damage detection). As shown by Figure 8(a), 
for the case without profile roughness, the damage indicator 
shows small variations with increasing fleet size. While in the 
case when a road profile is included, the damage indicator 
fluctuates quite significantly for small fleet sizes as shown in 
Figure 8(b). However, with increasing fleet size, variations in 
DI decrease significantly. This shows that for a sufficiently 
large fleet size the effect of operational conditions can be 
significantly reduced. Thus, for reliable damage detection and 
decision making a large fleet size should be used which is 
possible because of centralized fleet management and logistic 
systems.  
 

 
     (a) 

 
       (b) 

Figure 8:Relationship between fleet size and damage indicator 
(a) No Profile; (b) Class A 

 Influence of location 

As we know in realistic situation damage is not necessarily be 
at mid-span. In previous studies, many researchers found it 
difficult to detect damage close to the supports of the bridge 
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considering realistic vehicle and operational conditions [28].      
In local damage detection, the sensitivity depends on the 
location of the damage. For instance, in the case of damage at 
the location / 4L  of the bridge, the variation in frequencies 
(mainly in the first mode) would be much less as compared to 
midspan. To detect the damage at / 4L  higher mode 
frequencies are important. In the proposed method the time 
series response is used to consider the full spectra of the signal 
which help in the detection of damage at different locations. In 
order to investigate the robustness of the method at different 
location of the bridge the trained model for Data set 2 is 
applied. For each damage case fleet size of 250 is used. 

 
Figure 9: Effect on damage indicator for different location of 

the bridge 

Figure 9 shows the sensitivity of the damage indicator for 
damage cases at five different locations of the beam. The 
magnitude of damage indicator at the location / 4L  and 3 / 4L  
is much less than compared to the midspan / 2L . However, 
even in low damage case scenarios with road profile and 
operational vehicle speed, the proposed method can detect 
damage with an acceptable range that is separable from 
different damage cases. 

6 CONCLUSION  
In this study, a framework is proposed for bridge damage 
detection using responses from a fleet of vehicles and an 
autoencoder (AE) based deep learning model. The proposed 
method is developed using a convolutional AE framework 
trained for baseline condition and KL divergence-based 
damage index for subsequent damage detection. The proposed 
method required the acceleration response and speed from a 
fleet of vehicle traversing the bridge. It has been shown that the 
residual error distribution when compared to the predicted 
response by the trained model, significantly changes in the 
presence of damage. A KL-divergence based damage indicator 
is defined for severity comparison of different scenarios. 
Numerical study is carried out by simulating a fleet of vehicles 
with varying vehicle properties (mass, stiffness, and damping) 
and considering operational conditions (road profile, higher 
speeds, noise). The numerical results show that the proposed 
method is able to detect damage successfully under different 
damage scenarios. It has shown that the sensitivity of the 

damage indicator depends upon fleet size and location of the 
damage. For reliable damage detection and to reduce the 
influence of operational conditions the size of the fleet should 
be carefully adjusted according to the specific site. In 
conclusion, the main advantage of the proposed method is the 
elimination of specialized or site-specific vehicle for bridge 
health monitoring. Additionally, the proposed method can 
easily be integrated with an intelligent transport network and 
can be used as a cost-effective solution for bridge health 
monitoring.  
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ABSTRACT: Accurate and efficient evaluation of wind loads is critical for safe and cost-effective designs of wind-sensitive 
structures. Wind tunnel testing is considered as one of the most reliable ways to acquire wind loads on structures, however, the 
limited ability to reproduce transient winds, complex surroundings and high Reynolds number effects in the laboratory is often 
detrimental to the experimental accuracy. On the other hand, the field measurement of wind loads has the advantage of high 
accuracy. However, the field-measurement approach is very expensive due to the implementation of a large number of wind 
pressure sensors. Recent advances in computer vision techniques shed light on an indirect way to acquire wind loads from camera 
videos. In this study, a multi-camera video-based wind load identification framework is proposed to reliably obtain a large amount 
of wind load data with low costs. Specifically, a camera array is utilized to simultaneously capture the motion videos of the target 
structure. The pixel motions related to structural response are extracted through the phase-based motion extraction technique. The 
motions extracted from camera-array videos is then fused with knowledge-enhanced deep learning to achieve high-accuracy 
response data. At last, the wind load is identified from the obtained structural response based on the inverse method. A case study 
is conducted to present the efficacy of the multi-camera video-based, deep learning-enhanced wind load identification framework. 
The identified wind loads match well with the ground-truth data. With the advantages of low cost, quick deployment, and 
automatic data processing, the proposed wind load identification scheme presents great promise in engineering applications. 

KEY WORDS: Wind load identification; Multi-camera video; Phase-based motion extraction. 

1 INTRODUCTION 
The evaluation of wind loads is the base of designing wind-
sensitive structures. While wind tunnel testing is considered as 
one of the most reliable ways to acquire wind loads on 
structures, the limited ability to reproduce transient winds, 
complex surrounding terrain and high Reynolds number effects 
in the laboratory is often detrimental to the experimental 
accuracy. With rapid increase of building height and bridge 
span, there is a continuously growing need to comprehensively 
validate model-scale wind loads with sufficient full-scale 
measurements. However, it is difficult and costly to directly 
measure the wind load on a structure since an invisible wind 
pressure field needs to be measured. Compared with measuring 
the wind load, it is easier to measure the wind-induced 
responses and then identify the wind load from the measured 
response. The conventional response measurement methods, 
including accelerometers and laser vibrometers, only capture 
responses at very limited locations, making it difficult to 
accurately identify the wind load from responses [1]–[3]. On 
the other hand, video cameras are capable of obtaining high 
density spatial data, where the motion of the entire structure is 
captured. Additionally, as a non-contact measurement method, 
the video-based measurement has distinct advantages in terms 
of cost and labor.  

To identify the structural motion from captured videos, it is 
critical to identify the pixels that correspond to the target 
structure. Hand labeling pixels from images is time consuming, 
and the issue becomes worse when a large number of images 
needs to be labeled, e.g., many frames in a video. To this end, 
the deep learning-based video instance segmentation is utilized 

in this study. Specifically, the MaskR-CNN architecture is 
utilized here for the video segmentation [4]. The trained model 
shows high segmentation performance in terms of both 
accuracy and efficiency. With the identified pixels that belong 
to the structure, the pixel motions can be used for extracting the 
structural motion. 

The wind-induced motion of structures is usually small in the 
captured videos, especially when the camera is placed at a 
distance to capture the entire structure. The small motion makes 
it difficult to extract responses from videos. To address this 
issue, the phase-based motion extraction technique is utilized 
in this study [5], [6]. The phase-based motion extraction 
technique can extract structural responses from videos with 
small motions. Since the phase-based motion extraction 
technique is affected by a number of external disturbances, it is 
inevitable that the extracted responses are contaminated by 
noises. To address this issue, the motion video is captured by a 
camera array, where multiple cameras are used to 
simultaneously capture the building motion. Then, the deep 
learning-based data fusion technique is utilized for effectively 
extracting the building motion. The fusing strategy based on the 
deep neural network can adaptively fuse the extracted building 
motion signal and hence achieve higher accuracy[7], [8](Snaiki 
& Wu, 2019; Wang & Wu, 2020).   

The deep learning-based data fusion essentially extracts the 
underlying information from time series. In this study, a long 
short-term memory (LSTM)-convolutional neural network 
(CNN) architecture is proposed to simultaneously fuse and 
extract response time series. LSTM, which introduces the 
forget- and input-gate mechanisms into the recurrent neural 
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network, has been successfully implemented in time series 
modeling [9]–[11]. CNN is known to has the advantage of 
feature extraction [12], [13]. Accordingly, the combination of 
CNN and LSTM presents good performance in terms of fusing 
time series [14], [15]. In this study, a LSTM-CNN architecture 
is proposed to fuse the response data. In terms of training the 
proposed neural network, the KEDL strategy is utilized to 
achieve a data-efficient and robust training process [7], [8].  

The paper presents the video-based wind load identification 
framework. The deep learning-based data fusion is combined 
with the phase-based motion extraction technique to obtain the 
wind-induced response data from camera-array videos. The 
response data is then used to identify the wind load using the 
inverse method. A case study is conducted to demonstrate the 
efficacy of the proposed framework. The proposed scheme 
presents great promise in engineering applications. 

2 VIDEO-BASED WIND LOAD IDENTIFICATION 
FRAMEWORK 

The proposed wind load identification framework is composed 
of four sequential modules, i.e., video segmentation, motion 
extraction, data fusion, and wind load identification. In this 
section, each module of the proposed video-based wind load 
identification framework is presented.   

 Video segmentation 
Video segmentation, where the pixels that belong to the target 
building are identified, is the first step towards the motion 
extraction and the following load identification. Specifically, 
the video segmentation assigns labels to every pixel in a video 
frame, and hence the pixels that belongs to the building of 
interest can be identified. The video segmentation is one of the 
fundamental topics in computer vision. Traditional 
segmentation algorithms are typically based on the information 
of contours and edges [16].  With the development of deep 
convolutional neural network, the performance of video 
segmentation on benchmark tasks gained significant 
improvement [17]. In this study, the Mask R-CNN architecture 
is utilized to performed the  segmentation task [4].  Figure 1 
schematically depicts the Mask R-CNN architecture.  

 
Figure 1. Mask R-CNN architecture. 

 

 Response extraction from videos with small motions 
The wind-induced structural response is typically small. In the 
case when cameras are placed at a long distance to capture the 
whole structure, the structure motions captured in videos are 
even smaller. Actually, the structure motion in captured videos 
can be sub-pixel level. The small motion makes it difficult to 
estimate the structural motion from videos. Structural vibration 
measured in videos can be measured in terms of the temporally 

displaced or translated image intensity . Compared 
with the widely used image correlation method [18] and the 
optical flow method [19], the phase-based motion extraction 
method provides a better motion identification. Specifically, 
the phase-based method converts the image intensity into the 
combination of local amplitude and phase, and the pixel motion 
is well represented by the phase information. The phase 
information has been utilized for the motion magnification and 
presented better results as compared with pixel-based methods  
[20]. Chen [6] utilized the phase-based method to achieve 
pixel-level motion identification for videos with small motions.  

In the phase-based method, the grayscale information (image 
intensity)  is first decomposed into multiple spatial 
scales with specific orientations, where ,  and  represent the 
horizontal location, vertical location and time, respectively. For 
each spatial scale with a specific orientation, the spatially 
localized signal can be expressed as: 

  (1) 

where  denotes convolution;   and  are respectivaly 
the spatially localized amplitude and phase;  is the complex 
filter with spatial scale  and orientation . For example, if the 
horizontal movement of a 10-pixel object is of interest, a filter 
with  (horizonal orientation) and a scale  corresponding 
to 10 pixels can be used.  Fleet and Jepson [5] showed that the 
local phase contains the velocity information as: 

 (2) 

where “ ” operator denotes dot product;   and  are pixel 
velocities in  and  directions, respectively. For filters 
with horizontal orientations ( ), the vertical velocity 
is approximately zero, i.e., . Accordingly, the 
horizontal pixel velocity   can be obtained as: 

  (3) 

The vertical pixel velocity can be obtained with a filter with 
vertical orientation similarly. In this study, the horizontal 
direction response is of concern. Accordingly, the horizontal 
filter is utilized. The displacement and acceleration information 
can be obtained from the velocity. 

 Data fusion with knowledge-enhanced deep learning 
Due to the external disturbances, e.g., the motion of the camera 
and the lighting condition variation, the extracted velocity can 
be contaminated by noise. The situation becomes even worse 
for the extraction of small motions. The existence of noise 
results in biased estimations of structural response and wind 
load. The conventional denoising techniques, such as band-pass 
filtering, thresholding method and Kalman filtering, present 
various drawbacks, and pose limitations regarding the analyzed 
signals. The advances in machine learning technology shed 
light on utilizing deep learning for conducting the denoising 
with less restrictions and higher efficiency. The noise issue is 
essentially approached by capturing more information. First, 
the data source is extended to a camera array, where multiple 
cameras are simultaneously utilized to capture the structure 
motion. The knowledge-enhanced deep learning then is utilized 
to fuse the extracted response signal for obtaining a high-
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accuracy structural response. In this study, the LSTM-CNN 
architecture is proposed and trained for data fusion. Figure 2 
presents the proposed LSTM-CNN architecture. The 
dimension of the input layer is determined by the number of 
time steps and the number of cameras utilized. The three LSTM 
layers are stacked to memorize the previous time steps and 
hence enable better estimation of the current time step. The 
convolution layers are then used to fuse the output of the LSTM 
layers. In this study, a 1D convolution kernel is utilized so that 
the time dimension of the input layer and the output layer are 
identical. 

 
Figure 2. Proposed LSTM-CNN architecture. 

One of the challenges in applying deep learning to 
engineering problems is the difficulty of obtaining large 
amounts of high-quality training datasets. For example, it is 
very expensive to simultaneously obtain the contaminated and 
ground-truth response data for training the neural network. To 
this end, the KEDL strategy [7], [8], where the prior knowledge 
is integrated into the loss function, is utilized in this study. 
Specifically, the dynamic equilibrium equations are integrated 
into the loss function. An advantage of using KEDL is that the 
deep network training can be accomplished with less data and 
become more robust. Figure 3 schematically presented the 
KEDL strategy. As presented in the figure, the update of neural 
network parameters (red lines) is guided by minimizing the 
both the knowledge loss  and the data loss . 

 
Figure 3. Knowledge-enhanced deep learning. 

 Wind load identification 
With the extracted wind-induced response of a structure, the 
wind load is identified by the inverse method (Hwang et al., 
2011). The wind-induced response of a structure can be 
represented as: 

  (4) 

where ,  and  are respectively the mass, damping and 
stiffness matrices; ,  and  are respectively the acceleration, 
velocity, and displacement vectors; and  is the 
wind load vector with  denoting transpose. The response can 
be approximated as the linear combination of multiple modes: 

  (5) 

where  is the number of the response measurement locations; 
 is the number of accounted modes;  is the mode shape 

matrix with dimension ; and  is the modal response 
vector. Accordingly, the model response can be estimated from 
the measurement with . Presenting the  modal response 
as: 

  (6) 

The discrete-time response can be expressed as: 

  (7) 

where  is the discrete time; ; 

; ; ; 
 is the modal load;   is the damping ratio; and  is the 

sampling interval. As a result, the modal load can be estimated 
as: 

   (8) 

where  is the pseudo inverse of . Then, the wind load of 
each measurement location can be determined with . 

3 CASE STUDY  

 Model set up 
A case study is conducted to present the effectiveness of the 
proposed analysis framework. The input building motion video 
is generated via Blender, which is a powerful open-source 3D 
modeling software [21]. The height, width and depth of the 20-
story building are respectively 20 m, 20 m and 72 m. The 
attacking wind is set to be from the west of the building (Fig. 
4). The camera array, which has two cameras with identical 
parameters, is placed at the south of the building. The center of 
the camera array to the center of the building is 120 m. The 
camera has a focal length of 50 mm. The video capture frame 
rate is 60 Hz. The original resolution is 1920 × 1920. Figure 5 
depicts the selected frame of the generated videos. The 
rendered image generally captured the building geometry and 
texture features.  

 
Figure 4. Schematic case study set up. 
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The building motion is animated based on the structural 
response simulation. The building dynamics are modeled with 
OpenSees, an open-source software framework designed for 
finite element modeling of structures. In this study, the 
structure is simplified as a lumped mass model. The first three 
natural frequency of the building is set to be 0.65 Hz, 4.34 Hz 
and 12.16 Hz. The wind load is obtained based on the quasi-
steady theory, where the wind field is simulated using the 
Hilbert-wavelet-based method [22]. In this way, the building 
motion video, the underlying building motion and the wind 
load are simultaneously achieved, which is necessary for 
testing the proposed wind load identification framework. 

 
Figure 5. Selected frame of generated building motion videos. 

 Motion extraction 
Figure 6 shows the segmentation results. It can be observed that 
the pixels that correspond to the target building has been 
identified. The motions of the identified pixels can be used for 
extracting the building motions. According to the video 
segmentation results, the video is cropped to a resolution of 500 
× 1750. The black rectangle in Figure 6 depicts the crop result. 

  
Figure 6. Segmentation results. 

For each frame, the horizontal pixel velocities are extracted. 
Scaled by the actual size of each pixel, the pixel motion is 
converted to motion of the target building. Assuming the 
building motion in horizontal direction is uniform, the along-
wind response of the building is estimated by averaging the 
extracted motions in horizontal direction. Figure 7 shows the 
extracted velocities of at the height of 36 m (half height of the 
building). As shown in the figure, the extracted motions are 
contaminated by noise, which will lead to wrongly estimated 
wind loads. To address this issue, the proposed LSTM-CNN 
architecture is trained to fuse the extracted responses and 
achieve the high-accuracy response.  

 
Figure 7. Motion extracted from camera-array videos. 

The neural network model is set up and trained with the 
widely used machine learning platform Tensorflow [23], where 
the rectified linear unit (ReLU) activation function is adopted 
[24], and the optimization scheme AdaMax is employed with 
the adaptive learning rate [25].  A total number of 20,000 
samples are generated and used to train the neural network with 
the proposed LSTM-CNN architecture. Figure 8 shows the 
fusion result from the neural network. As shown in the figure, 
the error is reduced as compared with Figure 7. It should be 
noted that the performance of the data fusion can be increased 
by increasing the scale of the neural network and enlarging the 
size of the training data.  

 
Figure 8. Data fusion result 

With the extracted motion of different heights, the first modal 
load is identified following Equation 8.  The identified load and 
the actual wind load are presented in Figure 9. As shown in the 
figure, the modal load is successfully identified. Considering 
the wind-induced motion is usually dominated by the first 
mode, the extracted modal load can be used for identifying the 
actual wind load in structures.  
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Figure 9: Identified modal load 

4 CONCLUDING REMARKS 
 

In this study, a video-based wind-load identification framework 
was proposed. Based on this method, the small structural 
motions captured by a camera array was utilized for identifying 
the wind load. Case study was conducted to demonstrate the 
efficacy of the proposed framework. With the advantages of 
low cost, easy deployment and high spatial resolution, the 
proposed video-based wind load identification method 
presented great promising in engineering applications. In the 
future study, the response estimation accuracy will be further 
increased by proposing better filters, increasing the number of 
cameras, increasing the performance of the data-fusion neural 
network. 
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ABSTRACT: While Lamb waves have been accepted as nondestructive approaches in structural health monitoring, how to 
effectively signal process and timely data fusion are still challenging. Machine learning have recently provided great 
opportunities for data mining, particularly with the increase of system complexity, where conventional Lamb wave approaches 
may be limited. Along this vein, this study aimed to use machine learning to assist the signal process of lamb wave for enhanced 
damage detection. Machine learning methods, including both shallow and deep learning frameworks (e.g., support vector 
machine and convolution neural network), were employed for learning model. Damage scenarios focusing on mechanical 
damage type, size, and orientation under noise interference were designed for evaluating the effectiveness and robustness of the 
methods. The results showed that the machine learning approaches could dramatically improve the effectiveness of damage 
detection, as compared to conventional physics-based approaches. Results revealed that shallow learning maintained certain 
high accuracy in most cases, but failed when there was environmental interference, such as high noise. Deep learning led to the 
highest damage-sensitivity, and the generated features were also much more robust to noise, thereby dramatically enhancing 
damage identification. 

KEY WORDS: SHMII-10; Full paper; Sample file. 

1 INTRODUCTION 
In recent years, structural health monitoring (SHM) becomes 
more significant in civil infrastructure systems. SHM attempts 
to evaluate the performance of the structure during the serving 
stage. The purpose is to perform real-time damage inspections 
instead of schedule-driven inspections, which can extend the 
serving period of the structures, reduce the cost, and improve 
the safety [1]. The traditional methods of SHM usually 
consists of transducers for actuation and sensors for reception. 
Then, the results can be obtained by processing and analyzing 
the reception. Several methods have been proposed, which 
include vibration-based techniques [2], guided wave-based 
techniques [3] and so on. Lamb waves, a kind of guided 
waves, can propagate long distance and detect minute 
damage. As a nondestructive approach, lamb waves have been 
commonly used in damage detection, especially for thin-
walled structure.  

Literatures represented that lamb waves achieved successes 
in many areas. For instance, Saravanos [4] found that 
delamination in composite beam could be detect by Lamb 
waves. In addition, it was also an effective tool to monitor 
fatigue damage and thermal damage in composite structure 
[5]. Monkhouse [6] used an inter-digital transducer to excite a 
Lamb mode for plate structure detection. In 2007, Xu and 
Giurgiutiu [7] developed a model which was used to predict 
the existence of single-mode Lamb wave. The results shown 
that under certain condition, single-mode Lamb wave could 
improve the effectiveness of the time-reversal damage 
detection procedure. With more and more research on lamb 
wave-based damage detection, identification and decode the 
information in lamb wave signals becomes significant. 

Traditionally, signal processing is mainly to capture signals 
and extract features to interpret structural performance to 
decode the variances experienced in structures. With the 
development of data mining and data-driven methods, more 
complex signals could be interpreted. The data-driven 
approaches could extract sensitive features from sensory data 

to assess the structural conditions, regardless of the 
complexity of physical systems. Among the data-driven 
approaches, the machine learning techniques have been 
raising increasing attentions to data mining for engineer 
applications. The machine learning in general could be 
categorized as shallow learning [10], deep learning [12][16], 
and reinforcement learning. For the shallow learning, artificial 
neural network (ANN) algorithm which was introduced in 
1950’s and populated in 1990’s. Su et al. [8] established a 
lamb wave based quantitative identification model to scale the 
delamination in composite structures by ANN. In addition, 
support vector machine (SVM), one of the popular data 
classification technique, was also used to demonstrate damage 
classification [9]. Some researchers detected the damage by 
lamb waves and identified the damage types, locations and 
orientations by SVM [10]. However, deep learning methods    

In the meanwhile, several deep learning methods were used 
for structural health monitoring, including deep neural 
networks (DNN), deep Bayesian belief network learning 
(DBBN), convolutional neural networks (CNN) and so on. A 
computer vision and deep learning-based data anomaly 
detection method was proposed by Bao [11], method which 
used for automatic real-time warning. Pan [12] used DBBN to 
extract structural information and probabilistically determine 
structural conditions. In his research, the structural health state 
in terms of damage level could determine accurately by the 
network which could help decision making for further 
structural retrofit. Osama [18] presented a CNN-based 
approach to achieve the good performance in vibration-based 
structural damage detection. In Oliveira’s research [19], CNN-
based method was used for damage detection by EMI-PZT 
signals. 

In this study, machine learning methods combined with 
lamb wave approach was used to detection the damage 
condition on steel plates. Totally, 11 states of steel plates were 
designed in finite element software, which include 3 different 
damage types and 6 different damage orientations. Then, 
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feature extraction methods were employed to get more 
sensitive features for SVM classifier. Finally, SVM and CNN 
were used to identify the damage types and orientations and 
comparison was made to get the better results. 

2 NUMERICAL SIMULATION FOR LAMB WAVE 
The protype of the Lamb wave propagation analysis was a 
rectangular-shaped aluminum plate, with a dimension of 150 
mm by 400 mm by 2 mm. The plate was partitioned using the 
mesh size with the maximum size of 4.94 mm and the 
smallest one of 1.65 mm. The boundary condition was free. 
For simplicity, damages were simulated by different types: a 
rectangular shaped notch, circular-shaped damage, and 
elliptic-shaped damage. As for the notch damage, different 
orientations were designed. All these damages were through-
the-thickness located at the center of the plate, shown in 
Figure 1. The excitation signal was a smoothed tone burst 
which obtained from a 5-cycle tone burst filtered through a 
Hanning window. The frequency used was 300 kHz. Six 
piezoelectric actuators were located at the upper and lower 
edges of the plates which were numbered from 1 to 6. 
Establishing a coordinate system on the steel plate, the 
locations of 6 actuators could be listed as: (a) Location 1 at 
(150mm, 10mm); (b) Location 2 at (200mm, 10mm); (c) 
Location 3 at (250mm, 10mm); (d) Location 4 at (150mm, 
140mm); (e) Location 4 at (200mm, 140mm); (f) Location 4 
at (250mm, 140mm). The second actuator was used to send 
lamb waves into the plate and other 5 sensors were received 
the reflections. 
 

 
 

Figure 1. Steel plate. 
 

The details of the damage were shown in Table 1. State 1 
was the basic sate without damage. States 2-4 represented 
damage different damage types. The diameter of the circular-
shaped damage was 4mm. As for elliptic shaped damage, the 
long axis was 4 mm and the short axis was 2mm. Six different 
damage orientations were also designed based on a 6 mm-long 
notch shaped damage from 15o to 90o (each increased 15o 
counterclockwise orientation), as States 4-9. 

Table 1. States of steel plates. 

State Type Size Orientation 
State 1 - - - 
State 2 Circular-shaped 4-mm - 
State 3 Elliptic -shaped 4-mm - 
State 4 Notch-shaped 6-mm 90 degree 
State 5 Notch-shaped 6-mm 75 degree 
State 6 Notch-shaped 6-mm 60 degree 
State 7 Notch-shaped 6-mm 45 degree 
State 8 Notch-shaped 6-mm 30 degree 
State 9 Notch-shaped 6-mm 15 degree 

The results of lamb waves propagated through the plate 
were shown in Figure 2. It illustrated the difference between 
the plates with different damages. At the first stage, the wave 
was propagated, scattered and spread upwards from the 
bottom of the plate. Without reaching the damage location, the 
contours in different states looked same. At the second stage, 
when the time was equal to 2E-5, the wave arrived at the 
center of the plate. In undamaged state, the wave traveled 
continually. At damage states, the propagation of waves was 
blocked then some of the waves were reflected and others 
were still scattered to left and right Time: 1E-5 s 

When the wave arrived at the upper boundary of the plate, 
they received by the piezo actuator and returned. Noted that 
the initial waves and the reflected waves were interfered each 
other and formed complex waves. 

 
Time: 1E-5 s 

        
Time: 2E-5 s 

     
Time: 3E-5 s 

     
Time: 4E-5 s 

     
 
 

Time: 1E-5 s 

     
Time: 2E-5 s 

     
Time: 3E-5 s 

     
Time: 4E-5 s 

     
 

Figure 2. Lamb wave propagation 

(b) Undamaged state (a) Circular damage  

(d) Elliptic damage  (c) Notch damage  
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3 MACHINE LEARNING METHODS 
Machine learning methods were widely used in many areas 
and achieved successful results. Various methods were 
created to solve different problems. These methods can be 
divided into three groups, shallow learning, deep learning and 
reinforcement learning. In this study, shallow learning 
method, SVM, and deep learning method, CNN, were used to 
identify the damage types and orientations.  

As for SVM, it transfers the data into high dimensional 
space and tries to construct one or more surfaces to separate 
the data into two or more classes. The kernel functions are 
used to generate the high dimensional space. Three kernels 
were widely used in previous research, which can be listed as 
[20]: 
a) the Gaussian radial basis function (RBF): 

          (1)                            

b) the polynomial function: 

                      (2) 

c) the sigmoid function: 

                (3) 

In order to get better result, the feature extraction is also 
important. In signal processing, features commonly extracted 
in time, frequency, and time-frequency domains. In this study, 
the amplitude, the root mean square of wave (RMS), 
correlation coefficient and wavelet coefficient were obtained 
as features trained for SVM classifier. 

CNN proposed in this study was an eight-layer network 
which included three convolutional layers and a full 
connected layer. Convolutional layers were used to slice the 
data by filters. These filters were updated with the calculation. 
After each convolutional layer, the max pooling layer was 
followed to reduce the dimension of the data. Then, rectifier 
linear unit added nonlinear to the network. After the full 
convolutional layer, the output was a matrix which 
represented the result of the input. The most important 
advantage of deep learning is that features are automatically 
extracted during training the network, making it much easier 
to obtain sensitive features in high dimensional space. 

4 RESULTS AND DISCUSSION 

4.1 Variance experienced in damage types 

The received signals from the first actuator located at (150 
mm, 10 mm) was illustrated in Figure 3. Clearly, data in 
different colors and line types were represented the 4 damage 
states. The black sloid line was the result of undamaged state. 
The initial wave packet was the input signal, and the boundary 
reflection was at about 1E-4 s. Comparison between the 
undamaged state and damage states, the first wave packets 
were same due to the sensor received the signal directly 
without propagated through the damage area. After 2.5E-5 s, 
waves showed different shapes. The red dash line was the 
steel plate with circular-shaped damage. The damage 
reflection was at 5E-5 s.  
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Figure 3. Received signal. 

4.2 Variance experienced in damage orientations 

In this model, the 2-dimensional plate allows waves to 
propagate along two dimensions and thus the spatial effects 
generated by damage orientation could be better captured. 
Compared with 5 different locations, the signal received at 
location 3 could represent the damage orientation well. The 
orientation was rotated in counterclockwise, and thus the 
signals reflected due to the damage were received by that 
actuator directly. The received signals were shown in Figure 
4. The first wave packet in the figure represented the initial 
excitation. The second packet represented the reflected wave 
from the damage and other reflections so that this packet was 
not as clear as the first one. Therefore, the second packet 
could be used for feature extraction. 
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Figure 4. Received signal. 

 
Different features were then extracted under the domains of 

the time-, frequency- and time-frequency zones. Figure 5 
illustrated the different features for 350 samples. In Figure 
5(a), most of the data could be separated by the amplitude in 
time domain, except the damage with 15-degree orientation 
and 45-degree orientation. In Figure 5(b), the devices of the 
RMS in each state were smaller than that of amplitude. And 
some mix was happened at 30-degree and 45-degree 
conditions. Figure 5(c) showed the feature of correlation 
coefficient. The data in three groups had similar feature values 
including the damages with 45-degree, 75-degree and 90-
degree. The amplitude in frequency domain was shown in 
Figure 5(d). Under this situation, it was hard to distinguish the 
data in 30-degree and 45-degree and the same with 75-degree 
and 90-degree. Figure 5(e) presented the wavelet coefficients. 
Clearly, the results are not sufficient for data classification, 
and it was mainly because the different features mixed 
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together at the right corner. To select the most sensitive 
feature among these, relief-f was used in this study. As 
illustrated in Figure 5, the results demonstrated that RMS had 
the highest weight. Therefore, RMS in time domain will be 
used for SVM classification in the further study. 
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(e) Wavelet coefficients in time-frequency domain 

Figure 5. Feature extraction. 
 

4.3 Identification results of damage types and orientations 

The accuracies of damage type identifications were 
demonstrated that CNN classifier obtained better results than 
SVM. Specifically, 92% was predicted correctly in SVM 
method, and 97% in CNN method. The accuracy of 
undamaged state was 100% in both methods. In SVM, the 
prediction of the circular-shaped, elliptic-shaped, and notch-
shaped damage were 84%, 92% and 92%. The accuracies 
were higher in CNN, with 92%, 96% and 100%. 

The data represented the damage orientations were much 
complicated than the damage types. More specific research 
was in this area. While the wavelet coefficients shown better 
results in other model, two different features were used for 
training (one was wavelet coefficient, and the other was 
RMS). The results of these two features were shown in Tables 
2 and 3. From the average accuracy, the result of the RMS 
was higher than the wavelet coefficients, at 86% and 71.3% 
respectively. In detail, the misleading in RMS were in 30-
degree and 45-degree states, 75-degree and 90-degree states. 
It was shown that 36% of the data in 30-degree groups were 
misjudged into 45-degree and 16% of the 45-degree sample 
were classified into 30-degree. In the meanwhile, 3 of 25 
samples in 75-degree orientation state were predicted into 90-
degree state and 5 samples in 90-degree state were misled into 
75-degree state. As for the result in Table 2, the data in ba15-
degree state was predicted into 45-, 60- and 90-degree, and 
the data in 60-degree state was classified into base state, 45-, 
75- and 90-degree state. Therefore, the feature, RMS, was 
more sensitive than wavelet coefficients. The feature selection 
is much important for the SVM classification. 
 

Table 2. SVM results trained by wavelet coefficients. 

  Target State 
  15o 30o 45o 60o 75o 90o 

Predict 
State 

15o 68% 0% 4% 32% 0% 32% 
30o 0% 92% 0% 0% 0% 0% 
45o 8% 8% 92% 12% 0% 4% 
60o 16% 0% 4% 40% 4% 24% 
75o 0% 0% 0% 4% 96% 0% 
90o 8% 0% 0% 12% 0% 40% 
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Table 3. SVM results trained by RMS. 

  Target State 
  15o 30o 45o 60o 75o 90o 

Predict 
State 

15o 100% 0% 0% 0% 0% 0% 
30o 0% 64% 16% 0% 0% 0% 
45o 0% 36% 84% 0% 0% 0% 
60o 0% 0% 0% 100% 0% 0% 
75o 0% 0% 0% 0% 88% 20% 
90o 0% 0% 0% 0% 12% 80% 

 
Using CNN to classify the damage orientations, the results 

were shown in Table 4. The total accuracy was 97.3% which 
was much higher than that of SVM. Specifically, only 4% 
data in 45-degree state were misclassified into 30-degree state. 
Then, several errors were occurred in 75- and 90-degree 
states, with the accuracies 92% and 96% respectively. 
Compared with the shallow learning method and the deep 
learning method,  

Table 4. CNN results. 

  Target State 
  15o 30o 45o 60o 75o 90o 

Predict 
State 

15o 100% 0% 0% 0% 0% 0% 
30o 0% 100% 4% 0% 0% 0% 
45o 0% 0% 96% 0% 0% 0% 
60o 0% 0% 0% 100% 0% 0% 
75o 0% 0% 0% 0% 92% 4% 
90o 0% 0% 0% 0% 8% 96% 

 

5 SUMARY 
This study obtained successful results on machine learning-
based lamb wave approach to inspect the damage of steel 
plate structures. Simulation model of lamb wave propagation 
in steel plate was established in finite element software. 
Shallow learning method and deep learning method were both 
implemented in this study. For shallow learning method, 
SVM, feature extraction was applied before training, 
attempting to gather features in time, frequency and time-
frequency domains. For deep learning method, CNN, an 
architecture of 8-layer network were built to classify the 
damage types and orientations. Some conclusions can be 
drawn as follows: 

(a) Lamb wave was effective and sensitive for damage 
detection. The contour results of the two-dimensional 
model were clearly showed the whole propagation 
process of Lamb waves. The reflection of waves in 
different plate states was different and complex; 

(b) SVM could identify the damage types and orientations 
based on the features extracted from the signals. The 
classification results of SVM were directly related to 
the selection of features. In this study, the RMS got 
better result than wavelet coefficients, and the 
accuracies were 86% and 71.3%, respectively;  

(c) CNN achieved higher accuracies in the classifications 
of both damage types and orientations. Comparing with 
the results of SVM, 5% was improved in the 
identification of damage types and 11.3% was 
increased in damage orientation. This result 

demonstrated the ability of CNN to recognize 
complicate signals. 
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ABSTRACT: This paper proposes an integrated method using inverse filtering for monitoring population of bridges through 
crowdsourced data collected with smartphones in vehicles crossing bridges. Unlike direct methods that require bridge 
instrumentation, indirect approaches focus on the moving vehicles as data sources. In addition, using smartphones as data 
collectors eliminates the need to instrument vehicles as well. However, the vibration of a moving vehicle is affected by various 
features, such as suspension and speed, which need to be filtered out to extract bridge features and conditions. The inverse 
filtering method recently proposed by the authors has proved to be an effective tool for this purpose, through which off-bridge 
spectrum of vehicle vibration is used to create a filter to suppress vehicle features from on-bridge spectrum. This paper aims at 
investigating inverse filtering method in real-life conditions considering all effective factors including vehicle speed change and 
road roughness discrepancies. The promising results of the proposed methodology in detecting fundamental frequency of two 
different bridges demonstrate the capability of the method to be employed in real-life practice. These successful results using 
only a smartphone as the data acquisition device provide evidence of getting one step closer to monitoring a large number of 
bridges simultaneously at a global level using crowdsourced data collected from the smartphones in the vehicles in the future. 

KEY WORDS: Inverse Filtering; Crowdsourced Methods; Bridge Monitoring; Frequency Identification; Acceleration Signals. 

1 INTRODUCTION 
With the rapid increase of city population due to rural-urban 
migrations [1], city management has been facing 
unprecedented challenges. Meanwhile, technology 
development has provided valuable tools for decision making 
and also monitoring city infrastructure. In this regard, smart 
cities are presented and studied in many aspects [2]–[4]. 
Monitoring bridge structures, as major parts of transportation 
infrastructure, has been investigated in many studies [5], [6]. 

The first step in bridge health monitoring is data collection. 
Nowadays with the development in technology, there are 
many different devices that can be used to collect data from a 
structure. In terms of bridge monitoring, accelerometers and 
strain gauges are the main sensors. Most conventional bridge 
monitoring methods rely on instrumenting each bridge with 
many different sensors [7]–[10]. On the other hand, indirect 
methods focus on using one moving sensor as a data collector 
for many bridges [11], which would be more economical and 
efficient. 

The notion of indirect bridge monitoring stems from the fact 
that the vibrations recorded on a vehicle moving over a bridge 
has coupled features of both the vehicle and the bridge. This 
idea was first presented by Yang et al. [12]. Later, many 
studies focused on indirect monitoring methods [13]–[15]. 
Among these studies, some have focused on frequency 
identification of the bridge, which represents the main 
vibrational feature of its structure [16], [17]. All these studies 
showed the potential of monitoring a substantial number of 
bridges through instrumenting vehicles. 

In terms of instrumenting vehicles, smartphones of the 
passengers in the vehicle could be employed as data collecting 
devices. These devices include many important sensors, 

including accelerometer and GPS, which data can be extracted 
for civil infrastructure monitoring purposes [18], [19]. Hence, 
there would not be any more instrumentation required for data 
collections and a crowdsourced framework would be utilized 
to accumulate and process the data. In regard to bridge 
monitoring, recent studies have been focused on the 
application of crowdsourced frameworks using smartphone 
data [20]–[22]. 

Focusing on frequency identification of the bridge, the 
authors’ research group conducted a controlled laboratory 
experiment to investigate the robustness of frequency 
identification against vehicle features [23]. However, due to 
the dominancy of the vehicle features in the recorded 
vibrations, extracting bridge frequency was a challenge. 
Hence, a novel methodology of inverse filtering was proposed 
[24]. 

Inverse filtering has been widely employed in audio 
processing methods [25], [26]. The main concept lies behind 
the fact that the features of a new source in a mixed signal 
could be extracted using a filter that suppresses all the features 
of the original sources in the signal. Regarding bridge 
monitoring, the off-bridge vibrations, consisting of all vehicle-
related sources, could be used to create a filter that suppresses 
those sources. After the vehicle passes over the bridge, the 
same filter will be applied to the on-bridge data and the 
magnified bridge frequency will be captured. 

In the previous study [24], the inverse filtering methodology 
was introduced and verified with laboratory experiments, with 
some limitations including constant speed of the vehicle and 
similar roughness levels. However, these limitations cannot be 
achieved in real-life practice. Thus, this study focuses on 
addressing such limitations and investigates the performance 
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of the inverse filtering in real-life conditions. Speed change of 
the vehicle and road roughness differences has been addressed 
in detail in the next sections, and the results for two bridges in 
real scale are provided. 

2 METHODOLOGY 
Fundamental methodology for the application of inverse 
filtering in indirect bridge monitoring was introduced in a 
previous study [24], which is illustrated in Figure 1. The 
frequency spectrum of the off-bridge acceleration signal, 
representing the frequency content of vehicle-related features, 
is inversed to form the inverse filter shape that will suppress 
those features. This process is demonstrated in Figure 1a, 
where the off-bridge spectrum and the inverse filter shape are 
shown using black and blue curves, respectively. Then, the 
filter is applied to the frequency spectrum of on-bridge signal 
in order to extract bridge frequency, shown in Figure 1b 
where the red curve represents the unfiltered on-bridge 
spectrum and the blue curve represents the inverse filtered 
spectrum. As seen, the small increase in the amplitude of a 
frequency in on-bridge vs off-bridge spectra is magnified to a 
clear peak in the filtered spectrum. Therefore, the potential of 
the inverse filtering in capturing bridge frequency in the 
spectrum of a moving vehicle is presented. 
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Figure 1. Hypothetical illustration of (a) off-bridge (black 
line) and inverse filter (blue line) shape and (b) unfiltered (red 
line) and filtered on-bridge (blue line) spectra using 
polynomial equations [24]. 

The first limitation was the substantial dependency of 
inverse filtering on the speed of the vehicle while moving on- 
and off-bridge. In fact, since the filter shape is constructed 
from off-bridge spectrum, the speed of the vehicle in off-
bridge condition needs to be similar to the on-bridge one. This 
study proposes constructing a database of off-bridge data per 
different speeds. To this end, all the vibrational and speed data 
while the car is moving off the bridge will be recorded and the 
database will be formed per different speeds. Later, the on-
bridge corresponding speed from the database will be recalled 
to design the correct inverse filter. As a result, the challenge 
of the speed change between on- and off-bridge conditions 
will be resolved. 

The other limitation affecting the performance of inverse 
filtering was the road roughness. Surface roughness 
significantly alters the vibration response of the vehicle, 
which is the foundation of indirect monitoring. The main 
effect of roughness level on the vibration of the vehicle 
emerges in the amplitude level, i.e. the higher the roughness 
level, the larger the acceleration amplitudes. Hence, the 

average energy level of the acceleration signal, calculated 
through mean squared of the acceleration values, is selected as 
the criterion in this study. This criterion will be used to select 
the closest on- and off- bridge signals in terms of road 
roughness level to diminish its effect on the inverse filtering 
results. To illustrate the effect of road roughness, two samples 
of on- and off-bridge acceleration signals recorded on two 
different road roughness levels are presented in Figure 2. Note 
that these data are recorded on the same vehicle moving at the 
same speed. As seen, the average energy level of the 
acceleration signal is a reasonable criterion in detecting 
roughness level and selecting matching signals for inverse 
filtering process.  

 

O
n-

br
id

ge
 

A
m

pl
itu

de
 [m

/s
2 ] 

  
O

ff
-b

rid
ge

 
A

m
pl

itu
de

 [m
/s

2 ] 

    (a) (b) 
  Frequency [Hz] Frequency [Hz] 

Figure 2. A sample of on- and off-bridge acceleration signals 
for two different road roughness levels of (a) low and (b) high 
recorded under the same speed of 50 km/hr 

3 RESULTS 
In this study, two bridges in the city of Edmonton, Alberta, 
Canada shown in Figure 3, are considered. Their fundamental 
frequencies were previously identified as 2.8 and 2.1 Hz for 
High Level Bridge and Walterdale Bridge, respectively, 
through a fixed accelerometer vibration test under normal 
loading conditions. 

 
(a) 

 
(b) 

Figure 3. Pictures of (a) High Level Bridge and (b) Walterdale 
Bridge, considered in this study. 

The vehicle which data are recorded on is a Honda Civic 
Sedan. In addition, a Samsung Galaxy Note 10 plus 
smartphone is used as data acquisition device, which 
accelerometer with a sampling frequency of 400 Hz and GPS 
sensor with a sampling frequency of 1 Hz are used in this 

Critical frequency 
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study. These data are recorded through an academically 
developed smartphone application, called phyphox [27]. The 
user interface and smartphone placement inside the vehicle 
are presented in Figure 4. 

 

 
(a) 

 
(b) 

Figure 4. (a) User interface of data recording application and 
(b) smartphone placement inside the vehicle. 

The first step in analyzing the recorded data is to separate 
on- and off-bridge acceleration signals. To this end, GPS 
coordinates of start and end points of the target bridges are 
compared against the GPS history, and the on- and off-bridge 
time frames are detected, which is illustrated in Figure 5. 
Later, the corresponding segments of accelerometer data are 
separated based on those time frames. 

 

 
Figure 5. A sample of on- and off-bridge data separation using 
recorded GPS history. jOn-bridge location is shown with red, 
off-bridge location is shown with green1. 

In the next step, based on the speed and roughness level of 
the on-bridge recorded data, the matching off-bridge data is 
recalled from the database, and the inverse filtered spectrum 
will be constructed. This process is illustrated in Figure 6 and 
Figure 7 for High Level Bridge and Walterdale Bridge, 
respectively. Each figure consists of two plots, the top plot 
showing on- and off-bridge spectra in blue and black colors, 
respectively, and the bottom plot showing the inverse filtered 
spectrum together with the bridge frequency noted in dashed 
line. Comparing the on-bridge spectra with the inverse filtered 
ones in both figures demonstrates that the proposed 
                                                           
1 Map credit: © OpenStreetMap 

methodology is capable of amplifying bridge frequencies, 
while it is challenging to detect them in the unfiltered on-
bridge spectra which is mostly dominated by vehicle vibration 
features. It should be noted that there are small differences 
between the exact bridge frequency and the identified one 
using inverse filtering. Since the data collection, bridge 
vibration test and indirect monitoring test, were performed in 
different days with different environmental conditions, 
especially different temperatures, it is expected that small 
shifts in the frequencies occur. Such effects needs to be 
applied to the methodology in the future studies. 
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Figure 6. (a) A sample of on-bridge (blue) and off-bridge 
(black) spectra and (b) the inverse filtered spectrum recorded 
on High Level Bridge. 
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Figure 7. (a) A sample of on-bridge (blue) and off-bridge 
(black) spectra and (b) the inverse filtered spectrum recorded 
on Walterdale Bridge. 
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4 CONCLUSION 
This study performs a real-life assessment of employing 
inverse filtering methodology for two different bridges. New 
methods of creating off-bridge database of vehicle vibrations 
and proposing an energy-based road roughness estimator has 
been applied to improve the performance of the approach. The 
promising results in capturing fundamental frequency of the 
bridges provide evidence of the potential of the proposed 
methodology to be applied in a crowdsourced framework. 
Since the only data acquisition device employed in this study 
was a smartphone, there would not be any vehicle 
instrumentation needed to perform a large scale bridge 
monitoring inside a metropolitan. 

Meanwhile, there are more factors that may affect the 
performance of any bridge monitoring methodology, 
especially the environmental effects. Such effects need to be 
studied in the future and implemented in the inverse filtering 
method in order to achieve a reliable monitoring tool. 
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ABSTRACT: Inspection of bridge structures is an important consideration for governmental bodies as early detection of 
structural damage can facilitate early repairs, theoretically reducing maintenance costs for underfunded infrastructure 
management departments. This paper investigates the use of a computer vision-based system for road profile analysis, 
which can then be used as part of a larger damage detection solution. A brief introduction to traditional methods for this 
task is presented, followed by a state-of-the-art review of computer vision-based approaches. A stereo vision-based 
method developed in Queen’s University Belfast is then detailed in combination with a laboratory trial to validate the 
developed concept in addition to verification of validation methods.  A discussion of the obtained results followed by 
recommendations for future work concludes the paper.     
 
 

KEY WORDS: Computer Vision; Road Profile; Damage Detection.   

1 INTRODUCTION 

A functional road network is key to the social and economic 
development of a nation [1]. 79% of freight transported in the 
UK in 2019 was by road, with 75% of commutes to work also 
occurring by road [2].  The volume of traffic on our road 
networks is increasing yearly, with an increase in car journeys 
of 7.2%, an increase in Light Commercial Vehicle journeys of 
17.6% and an increase of 7.5% in HGV journeys compared to 
5 years ago [3]. Bridges are a critical element of the road 
network, and are particularly vulnerable to damage from 
vehicle strikes, flooding and overloading. While the number of 
bridges rated as substandard has fallen slightly in recent years, 
recent flooding events and damage to bridge structures from 
debris carried by the current is predicted to increase this 
number in future. The estimated cost to bring just the 
substandard bridges to perfect condition is £1.12bn, last year 
the budget allocation was £93m [4]. These reduced budgets 
mean that careful consideration must be given to allocation of 
funds. A report from the National Audit Office [5] emphasised 
the importance of unbiased, consistent data collection to 
facilitate the proper allocation of limited budgets and develop 
a clear picture of the current state of transport infrastructure. 
Structural Health Monitoring (SHM) can provide an objective 
and data driven means of collecting information about bridge 
structures to be used to help decision making for asset 
managers/owners. This paper will provide a brief overview of 
SHM methods for bridge inspection, then will continue with an 
indepth analysis of computer vision based methods of road 
profile detection. The paper will conclude with an exploratory 
laboratory trial to investigate potential approaches for 
validation of the proposed method to be developed by the 
authors.  

2 LITERATURE REVIEW   

 Traditional Methods for SHM 

Traditional methods of SHM for bridges can consist of direct 
attachment of sensors to a bridge structure[6], [7], or indirect 
on site monitoring [8], [9]. These methods can provide vital 
information about a single bridge structure, but they are limited 
in their scope as on site installation is required. In recent years, 
indirect or ‘drive-by’ methods of monitoring have come into 
prominence [10]–[12]. This is where data from a series of 
passes from an instrumented vehicle is used as a means of 
monitoring the response of the bridge structure to loading. 
Repetition of these inspections over a long time period can 
show any changes to response, potentially indicating damage 
to the structure. Metrics that can be used to determine bridge 
damage include, but are not limited to: Acceleration responses 
[13] , mode shapes[14], vibration[15], frequency analysis[16] 
and apparent road profile [17], [18]. The system that will be 
developed for this project will eventually be placed in a series 
of busses and used for infrastructure monitoring in a similar 
fashion to the work presented in [19]. For this reason, road 
profile monitoring for damage detection was chosen as the 
metric to investigate. Road profile monitoring allows for 
analysis at regular cruising speed of inspection vehicles, which 
was a vital consideration when selecting a damage indicator.  

 Road profile as a Damage Indicator 

The use of apparent road profile as a damage was first explored 
in the work by [17]. Their work involved using a traffic speed 
deflectometer to calculate the relative distance between the 
pavement surface and an element of the truck. This is then used 
to compute the “apparent profile” (AP), which is the sum of the 
road profile and the bridge displacement history. This was 
continued using simulative models of a non-specialist vehicle 
instrumented with accelerometers in [20]. While this was a 
useful demonstration of the process, the goal of the work in this 
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project is to perform the same analysis using computer vision 
systems for road profile calculation that can be validated in 
laboratory and field trials. 

 Road profile guidelines and alternative methods for 
data collection 

There are guidelines in place for the grading of roads in order 
to facilitate budget management for asset owners, the methods 
(listed in later sections of this paper) provide the necessary 
information for the evaluation of road sections according to 
these guidelines. A brief overview of the prevalent means for 
grading will be presented below before the evolution of vision 
methods for gathering road profile data is investigated. The 
most commonly used framework for the assessment of road 
profile condition is the International Roughness Index (IRI) 
[21]. The IRI of a section of road is defined as the response of 
a quarter-car model to that road section. IRI can be measured 
with a variety of devices fitted to vehicles, such as contact 
profilometers, accelerometers, laser profilometers and vision-
based systems. A comparison of the implementation of IRI 
around the world can be found in the study by [22]. Other  
frameworks currently employed are the Present Serviceability 
Rating (PSR) [23] and the Structural Condition Index (SCI)  
[24].  
 

 Alternative Methods for Pavement Data Collection 

There are various non vision-based methods used for  pavement 
data collection, such as manual inspection using profilometers 
[25] for road reconstruction, accelerometer based sensing 
approaches[12], [26], laser scanning [27]–[31] and hybrid 
sensor fusion systems [32]–[35]. These methods all have 
benefits such as extremely high accuracy (laser scanner, sensor 
fusion) or ease of setup and low cost (manual inspection, 
accelerometers). Drawbacks of these systems are extremely 
high cost (laser scanners), complex setup and synchronisation 
issues (hybrid systems) and slow data collection (manual 
profilometer). In contrast to these methods, vision methods are 
inexpensive, easy to set up and can potentially produce accurate 
results in real time. For this paper we will focus on stereo vision 
based systems as the additional information provided by depth 
calculation from disparity map generation is extremely useful 
for generating accurate road profiles.   

 Vision Based Methods for Pavement analysis  

Stereo vision-based systems can provide additional insight 
on road condition due to their ability to provide depth on the 
road which facilitates pothole and crack detection and road 
reconstruction.  Stereo vision obtains depth information by 
calculating the disparity between images captured by two 
cameras whose parameters (location, focal length etc.) have 
been obtained by a process of stereo calibration. This usually 
involves capturing images of a patterned object with both 
cameras and using a feature extraction process to determine the 
location of points in the view frame of each camera. These 
known locations can then be converted from image to physical 
coordinates and used to determine the position of the cameras 
in relation to each other. This information can then be used in 
tandem with images captured by the cameras to calculate 
disparity between images. Disparity is the amount of horizontal 
distance between an object in the left image of a stereo vision 

setup compared to the position in the right image. This value 
can then be used to compute a disparity map, which can be used 
to calculate the distance of scene elements from the camera.  
Traditional approaches can be broken down into local, semi-
global and global matching methods. Local matching is where 
a constant block from one image is used as a means of 
comparison to a region/block in a paired image, with the region 
that has the highest correlation/lowest cost being selected for 
disparity map generation. This method is commonly referred to 
as Winner Take All(WTA). Semiglobal matching was 
introduced by [36] and involves calculating line optimisation in 
multiple directions around a pixel p. A cost aggregation 
S(p,d)(Figure 1) is performed by calculating the total cost to 
reach p from disparity d in multiple directions( generally 8 is 
used). 

 
Figure 1 Cost aggregation from [36] 

 Semiglobal matching can be a memory intensive process, 
however recent GPU based approaches([37])  have resulted in 
improvement to running time for this algorithm. Global 
matching is where a depth solution is used to warp a reference 
image to match a second paired image and the similarity 
function between the warped image and the actual second view 
is the global match measure. The best measure for global 
matching is then used as a parameter for a search problem that 
finds the associated depth map for the images. One approach to 
global matching for stereo by Tao [38]uses an incremental 
warping approach to reduce computational time during 
calculation. Early exploration of stereo vision for road analysis 
focussed on correctly identifying the road surface, such as the 
works by [39]–[41]. Once the road surface area could be 
correctly identified focus could shift to pavement distress and 
road reconstruction The work by [42] used stereo vision to 
obtain longitudinal profile estimation of road sections via a v-
disparity map calculation. The results obtained were not 
compared to any means of accuracy verification in the study 
meaning no concrete conclusions about the applicability of this 
study for field deployment could be made. A study by [43] used 
4 cameras to monitor a 4-metre wide section of road for the 
purposes of road profile calculation with each camera 
responsible for 2 metres of pavement, unfortunately this study 
also had no means of verification for captured data. The study 
in [44] used an enhanced v-disparity map to calculate the 
longitudinal profile of road sections, but the familiar pitfall 
applies in that no concrete results are supplied with the study 
so it is in effect a purely theoretical implementation. A road 
profile calculation study that did provide verifiable results was 
the work by [45], where a RANSAC [46] approach was used to 
obtain prediction accuracy of 80% when compared to the 
KITTI  [47] road image dataset. Another  study which used the 
KITTI dataset as a comparator was the study by [48], where the 
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ground geometry of road sections was determined by use of a 
point cloud creation system based on calculated disparity maps. 
While this study did obtain promising results, (~80% compared 
to KITTI), the use of point cloud calculation adds a significant 
computing overhead to the system, meaning it may not be 
deployable on embedded devices for road profile monitoring. 
The authors of [49] broke from the common assumption that a 
road surface should be treated as a planar surface, instead 
opting to represent the calculated profile as a Kalman filtered 
B-spline curve.  This resulted in improved accuracy on road 
sections where there was a gradual incline or decline on the 
road profile, as previously this would have caused disparity 
map calculation to fail. This can be seen in Figure 2

 
Figure 2 Comparison of free-space calculation using (top) a 
planar road surface and (bottom) a B-spline representation of 
the road surface from Wedel. 

 A study that did not assume any preconceived ideas for road 
surface shape was the work presented in [50]. This study 
detected the road surface based on a non-parametric depth-
based algorithm. Their method outperformed the work by [42] 
on three separate image datasets. A real time method for stereo 
road reconstruction was presented in [51]. This method 
performs a perspective transformation before bilateral filtering 
of the calculated disparity map, which reduces processing time 
and opens the possibility of real time operation. The bilateral 
filtering is a time consuming step and could be replaced by an 
anisotropic or permutohedral filter in order to reduce 
processing time and allow deployment on embedded 
microcomputer with stereo camera setups.  From the review of 
the state of the art carried out for this paper, it is the opinion of 
the authors that future systems to be embedded in inspection 
vehicles should consist of the following components for road 
reconstruction: 
1) The system should be a stereo based system as the 

additional information provided by depth calculation from 
disparity map generation is extremely useful for 
generating accurate road profiles.  

2) The system should not attempt to constrain the road 
surface points into a planar or precalculated surface, a 
flexible nonparametric system such as the one found in 
[50] will be more adaptable to varying gradient found in 
real world scenarios.  

3) A perspective transformation similar to the one from [52] 
should be considered for implementation in the proposed 
system, as this would reduce the effects of non parallel 
monitoring angles from the cameras mounted in the 
inspection vehicle.   

4) A large portion of the images used in road profile analysis 
trials are taken from still images from a tripod& camera 
setup. It is desirable to validate the performance of the 
system on images captured in real time under dynamic 
conditions.  

It is also the opinion of the authors that an embedded system 
paired with a camera should be used in inspection vehicles to 
allow for live monitoring and reduce data storage requirements 
for video/images. An example of this would be the Jetson 
Nano/Zed Stereo camera setup shown in Figure 3. 

 
Figure 3 ZED Stereo Camera and Jetson Nano microcomputer. 

This type of setup was used in the laboratory trial carried out in 
the following section. For this early trial a non-CNN based 
method for disparity map calculation was carried out. This was 
only analysed on still images from the captured videos during 
the trial.  
 

3 LABORATORY MODEL STUDY  

 Experimental setup 

A 1:5 scale model bridge model was constructed in the 
laboratory to represent a section of a beam and slab road bridge 
at Loughbrickland in Northern Ireland, United Kingdom (UK), 
The bridge span is 18.8 m, the superstructure consists of 27 no. 
prestressed concrete Y4 beams, each 1 m in depth, spaced at 
1.22 m centres. The prestressed beams work compositely with 
a 200 mm overlaid cast in-situ concrete deck. In the design of 
the model the prestressed concrete beams where simplified in 
shape for casting and a 50mm thick. 1.2m wide reinforced 
concrete deck was cast in situ to form the road surface. The 
construction phase is documented in Figure 4, The resulting 
road profile according to ISO Standard (ISO 8608: 1995)    
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Figure 4 Construction Phase of Testing Apparatus 

A Zed 2 stereo camera was used to capture the images used in 
this trial. A Zed camera consists of two 2.12mm length lenses 
with a baseline of 120mm between the cameras and a inertial 
measurement unit with a resolution of .244mg and a range of 
+/- 8G. An additional goal of this trial was to determine if the 
IMU in the Zed camera could be used as a means of providing 
acceleration readings that could be double integrated to obtain 
displacement readings for the location the camera was mounted 
to. To verify the readings of the Zed IMU, a series of G-Link-
200-8G wireless triaxial accelerometers were attached to the 
trolley and the readings were logged. For image capture, the 
camera was mounted on to a loading trolley that had weights 
placed upon it as shown in Figure 5.  

 
Figure 5 Loading Trolley on Model Bridge 

The weighted trolley was then moved across the model bridge 
and recordings were captured by the camera at 30 fps during 
this process.  As the camera was perpendicular to the road 

surface, perspective transformation was not an issue in this 
trial. The images were analysed using the Matlab Computer 
Vision Toolbox.  

 Algorithm Details 

The semi-global matching algorithm proposed by [53] was 
used as the basis for the initial analysis of the images captured 
from the trial. As explained above, sme-global matching 
computes disparity by calculating the cost of pixel matching in 
numerous directions around features in left and right images 
from a stereo rig and selecting the best match according to the 
accumulated cost. A sample image from the ZED camera is 
shown in Figure 6 

 
Figure 6 Image from the ZED Camera obtained during the trial. 

The disparity between the images was calculated and the 
results are shown in Figure 7. 

 

 
Figure 7 Disparity Map from Laboratory Trial 

It can be seen in Figure 7 that the dividing line between the 
timber onramp and the model bridge and the damage section of 
the concrete deck has been detected by the disparity 
calculation. The depth readings for the camera to the deck 
surface along a horizontal line across the centre of the image 
read to within ~1mm of the true value, which was verified by 
laser distometer to be 30mm. There was some deviation for the 
points that were not perfectly parallel to the camera lens, but 
the profile of the deck in the depth calculation appears to be 
accurate. This shows that the setup demonstrated for this trial 
is capable of capturing accurate images while the test vehicle is 
in motion. Further verification of the system performance 
where the surface profile is not perfectly smooth is required to 
consider this approach suitable for use in all situations. 
Additionally the images were extracted from the video file for 
analysis, a complete disparity map calculation pipeline where 
readings are computed on the fly is required for real time 
analysis of road profile. 
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 Sensor Comparison 

The readings from the onboard IMU were compared to readings 
from a wireless accelerometer placed on a trolley, the results 
are shown in Figure 8. 

 
Figure 8 Comparison between Wireless sensor and Camera 
IMU 

As can be seen from the figure, the accelerometer in the camera 
is not sensitive enough to get any useful information from this 
structure.    Figure 8 shows the 
acceleration from the wireless sensor placed on the trolley 
compared to the camera's same acceleration. The camera data 
(orange line) does not reach the same magnitudes. In terms of 
frequency data, Figure 9 shows how the camera data does not 
oscillate the same way as the wireless sensors data and so any 
frequency extraction would not be possible. 
 

 
Figure 9 Wireless accelerometer data and camera 

accelerometer data (Zoomed in) 

 
 

4 CONCLUSIONS AND FUTURE WORK 

The system presented in this work is a prototype of a damage 
detection solution for bridge structures. Demonstration of 
successful pavement analysis is a valuable first step and proves 
the viability of the concept, additional functionality is required 
in future iterations of the method. Development of the 
following functionality is currently underway in QUB: 

• Image pipeline for analysing videos in real time. 

• Constructing a bridge road profile from separate 
frames to gain an understanding of the whole 
structure.  

• Pairing of tyre response from instrumental 
measurement to road profile to compute the 
apparent profile of the bridge deck. 

• Development of an autoencoder [54] for use in 
detecting damage in road crossing scenarios. This 
could potentially be done through use of a Generate 
Adversial Network (GAN) [55] to construct 
additional scenarios to reduce overfitting of the 
trained autoencoder.  

• Laboratory and Field Trials to collect data for use as 
a means of training the autoencoder for damage 
detection.  
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ABSTRACT: Ship identification is an important part of load monitoring in bridge health monitoring systems for cross-river or 

cross-sea bridges. Presently, increasing concern is being paid by worldwide bridge authorities to ship-bridge collision risk 

reductions. This paper proposes a vision-based framework for ship segmentation using a presented attention-guided multiscale 

region searching approach using ship monitoring images (especially high-resolution images) in bridge areas. The ship searching 

approach consists of two steps: (1) attention-guided multiscale sampling technique, which employs low-rank and sparse 

decomposition method for candidate region filtering to improve the efficiency; and (2) ship region detection technique, which is 

aiming to eliminate the ineffective candidate regions and completed by a single-shot convolutional neural network for precise 

region detection. Eventually, accurate ship contours are extracted by the proposed corner-point-based convex hull finding (CP-

CHF). Discussions about the efficiency of the sampling technique and CP-CHF are also presented. The application shows the 

accuracy and consistency of the proposed ship segmentation framework. 

KEY WORDS: Ship segmentation; Bridge-ship collision avoidance; Computer vision (CV); Attention-guided multiscale 

sampling; Convolutional neural network (CNN). 

1 INTRODUCTION 

With the rapid development of bridge construction and the 

shipping industry, the conflict between ships and bridge piers 

is becoming more evident. As a non-negligible load, the 

impact of a ship poses a considerable threat to the safe service 

of piers [1,2]. Therefore, in order to meet the requirements of 

bridge health monitoring, anti-ship collision warning for piers 

is imperative. In addition, accurate ships identification, which 

can provide more useful quantitative information, is the most 

important step of a pre-warning system. 

Ship identification, as an important field of study, has 

attracted numerous researchers during past decades. Many 

methods have been proposed to achieve accurate and efficient 

identification. The conventional methods include: automatic 

identification system (AIS), vessel monitoring systems, air- 

and space-borne synthetic aperture radar (SAR) systems, ship- 

and land-based radars, and air- and space-borne optical 

sensors. Over-the-horizon radar can detect ships at a range of 

2000km or more when using sufficient resolution in the radar 

spatial and Doppler frequency domains [3]. Lee et al. 

presented a multi-frame algorithm for detecting and tracking 

ships in an infrared image sequence [4]. Optical satellites can 

also be employed for maritime security. Corbane et al. 

developed an operational ship detection algorithm using high 

spatial resolution optical imagery to complement existing 

regulations [5]. A future system that integrates data obtained 

by remote sensing and upcoming AIS satellites was analyzed 

through the development of a novel design method for global, 

discontinuous constellation coverage [6]. Inspired by the 

multilayer selective cognition property of the human visual 

system, Wang et al. proposed a new hierarchical saliency 

filtering method for fast and accurate ship detection in high-

resolution SAR images [7]. Ship detection algorithms based 

on machine learning techniques using optical remotely sensed 

images have been developed to strive for better results [8-12]. 

However, these conventional approaches need specific and 

expensive equipment, such as satellites, unmanned aerial 

vehicles (UAVs), and radars. They acquire information over 

long distances and cannot identify ships in real time. To 

identify ships more inexpensively and efficiently, normal 

visible-light sensors, i.e., consumer-grade cameras, have been 

introduced into the field [13,14]. 

In recent years, techniques for understanding visible-light 

images automatically (i.e., computer vision) have shown great 

advancement. In the field of civil engineering, computer 

vision helps researchers create more intelligent algorithms to 

facilitate the information of civil engineering [15,16]. Object 

identification, mainly including detection and segmentation, is 

one of the most popular research verticals in computer vision. 

These traditional vision-based methods output simple markers 

by directly processing image pixels. However, such an 

approach has certain limitations, for example, the requirement 

for predesigned filter-based detectors, the need to assume 

object geometry, and restrictions on specific optical devices or 

images [17]. Furthermore, their performance primarily 

depends on manual parameter settings and the simplification 

of actual scenarios to suppress interference. 

A better understanding of the mechanism of human nerve 

conduction has promoted the rapid development of deep 

learning technology. Deep learning has further accelerated the 

development of computer vision, especially in the field of 

object detection. Unlike regular neural networks, deep 

learning extracts the high-level features of objects [18]. In 

civil engineering, deep learning-based algorithms are also 

receiving broad application. For ship detection, Liu et al. 

introduced a rotated region-based CNN (RR-CNN), which 
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could learn and accurately extract features of rotated regions 

and locate rotated objects precisely [19]. However, almost all 

of the present state-of-the-art deep learning-based object 

detection methods use small images as experimental content, 

which are typically a few hundred pixels by a few hundred 

pixels in size. 

With improvements in camera technology, it is obvious that 

images are usually a few thousand pixels by a few thousand 

pixels in size, or even larger. Thus, the application of deep 

learning technology to high-resolution images is a topic worth 

exploring. The most common practice at present is to reduce 

high-resolution images to low-resolution images for deep 

learning models. The principle followed by this method is 

called the sliding window (SW). However, the shortcoming of 

SW is also well known, which is that, the sampling of 

candidate windows is too dense, and if multiscale detection is 

considered, the calculation efficiency is quite low. Therefore, 

reducing the number of candidate windows based on prior 

information is a key issue. An omnidirectional intersected 

two-dimension scanning (OITDS) strategy was designed to 

rapidly extract candidate regions from high-resolution satellite 

images by Bi et al [20]. In view of the characteristics of a ship 

detection scene and the human visual detection mechanism, 

the detection of surface ships can be regarded as a problem of 

sparse component detection. Yang et.al introduced low rank 

and sparse decomposition (LSD) method into the field of civil 

engineering and had done lots of leading work [21,22]. Thus, 

using an LSD method to emulate the human visual attention 

mechanism has entered the scope of consideration. 

 

 

Figure 1. Framework of vision-based ship segmentation 

method. 

Inspired by the aforementioned methods, this paper 

proposes a vision-based framework for ship segmentation by a 

presented attention-guided multiscale region searching 

approach using ship monitoring images (especially high-

resolution images) in bridge areas. Figure 1 summarises the 

segmentation framework, separating into two parts: ship 

searching (coarse scale) and contour extraction (fine scale). At 

first, a novel multiscale sampling method called dichotomy 

with overlapping (DWO) is proposed, to deal with images for 

candidate ship region partitioning. An attention mechanism 

based on LSD is introduced to make DWO more effective. 

Then, a single-shot CNN (SS-CNN) is employed to perform 

detection tasks for multiscale inputs. Fusion strategy is 

adopted to deal with multiscale outputs to generate the final 

ship region with bounding boxes. Finally, the ship contours 

are extracted by the proposed corner-point-based convex hull 

finding (CP-CHF). 

 

2 METHODOLOGY 

2.1 Attention-guided multiscale ship region searching 

approach 

With the development of imaging techniques and equipment, 

images with high megapixel resolution have been widely 

applied in the surveillance field. Higher resolution means 

more sensing units for object detection, offering more 

information about the environment, which is especially crucial 

for small-scale objects. However, present state-of-the-art 

methods for object detection with CNNs usually have inputs 

smaller than 1920×1080 pixels. Thus, methods for detecting 

objects in the high-resolution raw images without information 

loss is an area of concerns. 

 

 

 

Figure 2. Generation of candidate windows by two methods. 

The most widely used methods can be divided into two 

categories: increasing computational power and decreasing 

the complexity of inputs. Apparently, the latter is more 

feasible for most researchers and industry applications. 
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Cutting high-resolution images into multiple low-resolution 

ones is the main idea for decreasing complexity, i.e., the SW 

technique. As shown in Figure 2 (a), considering that the size 

of the raw image is M × N, the size for input to the CNN is mi 

× ni (mi = ni in most cases, i is the level of the sampling scale). 

Usually, the size of the sampling window equals the input size, 

and slides with the step of ki and ji respectively. Then, the 

numbers of multiscale sampling windows (W1) can be 

calculated using Eq. (1) (p is the number of sampling times): 

 
1

1

1 1
p

i i

i i i

M m N n
W

k j=

  − −
= + +  

  
  

(1) 

This sampling method retains enough details from the raw 

images, but with great consumption of computational power. 

To make such an SW technique more efficient, this study 

proposes the sampling method called DWO (shown in Figure 

2 (b)). The raw images are divided into four sections at each 

sampling scale with an overlapping step of the same size. 

Then the numbers of multiscale sampling windows (W2) can 

be calculated using Eq. (2): 

 1 2

2

1

(2 1)
p

i

i

W +

=

= −
 

(2) 

DWO is a case of the SW method. For example, when i = 1, 

mi = ki = M /2, ni = ji =N /2. The advantage of the proposed 

method lies in determining the scales of sampling more 

intuitively. Based on the proportion of objects in the whole 

image, p can easily be adjusted according to priori knowledge. 

However, for images with extremely high resolution, the cost 

of calculating DWO is still large. Therefore, a candidate 

window filtering method based on the attention mechanism is 

introduced to further improve computational efficiency. 

Intuitively, ship detection is a sparsity extraction problem, 

because the distribution of ships in the shipping channels is 

approximately sparse and random from a matrix perspective. 

Through an analogy to small inferred object detection [23], 

detected ship images in this study are modelled with Eq. (3): 

 
( , ) ( , ) ( , ) ( , )D T B Nf x y f x y f x y f x y= + +  (3) 

where fD, fT, fB and fN are the original detected ship image, the 

ship image, the background image and the random noise 

image. In practical applications, a target ship often changes in 

size and grey values. However, it is generally small relative to 

the whole image, thus the ship image fT can be considered a 

sparse matrix, and can be illustrated as Tf k , where 
0

    is 

the 0 -norm which counts the number of nonzero entries, and 

k is determined by the number or size of the target ships. 

Apparently k << m×n (m, n are the width and height of fD), 

means that most of the entries of fT are zeros. Due to the light 

reflection characteristic of water, the background of the ships 

is usually approximately linearly correlated between different 

sections of the raw images. Thus, fB can be considered a low-

rank matrix as described by rank( )Bf r  (r is a constant). 

Random noise is assumed to be independent and uniformly 

distributed, and thus Nf   for some δ>0. With the help of a 

fast principal component pursuit (FPCP) algorithm,[24] the 

issue of decomposing fT becomes a convex optimistion 

problem, as shown in Eq. (4): 

 2

* 1,

1
min

2B T
B T D B T Ff f

f f f f f+ + − −  
(4) 

A natural approach to solving Eq. (4) is alternating 

minimistion: 

 1 arg min . . ( )k k

B B T D BF
B

f f f f s t rank f t+ = + − =  
(5) 

 1 1

1
arg mink k

T B T D TF
T

f f f f f+ += + − +  (6) 

The sub-problem shown as Eq. (5) can be solved by 

computing a partial (with t components) SVD of D - Sk. The 

solution to Eq. (6) is simply element-wise shrinkage (soft 

thresholding) shrink (D - Lk+1, λ), where 

 ( , ) ( ) max 0,shrink x sign x x = − . By adjusting the value of λ, 

ship components (i.e., the attention map) can be extracted 

from the original high-resolution images (e.g., that shown in 

Figure 3).  

 

 

 

Figure 3. High-resolution sample image and its sparse 

component. 

The attention region is defined as the window in which the 

ship components appears among the candidate windows. A 

threshold value ε is used to control the proportion of the 

window taken up by the ship component. As shown in Figure 

4, fewer candidate windows are generated by attention-DWO 

than by DWO. 
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Figure 4. Schematic figures of DWO and attention-DWO for 

multiscale sampling. 

Recent years have seen great improvement in the field of 

object detection with the growth in CNNs. Region-based 

object detection methods divide the detection process into two 

stages, region proposal and object classification, producing a 

marked increase in the accuracy of object detection. However, 

the speed of the two-stage method limits the wide application 

to real tasks. To change from two-stage to one-stage, i.e., to 

SS-CNN, detection is converted into regression, and the 

region proposal process is abandoned. The ship detection 

framework employed in this study was proposed by Liu et al. 

[25], and is called single shot multibox detector (SSD). 

After the raw images sections obtained by multiscale 

sampling are fed into the SSD, different detection results for a 

single ship will appear nearby the ground-truth. How can we 

filter those bounding boxes from different scaled inputs to 

obtain the final single box for each ship? Assuming there are r 

ships to be detected, and x inputs are fed into the network, and 

x detection boxes (Bi, i belongs (1, x)) will be predicted, the 

fusion method is described in Eq. (7):  

 

1

,    . .  (0< <1)
final i

r rx
i jr r

r r
i i j

B B
B B s t

B B
 

=

=   
(7) 

2.2 Ship contour extraction by CP-CHF 

Local features (or local descriptors) are widely utilised 

because of their promising performance and their uniqueness 

for a variety of geometric and luminosity transformations. For 

ship detection, corner detector is one of the most used local 

features for finding the intersection of two edges. The use of 

corner points to characterise the original ship area is 

convenient both in terms of calculation and storage. 

Commonly employed corner detectors include: Harris 

corner detector [26], good features to track (GFTT) [27], local 

scale-invariant features (SIFT) [28] and binary robust 

invariant scalable key points (BRISK) [29]. These corner 

detectors effectively find the ship corners of the ship area 

according to different theories. Because ship segmentation 

requires contours to characterise the results of the 

segmentation, it is necessary to look for outer contours for 

these point sets. A simple method of outer contour finding 

proposed by Sklansky [30] is introduced to find the simple 

polygons of convex hulls for ships. The algorithm is described 

briefly as follows:  

Let P = < V’1, …, V’m > denote a counterclockwise 

sequence of vertices of an m-vertex polygon.  

Step 1. Find one of the four extremal vertices (VL, the 

leftmost; VR, the rightmost; VT, the top; VB, the bottom). 

Suppose VL is found, and suppose VL = V’k. Then let 

 
'

1

' '

2 1 1mod

,

,...,

k

k m m k m

V V

V V V V+ + −

=

= =

 
(8) 

Step 2. Compute the quantity Si, to determine whether Vi is 

a convex vertex of P as follows: 

 
1 1 1 1 1 1( )( ) ( )( )i i i i i i i i iS x x y y y y x x+ − − + − −= − − + − −  (9) 

Let (xi, yi) denote the Cartesian coordinates of Vi. If Si < 0, 

Vi is a convex vertex. if Si ≥ 0, remove Vi; otherwise progress 

to Vi+1.  

Step 3. Stop the process of the removal of non-convex 

vertices when V1 is reentered. 

 

3 FIELD TESTING RESULTS 

3.1 Data preparation 

The image data used in this study was divided into two parts: 

one is for training SS-CNN models, the other for testing the 

effectiveness and consistency of the proposed approach. 

For training the models, inspired by ImageNet [31], all 

training images are searched and downloaded from the 

Internet. A total of 500 images including cargo, passenger, 

and navy ships of different sizes were captured from different 

angles of view under various light conditions. To make the 

learned model more robust to different scales and rotation 

angles of ships, a data augmentation technique was employed. 

The augmentation principle is described in detail in Liu et al 

[25]. After processing, the number of images increased to 

1500. All images then were resized to 300 × 300 pixels to fit 

the requirement for SS-CNN input.  

For testing, images taken by a consumer-grade camera 

(SONY α6000) at Wuhan Yangtze River Bridge, were used to 

represent the conditions of bridge areas. The camera was 

mounted on a girder under the bridge deck and faced the 

shipping channel. The focal length of the camera was 35-210 

mm. The eight testing images in this study were shot from 

different angles of view and focal lengths. 

 

 

Figure 5. Testing images under different conditions. 

The eight images (6000×4000 pixels) employed in this 

paper are shown in Figure 5. Figure 5 (1) is a single ship 

against a normal background, (2) is a single ship with a 

complicated background, (3) shows two differently scaled 

ships against a normal background, (4) includes two ships of 

different types with a complicated background, (5) is two 

ships with occlusion, (6) is two ships with an inverted 
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reflection in the water, (7) displays multiple ships of different 

sizes, and (8) shows multiple ships in foggy weather.  

3.2 Data preparation 

To detect ships of different sizes efficiently, attention-DWO 

was applied to the eight raw testing images. The FPCP 

technique was used to obtain attention maps of raw images. In 

theory, the optimal solution for parameter λ 

is 1/ max( , )M N =  [24]. In this study, M = 6000, and N = 

4000, thus λ = 0.01291. The attention maps (the sparse 

components) are shown in Figure 6(a). As seen from the 

attention maps, the response to the ship regions is obvious, 

and the ship areas are clearly indicated. However, in images 

(2), (4), (5) and (6), when the background is very complex, a 

large amount of background interference is also mixed with 

the sparse component. This illustrates the necessity of SS-

CNN.  

 

 

(a)                (b)                (c)                 (d) 

Figure 6. Field testing results. 

According to the ratio of target ships to the whole image, 

two-grade sampling scales were used. In Figure 6(b), the blue 

rectangles represent the first level of sampling and the yellow 

rectangles represent the second. The parameter ε is set to a 

value of 0.01. According to the experimental results, a 

parameter value between 0.01 and 0.05 can effectively 

remove noise interference. It can be concluded that the 

application of attention-DWO greatly reduced the number of 

candidate windows. 

The ship detector SSD was trained for 12000 epochs with 

the training dataset. The experimental hardware environment 

included: an Intel Xeon E5-2620 v4 CPU, a Nvidia GTX 1080 

Ti GPU with 11 GB memory, and 128 GB of computer 

memory. The deep learning framework employed was Keras 

[32] with a Tensorflow backend [33].  

The detection results are shown in Figure 6(c). The blue and 

yellow boxes represent the detection results from the first and 

second level of sampling, respectively. The green boxes are 

the fusion results. Large ships can be found at the first level of 

sampling, and small ships are better detected at the second 

level. Meanwhile, the background interference is removed 

effectively by the detector. 

To extract ship contours from detected bounding boxes, 

Harris corner points were employed. The Harris corner 

detector takes the differential of the corner score into account 

with reference to direction directly, providing good 

repeatability under changing illumination and rotation. The 

initial parameters for Harris corner detector are the false 

values in OpenCV [34]. The corner points are found mainly 

around the outer contour of the ship and where the texture of 

the ship changes dramatically. Convex hull detection can 

effectively locate the outer contour of the ship. As shown in 

Figure 6(d), red regions are the segmentation results by CP-

CHF using Harris corner points. For large targets, the method 

can accurately and effectively extract the outer contour of 

ships. For small targets, the contour extraction is inaccurate 

because there is less target pixel information. 

 

4 CONCLUSIONS 

This paper presented a vision-based framework for ship 

segmentation by a novel attention-guided multiscale region 

searching approach. The proposed method realised the fine 

segmentation of ship regions by using finite manual labelling 

information (i.e., bounding boxes). The following conclusions 

can be drawn: 

(1) A new multiscale sampling strategy called DWO was 

proposed to filter candidate ship regions. The number of 

candidate windows generated by DWO was only 63% of that 

of SW, which greatly improved the efficiency of multiscale 

sampling under the premise of a close sampling scale. In order 

to further accelerate the processing speed, an attention 

mechanism based on LSD was introduced into DWO, called 

attention-DWO. For attention-DWO, the number of candidate 

windows was further greatly reduced, and the average 

reduction rate was 28% that of SW. 

(2) SSD was employed in this study to remove the influence 

of complicated backgrounds and to find the bounding boxes of 

ships. Complex backgrounds have a significant impact on the 

number of candidate windows generated by attention-DWO. 

SSD effectively removed background interference and 

prevented false positives. A dataset for ship detection was 

created by manual labelling with only bounding boxes. The 

SSD model was trained to perform a detection task to prepare 

for CP-CHF. The fusion method used could effectively handle 

multiscale detection results. The CP-CHF was introduced for 

unsupervised ship contour extraction.  

In practice, it was observed that the segmentation effect for 

small targets was not as satisfactory as for large ones. The 

optimisation algorithm used in the contour extraction step 

should also be emphasised. Future work will integrate the 

three components into a trainable end-to-end network model 

to enable higher efficiency and more convenient industrial 

applications for ship segmentation. The proposed method also 

has limitations for ship identification in nighttime and heavily 
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foggy weather, infrared cameras will be explored to solve this 

issue in the future. 
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ABSTRACT: In a structural health monitoring (SHM) system that uses digital cameras to monitor cracks of structural surfaces, 
techniques for reliable and effective data compression are essential to ensure a stable and energy-efficient transmission of crack 
images in wireless sensing platforms such as drones and wall-climbing robots. Compressive sensing (CS) is a powerful signal 
processing technique, using the sparsity regularization. It allows accurate recovery of a signal from a sampling rate much smaller 
than the limitation of the Nyquist sampling theorem. Its hardware implementation allows down sampling of signals during the 
sensing process. Hence, CS methods can achieve significant energy saving for the wireless sensing devices. However, for the 
reconstruction of traditional CS methods, the strong assumption of the signals being highly sparse under certain bases is relatively 
hard to guarantee for many structural crack images. Generative adversarial network (GAN) has powerful capability to learn 
features of targeted images and is able to effectively capture low-dimensional representations of high-dimensional images. By 
exploiting the dimensionality reduction effect of GAN, we present a new approach of CS that replaces the sparsity regularization 
with a GAN model. Based on this new CS method, we developed a recovery framework of compressed crack images for automatic 
crack segmentation, in which crack images are reconstructed by directly optimizing the low dimension representation learned by 
GAN. In our experiments, taking advantage of the strong capability of GAN to capture the necessary features required for the 
crack segmentation task in compressed image data, we demonstrated the remarkable reconstruction precision, calculation speed 
and robustness toward noise of our recovery framework, even though the backgrounds of images are not well reconstructed. 

KEY WORDS: Structural health monitoring; Automatic crack segmentation; Wireless sensing platforms; Compressive sensing; 
Generative adversarial network. 

1 INTRODUCTION 
The cracks of structures have serious impact on many functions 
of the designed structure, therefore, cracks on the surfaces are 
important sign of structural damages. And the crack detection, 
especially the automatic crack segmentation is an important 
task of structural health monitoring (SHM). In the SHM 
systems that use wireless sensing platforms to collect images 
for crack detection, the capacity of image data is much bigger 
than that of the traditional one-dimensional time series signals. 
Hence, the image sampling, storage and transmission process 
will cost a lot of energy, and the working duration of wireless 
sensing platforms will be greatly reduced. 

Compressive sensing (CS) [1] is a newly developing signal 
processing technology which has been developed continuously 
in the past decades. It can synchronize the data sensing and 
compression process, which greatly alleviates the pressure of 
power consumption for wireless sensing platforms equipped 
with image sensors. At the same time, by assuming that the 
original data is highly sparse on specific bases, it can achieve a 
higher data compression rate than that of other traditional 
methods. However, due to the difficulty in guaranteeing the 
sparsity of real structural crack images, the application of the 
CS method in SHM is severely limited. 

Generative adversarial network (GAN) [2] has a strong 
capability to capture the physical features of training datasets. 
Based on this, this paper studied a new CS method for real 
crack images using GAN model, which replaces the sparsity 
constraints in other traditional CS methods. In our method, a 

deep convolutional generative adversarial network (DCGAN) 
is trained to learn features of crack in structural images, and a 
new crack segmentation framework that only use small amount 
of CS measurements is proposed based on GAN, which has no 
requirement on the sparsity of original image data. 

The rest of the paper is organized as follows: Section 2 is an 
introduction to the principles of GAN model and CS method. 
And the integration of GAN model and CS method for our 
crack image segmentation framework is also explained. The CS 
experiments using real data are presented in Section 3 with 
comparison to other CS algorithms using sparsity constraint, 
followed by the conclusions at the end. 

2 METHODOLOGY 

 Compressive sensing 

CS is an efficient signal processing technique to compress a 
signal with a sampling rate much smaller than that required by 
the Nyquist sampling theorem, and then to reconstruct the 
original signal back accurately. 

During sampling stage of CS methods, the data compression 
is synchronously achieved by a random linear observation of 
the original data 𝐟: 

 𝐲 = 𝚽𝐟 + 𝛆 (1) 

where, 𝐲  represents the compressed data; 𝐟  stands for the 
original data, for CS of crack images, 𝐟 represents a complete 
image matrix rearranged as a vector; 𝚽 represents the random 

Compressive sensing of images for automatic crack segmentation based on generative 

adversarial network 
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linear observation matrix, which is easy to be implemented in 
the sensor, and the number of its rows is less than the number 
of its columns, therefore, data compression can be realized by 
matrix multiplication; 𝛆  represents the random noise 
introduced by the process of compression, transmission and so 
on. 𝐟 ∈ ℝ𝑁, 𝚽 ∈ ℝ𝑀×𝑁, 𝑀 ≪ 𝑁, and 𝛆 ∈ ℝ𝑀. 

Since the number of rows in the observation matrix is far less 
than the number of its columns, the decompression process 
(i.e., the reconstruction of original data) is theoretically a highly 
underdetermined problem with numerous possible solutions. 
So as to solve the linear underdetermined equations, it is 
necessary to reduce unknowns or add other constraint 
equations. For CS, Candes et al. [3] has proved theoretically 
that under certain conditions, the sparsity of original data can 
be used as a constraint to achieve high-precision reconstruction 
of original data at a sampling rate far less than the Nyquist 
sampling rate. 

However, the sparsity constraint of original data is often not 
easy to guarantee in practical application, such as the structural 
crack images with different backgrounds. Once the original 
data is not sparse enough under the specified bases, the 
accuracy of reconstructed data cannot be guaranteed by 
traditional CS methods, so the practical usage of CS methods 
is severely limited. 

 Generative adversarial network 

GAN was first proposed by Goodfellow et al. [1] in 2014. 
Based on the zero-sum game idea in game theory, the GAN 
model utilizes the adversarial training method to automatically 
learn the physical features of training data sets 𝑥 , and the 
expression of these features in low-dimensional vector space 
(named latent vector 𝑧). 

A GAN model consists of two nets: the Generator G and the 
Discriminator D. The general objective function of adversarial 
training is shown in Equation (2): 

min
𝐺
max

𝐷
 𝑉(𝐷, 𝐺) = 𝔼𝑥∼𝑝𝑑𝑎𝑡𝑎(𝑥)[log𝐷(𝑥)] + 

 𝔼𝑧∼𝑝𝑧(𝑧)[log(1 − 𝐷(𝐺(𝑧)))] (2) 

Take the generation of natural images as an example: during 
adversarial training, the discriminator D aims to determine 
whether the input image comes from the training dataset as 
accurately as possible, while the generator G aims to generate 
realistic images to confuse the judgment of the discriminator D 
as much as possible. In order to use the gradient descent 
algorithm to implement these two purposes, the general 
objective function in Equation (2) can be allocated to two loss 
functions for D and G, respectively: 

𝐿𝐷 = 𝔼𝑥∼𝑝𝑑𝑎𝑡𝑎(𝑥)[log(1 − 𝐷(𝑥))] + 

 𝔼𝑧∼𝑝𝑧(𝑧)[log𝐷(𝐺(𝑧))] (3) 

The gradient backpropagated by Equation (3) drives D to make 
as accurate a judgment as possible. 

 𝐿𝐺 = 𝔼𝑧∼𝑝𝑧(𝑧) [log (1 − 𝐷(𝐺(𝑧)))] (4) 

And the gradient backpropagated by Equation (4) drives G to 
generate images that are most likely to confuse judgment of the 
D. 

And the adversarial training is achieved by updating the net 
parameters in D and G alternately with these two loss functions. 
Through such a dynamic minimax game process, knowledge 
about the physical characteristics of the training datasets 
learned by the GAN model, especially the generator G, is 
continuously improved. 

Goodfellow et al. [1] pointed out that when the adversarial 
training reaches Nash equilibrium, the generator G has learned 
the complete physical characteristics of the training datasets, 
hence, the distribution of the generated data is equivalent to that 
of the real data. 

 The new framework for crack segmentation 

Since the well-trained generator G can establish the projection 
relationship from the low-dimensional latent vector 𝑧  to the 
high-dimensional crack image data 𝐟 , it could be used to 
replace the sparsity constraint. And the significant reduction of 
dimensionality of original data caused by the generator will 
help to reduce unknowns when solving the underdetermined 
linear equations for decompression. Thus, by integrating the 
above two parts, a GAN-based CS method is proposed, and the 
reconstruction of the original data can be achieved without 
sparsity constraints. 

In this paper, based on this new CS method, a new framework 
of crack segmentation task that uses compressed image data is 
studied. Our framework does not require the original crack 
images to be sparse under any certain bases, so it is more 
suitable for practical SHM applications, where the background 
of the crack image is very variable. 

Figure 1 shows the entire procedure of the above method: 
 

 
Figure 1. The entire procedure of reconstruction from 
compressed image data using GAN-based CS method. 

The reconstruction from compressed crack image is realized 
through the following algorithm: 

Firstly, based on the theory of the GAN model described in 
Section 2.2, a well-trained generator G for crack images can be 
obtained by appropriate adversarial training procedure. Hence, 
the original crack image 𝐟 during reconstruction process can be 
estimated as Equation (5): 

 𝐟 = 𝐺(𝑧) (5) 

where, as long as the physical features of cracks contained in G 
are diverse enough, the target original image will exist in the 
distribution of generated crack images. 

Next, utilizing the relationship between the distribution of 
generated data and latent vectors, which was learned by G, the 
reconstruction of high-dimensional image data 𝐟  by solving 
linear underdetermined equations can be transformed into the 
optimization of the low-dimensional vector 𝑧: 

 �̂� = arg min
𝑧

{𝐿𝑐(𝐺(𝑧), 𝚽, 𝐲) + 𝜆𝐿𝑝(𝑧)} (6) 
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 𝐿𝑐(𝐺(𝑧), 𝚽, 𝐲) = ‖𝚽𝐺(𝑧) − 𝐲‖2
2 (7) 

 𝐿𝑝(𝑧) = ‖𝑧 − 𝔼𝑧∼𝑝𝑧(𝑧)[𝑧]‖2
2 (8) 

where, the first term 𝐿𝑐 represents the squared error between 
the compressed data and the reconstructed data that was 
measured by the same linear matrix as the compression process. 
The second term 𝐿𝑝 represents the penalty term for preventing 
the low-dimensional vector from deviating from its sampling 
distribution (i.e., its prior information) during optimization. 
And the parameter 𝜆 is the penalty coefficient, which is used to 
equalize the gradients caused by the errors of the two terms. 

By analyzing from the theoretical point of view, Bora et al. 
[4] gives the conclusion that: when the low-dimensional vector 
in Equation (6) converge to the optimal solution �̂�, its generated 
crack image  𝐟 = 𝐺(�̂�)  will be the closest generated sample to 
the target original image. 

3 VERIFICATION AND COMPARISON 
In this section, we will first describe the measurement method 
of reconstruction precision for crack segmentation task, and the 
training settings of the GAN model that is used to generate 
realistic crack images and capture physical characteristics of 
cracks in Section 3.1 and 3.2, respectively. 

Then, in Section 3.3 and 3.4, the performance of the proposed 
framework will be verified from the aspects of reconstruction 
precision, reconstruction speed, robustness of reconstruction 
results to sampling noise, and compared with other traditional 
CS methods. 

 Metric of reconstruction precision 

Since the crack segmentation task of SHM applications usually 
only cares about the crack region in images, and it is not 
important whether the background is accurately reconstructed 
or not, in this paper, the metric of reconstruction precision is 
defined as the degree of similarity between the position of crack 
regions in the original crack image and reconstructed crack 
image. 

In order to precisely extract the position of crack regions 
from images of civil structures, a crack semantic segmentation 
model need to be trained. Using the extended full convolutional 
network model proposed by Liu et al. [5], the segmentation 
model for extracting crack regions with high accuracy was 
trained, and manual review was carried out to outputs of the 
segmentation model. 

Figure 2 shows the accuracy of the crack regions extracted 
by the segmentation model. It can be seen that there are only 
two types of values in the pixels of segmentation results: crack 
or background. 

 

 
Figure 2. Some cracks extracted by the segmentation model. 

Based on the binary classification method, for original crack 
images, the crack pixels in its segmentation results are marked 
as "true", and the background pixels are marked as "false". 
According to the similarities and differences between the pixels 
in segmentation results of the reconstructed image and the real 
image, we can define "true positive" (TP), "true negative" (TN), 
"false positive" (FP) and "false negative" (FN). 

Finally, the metric of reconstruction precision we used is F1 
Score, which is defined as Equation (9): 

 𝐹1 = 2 ⋅
Precision⋅Recall

Precision+Recall
 (9) 

 Precision =
TP

TP+FP
 (10) 

 Recall =
TP

TP+FN
 (11) 

 The training settings of the GAN model 

For the generation of natural image, such as the crack images, 
the convolution layer that has strong ability to extract image 
features is used to construct our GAN model. Referring to the 
famous DCGAN model for image generation, which was 
proposed by Radford et al. [6], the network architecture of our 
generator and discriminator is designed completely according 
to recommendation of Radford et al. [6]. 

In this paper, the training dataset of structural crack image is 
the one published by Özgenel et al. [7]. This dataset has a good 
coverage for the crack features of different directions, widths, 
bifurcations and so on, under a variety of backgrounds. 

Figure 3 shows some examples of the dataset we used. 
 

 
Figure 3. Some examples of the training dataset. 

During the adversarial training process, the setting of 
hyperparameter is also consistent with the recommended values 
given by Radford et al. [6], the sampling distribution of low-
dimensional vectors 𝑧  is set to standard normal distribution, 
and the number of training epochs is set to 25. 

With the minimax game between the generator and the 
discriminator, the quality of generated crack image samples is 
continuously improved. Figure 4 shows some examples of 
generated images of our trained DCGAN model after 25 
training epochs. 

 

        
Figure 4. Some examples of the generated crack images. 
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 The settings of the GAN-based CS method 

In order to decompress the compressed image data for crack 
segmentation tasks, we need to optimize the low-dimensional 
vector according to the GAN-based CS method in Section 2.3. 
It is worth noting that at the beginning of optimization, the low 
-dimensional vector is randomly initialized. 

For obtaining the optimal low-dimensional vector �̂� , the 
gradient descent method is used to realize the iterative updating 
in Equation (6). The process of iterative updating is achieved 
by Adam optimizer, and the selection of its hyperparameters is 
listed as follows: the value of 𝛽 is (0.9, 0.999), and the learning 
rate is 0.1. The number of iterations is set to 200 empirically. 
In addition, referring to the suggestion of Bora et al. [4], the 
penalty coefficient 𝜆 in Equation (6) is taken as 0.001. 

For the reconstruction experiment using CS methods, two 
additional parameters, compression ratio (CR) and noise level 
(NL), are defined as follows: 

 𝐶𝑅 = 𝑁/𝑀 (12) 

where the 𝑁 and 𝑀 are the number of columns and rows of the 
linear observation matrix 𝚽, respectively. 𝚽 is sampled from 
the standard normal distribution, and the same observation 
matrix (under certain CR) is used to compress image data in 
subsequent experiments. 

The NL parameter is related to the magnitude of random 
noise item 𝛆 in observation Equation (1). 𝛆 is sampled from a 
zero-mean normal distribution, and NL is the ratio of its 
standard deviation to the maximum range of real data samples. 

 Comparative experiments 

Three traditional CS methods were selected for comparison, 
which are listed as follows: BP [8], CoSaMP [9] and VB-BCS 
[10]. These three methods represent three main directions of 
researches in CS. 

The comparative experiment was performed on 40 crack 
images which were not used for training GAN. In the 
experiment, the same typical personal computer is used for 
reconstruction calculation. For all the four CS methods, the 
settings of data compression and the crack segmentation model 
used to evaluate the reconstruction precision are also 
consistent. 

When the CR is 16 and the NL is 0.05, some illustrative 
examples (with disturbing background) of reconstruction 
results of the GAN-based CS method are shown in Figure 5. It 
can be seen that the reconstruction precision is very high even 
though the backgrounds of images are not well reconstructed. 

 

 
Figure 5. Some illustrative examples of reconstruction results 
of the GAN-based CS method. 

Examples of other traditional CS methods (when the CR is 
16 and the NL is 0.05) are shown in Figure 6. And the GAN-
based CS method has the highest F1 score. 

 

 
Figure 6. Some examples of reconstruction results of the GAN-
based CS method and other traditional CS methods. (a) image 
reconstructed by BP; (b) image reconstructed by CoSaMP; (c) 
image reconstructed by VB-BCS; (d) image reconstructed by 
the GAN-based CS method. 

The results above demonstrated that our framework has a 
strong capability to capture crack features in compressed data. 

When the CR is fixed at 2, 8, and 64, three NLs are selected 
for the experiment: 0, 0.05 and 0.1. For each method, the box 
plot of F1 scores of reconstructed results is shown in Figure 7. 

 

    

    
Figure 7. The comparison of the F1 scores of the four CS 
methods, at different CRs and NLs. 

The reconstruction precision of GAN-based CS method 
stayed almost constant, while that of traditional CS methods 
were significantly reduced. The results demonstrated the strong 
robustness to random noise of the new CS method. 

When the NL is fixed at 0.05, six CRs are selected for the 
experiment: 2, 4, 8, 16, 32 and 64. For each method, the detailed 
distribution of F1 scores of reconstructed results is shown in the 
box plot in Figure 8. 
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Figure 8. The comparison of the F1 scores of the four CS 
methods, at different CRs. 

It can be seen that with the increase of CR, the reconstruction 
precision of traditional CS methods decreases significantly, 
while precision of the GAN-based CS methods just decreases 
slightly. 

Corresponding to results in Figure 8, Table 1 tabulated the 
average computation time for reconstruction of one image 
under six CRs. Training of the GAN model could be completed 
before reconstruction. The results demonstrated that the new 
CS method is much faster than traditional CS method. 

Table 1. Average computation time (unit: min.) for 
reconstructiojn of one image under six CRs. 

Method Time Cost 
(Reconstruction) 

Time Cost 
(Training GAN) 

BP 203.54 - 
CoSaMP 8.38 - 
VB-BCS 59.71 - 

GAN-based CS 0.94 13.25 

4 CONCLUSION 
In this paper, a CS method based on the GAN model was 
studied, and a new crack segmentation framework that uses 
compressed image data was proposed. The framework has two 
advantages: 

On the one hand, a GAN model is trained to learn the physical 
features and low-dimensional representation of crack images. 
As a physical constraint, the trained generator in GAN-based 
CS method is used to replace the sparsity constraint in 
traditional CS methods, so it does not require the original crack 
images to be sparse. On the other hand, the GAN-based CS 
method makes use of the significant dimensionality reduction 
effect of the generator, and transforms the reconstruction of 
high-dimensional crack images into the optimization of low-
dimensional vectors. Therefore, the dimension of the solution 
space could be greatly reduced, which help to improve the 
reconstruction precision and lower the requirement of data 
completeness. 

Experimental results demonstrated that the new CS method 
is superior to the traditional method in terms of reconstruction 
precision, speed and robustness to noise. Hence, the proposed 
framework has a good application prospect for CS of crack 
images that has large background variability in SHM. 
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ABSTRACT: Structural condition assessments based on comprehensive utilization of multi-source real-time monitoring data are 

helpful for revealing the evolutionary law of structural characteristics, which provides a significant basis for developing 

maintenance strategies. However, it is challenging to explore complicated correlations among monitoring data under time-varying 

environmental and operational effects. This paper proposed a real-time structural condition assessment method based on 

monitoring data forecasting model using multi-source data. The structural response at target time was predicted by historical 

observation of structural response and current environmental/structural temperature. Attention-based graph convolutional 

networks and 1-dimensional dilated convolutional networks were used for spatiotemporal modeling of structural response in the 

forecasting model. The temperature data at target time was also introduced in the prediction using fully-connected networks. 

According to the Mahalanobis distance of the model residuals, structural anomaly can be detected timely if any deviation of real-

time data pattern appears. A case study on a long-span cable-stayed bridge with multiple monitoring items was carried out to 

verify the effectiveness of the proposed methodology in real-time condition assessment. 

KEY WORDS: Structural health monitoring; Time series forecasting; Attention mechanism; Graph convolutional network; 

Condition assessment. 

1 INTRODUCTION 

The collected historical monitoring data can provide an 

important basis for the evaluation and diagnosis of structural 

states, which shed light on the maintenance decision making. 

In Structural Health Monitoring (SHM) field, many researches 

have proposed the method of structural state assessment based 

on monitoring data analysis. The calculation of the analysis 

model will take a while, so the general methods have certain 

lags. The methods based on time series regression and data 

prediction can obtain expected outputs in advance, therefore, 

these approaches are more suitable for real-time structural state 

evaluation. 

Regression and forecasting techniques are effective 

approaches to predict future structural response, establish 

correlation pattern, and extract crucial structural feature[1, 2]. 

In recent decades, massive methods have been developed in the 

SHM field and applied in long-span bridges, landmark 

buildings, dams and so forth. The autoregressive (AR) model is 

the mostly widely used time series modeling method for 

forecasting due to its simplicity and high computational 

efficiency. It defines a linear map from historical input to 

subsequent data and reveals the regularity of time series. Fugate 

et al.[3] established an autoregressive model to fit the 

acceleration-time histories, and residual errors between 

prediction and actual value are used as damage-sensitive 

features for damage detection. Omenzetter and Brownjohn[4] 

used a vector seasonal autoregressive integrated moving 

average (ARIMA) model to model strain data and detect 

anomaly using adaptive Kalman filter. Gul and Catbas[5] used 

autoregressive models with exogenous input (ARX) for time 

series analysis on free structural response. In the AR models[6-

8], residual errors between prediction and actual value or AR 

parameters are usually employed as damage-sensitive 

indicators. However, monitoring data evolution is very 

complicated due to the nonlinear characteristics of structures 

under environmental conditions, AR models are linear 

prediction methods and sometimes deficient in some practical 

problems. Except for traditional AR models, many other 

methods have been studied for monitoring data prediction. 

Mata[9] established regression models to study the relations 

between loads and structural responses based on multiple linear 

regression (MLR) and artificial neural network (ANN). 

Kromanis and Kripakaran[10] proposed a support vector 

regression (SVR) based method to predict thermal response of 

bridges and analyzed the model residuals to detect anomaly 

using moving fast Fourier transform (MFFT). Prakash et al.[11] 

proposed a hybrid model to predict the performance of a 

concrete arch dam using environmental information and age-

related variables. Wan and Ni[12] presented a Bayesian 

modeling approach with Gaussian processes (GP) for the 

forecast of structural stress. The model is able to perform 

probabilistic forecasts of monitoring data and reveals the 

nonlinear characteristic of dynamic process. Yang and Bai[13] 

used singular spectrum analysis (SSA) for the short-term and 

long-term forecast of structural strain of a traditional Tibetan 

building. Wang et al.[14] presented an improved Bayesian 

dynamic linear model (BDLM) that incorporates an AR 

component for the forecasting of temperature-induced strain of 

a long-span bridge.  However, the aforementioned methods 

mainly focus on the temporal correlation between the 

monitored datasets and the spatio-temporal correlations are not 

well reflected, especially for the monitoring item with a large 

number of sensors. Some methodologies, such as vector 

autoregressive (VAR) models, are capable of capturing 

Real-time structural condition assessment based on multi-source SHM data using 

attention-based graph convolutional networks 
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pairwise relationships among sensors, but deficient to describe 

complicated spatial relations for the massive monitoring 

datasets. 

The spatiotemporal dependencies are quite meaningful for 

the data mining and outlier analysis related to pattern changes. 
Spatiotemporal correlation mining is helpful to improve the 

accuracy of prediction model. For the structural condition 

assessment methods based on the forecasting model, the 

prediction accuracy determines the sensitivity of the method to 

detect anomalies. The deep learning techniques could improve 

the prediction accuracy by exploring deep spatiotemporal 

correlation of the monitoring data, which is a better choice in 

data forecasting. To describe the spatial dependencies of SHM 

data, the sensors can be represented as vertices on the 

connected graph so as to model spatial correlation between 

vertices using the graph neural network. As there is no definite 

graph structure in sensor networks, graph convolutional 

networks with learnable adjacency matrices[15, 16] can be used 

to automatically learn the edge weights between vertices; it is 

also feasible to calculate the edge weight adaptively through 

the shared attention mechanism[17-19]. In the temporal domain, 

the prediction model can be established by recurrent neural 

network (RNN) or one-dimensional convolutional network 

(1D-CNN)[20]. 

In this paper, a structural diagnosis method based on 

monitoring data forecasting is proposed, which makes use of 

the spatiotemporal correlation between monitoring data. The 

method mainly focuses on structural response caused by 

temperature effect. The structural response at target time is 

predicted according to historical observation of structural 

response and current environmental/structural temperature. 

The monitoring data at the early stage are taken as the reference 

samples for model training, and the Mahalanobis distance of 

the model residuals is calculated. The Mahalanobis distance of 

the subsequent samples is used to judge whether data mode is 

in normal state. 

2 METHODOLOGY 

 SHM data forecasting based on spatiotemporal 

correlation 

In a SHM system, N  sensors of the investigated monitoring 

item and M  environmental/structural temperature sensors are 

studied. Given historical structural response 

( 1) ( 2)[ , ,..., ] N L

t D L t t D L t t D



− − −  − − −  − s s s  and current 

environmental/structural temperature 
M

t T , the forecasting 

model is to learn a mapping f  to predict the structural 

response 
N

t s   at target time t : 

 ( 1) ( 2): [ , ,..., ],t D L t t D L t t D t tf − − −  − − −  − →s s s T s  (1) 

where D  is the prediction interval, which represents the time 

interval between the target time and nearest input time; t  

denote the time series interval; L  denote the number of time 

steps. 

Fig. 1 shows the overall framework of the proposed forecasting 

model. The model is divided into two components, 

corresponding to data prediction based on historical structural 

response (Component 1) and current temperature (Component 

2) respectively, and fused before the output layer. A 

spatiotemporal block contains a spatial layer and several 

temporal layers, and Component 1 is composed of several 

spatiotemporal blocks with residual connections, exploring 

deep spatiotemporal correlation and avoiding network 

degradation. Component 2 is constituted by several fully 

connected (FC) networks. 

 

Figure 1. Framework of proposed forecasting model. 

The modeling method of structural response in 

spatial/temporal layers and the utilization of temperature data 

in the model are described as follows. 

(1) Spatial modeling 

Attention-based graph convolutional networks (AGCN) are 

used for spatial modeling of monitoring data, as illustrated in 

Fig. 2. 

The input of a spatial layer is represented as 
T T T

1 2; ;  . . . ; N F

N

 =  X x x x , 
F

n x , and the output is 

represented as 
T T T

1 2; ;  . . . ; N F

N

 =  Z z z z , 
F

n


z . N  is 

the number of sensors; F / F   are the number input/output of 

features for each sensor. In particular, F  of the first spatial 

layer is 1. 

 

Figure 2. Attention-based graph convolutional layers in spatial 

domain. 

The edge weights are calculated by combining fixed 

coefficients and attention coefficients. The attention coefficient 

from sensor j  to i  is calculated by the following equation 
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where ije  reflects the importance of sensor j  to i ; 
F

i x  

is the feature of sensor i ; 1

C FW  and 2

C FW  are 

learnable parameters; ij  is the normalized attention 

coefficient; 

The calculation of attention-based graph convolutional layer 

is denoted as: 

 
( )3

ij ij ijA a





=

= +

Z AXW
 (3) 

where 3

F F W   is a learnable parameter matrix; A  is the 

adjacency matrix; ijA A  is the edge weight, which is 

determined by both attention coefficient ij  and learnable 

parameter ija ; ( )   is the activation function ELU. 

(2) Temporal modeling 

In the temporal domain, dilated one-dimensional convolution 

networks[21] (1D-CNN) are adopted, as shown in Fig. 3. When 

given a sequence 
Lh ,  dilated convolution operation of 

each layer is denoted as: 

 
1

1

0

K

d k t dk

k


−

+ −

=

 
 =  

 
h h   (4) 

Where d  represents the dilated convolution; 
K  denotes 

the convolution kernel; d  is the dilation factor, which is 

corresponding to the skipped interval; The activation function 

( )   of each dilated convolution is ELU; exceptionally, the 

final temporal layer has no activation function. 

 

Figure 3. 1-dimensional dilated convolution layers in temporal 

domain. 

(3) Environmental/structural temperature 

As heterogeneous monitoring data, there are strong 

correlations between temperature and temperature-induced 

structural response. The relationship between structural 

response and environmental/structural temperature was 

established through full-connected network. The prediction 

results of homogeneous and heterogeneous monitoring data are 

fused to obtain the final output. 

 Model residual analysis 

The proposed forecasting model is a multivariate time series 

modeling method, reflecting the spatiotemporal correlation 

between monitoring data. The residual between prediction and 

true value is chosen as the feature vector in this paper, which is 

represented as: 

 ˆ
i i i= −r s s  (5) 

where  is  and ˆ
is  denote true value and predicted value of 

training sample i ; ir  is the residual vector. 

The indicator is calculated by Mahalanobis distance and it is 

given as: 

 
1( ) ( )T

i i i −= − −r r r r  (6) 

where i  is the indicator defined by Mahalanobis distance;   

is the covariance matrix of the reference samples; r  represents 

the mean vector of reference samples. 

The upper control limit of indicators is critical value at the 

95% confidence level for baseline data. The indicators are 

expected to go beyond the control limit if exception occurs in 

the system. 

3 CASE STUDY 

 The SHM system of a cable-stayed bridge 

The studied five-span continuous cable-stayed bridge has a 

comprehensive SHM system. In the SHM system, 

environmental conditions, vehicle loads, global responses, and 

local responses have been recorded since the system was built 

in 2006.  168 cable dynamometers were equipped to covering 

all the cables in the bridge, and a quarter of the cable 

dynamometers (42 dynamometers) in the North tower were 

selected for analysis as well as 5 temperature sensors. 

 

Figure 4. Rough drawing of the cable-stayed bridge. 

 Cable force forecasting 

Cable force is the coupling of dead load, environmental load, 

vehicle load and noise. In the case study, the analysis focus on 

the cable force trend, which is closely correlated to the 

environmental effect, so the secondary moving average filter is 

used to eliminate the influence of vehicle response and noise. 

The extracted cable force trend is shown in Fig. 5. 
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Figure 5. Comparison of raw cable force and the extracted 

trend. 

It is crucial to select the length of forecasting time interval. If 

the prediction interval was too short, the prediction accuracy 

would be better, but the predicted value would be almost 

directly replaced by the value at the previous time in the process 

of model training, especially for the slow time-varying 

responses such as cable force trend and temperature-induced 

strain. Under the circumstances, the spatiotemporal correlation 

modeling is noneffective. If the prediction interval was too long, 

however, the temporal correlation would become weak, and the 

model could not learn effective correlation either. Different 

prediction intervals including 10min, 30min, 1h, 1.5h and 2h 

were verified in preliminary training. It was found that when 

the prediction interval was less than 30min, the influence of the 

nearest previous signal was too large; when the prediction 

interval was over 2h, the prediction accuracy of cable force 

trend was unsatisfying. Therefore, 1h was finally selected as 

the prediction interval. 

The monitoring data from May 2006 to February 2007 were 

selected as the training set and verification set. The 

aforementioned training instances were also used for reference 

in residual analysis. The monitoring data from November 2007 

to May 2009 served as a test set to detect changes in the data 

pattern. The comparison between predicted and true cable 

forces of some cables is shown in Fig. 6. 

 

Figure 6. True value and predicted value of standardized cable 

force trend. (a) Cable 4; (b) Cable 9; (c) Cable 19; (c) Cable 

36. 

It could be found that the prediction value of the sensors had 

high accuracy before 2008, but some of the predicted value 

gradually deviated from the true value at the end of 2008. 

Considering that the forecasting model uses the signals of the 

previous period before target time, the prediction accuracy 

calculated by this method is relatively high, and it is necessary 

to specifically analyze the variation of model residuals. The 

Mahalanobis distance of the model residual vectors are 

calculated for further judgment. 

 Results 

The Mahalanobis distance of model residual vectors are 

shown in Fig. 7. The red line is the upper limit of 95％ one-side 

confidence interval. The high peak values in Fig. 7 actually 

correspond to some structural response peaks which are not 

predicted accurately, but a small number of peak values will not 

affect the final evaluation result of the condition assessment. 

 

Figure 7. Mahalanobis distance of the data samples. 
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According to the calculation results, the data pattern 

remained normal in the first half of 2008; the Mahalanobis 

distance increased, but to a small extent. At the end of 2008, 

the Mahalanobis distance increased rapidly, exceeding the 

upper limit of 95％ one-side confidence interval by dozens of 

times. The bridge inspection report also showed that some of 

the stayed cables appeared rust and other diseases during this 

period, which may result in changes in the data pattern. 

4 CONCLUSION 

In this paper, a real-time structural condition assessment 

method based on prediction model is proposed. The structural 

response is predict using multi-source monitoring data, 

including the investigated structural response before target time 

and current environmental/structural temperature. The spatial 

and temporal correlation between SHM data is established 

using attention-based graph convolutional network, which 

reflects the variation law of monitoring data. By calculating the 

Mahalanobis distance of the model residual vector on the basis 

of the prediction value, it can be judged whether the data pattern 

changed, so as to identify the potential structural change timely. 

The feasibility of the proposed method is verified by a case 

study on cable force trend and temperature data of a cable-

stayed bridge. The method can be used in other structural health 

monitoring items for real-time condition assessment. 
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ABSTRACT: Monitoring and assessment of civil infrastructures relies predominantly on visual inspection and/or the installation

of sensors to measure in-situ performance of these structures. This requires an individual approach which can be time-consuming

and costly to do at regular intervals. Remote sensing by satellite has been widely applied for automatic monitoring of the earth

surface with many different applications. Specifically, InSAR (Interferometry Synthetic Aperture Radar) can provide measurements of

displacement in the line-of-sight of the satellite over wide geographical areas, to millimetre-scale precision. InSAR can be deployed to

take measurements at an interval of multiple days (rather than multiple years) and provide some insights on the behaviour of structures

in between inspections. It can also be deployed on city-scale, but requires the development of automatic techniques to spot unusual

behaviours and potential problems without manually checking every measurement point out of thousands of points. Deep Learning

technologies have risen as the state-of-the-art methods for machine learning due to their ability to learn complex features and model

complex non-linear behaviours. In this paper we explore the possibility of adapting a Deep Learning approach to multi-temporal

InSAR with the aim of developing methods towards automatic structural health monitoring at scale.

KEYWORDS: Remote sensing, InSAR, Deep Learning, clustering

1 INTRODUCTION

Remote sensing for earth observation techniques has been widely

deployed for automatic monitoring of the Earth’s surface for

many different applications. Possible applications include crop

health monitoring for agricultural industry, forest monitoring

for environmental purposes, soil composition classification for

mining exploration, and the study of natural hazards such as

earthquakes and volcanoes, between many others. Over the last

decade the quantity and variety of remote sensing missions has

rapidly scaled, bringing remote sensing into a ‘golden age’ [1].

This is especially relevant within a structural and infrastructure

context as the resolutions and frequencies of accessible data

provide new opportunities to monitor the health of our built en-

vironment. There are a broad range of sensors that can be applied

for earth observation, and these come from across the electro-

magnetic range. Optical sensors provide images which we are

used to interpreting visually (passively making use of backscat-

tered light energy from the sun). Multi-or hyper-spectral sensors

are used for a number of applications, such as discriminating

between different land-cover classes even at chemical level.

SAR (Synthetic Aperture Radar) sensors form images which

consist of amplitude and phase. The active nature of this sensor

means that images can be collected irrespective of daylight or

cloud and other weather conditions. The SAR amplitude can be

used for applications such as sea ice classification, but the phase

component of SAR can be used in a technique called InSAR

(Interferometric Synthetic Aperture Radar) [2]. InSAR allows

us to measure relative surface displacement in the line-of-sight

(LOS) of the sensor with millimetre-scale accuracy, and even

sub-millimetre accuracy in controlled conditions [3].

There are a number of different SAR constellations currently

available for civil applications, with commercial and open-source

options. For instance, TerraSAR-X is a high resolution commer-

cial SAR sensor that allows us to periodically obtain SAR images

every 11 days with a pixel ground resolution of 3m by 3m down

to 0.5m by 0.5m. Sentinel-1 images are provided free of charge

by the European Space Agency every 6 days in European loca-
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tions and 6 or 12 days in most of the rest of the world. However,

the spatial resolution is approximately 20m by 5m but in the form

of a much larger image footprint. Despite the lower resolution,

the regular and global service provides opportunities for contin-

uous monitoring over wide-scale areas. The LOS measurement

accuracy of InSAR techniques comparable between the free and

commercial sources, although the lower spatial resolution might

result in a lower density of points measured. For instance the

Fig. 1 depicts typical outputs from InSAR time series processing

where each dot on the map represents a coherent response from

a SAR signal, known as a ‘persistent scatterer’. Each persistent

scatterer has a LOS measurement taken at the time of each ac-

quisition, and the time series measurement plot is displayed for

selected persistent scatterers in the region of tunnel settlement.

Fig. 1. Map of ground movement in central London, monitoring

the settlement caused by planned tunnelling works at an Under-

ground Station, using TerraSAR-X data.

1.1 Related Works

Applying InSAR techniques provides the structural community

with a time series of LOS displacements of terrain or structures

such as bridges or buildings [4] due to different causes, such as,

thermal expansion and contraction [5], and terrain deformation

[6]. In this way InSAR techniques provide relevant insights to

asset owners regarding the performance of such structures over

time, detection of anomalous behaviours, or abnormal deforma-

tions caused by related factors (such as subsidence effects on

buildings or scour effects on bridges). For instance, in [7] In-

SAR image data were used to study subsidence in Mexico City

associated with groundwater extraction. In [8] InSAR technol-

ogy was employed to measure surface ground movements over

time, to monitor all phases of a tunnelling project. In [9] re-

cently excavated subway tunnels were tracked due to very local-

ized subsidence of the above surface along their path and several

highways in Shanghai urban area. In [10] urban assets were mon-

itored in order to support local authorities to detect and evaluate

subtle terrain displacements. InSAR is also able to monitor the

behaviour of single assets, with opportunities to combine these

measurements with structural models and identify unusual be-

haviours [11].

All these studies demonstrated that multi-temporal InSAR

images can be used to monitor infrastructure and gain insights on

valuable assets. However, they require expert knowledge to pro-

cess the data and interpret the results. This processing is highly

technical and requires a number of stages with hundreds of dif-

ferent parameters to adjust based on the specific case. In recent

years, tools for multi-temporal InSAR processing have been de-

veloped and are available to the community. One such exam-

ple is StaMPS [12] which is an open-source software package

which facilitates multi-temporal InSAR processing in a semi-

supervised way. It calculates change of phase measurements

between each acquisition (whilst accounting for orbital, topo-

graphical, and atmospheric effects) which are converted into a

LOS displacement measurement and estimated velocities. For

instance in Fig. 1 the coloured map of persistent scatterers repre-

sents a ‘velocity map’ whereby velocity is calculated as a linear

fit of line-of-sight displacement over time.

The velocity map is obtained from the time-series data and

represents the average movement towards or from the satellite

in the line-of-sight (LOS), measured in millimetres per year for

each measurement point in the image. These velocity maps

are a useful tool to map phenomena such as steady settlement.

Nonetheless, as velocity is calculated as a linear fit of displace-

ment over time, particular structural behaviours might not be

properly detected and analysed. For example, the positive and

negative displacements of bridge thermal expansion and contrac-

tion measured by InSAR in [4] would result in a velocity of zero,

and this motion would not be highlighted on a velocity map.

Another example in [13] shows a velocity map indicating zero

velocity over a period of two years, where in fact there was a

pre-cursor to failure visible in the last two months of the dataset.

1.2 Motivations

After the multi-temporal InSAR processing, typically an expert

analysis is required to study the problem or the asset of interest.

Like many structural health monitoring solutions, this can pro-

vide useful insights for a single asset. However, this approach

prevents the application of such techniques at larger scales, e.g.,

to perform city-scale or larger analysis of structural behaviours

and environmental influences, covering large areas and a a large

number of assets.

In the recent years machine learning and artificial intelligence

techniques have emerged as the ideal candidates to help with

the study of large amounts of data in a unsupervised or semi-

supervised way, which opens the doors for the monitoring of in-

frastructures at scale over wide geographical areas. In particu-

lar, Deep Learning technology has emerged as state of the art

for most of the machine learning problems. Deep Learning ap-

proaches have been widely used for remote sensing data analysis
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[14], and also specifically applied to SAR images for solving

a variety of problems such as target detection [15], time-series

classification [16], change detection [17], between other image

processing problems [18]. The application of Deep Learning

technologies in the field of multi-temporal InSAR analysis has

only been explored to a limited extent. In [19] a type of recur-

rent neural network called Long-Short Term Memories (LSTM)

has been used to classify different land cover vegetation types by

the analysis of the coherence maps between InSAR time series.

In [20] two different Deep Learning (DL) architectures have been

introduced, one with Convolutional Neural Networks (CNN) and

other with CNN + LSTM, in order to learn Point Scatters (PS)

detection. In order to train the models, StaMPS [12] outputs

have been employed over different types of MT-InSAR stacks

with very good results. Moreover, several works have addressed

deep learning-based remote sensing data processing for structure

health monitoring. For instance, in [6] a CNN is used to detect

terrain deformations. The CNN is trained with sets of synthetic

images and then applied to real data. They also propose to use

spatial interpolation with modified matrix completion in order to

improve the accuracy of the method. Another example is repre-

sented by [5], where a study over the Hong Kong International

Airport has been conducted, in which Deep Convolutional Neu-

ral Networks are used to predict settlement displacements and

seasonal contraction and expansion movements of the terrain.

In this paper we explore the possibility of using Deep Learn-

ing approaches for multi-temporal InSAR analysis. We have

identified the opportunity to use such approaches to automati-

cally identify different structural behaviours (such as settlement,

thermal dilation, heave, etc.). The overarching goal of this work

is to automate the measurement, identification and flagging of

specific movement changes of structural assets as identified by

regular InSAR monitoring; thus we aim to contribute towards

solutions to automatically identifying potential structural prob-

lems across a city scale. For example, identifying unexpected

subsidence could provide warning for buildings located in the

zone of subsidence. Another example would be identifying a

bridge oscillating with thermal expansion and contraction, whose

behaviour changes which could raise a flag to asset owners to

say that the bridge may have bearing problems. The ability to

learn very complex non-linear features makes Deep Learning ap-

proaches a good candidate for this task of monitoring structural

movements. In particular, we use the Deep Temporal Clustering

algorithm [21] for InSAR time-series clustering. We explore the

possibility of discovering and clustering different patterns in the

time series of the terrain displacements. In this way it would be

possible to discover automatically abnormal behaviours or other

issues of the structures to monitor in an urban environment. The

idea is that this information would be very useful for the local au-

thorities, or other private or public organisations for monitoring,

planning and forecasting activities.

This paper is structured as follows. Section 2 describes the

Deep Temporal Clustering algorithm. Section 3 describes the

data-sets used for our experiments and evaluates if Deep Learn-

ing approaches such as DTC algorithm are suitable for InSAR

time series analysis. Finally Section 4 summarises our conclu-

sions and point to some future research lines.

2 DEEP TEMPORAL CLUSTERING.

In this section we describe the Deep Temporal Clustering algo-

rithm [21] which is an unsupervised Deep Learning algorithm for

clustering time-series data. The algorithm is based on an auto-

encoder architecture (AE). Auto-encoders are symmetrical neu-

ral networks in which the central part has less neurons that the

extremes. These structures are trained by minimizing the resid-

ual error between the input and the output, feeding the network

with the same data as input and output. In this way, the net-

work will learn low dimensional features in the middle of the net-

work (where the number of neurons is reduced). Auto-encoders

can be designed in many different ways. In the specific case of

Deep Temporal Clustering, a 1D Convolutional Neural Network

is used at the outer layer to learn the dominant short-time-scale

key features. In the inner level there is a Bidirectional Long Short

Term Memory (BI-LSTM) [22] which learns the temporal con-

nections between the key features across all time scales. The la-

tent representations of the BI-LSTM in the auto-encoder are used

to cluster the data in a unsupervised and non-parametric way,

finding one or more spatio-temporal dimensions along which the

data split into several classes. The algorithm tries to minimize

two cost functions: the first-one minimizes the Mean Squared Er-

ror (MSE) of the auto-encoder, the second one is associated to the

clustering cost function. The goal is to ensure that the features

learned by the auto-encoder span a subspace in which the data

is separable into different classes with distinct spatio-temporal

behaviour. To this aim, both optimizations are performed alter-

natively, the clustering optimization metrics modifies the weights

in the BI-LSTM and in the CNN. As a result the features learned

by the BI-LSTM optimally separate the sequences into clusters.

3 EXPERIMENTAL RESULTS.

Two different real datasets are considered in order to evaluate

the applicability of DTC to find misbehaves on the displace-

ments of multi-temporal InSAR data. The first-one corresponds

to TerraSAR-X data obtained over central London in a period

that ranges from August 2017 to October 2018 with acquisitions

collected in 11-day intervals. The second dataset corresponds

to the Sentinel-1 sensor over the same area of central London

and the same period but with acquisitions collected in 6-day in-

tervals. The region of interest is an area corresponding to the

Battersea region south of the River Thames in central London,

United Kingdom. There were a number of construction projects

in this area during this time, including planned activities such

as dewatering, a lowering of the ground water level, resulting
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(a) (b)

Fig. 2. Velocities of the displacements in mm/year computed by Stamps after the analysis of the time-series TerraSAR-X data (a) and

Sentinel-1 data (b)

in what appears as subsidence at surface level (with planned re-

turn of water level and ground rebound to occur once site works

have progressed). This dewatering effect is visible in the InSAR

measurement data over this area, appearing as a settlement of the

ground surface during the period analysed.

For InSAR processing, the persistent scatterer methodology

was used [23]. A combination of Doris [24] with StaMPS [12]

software packages have been used in order to perform ‘phase un-

wrapping’ and calculate the time series displacement measure-

ments. The SAR signal is considered as a sinusoidal wave (SAR

being on the electromagnetic spectrum, Sentinel-1 with wave-

length around 5.6cm and TerraSAR-X with wavelength around

3.1cm) measurements are derived from the difference in SAR

phase (+π to −π) between each acquisition. As the phase mea-

surements are limited to this (+π to −π) range, there can some-

times be an ambiguity of 2π in readings where the actual mea-

surement value should be a 2π multiple of the reading. The pro-

cess of determining this 2π ambiguity in measurement to return

the signal to its original continuous form is known as ‘phase un-

wrapping’.

In the case of TerraSAR-X a total of 116343 persistent scat-

terers (PS) were found and the displacements for these PS were

at 37 different instances (once for each acquisition) over the time

period studied. For the Sentinel-1 data, due to its lower spatial

resolution, a set of 6536 PS were found. However, in this case,

the temporal resolution is higher with data measurements col-

lected over 70 different instances during the period studied. In

Fig. 2 the velocities computed using StaMPS are represented for

the TerraSAR-X data (a) and for Sentinel-1 data (b). The fig-

ure displays subsidence displacements of up to -13 mm/year in

the line-of-sight (LOS) of the satellite sensor in the case of the

TerraSAR-X data and up to -10 mm/year in the case of Sentinel-

1. These differences occur because the PS will be different in

each set due to resolution, and thus the object being measured is

not the same across the two sets. In the following experiments

we evaluate if, with the use of DTC algorithm, it would be pos-

sible to detect the subsidence measured using InSAR time-series

displacements computed and output by StaMPS.

A first experiment was performed over the TerraSAR-X time

series displacements data using DTC. In this experiment we set

the number of clusters n = 5. The DTC network parameters

were manually tuned for optimal convergence. Fig. 3 (a) displays

the results provided by the DTC algorithm. In this figure we

can see that the algorithm separated the data into two different

clusters: purple and yellow. By comparing this result with the

velocity map shown in Fig 2 (a) we can see that the purple cluster

corresponds to those Point Scatters significant subsidence and

the yellow cluster corresponds to those pixels with no significant

subsidence. Thus, the algorithm is detecting the points in which

there is an abnormal behaviour due to the works performed on

this place in this period of time.

We repeated this experiment with Sentinel-1 data. In this

case we also set the number of clusters n = 5, and the DTC net-

work parameters were manually tuned for optimal convergence.

Fig 3 (b) displays the results provided by DTC algorithm in the

case of the Sentinel-1 data. The figure shows similar results to

those provided in the case of TerraSAR-X, that is, the purple

class corresponds to those pixels with significant subsidence and
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the yellow class corresponds to those pixels with no significant

displacements along time. In this case the algorithm also pro-

vide some points of a third class which correspond to a very

few points with positive displacements (see dark blue points in

Sentinel-1 velocity map).

Finally, we explore the possibility to cluster the time-series

data before the phase unwrapping stage. It is worth noting that

this step would be advantageous especially with respect to the

efficiency of the system, so to reduce the latency of the analy-

sis and the number of processing steps required to obtain a reli-

able characterisation of the area under examination. This is much

more complicated problem because the data are at a lower stage

of processing. In order to compare results with the previous case,

for this experiment we set the number of clusters n = 2: the pa-

rameters were manually tuned for optimal convergence as well.

Fig. 3 (c) shows the results provided by DTC with the unwrapped

phase Sentinel-1 data. In this case, it is possible to appreciate that

the DTC algorithm is able to adequately discriminate the pixels

with significant subsidence (purple) from those without signifi-

cant subsidence (yellow).

The proposed approach has shown promising results which

could help in achieving fully automated processing for structural

health monitoring. This approach will be investigated in future

works where other deformation types will be individually identi-

fied and classified.

4 CONCLUSIONS.

In this paper we have explored the use of Deep Learning tech-

niques in order to detect misbehaves or subsidence in structures

by using remote sensing techniques. We have used InSAR time-

series analysis in order to evaluate the displacements along time

over a region where construction works were being made. An

algorithm for time series analysis using Deep Learning architec-

ture called DTC has been evaluated. The results show that Deep

Learning techniques can be used in order to automatically de-

tect the places where anomalous displacements are occurring in

a unsupervised way, which paves the way to use these machine

learning techniques in order to analyse and monitor large scale

areas without human intervention, identifying the places where

possible problems could be happening and rising an alert for fur-

ther in-situ examination.
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ABSTRACT: The aim of vibration-based structural health monitoring (SHM) is to strategize on how to monitor the health condition
of a structure accurately and, when needed, rapidly and robustly detect the occurrence of structural damage by observing changes
in the structural behavior. The dynamics of a structure is represented by features extracted from its vibration response. Modal
characteristics and indexes related to structural stiffness are popular in SHM; however, they sometimes happen to be misleading in
pointing out the integrity status of the structure since they are highly influenced by the fluctuations in environmental and operational
conditions and by occurring damage and deterioration. Recent studies looked for alternative parameters to be used as damage
sensitive features, and the cepstral features, initially introduced for speaker and speech recognition purposes, showed to be highly
promising for damage detection in civil structures. Nowadays, damage detection strategies built on the application of Artificial
Neural Network tools to define models that mimic the dynamic behavior of structural systems are viral. A fundamental issue in
developing these strategies for damage assessment is given by the unbalanced nature of the available databases for civil applications,
which commonly do not contain sufficient information from all the different classes that need to be identified. Unfortunately, the
aim is to classify between the healthy and damaged condition in a structure is extremely rare to have a sufficient amount of data
for the unhealthy state since the structure already failed. At the same time, it is common to have plenty of data coming from
the structure under operational conditions. Consequently, the learning task, carried on with deep learning approaches, becomes
case-dependent and tends to be specialized for a particular structure and a very limited number of damage scenarios.
In this work, we develop a vibration-based SHM framework for damage classification in structural systems to overcome such a
limitation. The model is trained to gain richness and knowledge in the learning task from a source domain, with extensive and
exhaustive datasets, and to transfer that same knowledge to a target domain, with much less information.
In particular, the proposed procedure relies on creating a model trained partially on the audio records of the source domain and
partly on the structural vibration response of the structure. The model will learn the higher-level features characterizing vibration
records from the rich audio dataset and then specialize its knowledge on the chosen structural dataset. The goal is to enrich the
model’s ability to discriminate between classes on the audio records, presenting multiple different classes with more information to
learn. Using Cepstral Coefficients as damage sensitive features in structural damage assessment facilitates the transition, helping
the dialogue between the audio and structural domains. The framework is tested by using the test field data of the benchmark
problem of the Z24 bridge, training the initial part of the network architecture over a different source data, the VoxCeleb dataset.

KEY WORDS: Transfer Learning, Structural Health Monitoring, Mel-Frequency Cepstral Coefficients, Time-Delay Neural Net-
work, x-vector features

1 INTRODUCTION

Vibration-based Structural Health Monitoring (SHM) ap-
proaches have been in constant evolution for decades thanks to
advances in sensing technology and computational capabilities
[]. However, the reach remained the same: develop effective
strategies to assess the health conditions of structures through
information extracted from the structure’s dynamic response.
Among the most popular and efficient tools adopted nowadays,
there are Pattern Recognition and Machine Learning strategies
(PRML) [1] that focus on detecting meaningful patterns in
the features, defined as Damage Sensitive Features (DSFs),
representing the conditions of the structural system.
In vibration-based damage detection, the system’s baseline

vibration signature is initially defined before damage occurs.

If the new vibration signal measured during routine operation
deviates from the baseline values, the system has suffered de-
terioration. Structural diagnosis by measuring and analyzing
vibration signals is an established method in civil engineer-
ing. Recently the applications of Artificial Neural Networks
as an efficient tool for structural identification using vibration
signals at selected locations on the structure have been stud-
ied by various researchers [2, 3]. To consider the temporal
nature of the data, often, methodologies based on the spatial
representation of temporal sequences, like Time Delay Neural
Network architecture (TDNN), are preferred. However, deep
neural network-based damage detection approaches results be
often ill-conditioned when applied to structural problems. In-
deed, to train a reliable predictive model, the training dataset
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must contain a sufficient amount of data from all classes that
it wishes to identify to capture the statistics of the classes in a
meaningful manner. Unfortunately, when the aim is to classify
between the healthy and damaged condition in a structure is
extremely rare to have a sufficient amount of data for the un-
healthy state because it means that the structure already failed.
Concurrently, it is common to have plenty of data coming from
the structure under normal operational conditions.
To win such a limitation imposed by the insufficiency of

exhaustive failure datasets, we propose to take advantage of
the richness and knowledge in the learning task gained from
a source domain, with comprehensive datasets, and to trans-
fer that same knowledge to a target domain, with much less
information. This operation goes under the name of "transfer
learning", an emerging way for AI applications to deal with
poor data and improve knowledge. Transfer Learning (TL)
consists of transferring knowledge from one domain to an-
other to take advantage of that knowledge for a different but
related task or domain. The reader is referred to [4, 5, 6] for
an overview of the different transfer learning methods.
In the present work, a novel vibration-based SHM method-

ology is addressed and tested to assess the health conditions of
monitored civil structures (e.g., the target domain) by drawing
knowledge from rich classification models that were trained
on large datasets, such as audio sets (the source domain),
for speech and speaker recognition purposes. Both datasets
collect vibration records, making the transfer of information
possible between the two domains, taking advantage of the
shared underlying physics (on vibrating systems and their time-
frequency features). It is possible to learn from a source do-
main, not directly related to the structural problem but with
an enormously rich database, and transfer this knowledge to
the target domain. The transfer process is facilitated by adopt-
ing Mel Frequency Cepstral Coefficients as features [7, 8, 9].
These coefficients are vastly used in speaker recognition tasks,
and their use as DSFs in structural damage assessment should
facilitate the transition between the audio and structural do-
mains and enable an explainable artificial intelligence.

2 DATA

Audio Domain. In the following work, VoxCeleb dataset is
adopted as the source domain. It is an audio-visual dataset
consisting of short clips of human speech, extracted from in-
terview videos uploaded to YouTube. It collets records be-
longing to more than 7000 speakers, where each audio-video
segment is at least 3 seconds long for a total of more than
2000 hours of recorded data. Only the audio component of
the dataset is considered in this work, while the videos are
dropped. The dataset was released in two stages, as VoxCeleb1
and VoxCeleb2 [10]. VoxCeleb1 contains over 100,000 utter-
ances for 1251 celebrities, while VoxCeleb2 contains over 1
million utterances from over 6000 celebrities extracted from
videos uploaded to YouTube. The datasets are fairly gender-
balanced, (VoxCeleb1 - 55% male, VoxCeleb2 - 61% male).
The speakers span a wide range of different ethnicities, ac-
cents, professions, and ages. The records are characterized
by corruption with real-world noise, consisting of background

chatter, laughter, overlapping speech, room acoustics, and a
range in the quality of recording equipment and channel noise.

Structural Domain.TheZ24bridgewas a post-tensioned con-
crete two-cell box girder bridge located in Switzerland. It was
built in 1963, and it connected the villages of Koppigen and
Utzenstorf, over-passing the A1 highway between Bern and
Zurich. The bridge presented a main span of 30 m and two
side spans of 14 m (Figure 1). The bridge was demolished
at the end of 1998 because a new railway next to the high-
way required a bridge with a larger side span. A year before
the demolition, a long-term environmental monitoring system
(EMS) was installed, and the bridge was monitored from 11
November 1997 till 11 September 1998 [11, 12]. The EMS
consists of installing different sensors to measure various envi-
ronmental parameters: air temperature, air humidity, rain true
or false, wind speed, and wind direction.
The bridge structural response was monitored using 16 ac-

celerations positioned at different locations and in different
directions. Of those 16 sensors, only the records collected
from 6 were complete and used for this study. Every hour,
eight averages of 8192 acceleration samples, taken at 16 sen-
sors, were collected and stored after compression. A total of
65536 samples was collected at a sampling rate of 100 Hz,
using an anti-aliasing filter with a 30-Hz cutoff frequency.
A series of progressive damage tests have been carried out

during the summer of 1998, shortly before the complete demo-
lition of the bridge. For a full description of all damage scenar-
ios, instrumentation and safety considerations, refer [11, 12].
The first 17 scenarios (Figure 2) are summarized in Table (1).
The practical significance of these tests was ensured by check-
ing that they were relevant for the safety of the bridge and that
the simulated damage occurred frequently.

3 DAMAGE DETECTION FRAMEWORK

The proposed procedure relies on creating a model trained
somewhat on the audio records of the source domain and
partly on the structural vibration response of the structure.
The model will learn the higher-level features characterizing
vibration records from the rich audio dataset and then spe-
cialize its knowledge on the chosen structural dataset. In this
way, the model’s ability to discriminate between classes on
the audio records is enhanced, presenting multiple categories
with more information to learn. Training the model only on
the structural measurements would lead to an ill-conditioned
model since these datasets tend to be unbalanced in the num-
ber of records available for the different classes and would not
provide a robust and reliable selection of information.
In the present work, first, a binary classification task is im-

plemented, where the goal is to label the tested records from the
structure system as either "damaged" or "undamaged". Then,
a multiclass classification task is performed, where the aim is
to discriminate the different types of damage scenarios. The
proposed TL strategy consists of four steps: 1. the Data Prepa-
ration; 2. the Feature Extractions; 3. the Training Phase; 4.
the Test Phase.

Data Preparation. In the preliminary stage, the source do-
main and the target domain datasets need to be correctly set
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Figure 1: Views of the Z24 bridge.

] Date Scenario ] Date Scenario
U00 11/11/1997 Undamaged condition D07 26/08/1998 Spalling of concrete at soffit, 12 m2

U01 04/08/1998 Undamaged condition D08 26/08/1998 Spalling of concrete at soffit, 24 m2

U02 09/08/1998 Installation of pier settlement system D09 27/08/1998 Landslide of 1 m at abutment
D01 10/08/1998 Lowering of pier, 20 mm D10 31/08/1998 Failure of concrete hinge
D02 12/08/1998 Lowering of pier, 40 mm D11 02/09/1998 Failure of 2 anchor heads
D03 17/08/1998 Lowering of pier, 80 mm D12 03/09/1998 Failure of 4 anchor heads
D04 18/08/1998 Lowering of pier, 95 mm D13 07/09/1998 Rupture of 2 out of 16 tendons
D05 19/08/1998 Lifting of pier, tilt of foundation D14 08/09/1998 Rupture of 4 out of 16 tendons
D06 20/08/1998 New reference condition D15 09/09/1998 Rupture of 6 out of 16 tendons

Table 1: Damage Scenarios on Z24.

Figure 2: Damage scenarios.
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and uniformed to avoid ill-conditioned associations between
the two domains. Then, the records from the two domains are
arranged to create the training and testing datasets.
It is central to uniform the frequency spectrum of the source

and target domains. Indeed, audio records present a frequency
content that can space from low-frequency value up to kHz,
and consequently very high sampling frequency (8 kHz or
16kHz). Lower frequency contents and sampling frequencies
characterize structural systems that rarely exceed the 100-200
Hz. This disparity in sampling and frequency content requires
a domain adaptation procedure to uniform the two domains.
In this work, the structural system presents records sampled
at 100 Hz, while the VoxCeleb utterances are recorded at 16
kHz. In this study, a transformation procedure is implemented
to bring the structural frequency content to the same frequency
range of the audio records.
The training set consists of all the audio records in the Vox-

Celeb dataset, which are used to train the first part of themodel,
and then it also collects the 70% of the measurements of the
structural domain. The remaining 30% of the structural data
for the creation of the test set.

Feature extraction. In the present work, the Mel Frequency
Cepstral Coefficients [8] are adopted as damage sensitive fea-
tures. For both the VoxCeleb audio domain and the structural
target domain, which is properly transformed, the MFCC vec-
tor consists of 30 coefficients per frame. Besides the Mel
Frequency Cepstral Coefficients, another set of features is con-
sidered and added into the feature vector used to train the clas-
sification model, pitch, delta-pitch, and probability of voicing
features. Pitch is a perceived quantity related to the fundamen-
tal frequency of vibration of the system to which it is referred
to. The final damage sensitive feature vector adopted is a 33-
dimensional vector. The extraction process is performed for
all the records in the audio and structural datasets.

Training phase. The features extracted in the previous step
are prepared for the training process. They are randomly se-
lected and assigned to the proper tags of classes, creating the
dataset, which will be the input for a neural network model.
This process is done both for the structural dataset and the
audio set.
In the presentwork, a popular framework adopted for speaker

recognition problems is implemented [13, 14]. It relies on
training a Probabilistic Linear Discriminant Analysis classifier
on fixed-length embeddings extracted from the higher layers
of a speaker recognition TDNN (referred to as "x-vectors").
The features are derived from the audio domain and used to

pre-train a TDNN architecture on a speaker recognition task
[8]. Here, the same 9-layer architecture and training method-
ology adopted in [13, 15] is implemented. Time-Delay Neural
Network is a multilayer artificial neural network architecture
that can capture an unknown system’s dynamics by modeling
a flexible-structured network that will imitate the system by
adaptively changing its parameters. This architecture maps
a finite time sequence into a single output. Each layer of a
TDNN processes a context window from the previous layer,
which means that lower layers will have a smaller receptive
field and therefore model local features, and higher layers
will have a bigger receptive field and thus model long-term

dependencies from the slice of features. The input features
are 33-dimensional filterbanks with a frame-length of 25ms,
mean-normalized over a sliding window of up to 3 seconds.
The TDNN is trained to classify the N classes in the train-

ing data. In the audio features, those N classes represent the
speakers. Those classes will be two for the binary classification
(damaged and undamaged) or N representing different damage
classes for the multiclass classification task in the structural
monitoring case.
In a second stage of the training process, once the presented

TDNNarchitecture is trained using theVoxCeleb audio dataset,
it is possible to extract the higher-level features, the x-vectors
embedded in the network’s intermediate layers. Out of the 9th
layer network, the 6th layer is derived as an x-vector, where
the basic information that makes a speaker is learned. These
features collect generic information regarding the source do-
main and characterize a classification process based on the fre-
quency content of signals, which is not strictly dependent on
the audio field. After extracting the x-vector, the mean feature
vector is computed, and it is removed for centering the evalua-
tion x-vectors. Then, a Starting Linear Discriminant Analysis
(LDA) followed by a Probabilistic Linear Discriminant Anal-
ysis strategy is applied to the feature x-vectors extracted for
the intermediated layer to maximize the trained ability of the
model to separate classes. The reader is referred to [13, 16]
for a detailed presentation of the two techniques.

Test phase. In the test phase, the features extracted from
the test set are input into the model, and the output is the log-
likelihood ratio or similarity score, s, given for each analyzed
record and for each class, which says how close each record is
to one of the classes. The record is assigned to the class with
the higher score.
The accuracy of the classification procedures is evaluated

using the same verification approach adopted for the speaker
recognition task, where in the damage detection, it is verified
if the tested record matches or not the target health condition.
The performance of the classificationmodel is given in terms of
the Equal Error Rate (EER) and in terms of accuracy. The EER
is used to determine the threshold value for a system when its
false acceptance rate (FAR) and false rejection rate (FRR) are
equal. The accuracy is computed instead as the ratio between
the total number of true positive and true negative cases and the
total number of inspected cases. The graphic representation of
the miss probability by the false alarm rate is Detection Error
Trade-Off (DET) Curve [8].

4 RESULTS

The results are addressed in Table 2 in terms of EER and
accuracy for the two classification tasks: a binary classifica-
tion between undamaged and damaged conditions; a multi-
class classification to differentiate the classes according to the
damage type. The performance in terms of EER for the two
classification tasks is visualized in Figure3, given in terms of
the DET curve.
The binary classification task leads to an EER of 18.93%

(LDA dimension=3). The results demonstrate the capabil-
ity achievable in the classification task by training the TDNN
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Figure 3: DET curves for the binary and multiclass tasks.

architecture on the audio source. Figure 4 presents the LDA-
transformed x-vectors for the three LDA dimensions, and it
is evident how the first LDA dimension, which is associated
with the biggest eigenvalue, plays a key role in separating the
x-vectors features related to the two classes, while the other
features have a low influence. The majority of the cases are
correctly classified. However, some of the conditions belong-
ing to the less severe damage cases are miss-classified. The
wrong association for these failure cases is the inclusion of
conditions U02 and U01 in the training data labeled as un-
damaged scenarios. Even if associated with the structure in
its healthy state, these cases refer to the system under different
operational conditions and present features that deviate from
the regular pattern in the reference undamaged condition and
get closer to those that less severe damage cases showed.
In the multiclass classification task, the trained model

achieves an EER of 28.95% (LDA dimension=3). Figure 5
and Figure 6 present the LDA-transformed x-vectors for the
three LDA dimensions. As for the binary classification case,
the first LDAdimension leads to themaximumseparation in the
x-vectors features associated with the different classes, while
the other features have a low influence.
Figure 5 presents the LDA-transformed x-vectors consider-

ing the reference undamaged scenario (U00) and two alter-
native undamaged conditions (U01 and U02). In these two
scenarios, the bridge is not yet subjected to failure mecha-
nisms, but the operational conditions are different from those
affecting the structure in the reference condition. In those days,
the traffic flow on the bridge varied, and the instrumentations
and tools needed to induce the subsequently controlled failure
mechanisms were installed on the bridge. It can be appreciated
how, even with some miss-classified cases, the majority of the
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Figure 4: Three components of the x-vectors transformed via LDA
for the binary classification task.

U01 and U02 scenarios are distinguished from the reference
undamaged condition.
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Figure 5: Three components of the x-vectors transformed via LDA
for the multiclass classification: scenarios U00,U01 and U02.

Figure 6(a) presents the LDA-transformed x-vectors consid-
ering the reference undamaged scenario (U00) and the first
8 damage scenarios D01-D08, while Figure 6(b) shows the
same undamaged reference condition and the remaining sce-
narios (D09-D15). In both groups, the damaged scenarios are
properly distinguished from the healthy reference state, and
the records in the test set are properly assigned to the correct
damage group. However, since the class are not well separated,
the miss-classification of some of the damage scenarios leads
to the increase in the EER for the multiclass task.
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Figure 6: Three components of the x-vectors transformed via LDA for the multiclass classification: (a) scenarios U00 and D01-D08; (b) scenarios
U00 and D09-D15.

Task EER [%] Accuracy [%]
Binary Classification 18.93 81.14

Multiclass Classification 28.95 71.85

Table 2: Results for the different classification tasks

5 CONCLUSIONS

The present study addresses a novel detection SHM strategy
based on adopting a transfer learning approach from the audio
domain to the structural domain. The framework is based on
constructing a richer Probabilistic Linear Discriminant Analy-
sis model starting from the x-vector features extracted from a
Time-Delay Neural Network model trained on audio features.
The trained model is then used to classify the test data from a
structural system in a binary and multiclass classification task.
The proposed methodology is presented and tested to as-

sess damage classification for the benchmark study case of
Z-24 bridge. The results show strong reliability for the trained
model obtained by training the TDNNarchitecture on the audio
source.
The implementation of the transfer learning-based frame-

work leads to a good performance for the binary classification
case (damaged and undamaged classification). Even consid-
ering a dataset with not very well separated classes and cor-
rupted by external noise, the majority of the cases are properly
classified. In the multiclass classification case, where the dis-
crimination task gets more granular, the performance of the
model reduces. While the distinction between the undamaged
condition and damaged scenarios is still clear, there are miss-
classification cases for some of the damage conditions. The
outcome for both cases demonstrates a highly promising clas-
sification ability for an experimental study case, showing that,
even without any starting information about the structural tar-
get system, the model can correctly achieve the classification

tasks starting from the simple similarities characterizing these
audio signals and their frequency contents.
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 ABSTRACT: Vibration measured data in civil engineering structures, is a physical quantity varying with time, contaminated 
from varied sources and affected by uncertainties not accounted for during the data acquisition. It can be high dimensional, which 
can obstruct the decision algorithms accuracy. The issue is how to analyses these data to well correlate the data information to 
structural characteristics through extracting sensitive damage features. To address these issues in order to enhance the damage 
detection accuracy, time-frequency analysis based continuous wavelet transform can be used. However, the issue in using wavelet 
is how to select the appropriate wavelet base and its parameters. Thus, this study, is aims to propose a novel method for selecting 
a customized analytic wavelet parameters for analyzing structural vibration measurements. The strategy is based on comparative 
analysis and visual correlation. First, investigating the effect of candidate analytic wavelet parameters, second, conduct subjective 
and objective analyses based on features that are well correlated with damage to select the most suited wavelet. The novelty of 
this study is that, the selection criteria are associated directly with features that correlated well with changing in structures due to 
damage such as energy fluctuations and how slowly energy decays and to detecting the transient events. The proposed method is 
verified by experimental data collected from shake table testes. Experimental results showed that Morse are more versatile wavelet 
and give a better performance followed by Bump and Morel wavelet. 
 

KEY WORDS: non-stationary data, wavelet selection, time-frequency analysis, wavelet transform. 

1 INTRODUCTION 
Large civil infrastructures are characterized by complicated 
nonlinear behaviors during dynamic events revealed in their 
recorded nonstationary responses [1]. These data are composed 
of transitory components and can be treated as a spatially 
distributed input signals. Thus, most strategies use the 
information of these data to design the monitoring system 
[2][3] using signal processing. However, the analysis of 
massive contaminated amounts of non-stationary sensor data 
(NSD) and the best correlation of the information to the 
monitored structures can be a very challenging issue in the field 
of structural health monitoring. In real-world signals such as 
structural dynamic responses, lower frequency events are 
longer in duration while high-frequency events are often of 
short duration. To extract the components, capture useful 
features associated with damage from such signals and to 
account for the most suited information, time-frequency 
techniques can be used because signal features are often 
localized in time and frequency. Time-frequency 
representation (TFR) are usually  used  for  non-stationary data 
examination in  time  and frequency,  to  concentrate  relevant  
data [1]. TFR allow visualization, identification, and separation 
of these vibration responses components in both domains [4]. 
Among various methods, WT is proven to be an effective 
method for damage identification and signal processing 
schemes [5]. It can be employed as microscope to show up 
hidden events and offer information, which other methods fail 
to detect and localizes in time and frequency [15].  Although 
the WT advantages; its success depends on base wavelet and 
wavelet parameters selection which are not always clear. Thus, 

in wavelet analysis, first question is which WTs to choose. To 
answer to this question, first the analysis purpose should be 
determined because the type of wavelet analysis best suited for 
given work depends on what you want to do with the data. The 
WT can be generally classified into discrete continuous wavelet 
transform (CWT) and wavelet transform (DWT). The CWT is 
the WT implementation using arbitrary scales and almost 
arbitrary wavelets. The DWT is WT implementation using a 
discrete wavelet scales set. It breakdowns the signal into 
mutually orthogonal wavelets set, which is the core difference 
from the CWT. 

Concerning the wavelet application in civil engineering, the 
best suited type of wavelet depends on what user want to do 
with the data, it either to be DWT or CWT. DWT is suited for 
decomposition, sparse representations, denoising, and useful 
for multiresolution analysis, while CWT is suited for detailed 
TFR, spectral analysis and localizing of transients signals [6]. 
Besides, characterize oscillatory behavior, singularity 
detection, and discontinuities in higher derivatives. It also 
separates mixed signals into their components, efficient in 
systems identification [16] and resistant to the noise in the 
signal [14]. However, a review of the relevant literature shows 
that there is no systematic approach to right selection of 
continuous wavelet based TFR. In DWT, some studies have 
based the choice on various wavelet characteristic and other 
based on some objectives criteria, while in CWT, the wavelet 
is chosen arbitrary without examining it. In most cases Morlet 
wavelet is used without investigate its Parameters. Thus, in this 
study, the objective is to propose a novel method for selecting 
a customized analytic wavelet based time-frequency analysis 
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for analyzing NSD and extracting features that accurately 
represent damage features for detecting early and progressive 
structural damage. Besides, to localize transients in the signals 
in which the instantaneous frequency grows rapidly. The choice 
strategy is based on comparative analysis, and then quantitative 
and qualitative criteria are utilized to select the most suited 
wavelet. 

2 ANALYTIC WAVELET AND FEATURES 
EXTRACTION 

In wavelet analysis, various analytic wavelets with various 
shapes and properties that oversee their behavior are available 
in literature. This diversity enable us to choose the one that fits 
best with the features that we are looking for in our signal. Most 
common wavelets used with CWT for analyzing nonstationary 
data are the “Morse, a Morlet, bump, Morlet, Gaussian” 
wavelet. The best choice depends on a nature of data and on the 
information type that needed to be captured. Though the Morlet 
wavelet has been used widely in various application due to its 
desired properties, however, Bump and Morse which subsume 
several other wavelet families, have been introduced and used 
in other applications due to their effectiveness in localizing and 
extracting computable features in a time–frequency domain. 
Generally, WT is a convolution of data sequence x (t) and 
wavelets ψ (t), and is defined as: 

 𝑐𝑤𝑡(𝜏, 𝑠) =
1

√|𝑠|
∫ 𝑥(𝑡)𝜓

+∞

−∞

(
𝑡 − 𝜏

𝑠
) 𝑑𝑡 (1) 

 
𝜏 = 𝑡𝑟𝑎𝑛𝑠𝑙𝑎𝑡𝑖𝑜𝑛, 𝑠 = 𝑠𝑐𝑎𝑙𝑒 , Ψ(𝑡)

= 𝑚𝑜𝑡ℎ𝑒𝑟 𝑤𝑎𝑣𝑒𝑙𝑒𝑡,
(𝑡 − 𝜏)

𝑠
= 𝑠𝑎𝑙𝑒 𝑓𝑎𝑐𝑡𝑜𝑟 

Different scaled-shifted versions are shifted along the whole 
signal and timed by its sampling interval to get physical 
significances, leading to coefficients that are a function of scale 
s and shift τ. Depending on our purpose, comparative study 
among the analytical Morlet, Morse and Bump is conducted. 
An analytic wavelet is a function its spectrum has only positive 
frequencies (FT Ψ(ω) is zero for ω < 0), because it just responds 
to the nonnegative signal frequencies, it produces a transform 
whose modulus is less oscillatory than the real wavelet. It is 
given by Lilly & Olhede [7] as: 

 

 𝑊𝜓(𝑡, 𝑠) =
1

2𝜋
∫ 𝜓∗(𝑠𝜔)𝑋(𝜔) exp(𝑖𝜔𝑡) 𝑑𝜔.

∞

0

 (2) 

It is noted that an integration lower bound is zero. An analytic 
wavelet has a peak frequency, where Ψ (ωψ) attains its 
maximum amplitude. This property is a real advantage in 
detecting specific and tracking instantaneous frequencies 
contained in the signal. 

3 FEATURES EXTRACTION 
Since a damage induces changes in the structural 
characteristics, which leads to a change in energy dissipations 
or stiffness loss and then alter the dynamic response, the 
features that is well correlated with damage to track changes 
and to detect the transient events which are most informative 
events to show an abrupt change in the data-generation 
mechanism are extracted and used as wavelet criteria selection. 
The features are:  

• Wavelet energy to quantify how much energy is lost and 
how slowly the measured response energy decays.  

• nonlinear Teager Energy based on instantaneous amplitude 
and instantaneous frequency of the signal to track the 
signal energy fluctuations in each frequency band 

• Wavelet Entropy: changes when structure is damaged due 
to its sensitivity to local damage. 

• Wavelet power spectrum to reveal hidden aspects of data 
such as break down points and trace the damage by the 
scale and time -averaged wavelet spectrum curvature. 

• Localizing transients by observing how well the wavelet 
coefficients align with abrupt changes in the signal. 

• Assessing how power spectral features evolve over time to 
identify time-varying patterns in signals. 

Wavelet Energy shift to indicate the energy loss or how it 
slowly decays at a given scale, is defined as: 

 
Instantons Energy to provide the distribution energy in each 
frequency band, is given as: 
 

 𝐼𝐸 = log10 1 𝑁𝑗 . ∑(Ws,τ  )
2

𝑁𝑠

𝑠=1

⁄  (4) 

 
Nonlinear teager energy operator to track the energy 
fluctuations with each band, is defined as:   

 

𝑇𝐸 = log10 (|
1

𝑁𝑠

∑ (Ws,τ  )
2

𝑁𝑠−1

𝑠=1

− (Ws,τ  (𝑡 − 1) ∗ Ws,τ  (𝑡

+ 1))|) 

(6) 

 
Entropy change rate to describe a structure state in term of 
damage s_wt (0),  and undamaged s_wt (t)entropy is defined 
as: 

 𝐶𝑅(𝑡) =
s𝑤𝑡(𝑡) − s𝑤𝑡(0)

s𝑤𝑡(0)
 (7) 

Maximal information-based nonparametric exploration to 
quantify the relationship between damage and undamaged 
variables, is defined as: 

 𝑀𝐼𝐶 = {𝑀(𝐷)𝑥,𝑦}
𝑥𝑦<𝐵(𝑛)

𝑚𝑎𝑥
 (8) 

Where the bin size is determined by:  𝜔(1) < 𝐵(𝑛) ≤
𝑂(𝑛1−𝜀) For some 0 < 𝜀 < 1 
 

4 METHOD 
• Visualize the data obtained from sensors and prepossessed 

prior to any subsequent analyses to remove the artifacts 
such as trends and environmental conditions.  

•  Choose various analytic wavelet based on data type and 
application purpose and a set of scales to analyses. 

 𝐸𝑎 = ∑|𝑊�̈�(𝑎, 𝑏)|2

𝐾

𝑏=1

 (3) 
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• Investigate the parameter values effect on wavelets shape 
(if any) to determine appropriate the wavelet parameters.  

•  Decompose the signal into various frequency band and 
study each band with a resolution matched to its scale. 

• Extract features that define the key structure dynamic 
features that correlated well with damage as selection 
criteria. 

• Comparative analysis and visual correlation among the 
extracted features to evaluate the performance various 
wavelets used. 

 Candidate Analytic Wavelets Functions 

Based on our application and our aim to perform a detailed 
time-frequency analysis, the following are candidate: 

4.1.1 Morlet wavelet:  
Complex Morlet wavelet is a sinusoidal function modulated by 
a Gaussian function. It is a function of an infinite duration, but 
most of the energy is confined to a finite interval [12]. It has 
equal variance in time and frequency and suited to detect useful 
time and frequency localized information. It has no scaling 
function and does not theoretically satisfy the admissibility 
condition only approximately, but if parameter fc > 5.5, the 
error can be ignored numerically. Generally fc = 6 is taken [12]. 
for engineering applications, since the wavelet becomes 
skewed at fc < 5 [4]).   It is defined as: 

 𝜓(𝑡) =
1

√𝜋𝑓𝑏

𝑒𝑖2𝜋𝑓𝑐𝑡𝑒−𝑡2/𝑓𝑏 (10) 

 
where fb is a bandwidth parameter that controls the wavelet 
shape and fc is the central frequency which determines the 
oscillations number of the complex sinusoid inside the 
symmetric Gaussian envelope.  

4.1.2 Bump wavelet: 
 Bump wavelet is bandlimited defined in frequency domain 
with parameters μ and σ as well to window w [8]. It has wider 
variance in time, narrower variance in frequency [11] .Valid 
values for μ are range in (3, 6) and for σ are range in (0.1, 1.2). 
Smaller values of σ give rise to wavelet with superior frequency 
localization but poorer time localization. Larger values of σ 
produce a wavelet with better time localization and poorer 
frequency localization. It can be defined as: 

 �̂�(𝑠𝜔) = 𝐵. 𝑒(1−(1 (1−(𝑠𝑤−𝜇)2 𝜌2⁄ )⁄ )) (11) 
where B =  I[(μ−σ)/s,(μ+σ)/s]is the indicator function for the 
interval. 

4.1.3 Morse wavelet: 
Generalized Morse wavelets are useful for processing data with 
time-varying and short-duration. They are parametrized by two 
variables, one is time-bandwidth product which is the 
oscillation control parameter β > 0 that affect the transform 
behavior and the other is symmetry or the shape parameter γ > 
0, which determine the wavelet shape [9]. The square root of 
the β is P which proportional to the wavelet duration in time. 
These factors allow to adjust the localization in frequency and 
time to obtain a wide range of wavelet forms and 
characteristics. They parameter have been revealed to 
generalize various analytic wavelet families, including Cauchy 
wavelets when γ = 1, Paul wavelets for the case of γ = 1 

andβ∈N, and derivative of Gaussian wavelets as γ = 2 [15, 16]. 
However, as γ = 3, the Morse wavelet demodulate skewness is 
equal to 0, also have a minimum Heisenberg area. This give 
rise to the most symmetric and most Gaussian wavelets, having 
various merits of Morlet wavelets whereas avoiding their 
shortages, and recommended as a default base for general 
signal analysis [10]. Figure 1 show the shapes of Morlet, 
wavelet, Morse wavelet, Bump wavelet and frequency 
responses. It is noted that the frequency responses for Morse 
wavelet, Morse wavelet with parameter (γ =3, β = 30) are nearly 
identical. The Morse wavelet is defined as: 
 

 

𝜓𝛽𝛾(𝜔)

= ∫ 𝜓𝛽𝛾(𝑡) exp(−𝑖𝜔𝑡) 𝑑𝑡
∞

−∞

= 𝑈(𝜔)𝑎𝛽𝛾𝜔𝛽 exp(−𝜔𝛾) 

(12) 

 

5 PARAMETER VALUES EFFECT ON MORSE AND 
MORAL WAVELETS SHAPE 

Effective application of analytic wavelets requires right 
wavelet parameters beside numerical considerations. Figure 2 
shows how varied values of γ and P affect the Morse shape. In 
the time-domain plots, the red is the real part and the blue is the 
imaginary part. The contour show how the parameters affect 
the spread in time and frequency. Larger value of β widen the 
wavelet central part and increase the time decay rate. The 
increase in γ enlarges the wavelet envelope, but does not 
influence the long decay. For γ values ≤3, the time decay 
increases as the β increases. For γ values ≥3, decreasing the β 
value makes the wavelet less symmetric [13]. As both increase, 
the wavelet oscillates more in time and narrows in frequency 
[9]. Very small β and large γ values yield undesired time-
domain side lobes and frequency-domain asymmetry. Figure 3 
shows TFR of (3, 120), (3, 60), (3, 30) (3, 20) Morse wavelets 
by set γ value to 3 and varies the β values. It is noted that, as β 
values increase the frequency localization improve while time 
localization become worse and versa vise. 

 
 
 
 
 
 

 

 
 
 
 
 
 

 
 

 

 
 

 

 

(a) Morlet (b) Morse (c) Bump (d) frequency 
response 

Figure 1. shapes of wavelets and their corresponding 
frequency responses. 
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Regarding the Morel wavelet, number of cycles is important 
parameter. Figure 4 show the Morlet wavelet parameters effects 
on results. It is noted that, altering number of cycles creates a 
trade-off between temporal and frequency precisions. Few 
cycles’ yields better temporal precision, while more cycles 
yields better frequency precision. From tow analysis we can get 
the complementary information for time-frequency trade-off. 
From figures, it is noted that few cycles is better for detecting 
transient events, so more accurate at localizing dynamics, 
whereas more cycles is more sensitive to longer events, so it is 
more accurate at determining the frequency of the dynamic. 
However, although the number of cycles make time-frequency 
trade-off, it is misty, and often give rises to uncertainty, as well 
as being hard to interpret and evaluate. Figure 5 shows TFR of 
Morel wavelets by varies the number of cycle β. It is noted that, 
as β values increase the frequency and time localization 
improve. 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 

 
 

6 COMPARATIVE ANALYSIS AND RESULTS 
DISCUSSION 

In the following section based on the parameter values effect 
analysis, comparative analysis among morel wavelet, Morse 
wavelet and Bump wavelet is conducted. The comparative 
analysis is based on the extracting features from wavelet 
coefficients. Here we tried to combine the subjective and 
objective techniques to evaluate the performance of candidate 
wavelets as in figures bellow.  Figure 6 shows where most of 
the signal energy is contained in time and frequency and its 
corresponding scale wavelet spectrums of Morlet wavelet, (3, 
60) Morse wavelet, (3, 30), Morse, and Bump wavelet. It is 
noted that, the wavelet components is large in the frequency 
range from 1-10Hz and the Morlet wavelet is not as well 
localized in frequency as the (3, 60) Morse wavelet and Bump 
wavelet. There is smearing in frequency of the (3, 30) Morse 
wavelet nearly identical to the Morlet result. Also it’s noted that 
the bump wavelet is more localized in frequency than the others 
and more accurate the reveals how spectral features evolve over 
time to identify time-varying patterns in signals by the time -
averaged wavelet spectrum curvature. Figure7 show the time-
frequency magnitude representations to give a sense of how 
rapidly the wavelet coefficients magnitude grows. It is noted all 
candidate wavelets show nearly identical performance of signal 
components separation. Figure 8 shows transients detection in 
oscillations using finest squared wavelet coefficients. It is 
shown that there is high frequency noise appears as for the 
complex morel compared with other wavelets and Bump and 
Morse show better transient’s detection than Morel. Figure 9 
shows wavelet power shift to indicate the energy loss or how it 
slowly decays at a given scale. It is obvious that Morel is rapid 
decays, then Morse and Bump. Figure 10 shows ridge for 
undamaged and damaged state. It’s noted that Morel and Morse 
wavelet are nearly identical and Bump wavelet is more 
smoothly than the others. Figure 11. Show the teager–Kaiser 
energy operator to track the instantaneous energy fluctuations 
and to detect abrupt changes in the signal. It’s clear that the 
bump wavelet do better followed by the Morse and Morel 
wavelet. Figure 12.  Shows the cumulative operator associated 
with a damage state. It is obvious that the cumulative operator 
for Morse and Morel wavelet are nearly identical all function 
are acceptable. To validate the result above the quantitative 
measures listed in Table 1 were computed to evaluate the 
wavelet function performance. The results show that all the 
wavelets show nearly identical performance, but the Morse 
wavelet better results. 
 
 
 

 
 
 
 
 
 
 
 
 
 
 

 
 
  

Figure 2. The effect of parameter values on the Morse 
Wavelet shape.. 

Figure 4. The effect of number of cycles on the Morel 
Wavelet shape. 

Figure 3. TFR of various version of Generalized Morse 
wavelets with varied values of βx. 

Figure 5. TFR of various version of Morel wavelets with 
varied number of cycles. 
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(a) Complex Morlet wavelet (b) (3, 60) Morse wavelet 

  
(c)(3, 30) Morse wavelet (d) Bump wavelet 
Figure 6. TFR and scale - averaged wavelet spectrums. 

 
(a) Complex Morlet (b) Morse (c) Bump 

Figure 8. Transients detection in oscillations using finest 
squared wavelet coefficients. 

 
Figure 9. Wavelet power shift along the frequency or scale. 

 

(a) ridge of undamaged signals  (b) ridge of damaged 
signals 

Figure 10. Time-frequency ridge. 

 
(a) Complex Morel  (b)Morse  (c)Bump  
Figure 11. Nonlinear Teager energy operator( frequency 
weighted energy). 

Figure7.Time-Frequency Magnitude Representations 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure  

818 

 

 

7 CONCLUSION 
This study has proposed a new method for addressing the 
wavelet choice issues in detailed time- frequency analysis for 
wavelet based analysis for structural dynamic data. The 
evaluation is based on features that are correlated directly with 
damage, where the reported approaches in the literature lack 
this capability. Analytic wavelet transforms are used, they are 
versatile time-frequency analysis methods, which allow  
localization of useful signals in time or frequency, separate  
them from noise and make them more amenable to 
interpretation. For evaluation, acceleration responses are 
adopted with Morel wavelet, Morse wavelet and Bump 
wavelet. Based on the results, Morse wavelet shows more 
versatility than Morlet and Bump wavelets. By varying the 
time-bandwidth, one can create a Morse wavelet with 
characteristics analogous to Morlet wavelet which has one 
parameter that compromise between time and frequency 
precisions. The results of adjusted Morse wavelet parameters 
suggest that the Morse wavelet can be adjusted to have Morlet 
wavelet advantage and avoid its shortages. Furthermore, based 
on the subjective and objective analysis Morse wavelet also 
shows good results. Thus, we can conclude that Morse wavelet 
is more effective than Morlet wavelet. Comparing the Morse 
with bump wavelet both show good results especially in noise 
separation, but often the generated scalogram by Bump wavelet 
lacks to preserve the detailed frequency information since the 
variance of Bump in frequency is relatively narrow. Finally, we 
can conclude  that, practically, Morse’s wavelet can be more 
desirable due to its versatile and good localization in both the 
time and frequency planes.  Based on the comparative studies 
results, the proposed method is not only robust but it is 
expected to be useful for other applications. Finally, it can be 
concluded that the criteria based on wavelet selection are 
associated with features related with damage such as energy 
fluctuations, transient events and energy loss. 
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Table 1. quantitative measures 
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https://ch.mathworks.com/help/wavelet/gs/choose-a-wavelet.html
https://ch.mathworks.com/help/wavelet/ug/morse-wavelets.html


ABSTRACT: Rapid progress in the field of sensor technology leads to acquisition of massive amounts of measured data from
structures being monitored. The data, however, contains inevitable measurement errors which often cause quantitative damage
assessment to be ill conditioned or flawed. Attempts to incorporate a probabilistic method into a model, in order to quantify the
uncertainties and noise contamination have provided promising solutions to this problem. Unfortunately, the incorporation of
probabilistic methods  have been limited to utilizing Gaussian or normal probability distributions and treating the collected data
as normally distributed random variables. Moreover, the probabilistic surrogate models involve complex and expensive
computations, especially when generating output data. In this study, an approach is proposed as an alternative method to
probabilistic schemes.  In this approach a non-probabilistic surrogate model based on wavelet weighted least squares support
vector machine (WWLS-SVM) is considered and proposed to address the problem of uncertainty in vibration based damage
detection. The input data for WWLS-SVM consists of selected wavelet packet decomposition (WPD) features of the structural
response signals, and the output is the Young's modulus of structural elements. This method calculates the lower and upper
boundaries of the changes in the Young's modulus based on an interval analysis method. Considering the uncertainties in the input
parameters, the surrogate model is used to predict the output of this interval bound. The developed approach is applied to detect
simulated damage in the four-story benchmark structure of IASC-ASCE SHM group. The results show that the proposed method
can perform well in uncertainty-based damage detection of structures with less computational efforts compared to direct finite
element model.

KEY WORDS: Uncertainty; No-Probabilistic; Interval Analysis; Wavelet Packet Decomposition (WPD); Meta-Model.

1 INTRODUCTION
In civil engineering communities, structural health monitoring
(SHM) is an essential topic due to the great importance of civil
structures and infrastructures. This practical process is mainly
intended to evaluate the health and safety of structural systems
by condition assessment  and damage detection[1]. Although
significant progress has been made in this area, the high level
of variability due to noise and other interferences and the
uncertainties associated with data collection, structural
performance, and in-service operating environments pose
significant challenges in finding the necessary information to
support decision-making [2].

Ghiasi and Ghasemi [3] and Bakhary et al. [4] showed the
effect of uncertainties on the output of SVM and ANNs in
training and testing results, and proposed the use of a
probabilistic surrogate model to consider the presence of
uncertainties in the FE model and measurement data. However,
the probabilistic methods presented suffer from shortcomings
such as assuming uncertain parameters as normally distributed
random variables with a given variance that subsequently
produce statistical structural damage results [5]. Furthermore,
in practice the probability density function cannot really be
obtained because of the complexity of uncertainty sources [6].

Because of this, Qiu and Wang [7] emphasized the need to
introduce non-probabilistic interval analysis methods. Unlike
the standard probabilistic approach, no assumptions about
uncertainty distributions for estimating the probability of
damage existence (PoDE) are needed for the non-probabilistic

interval approach. Only the upper and lower bounds of
uncertain variables are needed, thereby simplifying the
detection of damage with noisy data and reducing complex
computation compared to the probabilistic approach [5].

In this paper, the applicability of non-probabilistic methods
is extended by using a non-probabilistic surrogate model based
on wavelet weighted least squares support vector machine
(WWLS-SVM) [8]. The input data for this model consist of
extracted features of acceleration response of structures, and
the output is the Young's modulus (E values), which acts as an
elemental stiffness parameter (ESP). Through the interval
analysis method [9], noises in the measured response of the
structure are considered to be coupled rather than statistically
distributed.

In this study, the measured structural dynamic response is
decomposed into wavelet component functions [10]. Then
wavelet pocket relative energies of these components are used
as input of proposed meta-model.

The proposed method's applicability is demonstrated by
performing damage detection on the 4-story building of Phase
I of IASC–ASCE SHM benchmark [11]. The results show that
the proposed method can efficiently provide the location and
the severity of damage with consideration of uncertainties.

2 FEATURE EXTRACTION USING WAVELET PACKET
TRANSFORM (WPT)

The wavelet packet component energy is an effective method
to define and characterize a specific signal phenomenon in the
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time-frequency domain. Yen and Lin’s [12] shown that the
energy stored in a specific frequency band at a certain level of
wavelet packet decomposition, provides more potential for
signal feature than the coefficients alone.

In this paper the level of decomposition of the wavelet packet
is determined using both healthy and damaged structural
models and set on 7 level [8]. The frequency band energy is
then calculated and normalized.  The wavelet package relative
energy of the signals from sensor is:

(1)

Where, is the acquiring number,
.

The wavelet package relative energy (WPRE) of the signals
from sensor is combined to obtain the fused feature vector:

(2)

This fused feature vector will be used as the input of the
surrogate model after implementing interval analysis method.

3 INTERVAL ANALYSIS METHOD FOR
CONSIDERATION OF UNCERTAINTIES

The interval bounds can provide supports for structural health
monitoring under uncertain conditions [13]. The general
concept of interval mathematics is implemented by supplying
the upper and lower boundaries of input parameters to generate
the upper and lower boundaries of output parameters to
consider the two uncertainties (epistemic and aleatory
uncertainty). Due to the nature of the WWLS-SVM model used
to establish the relationship between the input and output via a
black box procedure [14], the fundamental equation of interval
analysis proposed by Polyak and Nazin [13] can be directly
applied to the input parameters (extracted features) to produce
the intervals of the output parameters (ESP values).

Therefore, two WWLS-SVM models, which include the
lower bound and upper bound analyses, are provided, as shown
in Table 1.

Table 1. Training and testing input and output variables.

Boundari
es

Model Training
Input

Testing
Input

Output

Lower
bound

WWLS-
SVM 1 of Acc.

response
with

negative


of Acc.
response
with
negative 

ck

Upper
bound

WWLS-
SVM 2 of Acc.

response
with

positive 

of Acc.
response

with
positive 

ck

The variable  indicates the uncertainty level in the
acceleration signal, and the superscripts and show the
interval variables of training and testing, respectively. The
boundaries (lower and upper bounds) of the input parameters
are applied through the + and – values of the uncertainties in
two different WWLS-SVM models: WWLS-SVM 1 and

WWLS-SVM 2.  and are the outputs of the WWLS-
SVM models and show the lower and upper bounds of the
predicted ESPs of damage case . Once the lower and upper
boundaries of the ESPs are obtained, the possibility of damage
existence (PoDE) determination can be followed by calculating
the damage measure index (DMI), which is used to indicate the
damage severity.

The PoDE is computed by comparing the vectors of the ESPs
in the damaged and undamaged states. The vectors are the
lower and upper boundary intervals of the ESPs, which are the
WWLS-SVM 1 and WWLS-SVM 2 outputs (refer to Table 1),
respectively. The terms are as follows:

(3)

(4)

where shows the interval bound for the undamaged ESP
( ) and shows the interval bound for the damaged

( )

Figure 1. Scheme for PoDE.

Figure 1 illustrates the intersection of the intervals of the
damaged and undamaged ESPs on the same axis, where the
shaded region indicates the PoDE. The PoDE ranges from 0 to
100 percent, with 100 percent indicating a high possibility of
damage and 0 percent indicating no damage to that particular
element.
The quantitative measurement of the PoDE can therefore be
described as below [9]:

(5)

The interval value of damaged and undamaged ESP will have
significant variations in reality, as the PoDE would be 100
percent. Therefore, using PoDE alone will not provide an
accurate or direct indication of the damage. Accordingly, the
damage measure index (DMI) is calculated as below [9]:

(6)

4 WAVELET WEIGHTED LEAST SQUARES SUPPORT
VECTOR MACHINE (WWLS-SVM)

The LS-SVM is a kind of expansion of standard SVM [15].
In this paper, Weighted version of LS-SVM [16] will be used
as a surrogate model. WLS-SVM was introduced as a highly
effective machine learning algorithm  in large-scale problems
by Suykens et al. [16].

Wavelet kernel functions have been demonstrated to be
superior to other kernel functions in SVM training. [17].
Accordingly, the kernel function of WLS-SVM is substituted
with a specific kind of wavelet function proposed by Ghiasi et
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al. [18] In fact, the thin plate spline Littlewood–Paley wavelet
is used as the kernel function of WLS-SVM. Finally, this WLS-
SVM based on wavelet kernel function is called WWLS-SVM.

5 DAMAGE DETECTION OF IASC-ASCE
STRUCTURAL HEALTH MONITORING
BENCHMARKS

The four-story steel structure shown in Figures 2 and 3 has 12
degrees of freedom (DOF). This structure has a base plan of

and a height of 3.6 m. The structure's quarter-
scale symmetrical model was developed and studied in the
Earthquake Engineering Research Laboratory at the University
of British Columbia (UBC) [19]. The members are hot rolled
grade 300 W steel with a nominal yield stress of 300 MPa (42.6
kpsi).

In this study, for prediction of structural damage, Phase I
simulated data generated from this structure are employed. The
excitation is low-level ambient wind loading at each floor in y-
direction. Sensors are mounted in each floor on the middle
column of the sides; in total there are 16 sensors. Signals to be
analyzed are the acceleration response gathered from each floor
sensors on column 4 respectively. The sampling frequency is
100 Hz and the length of the data is 40,000.

Two types of Finite Element (FE) models of 12 and 120
degrees of freedom (DOF) are used to produce the time
histories for pre-defined damage cases and damage patterns
described in Table 2 [19]. Acceleration response of damage
scenarios in Table 2 is used to test the performance of proposed
model.

Table 2. Damage Cases and Patterns for Detection using the
Benchmark Model

Description
Case

1 2 3 4 5
12 DOF model
120 DOF model

O
O

O O
O

Symmetric Mass
Asymmetric Mass

O O O
O O

Ambient Excitation
Shaker on Roof

O O
O O O

Damage Patterns: Remove Followings
1) All Braces in the 1st Story
2) All Braces in the 1st and 3st Story
3) One Brace in the 1st Story
4) One Brace in the 1st and 3st Story
5) 4 and Loosen Floor Beam at 1st Level
6) 2/3 Stiffness in One Brace at 1st Story

O
O

O
O

O
O

O
O
O
O

O
O
O
O
O
O

Figure 2. Four-story structure of ASCE health monitoring
benchmark studies.

Figure 3. Schematic drawing.

Feature Extraction and Training Phase for Damage
Cases 4 and 5

Since the damage cases 4 and 5 are more inclusive and are also
more complex damage scenarios, they will be used to assess the
merits of the proposed algorithm. Training data of damage
cases 4 and 5 are simulated from a 3-dimensional, 12-DOF
building model to locate damage in the building's faces.
Damage is imposed using stiffness loss parameters for the

story ( ) and face :

(7)

Where are stiffnesses of the undamaged shear building
model, e.g., and

[20]. The damage severities expressed as stiffness
reduction factor (SRF) .

After imposing damage, recorded acceleration response of
the structure in each of 4 sensors are decomposed using the
WPT. Battle–Lemarie as a basis function [21] is used to
decompose the acceleration responses with 7 decomposition
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levels. Altogether, 128 frequency bands are generated, each
with a width of 3.91 Hz. These component energies are sorted
first according to their magnitudes, after decomposing the
acceleration responses, 95 percent of the WPRE is mostly
distributed below 100 Hz frequency bands, which are both
important in value and sensitive to the damage occurred in the
structure. Therefore, WPT's first 8 component energies are
selected as damage features.

Extracted features from different sensors are fused to
construct input vectors of surrogate model as expressed in Eq.
(2). Training output vectors for the first and second surrogate
model are damage severities expressed as stiffness reduction
factor in Eq. (7). In the first phase, to construct the damage
signatures for the purpose of comparing the performance of
PoDE and PDE [4], only a single damage level, i.e., 50%
stiffness reduction, is imposed on the stiffness in the strong and
weak directions. Note that the stiffness of both elements facing
each other, e.g., elements in +Y and –Y faces, are reduced
together when the damage is assigned.  In the second phase, to
evaluate the damage severity index (DMI) two levels of
damage, i.e., 30% and 70% of stiffness losses, are imposed on
the structural elements in order to create the training dataset.

First Phase – Comparing the performance of PoDE and
PDE

To prove the capability of the proposed method, Table 3
compares the PoDE values obtained by the proposed method
with the PDE values for the same damage cases calculated
using a probabilistic method developed by Ghiasi et al. [22]
Full benchmarks models with 12 and 120 DOF for damage
cases 4 and 5, respectively, are used to generate acceleration
time histories for prediction. To consider the measurement
noise, the acceleration responses of the structure are
contaminated with white Gaussian noise (WGN). For the noise
levels considered, the signal-to-noise ratios (SNRs) is: (i) 5%,
SNR 26 dB. The SNR is expressed as:

(8)

where n is the noise level.
As shown the Table 3, the PoDE is more accurate damage
indicator, generating smaller errors in both damage cases 4-5.
For example, in damage case 4-pattern 4, the braces of Y
direction in story 1 is undamaged, however, the PDE value is
8% compared to a 0% PoDE value. The same situation
occurred in damage case 5-pattern 5, where undamaged braces
of Y direction in story 1 show 0% damage, and the
probabilistic method indicates a 13% probability of damage. It
is also indicated that in both cases, the proposed approach
provides higher PoDE values compared to the PDE value for
the damaged story. The main reason is that the proposed non-
probabilistic approach used less surrogate models than the
probabilistic method, resulting in smaller prediction errors.
Furthermore, as shown in Table 3, all of the actually damaged
elements can be successfully identified by the proposed
method. Note that and

in this Phase.

Table 3. PoDEs and PDEs for Damage Cases 4-5 (T: Target,
P: Prediction)

Damage
Pattern

Story 1 Story 2 Story 3

Case:4&5,
Pattern:1T 100 100 0.00 0.00 0.00 0.00

Case:4&5,
Pattern:2T 100 100 0.00 0.00 100 100

Case:4&5,
Pattern:3T 0.00 100 0.00 0.00 0.00 0.00

Case:4&5,
Pattern:4T 0.00 100 0.00 0.00 100 0.00

Case:5,
Pattern:5T 0.00 100 0.00 0.00 100 0.00

Case:5,
Pattern:6T 0.00 100 0.00 0.00 0.00 0.00

PoDE
Case:4,

Pattern:1P
100 100 0.00 0.00 0.00 0.00

PoDE
Case:4,

Pattern:2P
100 100 0.00 0.00 100 100

PoDE
Case:4,

Pattern:3P
2.00 100 0.00 0.00 0.00 0.00

PoDE
Case:4,

Pattern:4P
0.00 100 0.00 0.00 100 0.00

PoDE
Case:5,

Pattern:1P
100 98 0.00 0.00 0.00 0.00

PoDE
Case:5,

Pattern:2P
98 100 2.00 4.00 100 95

PoDE
Case:5,

Pattern:3P
2.00 97 0.00 0.00 0.00 0.00

PoDE
Case:5,

Pattern:4P
4.00 100 0.00 0.00 100 1.00

PoDE
Case:5,

Pattern:5P
0.00 100 0.00 0.00 100 0.00

PoDE
Case:5,

Pattern:6
0.00 99 0.00 0.00 0.00 0.00

PDE
Case:4,

Pattern:1P
100 99 0.00 0.00 0.00 0.00

PDE
Case:4,

Pattern:2P
100 100 3.00 1.00 100 99

PDE
Case:4,

Pattern:3P
7.00 95 0.00 0.00 0.00 0.00

PDE
Case:4,

Pattern:4P
8.00 98 0.00 0.00 99 8.00
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PDE
Case:5,

Pattern:1P
90 91 0.00 0.00 1.00 5.00

PDE
Case:5,

Pattern:2P
79 91 7.00 14.00 80 90

PDE
Case:5,

Pattern:3P
18.00 90 0.00 0.00 2.00 0.00

PDE
Case:5,

Pattern:4P
10.00 90 0.00 0.00 95 12.00

PDE
Case:5,

Pattern:5P
13.00 87 1.00 1.00 98 15.00

PDE
Case:5,

Pattern:6P
14.00 92 0.00 0.00 1.00 4.00

Maximum value of the estimated PDE for story 4 (not listed in Table
3) is 0.06.

Second Phase – Evaluation of Damage Severities
After ensuring the higher ability of PoDE in comparison to
PDE, in second phase, the proposed method is trained to predict
damage severities. As before, input vectors in Eq. (2) are pre-
processed from acceleration time histories of the benchmark
structure with the assigned levels of damage given by the target
values in Table 4.

Prediction results listed in Table 4 demonstrate that the
severities of damaged elements in each face of the 1th and 3th
stories are estimated with a high degree of accuracy as well.
The predicted maximum damage severity of the 2th and 4th
stories (not listed in Table 4) is 0.09 [23], which could be
reasonably judged to be undamaged. Note that the effect of
loosening the floor beam at the 1st level in the damage pattern
4 and 5 of damage case 5 is negligible, as addressed by Yuen
et al. [24]. It can be concluded, based on the results achieved so
far, that the proposed approach is a promising tool for SHM to
effectively locate damage and to estimate its severity.

Table 4. Stiffness Reduction Factors to Estimate Damage
Severities for Damage Cases 4-5 (DMI).

(T: Target, P: Prediction)

Story 1 Story 3

1T 0.45 0.71 0.45 0.71 0.00 0.00 0.00 0.00
2T 0.45 0.71 0.45 0.71 0.45 0.71 0.45 0.71
3T 0.00 0.36 0.00 0.00 0.00 0.00 0.00 0.00
4T 0.00 0.36 0.00 0.00 0.23 0.00 0.00 0.00
5T 0.00 0.36 0.00 0.00 0.23 0.00 0.00 0.00
6T 0.00 0.23 0.00 0.00 0.00 0.00 0.00 0.00

1P 0.44 0.70 0.44 0.70 0.00 0.00 0.00 0.00
2P 0.43 0.70 0.44 0.69 0.44 0.74 0.42 0.68
3P 0.05 0.35 0.01 0.00 0.00 0.00 0.00 0.00
4P 0.00 0.32 0.00 0.01 0.19 0.00 0.02 0.00

1P 0.42 0.69 0.40 0.67 0.00 0.00 0.00 0.00
2P 0.40 0.68 0.44 0.70 0.44 0.67 0.40 0.68

3P 0.00 0.30 0.00 0.04 0.00 0.00 0.00 0.00
4P 0.06 0.38 0.00 0.07 0.19 0.01 0.03 0.00
5P 0.00 0.29 0.00 0.00 0.20 0.00 0.04 0.00
6P 0.00 0.18 0.00 0.04 0.00 0.00 0.00 0.00

6 CONCLUSIONS
In this research, a non-probabilistic method based on

WWLS-SVM algorithm is presented to consider the
uncertainties, considered as noise, in the process of damage
detection of structures. An interval analysis is adopted for use
with the WWLS-SVM, as an intelligent data analytics scheme,
to consider the uncertainties using the interval bounds of the
uncertainties in the input parameters of the surrogate model.
The developed approach is applied to the phase I of IASC-
ASCE benchmark problem to investigate its feasibility for
damage assessment. Based on the prediction results obtained in
this study and listed in Table 3 to Table 4, the proposed method
based on WPD, interval analysis and WWLS-SVM,
demonstrates its ability to accurately identify, locate, and
estimate damage for the benchmark problems and it can also be
a promising and efficient real time tool for structural health
monitoring using large amounts of collected data with intrinsic
errors.
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ABSTRACT: Non-destructive damage detection methods using modal parameters (such as mode shapes, natural frequencies, 
modal curvatures, etc.) while comparing the undamaged and damaged states of structures are promising approaches in the field of 
Structural Health Monitoring (SHM) to identify the existence of damage, its location, and severity. In this study, an inverse 
problem-solving approach is proposed using Modal Strain Energy (MSE) as a sensitive feature to damage in three-dimensional 
reinforced concrete structures which has received the least interest in research due to their inhomogeneity and complexity. The 
proposed method uses a hybrid approach of extracting modal parameters of simulated structures and using Machine Learning 
(ML) techniques widely used in SHM. Three types of RC structures including symmetric, asymmetric, and irregular systems are 
modeled in finite element software and then various damage scenarios for each system are simulated to obtain modal data. Two 
predictive ML models are separately used to model the damage detection process. Firstly, an Artificial Neural Network (ANN) 
algorithm is designed and then tuned to initially determine whether the structure is damaged or not. Secondly, Random Forest 
(RF) classifier, which is an effective tool in multiclass classification problems, is used to detect the damaged element and its 
severity. Different combinations of input modal data are also set to be fed to these models. The results show that the proposed 
method using the RF classifier is an effective tool in locating the damage in the structure. It also predicts the damage very rapidly 
which makes it a robust tool for real-time SHM applications. 

KEYWORDS: Structural health monitoring; Damage detection; Modal parameters; Modal strain energy; Deep learning neural 
network; Random forest. 

1 INTRODUCTION 
Structural health monitoring has gained increasing attention 
over the course of recent years. As structures are exposed to 
damage during their life span, it is crucial to assess the 
condition of structures to ensure that it is safe to occupy them 
and, for more critical cases such as infrastructures, there is no 
interruption in their serviceability. For this purpose and in order 
to guarantee the safety of the structure and prevent the 
reduction of its design service life, accurate assessment of 
damage including its occurrence, location, severity, and extent 
is of great importance. Several factors may impose damage to 
structures; ranging from faulty design and construction to aging 
structures and natural disasters, the most important of which is 
earthquakes. Damage assessment in structures followed by 
structural rehabilitation improves the performance of the 
structure and increases its safety which consequently reduces 
life and financial losses. There are four stages in a 
comprehensive damage detection method which are listed 
below [1]:  

 
• Identifying the presence of damage 
• Identifying the location of damage 
• Identifying the severity of damage 
• Anticipating the remaining life span of a damaged 

structure 
 

To date, many researches have been done on different 
methods of identifying damage in structures. Damage 
simulation techniques must be able to accurately simulate the 

behavior of the real structure under the types of possible 
damage. Any inconsistency between the simulated damage and 
the actual damage to the structure can lead to an overestimation 
of the damage which imposes higher repair costs or identifying 
a lower level of damage which causes larger failure and 
consequently severe life and financial losses. Levels 3 and 4 are 
the most challenging areas in damage detection procedures. 
Mohammdi et al. [2] proposed a method to use deterministic 
and probabilistic effects of redundancy on the reliability index 
and the behavior factor of structures. 

Damage detection methods are divided into two general 
categories: static damage detection methods and dynamic 
damage detection methods. Static damage detection methods 
use the measured changes in the static responses of the structure 
to investigate the presence of damage. Vibration-based damage 
detection methods have been widely used to localize and 
quantify damage in structures. The theory behind these 
methods is simple and straightforward. Due to the fact that 
modal parameters including natural frequencies, mode shapes, 
and modal damping ratios are functions of physical 
characteristics of the structure such as mass, stiffness, and 
damping, any changes to these physical properties alter the 
modal parameters. Thus, measuring them and comparing their 
values with the undamaged state of the structure results in 
identifying the location and severity of the damage occurred. 
Sampaio et al. [3] proposed a damage detection method using 
the frequency response function to locate damage in a free-free 
beam. They used FRF curvature and compared the damaged 
and undamaged states to determine damage location. In a 
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method introduced in [4], the period elongation of the building 
is used as a result of alteration in stiffness to identify the 
damage. Yang and Wang [5] used natural frequencies as a 
damage indicator in their study. They proposed natural 
frequency vector (NFV) and natural frequency vector assurance 
criterion (NFVAC) as damage indexes.  

The vast majority of research shows that mode shapes are 
much more accurate damage detection indicators than 
frequencies and damping ratios. Modal Assurance Criteria 
(MAC), as proposed by Allemang and Brown [6], develops a 
correlation between mode shapes. If mode shapes being 
compared are identical, MAC is expected to be one and as the 
difference between the mode shapes grows, the MAC index 
gets closer to zero. By extending MAC method, Kim et al. [7] 
introduced Coordinate Modal Assurance Criterion (COMAC) 
which tries to identify damage using a mode shape point-based 
approach. Xu and Zhu [8] proposed a method for identifying 
damage in mono-coupled periodic structures. Numerical results 
showed that among modal parameters, mode shape curvature is 
very sensitive to damage. 

Although mode shapes are unique features of the structure 
and are used as an indicator in damage identification methods, 
a large number of studies show that derivatives of mode shapes 
are more sensitive to damage. Mode shape curvature is 
obtained by calculating the second derivative of mode shape 
and modal strain energy is a function of mode shape curvatures 
and can be used as an indicator of damage in the structure. Shi 
et al. [9] proposed a damage detection method based on modal 
strain energy. In this method, modal strain energy changes in 
each element before and after the damage were used. They 
defined the Modal Strain Energy Change Ratio (MSECR) as a 
meaningful indicator for damage localization.  

The increasing application of machine learning techniques in 
engineering resulted in emerging diverse methods in damage 
detection procedures. Many studies have been done using the 
combination of vibration-based damage detection methods and 
machine learning techniques. Figueiredo, E., and Santos, A. 
[10] introduced a statistical pattern recognition paradigm in 
structural health monitoring where machine learning 
algorithms are fed with data obtained during the operational 
time of the structures to diagnose any inconsistency with these 
collected data to detect damage. An ANN-based method was 
introduced by Neves et al. [11] used data collected from the 
dynamic response of a bridge to train the ANN. The proposed 
ANN model was capable of predicting forthcoming 
acceleration. The difference between the predicted and 
measured accelerations was considered as a damage indicator. 
Cha et al. [12] designed a Convolutional Neural Network, 
which is a powerful tool in learning image features, to detect 
cracks in concrete structures. 

2 PROBLEM STATEMENT 
With the increase of aging structures and infrastructures, the 
need for monitoring and determining methods to assess the 
presence and extent of damage to these structures is inevitably 
necessary. Ensuring structural integrity is one of the most 
important objectives in structural health monitoring. The 
academic literature on damage detection methods has revealed 
that most of the researches to date have been done on structural 
elements such as plates and beams, 2D frames, and 

homogenous structures such as steel structures [13]. Three 
Dimensional (3D) Reinforced Concrete (RC) structures have 
received the least interest due to their complexity and non-
homogeneity which brings up many hardships in the process of 
damage detection.  

There are many factors which cause damage in RC 
structures: faulty design, faulty construction, use of 
substandard construction materials, aging, and natural hazards 
such as earthquakes. These factors induce various types of 
damage to different structural elements and impact the integrity 
of the structure. Brittle failure can be caused by low-quality 
concrete, insufficient reinforcement, and cyclic loading. 
Damage to beams is the most common damage in RC 
structures; however, if it is at low levels, it does not threaten the 
stability of the structures. On the other hand, damage to the 
columns is considered to be very critical as they form the 
vertical load-bearing system of the structure and any kind of 
damage in these elements interrupts the load-path system of the 
whole structures. 

3 RESEARCH METHODOLOGY 
Comparing the undamaged and damaged states of the structure 
and using the differences in its modal parameters results in 
identifying the damage location and the severity of it. Due to 
the large amount of data extracted from large-scale structures 
using sensors and other data acquisition technologies, powerful 
machine learning techniques have gained considerable interest 
in structural health monitoring. Machine learning algorithms 
can be trained using simulated structure data and then be used 
to predict the damage in the real structure.  This comparison is 
done by firstly analyzing the finite element model of the 
structure in different conditions; to begin with, the undamaged 
state of the structure is analyzed and modal parameters are 
obtained and then diverse probable damage scenarios are 
simulated. The structure is analyzed in each state to extract 
modal data. Secondly, all modal parameters including mode 
shapes are extracted to form the dataset which is fed to machine 
learning algorithms. Next, two machine learning algorithms 
including an ANN and an RF classifier models are designed 
using the extracted modal values from FEA as input data. The 
ML algorithms are fine-tuned in order to improve their 
performance and give better accuracy in predicting damage.  

The damage detection approach in this study can be broken 
down into 6 stages:  

 
• Designing three most common types of structural model  
• Finite element analysis of the modeled structures to 

capture stiffness matrix and undamaged state modal 
parameters using OpenSees software 

• Simulating various damage scenarios  
• Finite element analysis of damaged structures to obtain 

modal parameters for each damage state  
• Design ANN algorithms using the extracted data from 

finite element analysis to evaluate the existence of damage  
• Design an RF classifier to detect damaged element and its 

severity.  
 

These steps are shown in Figure 1.  
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Figure 1. Steps of damage detection method based on machine 
learning algorithms. 

4 THEORETICAL MODELS AND ANALYSIS 
Real-world structures are designed in various forms. To 
evaluate the efficacy of the proposed method, three diverse 
structural models, Symmetric, Asymmetric, and Irregular are 
designed. Figure 2 shows an RC structural model in the 
symmetric form including two 5m-width spans and three 3m-
hight stories. Each story includes 6 RC columns and 7 RC 
beams. To simulate diverse damage scenarios, all of these 
elements are damaged with different severity ranging from 5% 
to 30%. In order to show that the proposed method is 
independent of the form of the structure and can be widely used 
for different models of structures, 2 other structural models are 
designed. Figure 3 represents the asymmetric RC model. In the 
symmetric and asymmetric models, the number of stories in 
each span is the same so that in order to model an irregular 
structure, a new model is designed in which the number of 
stories alters in different spans, Figure 4. OpenSees finite 
element software is used to model these structures and carry out 
static analysis to obtain the structures’ modal parameters. 

Figure 2. Symmetric RC structural model. 

Figure 3. Asymmetric RC structural model. 

Figure 4. Irregular RC structural model. 

5 DAMAGE SIMULATION 
To date, different techniques have been used in damage 
simulation in reinforced concrete structures. These methods 
include reduction in local stiffness, cross-sectional depth 
decrease, or use of rotational spring elements [14], among 
which the reduction of local stiffness is one of the simplest 
methods that can be achieved by reducing the modulus of 
elasticity or the second moment of inertia. Since the modulus 
of elasticity decrease in elements of a finite element model 
affects both flexural and axial stiffness [15], many researchers 
have used this method to simulate damage.  

In this research, since the damage simulation is performed for 
RC elements of structures and due to the presence of 
reinforcing steel in these elements, in the damage scenarios, a 
combination of failure in both materials used is considered and 
the damage in the sections is simulated by a reduction in both 
the elasticity modulus of steel and the compressive strength of 
concrete simultaneously and with the same reduction 
percentages; equation (1): 

 𝐸𝑗
𝑑 = (1 − 𝛼)𝐸𝑗

0     ,     𝑓𝑐
𝑑 = (1 − 𝛼)𝑓𝑐

0  (1) 

After simulating each damage scenario for every element, 
nonlinear static analysis as mentioned in [16], is performed to 
obtain the first 8 mode shapes of each structural model. 
Damage in each element alters the global mode shape values of 
the structures.  As the RC models are three dimensional, every 
node has 6 degrees of freedom, hence for the symmetric model 
in Figure 2, with 39 elements and 18 nodes, the number of 
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degrees of freedom (DoF) is equal to 108 and each mode shape 
consists of 108 components. The number of DoFs in 
asymmetric and irregular models are 144 and 156 respectively. 

To calculate modal strain energy, the stiffness matrix of the 
structure is required. Since the damaged element is not known 
in the structure, the stiffness matrix of the intact structure is 
used as a close approximation to the damaged structure 
stiffness matrix.  Modal Strain Energy for each mode shape of 
every damage scenarios is calculated using the following 
equation: 

 𝑀𝑆𝐸𝑖 = Φ𝑖
𝑇𝐾Φ𝑖 (2) 

In which 𝑀𝑆𝐸𝑖  is the modal strain energy of the 𝑖th mode, 𝐾 is 
the global stiffness matrix of the undamaged structure, and Φ𝑖 
is 𝑖th mode shape of the structure. Mode shapes and 
consequently modal strain energy are obtained for the intact 
state and all damaged states of the structure. This data forms 
the data frame, shown in Table 1, required for the next step of 
the damage detection process. 

Table 1. Data frame 

Element 
No. 

Damage 
severity 

Mode Shape MSE DoF 1 DoF 2 … DoF n 
1 5% -0.145 0.0002 … 4.2e-08 1517 
2 5% -0.000 -0.119 … 3.9e-09 1700 
… … … … … … … 
m 30% -0.154 0.0003 … 7.9e-07 15865 

6 MACHINE LEARNING 
Machine learning techniques are powerful tools in recognizing 
and capturing system patterns. Countless production of data 
through recent years has led researchers to use powerful data 
processing methods to solve various problems in the 
engineering world. In SHM, numerous data is gathered from 
structures by using sensors and actuators. Processing the 
obtained data provides valuable insights into the safety, 
integrity, and serviceability of the structure. ML techniques are 
used in a diverse range of problems such as classification, 
clustering, affinity grouping, and prediction [17]. The present 
study uses two ML techniques in the damage detection method. 
The case in this study is of a classification problem. In the first 
step, an ANN is used to determine the presence of damage and 
whether there is a damaged element in the structure. Next, the 
RF classifier is used to define the damaged element and its 
severity.  

 Artificial Neural Network 

The new idea of neural networks was proved in 1943 by Warren 
S. McCulloch, a neuroscientist, and Walter Pitts, a logician 
[18]. These networks model synaptic connections and the 
neural structure of the human brain. To better understand this 
modeling, it is important to note that although neurons in the 
brain's neural network are biologically and chemically very 
complex, they can be simulated in terms of performance and 
processing of inputs and outputs. The neural network of the 
human brain consists of a set of nerve cells (neurons). The 
information (input data) is taken by the input branches of the 
neuron called dendrites, processed in the cell nucleus, and 
delivered to the next neurons by the output branches called 
axons. The axons of one neuron are not attached to the dendrites 

of subsequent neurons, but there is a very small space called a 
synapse between them that can exchange information. An ANN 
consists of artificial neurons grouped into layers. Figure 5 
shows the schematic view of an ANN.  

The neural network in this study is design to indicate whether 
the structure is damaged or not. Features used to design the 
neural network are MSEs and mode shapes components. Mode 
shape components are used to enhance the neural network 
performance. The designed ANN in this study identifies if the  
 

Figure 5. The concept of Artificial Neural Network. 

structure is damaged with 0.92 accuracy on test data which is 
also the validation data. 

 Random Forest (Deep Neural Network) 

RF classifier is a deep learning algorithm including many 
decision trees. An input goes down each of these trees in the 
forest and the tree votes for the class to which the input belongs. 
The most voted class by the trees in the forest is the class the 
RF classifier chooses for the input, Figure 6.  

 

 
Figure 6. Concept of Random Forest Classifier. 

The same features used in the neural network are used in the 
RF classifier, including MSE and mode shapes’ components. 
Confusion matrix displays the results of classification based on 
real existing data. Based on these values, different criteria for 
classification evaluation and accuracy measurement can be 
defined. Accuracy is the most common, basic, and simplest 
criterion for measuring the efficacy of a classification. This 
parameter indicates the number of damaged elements that have 
been correctly detected. Confusion matrices below show the 
performance of the RF classifier in accurately classifying 
damaged elements. For instance, in Figure 7, the horizontal axis 
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is the predicted class by the RF classifier and the vertical axis 
demonstrates the true class to which the element belongs. The 
diagonal elements represent the number of points for which the 
predicted label is equal to the true label, while off-diagonal 
elements are those that are mislabeled by the classifier. RF 
classifier was able to predict the damaged element and its 
severity with 0.63 accuracy for the symmetric structural model. 

 
Figure 7. Symmetric model confusion matrix. 

Figure 8 and Figure 9 represent confusion matrices for 
asymmetric and irregular models. The accuracy of predicting 
damaged element and its severity in the asymmetric model 
increased to 0.68.  

Figure 8. Asymmetric model confusion matrix. 

However, the RF algorithm was weak in predicting damage 
in the irregular structural model with a satisfactory accuracy 
(0.46). In comparison to the symmetric and asymmetric 
models, for the Irregular model in this study the RF classifier 
showed poor performance in predicting the damaged element.  

The proposed method has been used for one irregular 
structural model. Thus, it is suggested that diverse irregular 
models of structures should be studied to figure out whether the 
low accuracy is related to the form of structure or not. Thus, 
this method is not practical to be applied to such structures. 
Therefore, combining design of experiments (DoE) with 
machine learning techniques enhance the proposed research 
approach. 

Figure 9. Irregular model confusion matrix. 

7 CONCLUSION 
The present study proposed a method of combining vibration-
based damage detection techniques and two machine learning 
algorithms, ANN and RF, to localize and quantify damage in 
three-dimensional reinforced concrete structures. The designed 
ANN is powerful to identify the presence of damage and the 
FR classifier showed satisfactory performance in determining 
the damaged element and its severity. The positive aspect of 
employing this method is detecting the damaged element and 
its severity in real-time monitoring of structural health and 
condition. When the structure is designed, diverse probable 
damage scenarios can be simulated, and modal parameters are 
recorded to be used during structural health monitoring. As 
soon as the damage occurs in the structure, the obtained data is 
compared with pre-defined simulated data to determine 
damage. This helps engineers to act swiftly to prevent 
progressive damage in the future.  
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ABSTRACT: After an earthquake, quickly identifying damage on a bridge is crucial to early recoveries. However, current 
method of structural health monitoring on bridges relies on cameras, cable networks, and manpower. This method requires high 
costs as well as slower recovery effort. In order to address these issues, a health monitoring model of a bridge bearing using a  
multilayer neural network and accelerometers were proposed. Such a model ensures real time evaluation of bearing damage 
while using only the acceleration responses of a bridge. A multilayer neural network was proposed with acceleration responses 
of steel girder and bearing being the input while the output being bearing displacement. The responses were obtained by 
applying seismic motions to the structural model with TDAP III, a general purpose three dimensional dynamic analysis 
computer code. Several different combinations of seismic motions were considered as the learning data set. The results showed 
that using a large number of learning data sets for the multilayer neural network returned a high applicability. This study 
demonstrated that the bearing displacement, as well as the bearing damage could be precisely estimated.  

KEY WORDS: SHMII-10; Structural Health Monitoring; Deep Learning; Neural Network; Accelerometer; Bridge Bearing; 
Seismic Motion; Damage. 

1 INTRODUCTION 
After an earthquake, maps are swiftly made that indicate 
passable bridges within the disaster radius. This is because the 
information is crucial to emergency vehicles that are carrying 
the injured, or are delivering foods and other supplies to those 
areas. Gathering this information faster and more accurately 
leads to an increase in number of vehicles taking the most 
efficient route; thus allowing emergency personnel to reach 
the needed in time. However, it is common for this to take 
some time. For instance, in the Kobe Earthquake in 1995, it 
took 6 hours for officials to grasp the damage summary for 
several sections of the national highway [1]. This could be 
blamed on the lack of manpower, since so much damage was 
dealt to the area. The blame also could be placed on the 
difficulties created by long traffic jams. After the Kobe 
Earthquake, manual for early damage assessing was 
remodeled. Even then, it is common to encounter obstacles. In 
case of Kumamoto Earthquake in 2016, it took officials 16 
hours to release the first draft of map with health status of 
roads and bridges [2]. The information of several bridges were 
not included in the map, as the cables of cameras set up were 
severed by the seismic activity. The earthquake occurring in 
midnight also made things difficult, as helicopters couldn’t be 
utilized to assess the damage until the break of dawn. As such, 
the first draft of the map consisted only of information 
obtained by personnel actually driving on the bridges. 
Therefore, building and putting in place a structural health 
monitoring system for bridges which does not rely on 
conventional cables and visual information is needed.  

An example of a wireless sensing unit for structural health 
monitoring of a bridge was proposed by J.P.Lynch et al. [3]. 
The sensing unit employed an enhanced RISC microcontroller 
and MEMS based accelerometers. This allowed the units 

themselves to retrieve analog data signals from accelerometers 
and convert them to digital measurements. A large portion of 
the cost to install a conventional wired structural monitoring 
system includes the conduits needed to protect the wire from 
harsh weather conditions; therefore, wireless systems, exempt 
from such fees, can be installed for lower costs.  

Several other structural health monitoring systems using 
sensor networks of accelerometers were proposed. Kodera et 
al. [4] proposed a framework of estimating all the story 
responses of an 11 to 15 story building with limited number of 
accelerometers. Cubic spline interpolation was used to 
compute the acceleration responses of stories without 
accelerometers installed. After receiving or computing 
acceleration responses from each story, the inter-story drift 
displacements were computed by applying double integral and 
subtraction operations. This information was used to judge the 
damage state of the building.  

Machine learning has also become common in assessing the 
health status of civil structures. The benefit of using machine 
learning is that it can identify the relationship between the 
input and output. Yokoyama et al. [5] proposed a method of 
evaluating the damages of bridge pier by using neural 
networks. The relative displacement and velocity responses 
were used as the input while the output was the absolute 
acceleration response of the bridge pier. Then, the difference 
between the output of the neural network and the measured 
response of the bridge pier was examined. Afterwards, the 
difference was used to evaluate the degree of damage on the 
bridge pier. This method enabled real-time evaluation of 
bridge pier damages, but does not consider the damage of 
bridge bearing. Parameters such as amplitude ratio and phase 
difference were also used to evaluate the difference. Vagnoli 
et al. [6] proposed a machine learning classifier for condition 
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monitoring and damage detection of bridges using a Neuro-
Fuzzy algorithm. This method allows automatic and rapid 
assessing of the health status of the infrastructure, when new 
data of bridge behavior is available. Other methods for SHM 
of bridges were proposed, such as placing the sensors on the 
vehicle [7]. This technique does not require either wired or 
wireless sensors to be placed directly on the bridge. The 
vibration responses recorded on the sensors were analyzed 
using signal processing and machine learning approaches. For 
machine learning, the principal component analysis (PCA) 
was used to select features, and kernel regression method was 
used for regression. This method returned low errors and was 
able to estimate possible damage locations. Indirect SHM 
method using vehicles and Neural Networks was also 
proposed by [8]. The vehicle acceleration is used as the input 
and the output, and root mean square error is used to calculate 
the error of prediction. Then a Gaussian process is used for 
defining a damage indicator that detects the change in 
distribution of prediction errors. This damage indicator was 
able to detect the change in distribution, and was able to 
identify the health status of the bridge. Smarsly et al. [9] 
proposed an embedded machine learning approach for 
decentralized, autonomous fault detection in wireless SHM 
systems. The accuracy of SHM systems may be compromised 
by sensor faults. An efficient detection method of sensor 
faults, based on the correlations among the response of 
different sensors was proposed.   

In this study, a method of evaluating the bridge bearing 
damage caused by seismic activity using a multilayer neural 
network is proposed. The acceleration responses measured on 
top of the bridge pier and on the steel girder were used as the 
input, while the output was the displacement of the bearing. 
Since only two accelerometers are needed to be installed, this 
method is more economical compared to previous cases. The 
measured acceleration responses were obtained by applying 
designed seismic motions to the structural model using TDAP 
III, a general purpose three dimensional dynamic analysis 
computer code. After the learning was complete, the 
generalization of the multilayer neural network was examined. 
This was done by using the data of artificial seismic motion. 
The estimated displacement of the bearing was examined and 
used as a parameter to judge whether or not damage was done 
to the bridge bearing.  

Several combinations of designed seismic motions were 
used to determine the multilayer neural network which best 
returns the bearing displacement. 

2 MATERIALS AND METHODS 

2.1 Structural model 

The structural model used in this study was modeled after the 
one proposed by Matsuo et al. [10]. The structural model was 
made using bearing conditions for area A in soil type I [11]. 
The model is composed of reinforced concrete pier, steel 
girder, and a seismic isolation bearing (see Figure 1). Table 1, 
and Table 2 show nodes and elements placement in the 
structure, respectably. 

 
 
 

 
Figure 1. Structural model. 

 
 
 
 
 

Table 1. Nodes in the model. 
 

 
 
 
 

Table 2. Elements in the model. 
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Table 3. Specifications of the model. 
 

 
 

Of the structural model, the steel girder was modeled as 
one-mass-system (Node 12 in Figure 1). The reinforced 
concrete pier, including the footing was modeled as two 
dimensional beam element. The reinforced concrete pier, 
excluding the footing, was then further divided into 7 
elements. The plastic hinge area of bridge pier base (Element 
3 in Figure 1) was modeled as two dimensional beam element.  
 The bearing was modeled as a shear spring that follows the 
bilinear model of hysteretic restoring force characteristics. 
The shear spring’s designed displacement is 0.225m in 
absolute value, designated using the method proposed in past 
studies [12, 13]. Table 3 shows the specifications of the 
structural model.  

 The nonlinearities of two dimensional beam element was 
modeled after the Takeda model. The soil spring was designed 
based on [11] and was modeled using horizontal, vertical, and 
rotational springs. The isolation’s damping factor was set as 
0%, and the horizontal, vertical, and rotational soil springs 
were all set to 20%. The damping factor of two dimensional 
nonlinear beam element against the bridge base was set to 2%. 
The damping factors of other two dimensional linear beam 
elements against the bridge base were all set to 5%. 

2.2 Seismic motions 

In this study, designed seismic motions and artificial seismic 
motions were used.  

For the learning of the multilayer neural network, the time 
history responses of designed seismic motions were used [14]. 
The list of designed seismic motions used in this study is 
shown in Table 4. The first two numbers of each motion 
represent the type of the motion and the soil type where the 
waves were recorded. For example, type II-I-I means the 
motion type is 2 and the soil type is 1. The time duration of 
each designed seismic motion is 30 seconds. The acceleration 
wave forms of the designed seismic motions are shown in 
Figures 2, 3, 4. 

 
 
 
 

Table 4. Designed seismic motions. 

 
 
 

 
Figure 2. Type II-I-I seismic motion. 

 
 

 
Figure 3. Type II-I-II seismic motion. 

 
 

 
Figure 4. Type II-I-III seismic motion. 

 
The artificial seismic motions used in this study were made 

using type II-I-I designed seismic motion with spectrum 
compatible method, following [11]. An example of artificial 
seismic motion is shown in Figure 5. The time duration of 
each seismic motion is 25 seconds. 
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Figure 5. Example of artificial seismic motion. 

 

2.3 Neural network 

Neural networks are modeled after human’s brain nervous 
system and possess a high learning ability. A neural network 
is constructed by combining multiple neurons. At each node, a 
bias is added to the sum of the product of the input value from 
the previous layer and the coupling weight to receive a value 
x. This value x is then put through the activation function. The 
neural network repeats this process, while updating the value 
of weights, to make the difference between the output value of 
the neural network and the correct value minimal for various 
input data sets. An example of a simple neuron is shown in 
Figure 6. Multilayer neural network consists of multiple 
intermediate layers, or hidden layers.  

 

 
 

Figure 6. Example of a neuron. 
 

The multilayer neural network in this study outputs the 
bridge bearing displacement by inputting two items: time 
history acceleration response observed on Node 11 (top of 
pier) and on Node 12 (steel girder). The displacement was 
chosen as the output since it is used to evaluate the health 
status of the bearing. For the activation function, the ReLU 
function was used. Between 1 to 9 hidden layers and 10 to 100 
hidden layer nodes were considered in this study. Iterations 
were set to 3,000,000. 

The learning data was obtained from time history responses 
recorded after applying designed seismic motions to the 
structural model. The time history acceleration responses 
recorded on Node 11 and Node 12 as well as the bearing 
displacement were forwarded to the multilayer neural network 
for learning. After the learning was complete, the time history 
acceleration responses recorded on Node 11 and Node 12 by 
applying artificial seismic motion were used to examine the 
applicability of the multilayer neural network. The output 
value of the multilayer neural network and the bearing 
displacement computed by TDAP III were compared. In this 
paper, the displacement estimated by the multilayer neural 

network is referred to as estimated displacement value, while 
the displacement obtained by applying seismic motion to the 
structural model using TDAP III is referred to as measured 
displacement value. Figure 7 shows step by step procedure of 
the above. 

 

 
 

Figure 7. The method in this study. 
 

3 DEEP LEARNING 
In order to build a multilayer neural network with high 
applicability, several different combinations of designed 
seismic motions’ responses were used for learning. To 
investigate whether having a large amount of data leads to 
high applicability, the following cases in Table 5 were 
considered.  

 
Table 5. Learning Cases. 

 
 

The applicability of each case’s multilayer neural network 
was examined by using 3 different combinations of artificial 
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seismic motions’ responses. The responses were inputted to 
the learned multilayer neural network and the bearing 
displacement was estimated. Afterwards, the estimated 
bearing displacement was compared with measured bearing 
displacement. All the responses used in this study were in 
increments of 0.001 seconds. 

3.1 Case 1 

The acceleration responses of Node 11 and Node 12 are each 
shown in Figure 8 and Figure 9. The multilayer neural 
network with 2 hidden layers and 20 nodes in each layer 
returned the highest applicability. Figures 10, 11, 12 show the 
estimated bearing displacement and measured bearing 
displacement of each artificial seismic motion. 

 

 
Figure 8. Node 11 acceleration response. 

 
 

 
Figure 9. Node 12 acceleration response. 

 
 

 
Figure 10. Bearing estimation for motion 1. 

 
 

 
Figure 11. Bearing estimation for motion 2. 

 
 

 
Figure 12. Bearing estimation for motion 3. 

 

3.2 Case 2  

The acceleration responses of Node 11 and Node 12 are each 
shown in Figure 13 and Figure 14. The multilayer neural 
network with 2 hidden layers and 50 nodes in each layer 
returned the highest applicability. Figures 15, 16, 17 show the 
estimated bearing displacement and measured bearing 
displacement of each artificial seismic motion. 

 

 
Figure 13. Node 11 acceleration response. 

 

 
Figure 14. Node 12 acceleration response. 
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Figure 15. Bearing estimation for motion 1. 

 
 

 
Figure 16. Bearing estimation for motion 2. 

 
 

 
Figure 17. Bearing estimation for motion 3. 

 
 

3.3 Case 3 

The acceleration responses of Node 11 and Node 12 are each 
shown in Figure 18 and Figure 19. The multilayer neural 
network with 2 hidden layers and 50 nodes in each layer 
returned the highest applicability. Figures 20, 21, 22 show the 
estimated bearing displacement and measured bearing 
displacement of each artificial seismic motion. 

 
 

 
Figure 18. Node 11 acceleration response. 

 
 
 

 
Figure 19. Node 12 acceleration response. 

 
 

 
Figure 20. Bearing estimation for motion 3. 

 
 

 
Figure 21. Bearing estimation for motion 3. 
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Figure 22. Bearing estimation for motion 3. 

 

3.4 Conclusion 

It is observed that in Case 1, the disparity between the 
estimated and measured value was the largest among the three 
cases. Most of the disparity is seen estimating displacements 
within the range of -0.10m to 0.10m. On the other hand, the 
multilayer neural network estimated displacements outside the 
range of -0.10m to 0.10m with fairly high precision.   

In Case 2, the disparity between the estimated and 
measured value was smaller than Case 1. The difference in the 
two values within the range of -0.10m to 0.10m was much 
miniscule compared to Case 1. On the other hand, there were 
several points where the multilayer neural network 
overestimated the displacement. The overestimation generally 
occurred when the displacement peaked. The magnitude of the 
overestimation was generally in line with that of the 
displacement: meaning that as the displacement value became 
larger, the degree of overestimation did so as well.  

The graphs in Case 3 show characteristics of that of Case 1 
and Case 2. As in Case 2, the difference between the 
estimated and measured values were small compared to that of 
Case 1. There also wasn’t a significant overestimation, unlike 
in Case 2. Overall, it could be stated that the multilayer neural 
network in Case 3 best estimated the bearing displacement.  

In conclusion the applicability of the multilayer neural 
network improved in order of Case 1, Case 2, and Case 3. The 
number of data sets used for learning was 29990 for Case 1, 
59980 for Case 2, and 89970 for Case 3. To conclude, having 
a larger number of learning data improves the applicability of 
the multilayer neural network. 

4 EVALUATING DAMAGED BEARING 
The goal of this study is to build a multilayer neural network 
that can judge the existence of damage on the bearing. The 
existence of damage is judged by the bearing displacement 
exceeding 0.225m in absolute value; therefore, the multilayer 
neural network needs to be able to estimate displacement 
exceeding 0.225m in absolute value. To examine this, 
additional test using another artificial seismic motion was 
done. For this testing, the multilayer neural network learned in 
Case 3 was used. The responses obtained after applying this 
motion was inputted to the multilayer neural network and the 
displacement was estimated. Figure 23 shows the estimated 
and the measured displacement value.  

 
 
 
 

 
Figure 23. Bearing estimation. 

 
The measured displacement value of this artificial seismic 

motion ranges from -0.264m to 0.257m, meaning that the 
bearing has been damaged. In Figure 23 it is observed that the 
multilayer neural network has generally reproduced the peaks 
of displacement. While there were some errors within the 
range of -0.10m to 0.10m, the highest and the lowest 
displacement values were estimated with precision. The 
maximum and the minimum displacement values are more 
significant than the values in the middle for the evaluation of 
damage. Therefore, this multilayer neural network is capable 
of evaluating the damage to the bearing.  

5 CONCLUSION 
A method of evaluating the bearing damage using a multilayer 
neural network was proposed. Seismic motions were applied 
to the bridge structural model using TDAP III, a general 
purpose three dimensional dynamic analysis computer code. 
The time history acceleration responses of top of pier, steel 
girder, and the bearing displacement response were obtained. 
These responses were then learned by the multilayer neural 
network. For the input, the acceleration responses were 
chosen, and the output was the bearing displacement.  

Different combinations of designed seismic motion 
responses were tested for learning. It was observed that the 
multilayer neural network returned more precise estimation 
when more learning data sets were used. The multilayer 
neural network precisely estimated the bearing displacement 
exceeding the designed displacement (250% shear strain at the 
bearing, 0.225m in absolute value). 

For this system to be put in practical use, the time history 
responses of the pier and the bearing needs to be obtained by 
dynamic analysis. This is necessary for every pier and 
bearing. The learning of the multilayer neural network also 
needs to be done for every bridge.  
   Building a neural network that assesses the damage on the 
pier is also necessary. Combined with the multilayer neural 
network in this study, this will enable comprehensive bridge 
damage judgement. 
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ABSTRACT: After destructive earthquakes, rapid structural damage detection is indispensable for decision making, 
including continuous use, reinforcement, and demolishment. For steel frame building structures, fractures at beam ends are 
crucial because it is an important basis for judgement of a structure is possible to be reinforced or not. However, it is time 
consuming and low accuracy to visually inspect the shock waves generated by beam-end fractures from waveforms. In this 
study, inspired by the development of deep learning method, 1D convolution neural network (CNN) was used to capture the 
features of shock waves from signals. Amount of shock waves were collected from acceleration waves recorded at the joints 
of two shake-table tests of steel structures. The training data and some test data were created by numerical simulations using 
one-degree-of-freedom models. As a result, the proposed method can detect the beam-end fractures with accuracy of 100% 
for the simulated data and 98.5% for the data from shake-table tests.  

KEY WORDS: Beam-end fracture detection; Convolutional Neural Network; Acceleration waveforms; Shake-table test.  

1 INTRODUCTION 
The 1995 Hyogoken-Nanbu Earthquake of magnitude 7.2 in 
Japan Meteorological Agency (JMA) scale (Mw = 6.9), which 
struck Kobe, Japan and its surrounding area was the most 
severe earthquake to affect that region this century. The 
earthquake resulted in 104, 004 building structures were 
completely destroyed and 136, 952 building structures were 
partially destroyed [1]. Although the collapses were avoided for 
most of the buildings structures which were designed and 
constructed in accordance with the new seismic code of 1981, 
it was confirmed for the first time in Japan that the beam-end 
fracture occurred at beam-column connection of steel frame 
building structures. It is worth noting that, in damaged 
buildings structures, not only the post-earthquake tilt (the inter-
story drift ratio) was small, but the damage of the exterior 
materials was also slight, which indicates that, the absence of 
outward signs of damage made it difficult to determine which 
buildings should be inspected to check if the beam-end 
fractures have occurred [2][3]. 

Because of the fractures, the story shear rigidity is reduced, 
which will lead to the decrease of natural frequencies of the 
whole structure and increase of shear-wave travel time within 
the story. However, it is difficult to determine which beam end 
has been damaged. From shock waves in the acceleration 
waveforms generated by beam-end fracture during shake-table 
tests of steel buildings, we realized that beam-end fractures 
could be recognized directly from the acceleration waveforms 
recorded near the joint of columns and beams. However, it is 
time consuming and low accuracy to visually inspect the shock 
waves generated by beam-end fractures from waveforms.  

The neural network technique, on the other hand, presents a 
powerful tool to bypass the limitation of Structural Damage 
Detection (SDD) based on traditional SHM system. In such an 

approach, the measured data recorded by sensors from the 
intact and damaged structures can be directly used without 
resorting to the modeling procedure or integral operations. 
Therefore, the neural network achieves SDD without 
knowledge from human experts, only depending on the data. 
And the Convolutional Neural Networks (CNNs) have been 
proved as one of the effective methods for feature extraction 
[4]-[10]. For the steel frame building structure, the occurrence 
of beam-end fractures can be recognized directly from the pulse 
of acceleration waveforms which are generated by the shock 
due to the fractures, whereas the acceleration waveform shows 
smooth curve without the pulse-like feature at the elastic stage. 
Therefore, the beam-end fracture detection becomes possible 
by CNNs learning a large amount of fracture and nonfracture 
data. Also, with the combination of the CNNs and high-density 
vertical smart devices array, a fast beam-end fracture detection 
after earthquake can be achieved.   

In this study, 1D convolution neural network (CNN) was 
used to capture the features of shock waves from signals. 
Amount of shock waves were collected from acceleration 
waves recorded at the joints of two shake-table tests of steel 
structures. The training data and some test data were created by 
numerical simulations using one-degree-of-freedom models. 
The input waves were randomly chosen from the 18 design 
waves in the aseismic design code of buildings in Japan, the 
scales of which were adjusted in the range of 0.1 to 1.5. The 
period of models is increased gradually from 0.3 s to 2 s. Bi-
linear model of the shear stiffness was used to calculated the 
non-linear response. In order to consider the effect of 
environment noise, white noise with amplitude in the range of 
-0.25 m/s to 0.25 m/s was introduced to the acceleration 
responses. An interval of data straddles the peak of an 
acceleration wave with length of 2 s was used to create the 
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samples of data base. Totally, 20000 samples were created. 
Half of them were used as “nonfractured” data. The other half 
were used as “fractured” data after added shock waves to them. 
In proposed CNN model, three convolution layers and two fully 
connected neural network layers were used. Max pooling and 
dropout were used after the convolution. The ReLU function 
was used as the activation functions of the middle layers. The 
Softmax function was used for the output layer. There are two 
neurons in the output layer, i.e. “nonfractured” and “fractured”. 
Finally, the trained CNN model was validated using 200 
simulated acceleration responses and 200 acceleration records 
of shake-table tests. As a result, the proposed method can detect 
the beam-end fractures with accuracy of 100% for the 
simulated data and 98.5% for the data from shake-table tests. 
The miss detection happened when the level of the shock waves 
was comparable with the level of environment noise.  Because 
the shock waves cannot propagate in the structure, it is better to 
record the shock wave close to the joints. Therefore, it is 
necessary to install accelerometers in the building with high 
density. 

2 OVERVIEW OF BEAM-END FRACTURE 
DETECTION SYSTEM 

This study presents a beam-end fracture detection method 
based on acceleration waveform using CNN model. The CNN 
model is firstly trained by a great amount of pseudo 
acceleration waveforms and verified by the real data. Then the 
trained and verified CNN model will be implemented in smart 
device which have already been installed in the measurement 
application program developed by J.Dang & A.Shretha et 
al.[11][12].The application interacts with hardware and 
operating system features to make the built-in MEMS sensor 
components available and are responsible for acquiring, 
analyzing, storing, and transferring useful data to the cloud. 
Then the smart devices can be deployed at important beam-
column connections of a building structure and measure data 
independently in real-time. Also, with the real-time processing 
of the recorded data by the CNN models, fast diagnose of the 
building structure after the earthquakes can be fulfilled. The 
flowchart of the proposed system is shown in Figure 1. 

 
Figure 1  Flowchart for detecting beam end fracture 

As the core part of beam-end fracture detection system, the 
CNN model training and verification, whose flowchart is 
shown in Figure 2. It is organized as four steps: Firstly, the 
database is generated. There are three data set in the database: 
Training data set, evaluation data set and verification data set. 
In order to train an effective damage recognition machine, a 
large amount of training data is necessary. However, the real 

damaged data which can be collected from monitored building 
structures is limited and undamaged data is far more than 
damaged data. For addressing this limitation, in this study, 
instead of the real data, 20,000 pseudo fracture data generated 
by numerical simulation are used to train the CNN model, and 
the real data collected from two shake-table tests only used to 
verify the performance of the trained CNN model.  

After database generation, the hyperparameters such as 
learning rate, batch size and epoch number are optimized 
during CNN training process. Also, four different numbers of 
training dataset are used to discuss the effect of training dataset 
on the performance of CNN model.  

At the third step, in order to examine the performance of the 
trained CNN model, the evaluation data set which CNN model 
never seen at the training step is fed to the trained neural 
network and obtain the predicted label. Then the predicted 
labels are compared with true labels to get the accuracy which 
is given by the confusion matrix. Finally, the verification 
dataset is used to verify the feasibility of the trained CNN 
model working on the real acceleration waveforms. Same with 
the previous step, the verification data set is fed to the trained 
CNN model to get the predicted labels and the accuracy also be 
shown by confusion matrix. 

 
Figure 2 The flow of the CNN model training 

3 SHAKE-TABLE TESTS OF STEEL FRAME 
BUILDING STRUCTURES 

 Shake-Table Test of High-Rise Building Structure 
A 1/3-scale model of an 18-story building structure 

(hereinafter, referred to as “high-rise building”) was tested until 
collapse on December 9–11, 2013 [13]. The high-rise building 
structure has three spans of 2.0m each in the longitudinal 
direction and one span of 5.0m in the transverse direction. 
There are two accelerometers are deployed in each floor and 
the first beam-end fracture occurred at the lower left corner of 
2nd floor. The panoramic view of specimen is shown in Figure 
3(a) and the sensor system is shown in Figure 3(b). 

A synthesized motion accounting for the simultaneous 
ruptures of the Tokai, Tonankai, and Nankai troughs was 
employed as the seismic input motion which was applied only 
in the longitudinal direction of the building. The magnitude of 
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input motion is evaluated in pseudo velocity which increased 
from 40cm/s to 420cm/s. The first beam-end fracture occurred 
at the 2nd floor when the motion magnitude was increased to 
220cm/s. Then the fracture at beam ends propagated to the 
upper floors. Finally, fracture throughout the beam ends in the 
lower 5 floors when the specimen collapsed. The seismic input 
motion when the first beam-end fracture occurred and the 
acceleration response waveform of 2nd floor is shown in Figure 
4(a), both of them are recorded by sensor X2. The close-up 
view of an example of beam-end fracture is shown in Figure 
4(b). 

 
 

 
(a) Panoramic view                        (b) sensor system 

Figure 3 Panoramic view and sensor system 
 

 

 
(a)                                   (b) 

Figure 4 (a) Input motions and acceleration waveforms; (b) an 
example of beam-end frqacture 

3.2 Shake-Table Test of Multistory Building Structure 
A full-scale model of an 3story building structure 

(hereinafter, referred to as “multistory building”) was tested on 
October 8-15, 2013 [1]. The multistory building has two spans 
of 6.0m each in the longitudinal direction and two spans of 
5.0m each in the transverse direction. There are five 
accelerometers are deployed in each floor and the first beam-
end facture occurred at the left side which is in the middle of 
A5 sensor and A3 sensor. The panoramic view of specimen is 
shown in Figure 5(a) and the sensor system is shown in Figure 
5(b). 

The NS component of Takatori ground motion recorded 
from 1995 Great Hanshin earthquake and Nankai troughs were 
employed as the seismic input motions with various scale-up 
magnitudes. The first beam-end fracture occurred at the left 
side of the 2nd floor when the scale factor of Takatori ground 
motion increased to 100%. After that, two new beam-end 
fractures occurred on the right side of the 2nd floor and the 3rd 
floor, respectively. With the increasing of the input excitation, 
new beam-end cracks occurred, and the width of cracks was 
increasing, however, there was no new fracture occurs until all 
loading was completed. The seismic input motions when the 
beam-end fracture occurred at the right side of 2nd floor and the 

acceleration response waveforms of 2nd floor are shown in 
Figure 6(a), both of them are recorded by sensor A4. The close-
up view of the beam-end fracture is shown in Figure 6(b). 
 

  
          (a) Panoramic view                     (b) Sensor system 

Figure 5 Panoramic view and sensor system 

 

  
     (a)                                    (b) 

 
Figure 6 (a) Input motions and acceleration waveforms; (b) an 
example of beam-end frqacture 
 

 

 Fracture Caused Pulse Analysis 
The waveforms before and after the occurrence of beam-

end fracture are show in Figure. A pulse due to the beam-end 
fracture can be perceived close by the black rectangle which is 
an evident feature shown in each waveform. Generally, the 
pulse level is dependent on the energy released by the beam-
end fracture and the distance between sensor and the fracture. 
For the same beam-end fracture, the further its distance, the 
smaller the pulse level. Conversely, the closer its distance, the 
larger the pulse level. For these two shake-table tests, the pulse 
level due to beam-end fracture is quantified by measuring the 
pulse-to-signal ratio from real data. 

As show in Figure(a), The duration of pulse is about 0.1s 
(the width of black rectangle). During this 0.1s, the original 
acceleration waveform is composed of two components, the 
pulse due to beam-end fracture and the response of the structure 
due to the input motion. To separate the pulse from the original 
acceleration waveform, the nonlinear base line (the red dash 
line shown in Figure) is used to fit the response of the structure, 
then the component of subtracting base line from original 
acceleration waveform is defined as the pulse, which is shown 
in  Figure . 

Then the pulse level is quantified by measuring the ratio of 
maximum pulse (66.915 for high-rise building structure and 
14.751 for multistory building structure) to maximum original 
data (66.685 for high-rise building structure and 14.471 for 
multistory building structure).  

Finally, the pulse levels of these two shake-table tests are 
determined, which are 1.45 for high-rise building structure and 
2.52 for multistory building structure.    
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(a)  high-rise building 

 
      (b) multistory building 

Figure 7 Pulse (closed by the black rectangle) in the 
acceleration waveform due to the beam end fractures 

 

 
(a)  high-rise building 

 
   (b) multistory building 

Figure 8 The pulses which are separated from acceleration 
waveforms 

4 GENERATE TRAINING DATABASE BY 
NUMERICAL SIMULATION 

 Single-Degree-Of-Freedom (SDOF) System  
The training dataset which based on SDOF system is generated 
by the numerical simulations. The flow of numerical simulation 
is shown in Figure . Firstly, the input earthquake waves are 
randomly selected from 18 design earthquake waves, whose 
magnitudes are changed by multiplying a scale factor ranging 
from 0.1 to 1.5. To randomly generate the SDOF system, the 
period of model is randomly selected from the range of 0.3s to 
2.0s, then the other properties of this model such as frequency, 
natural frequency and stiffness can be calculated based on this 

period. For the no-linear parameters, the yield force (fy) is 
randomly generated from 0.2mg to 1.2mg, then yield 
displacement(dy) can be calculated by the equation of dy=fy/k, 
where k is the stiffness of floor shearing spring. For each loop 
to calculate the acceleration waveform, the incremental method 
and Predictor-Corrector method with bilinear model update are 
used. Finally, 20,000 response acceleration waveforms were 
generated. 
 

 
Figure 9 Acceleration waveforms generated based on SDOF 

4.2   Noise Simulation 
As mentioned in the previous chapter, noise is an inevitable 
factor and for the practical measurement, it decays the signal 
by increasing the noise-to-signal ratio, which leads to 
difficulties in identifying valuable information. As a result, a 
neural network has to learn essential features (the features of 
beam-end fracture) against the interference of noise. In this 
research, the noise was added to the whole range of each 
response acceleration waveform which generated by the SDOF 
system. Noise level was determined by giving a uniform 
distribution [-0.25,0.25] m/s2. Then, 10,000 of the data after 
adding noise were labeled by “Nonfracture” data. 

 Beam-End Fracture Simulation 
As the analysis in section 3.1, some pulse can be recognized 
directly from the acceleration waveform due to beam-end 
fracture. During the training stage, the neural network will be 
trained to recognize this feature as beam-end fracture by 
learning from a great number of the training data.  

Concretely, the pulse level was controlled by the value of 
pulse-to-signal ratio. It is considered that the classification 
result is sensitive to the pulse level that low pulse-to-signal 
ratio leads to difficult to identify the feature of beam-end 
fracture whereas high ratio leads to easy to be identified. In this 
study, the pulse-to-signal ratio was controlled smaller than 1.5, 
which means the maximum of the pulse would never larger 
than the 1.5 times of the maximum of the acceleration. And also 
based on the analysis in section 4.1, in this study, the length of 
the pulse was controlled to 0.1 second and randomly generated 
in any location within the range of waveform.  

The pulse was added to the rest of 10,000 data which have 
been added by the noise and then were labeled by “Fracture” 
data. 

Finally, 10,000 “Nonfracture” training data and 10,000 
“Fracture” training data were generated. Each of the data is 
limited to 2s with sampling rate is 0.01and the peak is in the 
middle of the data length. The flowchart of database generation 
is shown in Figure . 
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Figure 10 The flow of training data generation 

5 CONVOLUTIONAL NEURAL NETWORKS 

  Construction of CNN Model 
Figure  presents the CNN architecture used in this study. As 
illustrated in this figure, the first layer is the input layer of 
acceleration waveforms in time domain. The most common 
form of a CNN architecture stacks a few Convolution-ReLU 
layers, follows them with pooling layers, and repeats this 
pattern until the input data has been merged spatially to a small 
size. Base on this form, in this study, the input data pass through 
3 same substructures (1-D Convolution-ReLU + Max pooling 
+ Dropout) and are flattened into a 1-D vector. The vector, 
including 3072 elements, is fed into two fully connected layers. 
Finally, the softmax layer predicts whether each input data is a 
fracture data or nonfracture data.  There is a total of 408,322 
parameters and 12 hidden layers in this deep CNN. ReLU and 
dropout layers, which cannot be visualized, are also used. 

 

 
Figure 11 Convolutional Neural Network architecture 

 Training the CNN Model 
Training is the process of finding the best configuration of 
variables for a neural network model. For CNN model, there 
are two types of configuration variables which contribute in the 
different way to the model’s learning process.  
      Model Parameter, which is a configuration variable that is 
internal to the model and whose value can be derived from 
training. They are often saved as part of the learned model and 
not set manually by the Engineer. For example, the weights in 
an artificial neural network, the support vectors in a support 
vector machine, the coefficients in a linear regression or 
logistic regression and so on. 
      By contrast, Model Hyperparameter is a configuration 
whose value is set before the learning process begins so that it 

cannot be derived from training. The time required to train and 
test a model can depend upon the choice of its hyperparameters
エラー! 参照元が見つかりません。. Hyperparameters are conditional upon 
the value or model design components, e.g. learning rate, 
dropout rate, number of hidden layers, activation function.  
      Searching for hyperparameters is an iterative process 
constrained by computer configuration and time cost. Engineer 
wants the best model for the task given the available resources, 
so the procedure of training is essentially the trade-off among 
different hyperparameters and time cost.  

 Evaluation of the Trained CNN by SDOF Database 
To examine the performance of the trained CNN model, 200 
acceleration response waveforms which the neural network had 
never touched during the training process are used. The 
evaluation data are also generated based on SDOF system and 
the ratio of fracture and nonfracture data is 1:1. Then the 
evaluation data is fed to the trained CNN model and obtain the 
predicted label (fracture of nonfracture). 

The evaluation result is shown in  Figure 2. As can be seen 
in this figure, all the evaluation data is correctly predicted. 

 

 
                             Figure 2 Evaluation result 

5.4 Verification of the trained CNN model by real data  

Since the CNN model is trained and evaluated by the 
acceleration waveforms generated by the numerical simulation, 
it is necessary to verify that whether the trained and evaluated 
CNN model also works well on the real data.  200 real 
acceleration waveforms are collected from two steel frame 
shake-table tests which has been introduced in the chapter 3. 
Taking the data which is recorded by accelerometer X2 (High-
rise building structure) and A2 (Multistory building structure) 
as examples, as shown in Figure  13, the beam end fractures 
occurred at 66.8s and 14.7s, respectively. Based on the 
principle mentioned above, the fracture data were collected 
from the time point of 66.0s and 14.0s, respectively. Then the 
window moves forward with the strike of 0.04s. While the 
window of nonfracture data moves backward from 66.0s with 
the strike of 0.2s. Both of fracture data and nonfracture data is 
1.0s length. 

 Verification Result 
Same as the evaluation process, all the verification data are fed 
to the trained CNN model and obtain the predicted classes. 
Then the predicted classes are compared with true classes to get 
the accuracy which is also given by the confusion matrix. The 
verification result is shown in Figure. As can be seen in this 
figure, 99% accuracy is achieved for fracture data and 98% 
accuracy is achieved for nonfracture data. Finally, the mean 
accuracy is achieved for 98.5%. 

 (n=10,000)  (n=10,000) 
Nonf

Fr
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Most of the fracture data corresponding to the 3rd floor 
beam-end fracture is also correctly classified, even though the 
pulse level shown in the waveforms are not as strong as the 2nd 

one. Based on this result, it can be known that the proposed 
method is sensitive to the sudden and obvious changes in terms 
of acceleration waveform, no matter the changing is strong or 
weak.   

Three misclassifications were noted, a fracture data was 
misclassified as nonfracture data, which is shown in Figure (a), 
and two nonfracture data were classified as fracture data, which 
are shown in Figure (b) and Figure (c). For the nonfracture data 
shown in Figure (b), a dramatical ascending can be perceived 
at the end of the data. This distinctive change is similar with the 
pulse due to the beam-end fracture, which is considered as the 
reason of the misclassification. However, for the facture 
waveform shown in Figure (a) and the nonfracture data shown 
in Figure (c), it is difficult to explain the reason of 
misclassification. 

 

 
(a) Labeling the data recorded by accelerometer X2  

 
(b) Labeling the data recorded by accelerometer X2  

Figure 13  Examples of labeling fracture data and nonfracture 
data 

 

 
Figure14 The verification result 

 
 

 
(a) the fracture data which is misclassified as nonfracture data 

 

 
(b) the nonfracture data which is misclassified as fracture data 

 

 
(c) the nonfracture data which is misclassified as fracture data 

Figure 15 The misclassified data 

6 SUMMARY 
A waveform-based approach for detecting beam end fracture of 
steel frame building structure was proposed using 
convolutional neural network. 20,000 and 200 of acceleration 
waveform data which generated by numerical simulation were 
used to train and evaluation CNN model, respectively. The 
training and evaluation data were 2.0 second length with 0.01 
sampling rate. For investigating the best hyperparameter 
configuration, grid search method was used in the training 
process and three hyperparameters were determined, which are 
learning rate =1e-05, batch size = 16 and epochs = 20. The 
trained CNN model recorded 99.99% and 100% accuracies in 
training and evaluation, respectively. According to a 
parametric study, more than 15,000 data were recommended to 
secure more than 90% accuracy.  

The performance of trained and evaluated CNN model was 
also verified by 200 real acceleration waveforms which 
collected from two shake-table tests. The verification result 
showed that almost all the data were correctly classified except 
one fracture data was misclassified as the nonfracture data and 
two nonfracture data were misclassified as fracture data. The 
accuracy of the proposed method in identification of beam end 
fracture from the acceleration waveform recorded by sensor 
was 98.5%. 

In the future work, the trained CNN model will be installed 
to low-cost sensors, such as smartphones, which will make it 
possible to monitoring the motion at the joints of buildings with 
high density sensors in a network. The “nonfractured/fractured” 
will be detected locally at the smart sensors, then the results 
will be sent to cloud servers as soon as possible, which is very 
helpful to quick decision making. 
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ABSTRACT: In recent decades the continuous monitoring of structures based on Operational Modal Analysis (OMA) parameters 
has driven successful strategies with Structural Health Monitoring (SHM) purposes. Nowadays, the health condition assessment 
of civil infrastructure systems is mainly based on a well-established methodology in which the continuous identification and the 
correct tracking of the modal features represent the basic step for any novelty detection approach. Since the modal features are 
constantly subjected to the actions of external factors that can mask the comparison of damages, in the classical SHM methodology 
such effects are generally removed using statistical analysis over a wide period of training data requiring a huge user’s interaction. 
The paper focuses on an alternative methodology aimed at performing the health condition assessment of civil structures based 
on the use of pattern recognition models directly applied on the extracted features avoiding any removal of the environmental and 
operational effects. This aspect allows for a faster identification of occurred damages in the monitored system without any further 
user interactions. The robustness of the developed methodology is exemplified using the evolution of the modal parameters 
obtained by a simulated monitoring period of a numerical system composed by five degrees of freedom. Subsequently, a damage 
was simulated though a slight stiffness loss at the base of the structure. The results obtained highlight the capability of the proposed 
approach to automatically reveal slight structural damages with a very short time delay without removing external effects on the 
adopted sensitive features. 

KEY WORDS: Operational Modal Analysis; Structural Health Monitoring: Damage Detection; Support Vector Machine. 

1 INTRODUCTION 
Structural Health Monitoring (SHM) is defined as a systematic 
multi-disciplinary process aimed at defining and characterizing 
the structural performance of the monitored structures and 
assessing the preservation of structural conditions over time 
[1]. Among different SHM approaches developed during the 
last decades, those based on continuous monitoring and 
Operational Modal Analysis (OMA, i.e. identification of the 
modal parameters from output-only measurements) have 
received an increased attention, since the modal estimates (i.e., 
natural frequency, mode shape and modal damping ratio) can 
be used as damage sensitive features to determine the structural 
integrity of the investigated structure [2-4]. Moreover, the 
recent technological advances and the consequent easier 
installation of dynamic monitoring systems have favored the 
studies concerning vibration SHM. The identification of the 
dynamic characteristics jointly with the information given by 
the continuous monitoring has been demonstrated to be a 
successful strategy for the assessment of the healthy state of 
many structures and infrastructures around the world. The main 
goals of OMA-based SHM also include providing a correct 
tracking and consequently the continuous assessment of those 
properties that tend to degrade during service life. This 
approach has become very popular as it helps to improve the 
preservation and the safety of the structures by performing 
condition screenings in nearly real-time, extremely helpful for 
early-stage damage identification.  

The raising scientific and practical interest in dynamic 
monitoring and vibration-based SHM has many motivations, 
such as: (a) the ageing of existing structure and infrastructures 

and the preservation of Cultural Heritage; (b) the need to 
monitor the behavior of complex infrastructures and new 
constructions, in order to guarantee essential services to the 
users; (c) the technological advantages, allowing for more cost 
effective installation of monitoring systems exhibiting fully 
computer-based operation; (d) the possibility of assessing the 
health of the structure from the analysis of its dynamic response 
to operational and/or ambient excitation.  

Generally, OMA-based SHM strategies are based on: (a) the 
repeated or continuous measurement of the response of a 
structural system through arrays of appropriate sensors; (b) the 
extraction of meaningful features from measured data, which 
are representative of the health condition and (c) the statistical 
analysis of these features to detect any novelty or abnormal 
change in the investigated system. 

Therefore, due to the large amount of data collected by 
dynamic monitoring systems and to the continuous 
identification of the most significant parameters over time, the 
implementation of automated algorithms to automatically 
perform those tasks has become mandatory. However, it is 
essential to create robust routines aiming at managing huge 
quantities of data, performing a continuous monitoring of 
collected records, speeding up the process and performing an 
automated detection of possible anomalies in the structural 
behavior [5]. Most of these tools are based on  Stochastic 
Subspace Identification (SSI) methods, (e.g., covariance-
driven (SSI-Cov) or data-driven (SSI-Data) [6,7]), as this 
approach allows for accurately identifying closely-spaced 
modes and weakly-excited modes, and at the same time being 
suited to be automated.  
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Figure 1. Classical approach (green framework) and the proposed alternative approach (red framework) for SHM applications. 

 
Since structural properties, and consequently the modal 

parameters, may change not only because of damage outset but 
also because of the effect of ambient parameters [2,8], a 
fundamental framework in the classical OMA-based SHM 
approach is devoted to distinguishing and filtering out changes 
caused by exogenous factors (e.g., environmental conditions) 
from those ones associated to endogenous phenomena (i.e., 
increasing structural damages). In fact, as described in many 
important papers present in literature, the modal estimates are 
affected by environmental conditions (typically temperature 
and wind) that need to be removed or almost reduced to detect 
anomalies in the structural behavior which could be masked by 
such effects. In the classical approach, these effects (principally 
on the natural frequencies) are removed using techniques 
typically based on multivariate statistical methods, such as 
multiple regression models or Principal Component Analysis 
(PCA), in order to define a “normal condition” of the structure 
and subsequently applying any novelty detection approaches 
[3,9]. In this way, small structural changes should conceivably 
be detected; otherwise, the healthy state of the structure is 
confirmed if no significant deviation of the data from normal 
condition is observed.  

Conversely, recent developments are driving the possibility 
to perform a continuous assessment of the structural conditions 
using the modal parameter estimates without filtering out 
external effects (see e.g. [10,11]). This approach could be very 
promising in the context of healthy condition assessment of 
large infrastructures and ancient building because it provides a 
fast response triggering alarm when a structural damage occurs.  

Following this approach, the paper focuses on an innovative 
SHM strategy based on vibration measurement and continuous 
dynamic monitoring, in which the damage identification is 
performed solving a classification problem. This approach is 
feasible because from a mathematical point of view, damage 
detection can be formulated as a two-class or binary 
classification problem in which every identified feature can be 
labelled to a Class I or Class II as belonging to undamaged or 
damaged condition, respectively. As known, this kind of 
problem can be addressed with pattern recognition or pattern 

classification algorithms [12] and they are even more effective 

when the data are linearly separable. It is worth highlighting 
that the idea underlying this strategy consists of the application 
of the so-called true damage approach [13] which consists of 
defining a separating margin surface between two classes of 
data. This means that the damage detection algorithm (DDA) 
has been implemented considering a predicted damage in its 
development. 

The proposed methodology is exemplified using the SSI-Cov 
results extracted by a simulated dynamic monitoring process 
obtained by using a simple numerical multi-degree-of-freedom 
(MDOF) system subjected to a white-noise stochastic process 
as input excitation. The developed tool is applied to firstly 
identify and track the evolution in time of modal parameters 
(i.e. natural frequency and mode shape, using MAC index) and 
subsequently to detect artificial damages simulated trough a 
reduction of stiffness at the base of the system. 

The organization of this paper is as follows: in Section 2, the 
proposed SHM methodology is described in detail, pointing out 
the main difference between the classical approach and the 
innovative one proposed herein. In Section 3, the two 
algorithms aimed at investigating any possible damage in civil 
engineering applications, which consists of the most innovative 
frame of the proposed methodology, are described in detail. In 
Section 4, after a brief description of the numerical model, the 
performance of the proposed SHM strategy is demonstrated. 
Finally, some conclusions are discussed in the last Section.  

2 A NEW MEHODOLOGY FOR SHM 

 Novel SHM methodology based on OMA parameters 

Most of vibration-based SHM approaches based on continuous 
dynamic monitoring generally depend on the successful 
application of three crucial tools: 1) algorithms for the 
automatic identification of modal parameters; 2) algorithms for 
the elimination of environment and operational effects on the 
obtained modal features; 3) procedures allowing for the 
identification of structural anomalies and possible damages that 
depend only on structural conditions. Accordingly, this strategy 
is known as the classical approach and is often carried out 
through four consecutive steps: 
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1. the installation of a monitoring system,  
2. the extraction and characterization of the time evolution of 

the modal parameters,  
3. the purification of the environmental and operational effects 

on the modal estimates,  
4. the structural assessment applying damage detection tools.  

As demonstrated, the extracted modal features used as 
damage sensitive features in the damage identification process 
are always affected by induced variations due to environmental 
factors (e.g., temperature) and operational factors (e.g., traffic 
loads) that can mask possible anomalies (damages) due only to 
the structural condition. In the classical methodology (green 
steps in Figure 1) these effects must be removed, and this task 
is a crucial aspect because it requires an intense interaction 
from an operator with a high level of expertise in data analysis, 
which means that a fully automated process is not possible. 
This operation consists of the most problematic issue of the 
whole framework because it requires a wide training period of 
data, usually one year, normally used to establish the 
correlations between external factors and identified estimates 
in order to remove these effects applying auto-regressive 
models or Principal Component Analysis (PCA) techniques. 

In contrast, the frame related to the purification of the 
external effects on the modal estimates is completely avoided 
in the proposed SHM approach methodology (green steps in 
Figure 1), in fact performing only three key-steps of those ones 
previously mentioned. Hence, the novelty analysis is performed 
by applying pattern recognition models directly on estimates 
“corrupted” by environmental and operational factors, since 
such effects are not filtered out.   

This means that the SHM can be performed contextually with 
the continuous monitoring of the modal parameters avoiding 
any further manual interaction during the monitoring process. 
This leads to the most important aspect related to this approach 
which is given by the capability of the framework to provide 
information about the healthy state of the structure, reducing 
the long period of monitoring (training period) devoted to 
establishing the correlation between the exogenous factors and 
the modal estimates from one year to only a few days or weeks, 
enough for setting the input parameters of Support Vector 
Machine models used in the damage identification algorithms. 
This improvement helps speed up the continuous assessment 
avoiding any human interaction during the process, greatly 
reducing monitoring costs and also improving the efficiency 
and the effectiveness of the SHM process.  

 Support Vector Machine 

The frame devoted to performing damage identification in the 
proposed SHM approach has been developed to automatically 
detect structural changes in the monitored system from the 
evolution of the modal parameters provided by the continuous 
monitoring process. The strategy implemented in the damage 
identification algorithm is composed by a mathematical 
approach that involves the use of the SVM model [12] and the 
cross-validation technique [14], which have been implemented 
to provide a best classification of the input data reducing 
possible misclassification. 

Unlike what is generally done, in the novelty detection 
algorithm proposed herein, the SVM model is not developed to 
give an estimate of the experimental data and subsequently 
check the discrepancy between the estimation and the 

experimental data. On the contrary, the strategy focuses on the 
definition of a specific SVM model which is consequently 
adopted to recognize a specific variation in the structural 
condition present in a selected sequence of identified estimates. 
This condition is recognized only when a clear change (or 
discontinuity) occurs in the trend of the data provided to the 
algorithm, classifying, in fact, two different scenarios. 

It is worth mentioning that SVMs are aimed at separating two 
different classes of data, using a discrimination function which 
is automatically computed during the classification process. 
These algorithms are generally based on a geometric approach, 
consisting of the construction of an optimal separating surface 
− a hyper-plane − which divides the data population in two 
groups with different statistical characteristics. The hyper-
plane is equidistant from the two classes defining a margin zone 
between them (see Figure 2). The input data are supposed to 
belong to different classes and the outputs consist of the target 
binary vectors (labels) corresponding to each class. In case of 
linear separable data, the SVM algorithm searches the optimal 
solution to classify the data by maximizing the distance 
between the hyper-plane and the extreme values of the two 
classes, so called Support Vector as depicted in Figure 2. 

Although SVM algorithms are normally used for two-class 
classification problems, extension to multi-class classification 
can be done but this aspect will not be treated in this paper, 
because the SHM approach proposed herein is developed by 
following a binary condition: absence or presence of damage, 
and no other states are allowed. As usual in SHM, the two 
classes are assumed as: undamaged and damaged condition. 
This means that for each run of the algorithm, if the 
classification fails and the data are not separable, then they 
belong to the same class. Therefore, if the classification does 
not provide a clear separation of the data, the structural damage 
is not identified. On the contrary, the successful separation of 
the data in two different classes implies that an instantaneous 
damage is identified in the provided sequence of input data. 

It is worth to remark that the main goal behind the proposed  
strategy is to automatically recognize damage by 
discriminating two different states (i.e., non-damaged and 
damaged state) and to associate a probability value to the 
correct classification obtained after each run of both DDAs. 

  
Figure 2. Margin between two classes of data support vector; 
a) general solution, b) maximization of the margin. 

 Damage detection algorithms based on SVM models 

The most innovative aspect of the implemented methodology 
consists of the application of the SVM model to perform the 
continuous assessment of the structural condition without 
removing the effect of the external factors on the modal 
parameters. This task can be achieved by performing a 
classification of input data in two different classes that are 
associated to the damaged and undamaged scenario. This 
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strategy is inspired by the so-called true damage approach [13] 
that consists of the construction of an SVM model, by defining 
a separating margin of a specific representative system 
condition and, consequently, using this margin to find any other 
possible scenario in which the data distribution has similar (or 
quite similar) statistical properties.   

Hence, the algorithm is forced to recognize two pre-imposed 
classes by assigning binary labels to the input data, 50% of the 
labels as true and the other 50% as false. This means that in 
case of a correct classification, all data-points belonging to the 
undamaged scenario should be associated to the true labels, 
while all the data-points belonging to the damage scenario 
should be associated to the false labels. As a matter of fact, 
when the damage occurs in the structure, the trend of the modal 
parameters might permanently change, allowing for the 
separation of the data into two classes. Otherwise, if the 
algorithm fails to differentiate between the two classes, it might 
mean that all data-points belong to the same class and no 
damage is detected. 

To perform the continuous assessment task in the novelty 
SHM approach, two different strategies have been 
implemented with the objective to automatically recognize and 
discriminate between two different scenarios (i.e., non-
damaged and damaged), associating a probability value to the 
correct classification of the input data obtained after each run 
of the algorithm. The aim of this exercise is to prove the 
occurrence of damage through the accuracy of the SVM model 
reached in the classification problem. In fact, the novelty 
identification algorithm can perform a linear separation of the 
input data only if there is a discrepancy in the pattern of the data 
provided to the model. 

A simple scheme of the first strategy is reported in Figure 3. 
The algorithm has been named Consecutive Segment Analysis 
(CSA) and it works using two consecutive data-segments (i.e., 
undamaged and damaged) to investigate possible anomalies in 
the evolutions of the adopted sensitive damage features. 

The estimates used as sensitive features are reported in the 
picture with black circles. As shown in Figure 3, both data-
segments move together following the monitoring process. 

 
Figure 3. Scheme of the first damage detection strategy (CSA, 
Consecutive Segment Analysis) 

Figure 4 depicts the simple scheme of the second strategy, 
which has been implemented using a fixed reference group of 
data (undamaged) and another group (damaged) that moves 
according to the monitoring process. The algorithm tries to find 
possible anomalies by checking the statistical variations 
between the data provided by the two input-segments. For this 
reason, the second strategy is also known as Separate Segment 
Analysis (SSA). In order to eliminate any misunderstanding, it 
is worth remarking that the SVM accuracy can reach the 
maximum value (i.e. 100%) only if 50% of the data-points are 
associated to the undamaged condition and the other 50% are 
associated to the damaged one, and it can be possible only if 
the damage is located in the middle of the input data sequence.  
Therefore, the length of the data-segments (defined by N) is an 

important user-defined parameter because it maximizes the 
performance of the novelty analysis by defining the exact data 
population that needs to be provided to the algorithm in order 
to solve the classification problem, and also because it defines 
the time-delay for triggering the alarm in case of 
unquestionable anomaly. 

 
 Figure 4. Scheme of the second damage detection strategy 
(SSA, Separate Segments Analysis) 

3 APPLICATION TO A NUMERICAL MODEL 

 Description of the MDOFs system 

A simple numerical structure has been used for preliminary 
assessment and validation of the proposed methodology. The 
aim of this subsection is to give a description of the first 
algorithm of the proposed SHM tool (i.e., the Modal Parameter 
estimation (MPE) algorithm [15,16]) which is continuously 
used to extract the modal features from each recorded dataset. 
The simulated structure consists of an academic system 
composed by five degrees of freedom (DOFs), deformable as a 
two-dimensional shear-type multi-story frame and subjected to 
a Gaussian white noise applied to each level (see Figure. 5). 
The shear type model is very often used in civil engineering 
applications because they are characterized by just a few 
significant DOFs (i.e. floor displacements) due to rigid floor 
behavior. Thus, five acceleration time series recorded at each 
DOF of the system were used to identify the modal parameters 
and then to subsequently simulate a continuous dynamic 
monitoring process. The geometrical and mechanical 
properties of the numerical model are reported below: 

    
Figure 5. Scheme of the 5-DOFs system used to exploit the 

developed algorithms. 3D representation and 2D scheme  

The values chosen for matrices 𝑀, 𝐷 and 𝐾 used in the 
equation of motion in order to create output response time 
series are obtained as follows: 
• M is equal to the diagonal matrix with five rows and columns; 
• K is a square tri-diagonal matrix with same values in the extra 

diagonal positions; 
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• D is built assuming Rayleigh damping by means of  
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𝐷 = 𝜉 ∙ 2𝑚 ∙ √(𝑘 𝑚⁄ )   with   ξ=0.01 (1%). 
The matrices 𝑀, 𝐷, 𝐾 and 𝐵𝑓 are used to construct the system 
matrices A and C of the state-space model. Thus, numerical 
accelerations were generated adopting the following inputs: 
• Sampling frequency 𝑓𝑠=50 Hz (sampling period Δt=0.002 s). 
• Total duration of signals, 1800 s (N=90000-time steps). 
• 𝑢(𝑡𝑘) → 𝑁(0,1). Gaussian distribution input force applied to 

all the DOF by mean of matrix 𝐵𝑓 (𝐵𝑓 is a column vector 
composed of ones) 

• 𝑀�̈�(𝑡𝑘) + 𝐷�̇�(𝑡𝑘) + 𝐾𝑞(𝑡𝑘) = 𝐵𝑓𝑢(𝑡𝑘),   k=1,2,…,N. 
where 𝑡𝑘 = {0, 𝛥𝑡, 2𝛥𝑡, … , 𝑘𝛥𝑡, … , (𝑁 − 1)𝛥𝑡}. 
• The observed values y(tk), k=1,2,…,N are the sum of the 

structure response at selected DOF, Caq̈(tk), and a sensor 
Gaussian noise a(tk) with variance equal to the 20% of the 
largest acceleration response variance, σ2: 
𝑦(𝑡𝑘) = 𝐶𝑎�̈�(𝑡𝑘) + 𝑎(𝑡𝑘), 𝑎(𝑡𝑘) → 𝑁(0, 𝛴2),  
𝛴2 = 𝜎2𝐼𝑛0×𝑛0

,  𝜎2 = 0.20max (
1

𝑁
�̈�(𝑡𝑘)

𝑇�̈�(𝑡𝑘)) 

 Identification of the reference modes  

A set of 1-hour long numerical output data sampled at 50 Hz 
was artificially generated assuming the input excitation as a 
stochastic realization process at the first level of the structure. 
Thus, the recorded signals were analyzed applying the SSI-Cov 
method. Hence, some trial runs were executed in order to define 
the dimension of the correlation matrix (through the time-lag 
value) and the interval of the model order used to define the 
stabilization diagram. It is worth remarking that stabilization 
diagram is one of the most used post-processing tools in OMA, 
especially adopted with SSI techniques [6]. Although it is just 
a graphical tool in which to report the natural frequencies - 
obtained for increasing order of the state-space model - versus 
the order itself, the stabilization diagram helps the expert user 
to define the best order of the model that best fits the dynamic 
behavior of the investigated system.[7]  

In this application, the estimation of the modal parameters 
was performed by applying the MPE algorithm described in 
[15,16]. From the inspection of the diagrams it can be seen how 
the algorithm mimics the choices that an expert analyst makes 
regarding the selection of the stable alignments in the 
estimation of the modal parameters. This approach is based on 
the characteristics of the modal parameters that should show up 
with consistency in terms of frequency, damping and mode 
shape; whereas spurious modes should show more erratic 
behaviors at different orders of the stochastic model because of 
noise content in the signals or modelling errors. 

Figure 6 highlights the cleaning action exerted by each step 
of the identification algorithm [15]. Figure 6(a) shows all the 
solutions provided by stochastic models with even orders 
between 2 and 60. As depicted, the number of SSI outputs 
grows when the order of the stochastic model increases. 
Obviously, such solutions contain both modes with physical 
meaning and numerical modes (related to the noise content into 
the signal) that need to be removed. Figure 6(b) reports the 
results obtained at the end of the pre-filtering key-step, after the 
removal of spurious poles with higher damping and high 
complexity values of the mode shapes. Then, the resulting 
stable alignments obtained by the application of the clustering 
procedure are reported in Figure 6(c). Finally, the diagram in 
Figure 6(d) shows the results obtained at the end of the post-

processing key-step, providing the set of stable alignments and 
delivering a consistent set of modal estimates. 

  
a) 

 
 
b) 

 
 
c) 

 
 
d) 

 
Figure 6. Cleaning effect obtained at each key-step of the MPE 
algorithm [16] to a single recorded dataset. 

Finally, the modal estimates extracted by resulting clusters 
are as follows: mean natural frequency, mean mode shape, 
median modal damping ratios considering all poles inside each 
cluster that stands out in the stabilization diagram. To complete 
the analysis, the five mode shapes obtained by the automated 
identification are reported in Figure 7. 

Table 1. Extracted modal features used as reference parameter  

Modes f  [Hz] σ(f) [Hz] ξ  [%] σ(ξ) [%] 
1 3.197 0.0001 0.280 0.0001 
2 9.328 0.0010 0.784 0.0025 
3 14.707 0.0057 1.324 0.0324 
4 18.898 0.0016 1.687 0.0161 
5 21.546 0.0071 1.871 0.0345 

 
Figure 7. Mode shapes representation used as reference 

baseline list for the monitoring process. 
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 Continuous dynamic monitoring process 

Numerical acceleration time series have been generated and 
used to simulate the output structural responses of a MDOF 
system subjected to exogenous factors. Environmental effects 
were introduced considering the structural stiffness as a 
function of the temperature, using the outdoor temperature 
measured by Osservatorio di Brera (weather station located in 
the center of Milan) from 01/01/2019 to 31/03/2019. 
Operational effects were simulated by using a uniform random 
variability of 2% for masses. Hence, the modal parameters were 
extracted from datasets recorded in consecutive manner, 
combining the MPE algorithm with the MT procedure based on 
the adaptive approach [15,17]. 

Subsequently, in order to test the capability of the proposed 
tool regarding the identification of structural anomalies, two 
damages with a 3% and a further 2% of stiffness loss between 
the second and the third level of the system have been simulated 
after 1500 (4th March) and 1800 (17th March) hours from the 
beginning of the monitoring process (indicated in the following 
figures with violet vertical lines). Figure 9 reports the time 
evolution of the natural frequencies obtained in the monitoring 
process. 

 
Figure 9. Tracking of the natural frequencies  

Once the tracking process was performed, both damage 
detection strategies were applied to identify the simulated 
damages. The capabilities of the first damage detection strategy 
are exploited using the natural frequency estimates, while the 
efficiency of the second strategy is demonstrated adopting the 
MAC values obtained between each set of identified mode 
shapes and the reference baseline list. 

 Application of the first damage detection strategy based 

on “Consecutive Segment Analysis” 

The first strategy implemented to perform the novelty detection 
in the proposed SHM approach is based on the use of two 
consecutive segments of input data that are directly selected 
from the evolution in time of the modal parameters provided by 
the continuous dynamic monitoring process. Thus, this 
algorithm has been named Damage Detection Algorithm based 
on Consecutive Segment Analysis (CSA-DDA). 

In the CSA-DDA, the association between the estimates in 
the data- segments and labels is performed in a very simple 
way. Each value is connected to the label in order to refer the 
first data-segment to the undamaged scenario (Class I) and the 
second data-segment to the damaged scenario (Class II).  

Figure 10 exemplifies the CSA strategy and describes how 
the input data are provided to the CSA-DDA. As shown, the 
novelty analysis can be performed contextually with the 
continuous monitoring. This task is achieved with a continuous 
updating of the input-data after the analysis of each collected 

record, shifting both data-segments contemporarily. Thus, the 
identified parameter in the last analysis run becomes the first 
value of the damaged scenario, then the last value of the 
damage segment is englobed in the undamaged scenario and 
the last estimate of the undamaged scenario is removed. 

 
Figure 10. Graphical scheme of the CSA-DDA associated to 
the continuous dynamic monitoring process  

After some trial analysis, the SVM model was defined by 
setting the input parameters as follows: k-folds=10, σ=1 and 
C=10. The number of elements provided to the model was set 
equal to 48 elements (24 for each class). This means that each 
anomaly can be fully detected after just 24 runs of the tool 
without any further manipulation of the input data.  

Figure 11 shows the graphical results obtained by the 
application of the CSA strategy to the first natural frequency 
evolution of the 5-DOFs structure. The occurrence of the 
damage is then proved by the accuracy of the SVM model 
reached during the classification stage. When the accuracy is 
100%, it means that all data are correctly associated to the 
undamaged and damaged scenario and this condition can be 
possible only if the damage is located exactly in the middle of 
the provided sequence of input data. On the other hand, the 
fluctuation of the occurred damage probability around its 
average value of 50% means that no information can be 
extracted from these results, because the SVM model cannot 
distinguish between the undamaged and damaged state. Thus, 
the data are mixed and this condition implies that no damaged 
state exists in the input data. Conversely, when the anomaly is 
detected, a clear bell shape can be noted in correspondence of 
the frequency shift due to the occurred damage.  

 
Figure 11. Application of the CSA-DDA using the first 
frequency estimates as input data. 

 Application of the second damage detection strategy 

based on “Separate Segment Analysis” 

The second damage identification strategy implemented in the 
proposed SHM methodology consists of the use of two separate 
segments of input data in which the first segment does not 
change over time and it is used as a fixed reference state, while 
the second segment changes with the estimates directly 
provided by the tracking process. The procedure has been 
named Damage Detection Algorithm based on Separate 
Segment Analysis (SSA-DDA).  
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Figure 12 exemplifies the SSA strategy and describes how 
the input data are provided to the SSA-DDA. As shown, the 
input data are organized into two separate segments of the same 
length. The modal features in the reference state are referred to 
the undamaged scenario (Class I), while the estimates belong 
to the second segment are referred to the damaged scenario 
(Class II). It can be observed that, as the data-segment 
associated to the damaged scenario is continuously updated, 
this task is achieved shifting the damaged data-segment by 
englobing the last new one obtained after each run of the OMA 
algorithm and removing the oldest identified. The SSA-DDA 
can also be performed simultaneously with the continuous 
identification without any further user interactions. 

 
Figure 12. Graphical scheme of the SSA-DDA associated to the 
continuous dynamic monitoring process 

It is worth noting that the main goal of the SSA-DDA 
approach is quite different from the CSA-DDA strategy, but it 
is basically orientated to provide the same information about 
occurred damages in the structure. The main difference 
between both strategies is provided by a different key to 
reading the results: in the first approach, the probability 
associated to occurred damage graphically describes a visible 
bell-shape with a gradual increase in the accuracy associated to 
the damaged condition, which is followed by a subsequent 
decreasing, with a maximum in correspondence of the occurred 
anomaly. On the contrary, in the second strategy, the 
probability associated to occurred damage remains constantly 
high after the identification of the anomaly. This is due to the 
statistical properties between the two segments of data that 
change (caused by the damage) and such differences are 
maintained over time. 

After some trial tests, the SVM model used to perform the 
novelty identification using the evolution of MAC index was 
defined by the following input parameters: k-folds=10, 
σ=0.005 and C=10. The number of elements provided to the 
model was maintained (24 for each class).   

 
Figure 13. Application of the SSA-DDA using the MAC values 
associated to the first structural mode as input data.  

Figure 13 shows an excellent classification of the input data 
in the SSA-DDA application, adopting the evolution of the 
MAC values associated to the first structural mode of the 

MDOF system. It can be noticed how the probability associated 
to the occurred damage jumps to 100% when the structural 
anomaly has been detected. As expected, both simulated 
damages have been clearly detected, but some clarification 
needs to be given. 

Although, as demonstrated from the obtained results, both 
damage detection strategies can provide clear information 
about the occurrence of a damage in the monitored system, but 
a conceptual limitation in the SSA-DDA needs to be pointed 
out. In fact, if the first strategy can provide accurate 
information about the occurrence of multiple damages without 
any further user interaction during the process, the application 
of the SSA-DDA is limited to identifying one anomaly at a 
time. This means that the algorithm does not allow for the 
detection of multiple damages. This limitation depends on the 
characteristics of the fixed reference state (undamaged 
condition) that do not evolve over time producing, in fact, the 
same result after the detection of the first damage. This 
limitation can be solved modifying the reference undamaged 
scenario, selecting a new reference state after the identification 
of each anomaly. As shown by the vertical green line in Figure 
13, when the first anomaly has been successfully detected, the 
reference undamaged state is replaced by a new sequence of 
data with a manual restarting of the assessment process. The 
automation of this task deserves an in-depth study and further 
investigation in a future analysis. 

In order to demonstrate the robust performance of the 
proposed SHM methodology, the novelty analysis has been 
carried out using the obtained estimates related to the second, 
fourth and fifth identified modes and the results are shown in 
Figure 14. As demonstrated, in all cases the performance of 
both algorithms is quite excellent. The discrimination of the 
two states is nearly perfect and the probability of the occurrence 
of the damage rises to 100% in all cases. Furthermore, from the 
graphical results shown in Figure 11, Figure 13 and Figure 14 
some considerations can be pointed out: 
• The structural changes due to damages occurred in the system 

were fully identified by both DDA algorithms  
• A clear peak in the probability associated to the occurred 

damage is provided by the application of the CSA-DDA. 
• A visible jump in the probability of occurred damage happens 

when a damage is fully detected in the SSA-DDA application, 
which demonstrates the accuracy of this algorithm in the 
identification of structural anomalies. 

• The effects of the environmental factors on the natural 
frequency estimates (i.e. temperature fluctuation) do not 
affect the damage identification analysis. 

• The continuous assessment was carried out using a length of 
each input segment equal to 24 elements. This parameter 
allows for the full identification of the occurred damage after 
only 24 runs of the implemented tool. 

• No spurious peaks of the damage probability appear during 
the monitoring phase, demonstrating the robustness of the 
implemented SHM methodology regarding the health 
condition assessment, without filtering out the exogenous 
effects on the modal parameters. 

• The results obtained in the SSA-DDA application clearly 
suggest that the damage detection strategy based on mode 
shapes variation could be very promising for SHM purposes 
for structures with widespread monitoring systems.
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 Figure 14. Application of the SSA-DDA using the MAC values associated to the first structural mode as input data  

4 CONCLUSION  
This paper focuses on an original vibration-based SHM 
methodology devoted to assess the health state of the structures 
through the continuous analysis of the modal features obtained 
by the dynamic monitoring process without filtering out the 
effects of the environmental and operational factors. 

The innovative SHM strategy consists of three different 
algorithms aimed at: 1) performing the identification of the 
modal parameters from each single collected record, 2) 
guaranteeing the correct tracking of the selected features 
covering the fluctuations caused by external factors without 
required any user interaction, and 3) performing the health 
condition assessment of the structure contextually with the 
continuous monitoring process.  

Specifically, the developed tool was firstly used to extract 
and track the evolution of the modal parameters associated to 
the identified modes of the system and subsequently to detect 
the structural damages simulated along the monitoring period.  

The algorithms devoted to the estimation of the modal 
parameters and the modal tracking were succinctly described, 
while more emphasis was given to the developed novelty 
detection algorithms based on pattern recognition models. As 
demonstrated, the proposed SHM tool seems to be quite 
effective in identifying structural anomalies even without 
filtering out the effects due to the external factors and it 
provides many consistent advantages: a) timing of the analysis, 
generally faster due to the removal of the initial tuning of the 
parametric inputs, b) safety condition of the structure, because 
the structural assessment becomes effective after only a few 
days from the beginning of the monitoring process, and c) cost 
of the monitoring project, making the analysis fully automated 
without any further expert user interaction during the 
monitoring phase. This last advantage is currently impossible 
to achieve by adopting the classical methodology.   

Concluding, the applications described in this paper reveal 
the capability of the proposed methodology in the context of 
SHM, making this tool very promising for the assessment also 
of structures with monitoring systems composed by a limited 
array of sensors (see [10,11]). In this way, the information 
obtained by the continuous monitoring can be used by pattern 
recognition models to generate a proper alarm in case of 
structural damage, after only a very short time delay. 
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ABSTRACT: Bridges play a crucial role in our modern societies. However, as a result of many factors, such as ageing, overloading 

or lack of maintenance, these structures may be subject to damages which can adversely affect not only their durability but also 

their safety. Therefore, detection of damage at an early stage is paramount. This paper presents a methodology for early damage 

detection based on the quasi-static component of moving-loads responses. Inspired on the modal assurance criterion (MAC), this 

approach consists in the statistical consistency analysis of vehicle influence-lines collected for in-service vehicles traversing the 

structure. The Luiz I Bridge, an outstanding double-deck arch bridge located in Porto was selected as a case study. This work 

focuses on the upper deck, which is integrated in the light rail network of Metro of Porto and, therefore, is crossed by metro 

vehicles. The performance of the methodology was first assessed on numerically-simulated data, which reproduced not only the 

structural behavior of the bridge but also the operational effects. For that purpose, two different situations were evaluated. In the 

first one, it was shown that for undamaged conditions the methodology is stable, i.e., it does not produce false-positive indication 

of damage. In the second one it was shown that the methodology is capable of flagging the occurrence of damage in a timely 

manner. Finally, the methodology was applied to field data, concerning about 1500 passages collected during a 3-month 

monitoring period. The statistical consistency index values show some deviations from the regular pattern. Therefore, further and 

deeper analyses are needed in order to assess this behavior and to evaluate the real condition of the bridge. 

KEY WORDS: Structural health monitoring (SHM); Damage detection; Bridges; Moving-loads responses; Influence-line 

assurance criterion. 

1 INTRODUCTION 

Transport infrastructure systems play a crucial role in modern 

societies. They support economic growth and personal well-

being by connecting people for economic and social activities, 

and transporting vital goods. Bridges, used to cross rivers, 

valleys, and roads, thereby allowing to perform an effective 

communication between regions and populations, have had a 

special place in the transport infrastructure systems since 

ancient times. In addition, today, bridges are becoming both 

icons and landmarks for the cities [1]. 

However, bridges are subjected to environmental effects 

(such as temperature variations, rain, wind, snow, etc.), 

operational loading (such as traffic loads, with a growing trend 

either per vehicle or axle, dynamically amplified by an 

increasing velocity of circulation), extreme events (such as 

earthquakes), and natural deterioration due to ageing. These 

effects, combined with lack of maintenance, may lead to 

damages that may negatively affect not only the durability, but 

also the structures safety. In the most severe cases, the load 

carrying capacity of the structure may be undermined, which 

may lead to the collapse of components or even of the whole 

bridge [2]. In addition to the dramatic consequences that bridge 

collapses may have in terms of human lives, the disruption in 

the transport infrastructure system has a tremendous impact on 

the economic activity and in the citizens daily life. 

In this context, adopting proactive strategies to maintain 

bridges in a good condition and to ensure structural safety is 

paramount. Therefore, in the last decades bridges have been 

endowed with increasingly advanced structural health 

monitoring (SHM) systems in order to measure the structural 

response and thereby obtaining objective information about the 

actual condition of the structure. 

The cost reduction and the ease of installation of sensors, 

together with the developments in acquisition and storage, have 

allowed the collection of large volumes of data. Therefore, in 

the last years, the attention of both the scientific community and 

the asset managers has been focused on extracting useful 

information from the data collected on the structures, namely 

on the development and implementation of advanced strategies 

for damage identification [3]. 

In this context, this paper presents a novel methodology for 

damage detection based on the quasi-static component of 

moving-loads responses on bridges. Following previous studies 

[4,5], this methodology involves an alternative data processing 

approach inspired on the modal assurance criterion (MAC), 

which consists on the statistical consistency analysis of the 

vehicle influence-lines from in-service vehicles traversing the 

bridge. A detailed description of the methodology is presented 

in Section 2. 

In order to demonstrate the applicability of this approach on 

full-scale bridges, the Luiz I Bridge, located in Porto, was 

selected as a case study (described in Section 3). This 

outstanding double-deck arch bridge is endowed with a very 

comprehensive monitoring system that allowed to collect the 

structural responses during the passage of vehicles. In addition, 

a finite element model of the bridge was used to simulate the 

response of the structure in order to obtain both undamaged and 

damaged data, in which the operational effects were included. 
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These data were used for, prior to the application on field data, 

assessing the performance of the methodology. 

For that purpose two different cases were evaluated. The first 

one, involving undamaged conditions only, aimed at verifying 

the stability of the methodology. The second one aimed at 

assessing the capability of the methodology for detecting 

damage. Then, the performance of the methodology was 

evaluated on field data. The most relevant results of the 

application of the damage detection methodology proposed 

herein, and the main conclusions are presented in Sections 4 

and 5, respectively. 

 

2 METHODOLOGY FOR DAMAGE DETECTION 

 Framework 

This paper proposes a methodology for early damage detection 

in bridges based on the statistical analysis of the quasi-static 

component of moving-loads responses of in-service vehicles 

traversing the structure. When a vehicle crosses a bridge at low 

and steady speed, the dynamic component of the structural 

responses is negligible. These results are, in general, presented 

graphically, representing the variation of the quantity being 

measured as a function of the position of the vehicle along the 

structure, in the form of influence-lines [6]. As an influence-

line is associated to a point-load, for the sake of accuracy in the 

notation, the corresponding results for vehicles are denoted 

herein as vehicle influence-lines. 

It is noteworthy to mention that an influence-line constitutes 

a “signature” of the structural response, thereby providing a 

great insight into the system behavior. When damage occurs 

(which usually involves a modification in the stiffness of one 

or more components of the structure), the pattern of this 

“signature” usually changes. These changes include variations 

both on the maximum values and on the “shape” of the curve. 

Therefore, as long as periodic tests may be performed in the 

structure, damage may be detected straightforwardly by 

comparing these patterns [7]. However, this “comparison-

based” approach requires tests under controlled conditions, in 

which the loading vehicles are exactly the same and the regular 

traffic is interrupted. 

Nevertheless, since bridges are permanently monitored, 

passages of in-service vehicles traversing the structure may be 

monitored and the corresponding measurements may, even 

though, be used for damage detection. However, this will 

require more advanced data-processing techniques in order to 

distinguish, in the structural responses, changes due to damage 

from changes due to operational effects. 

 

 Statistical consistency analysis 

This paper proposes the use of a statistical indicator that yields 

the degree of consistency between influence-lines – the 

influence-line assurance criterion (ILAC) – for damage 

detection. This parameter is based on the modal assurance 

criterion (MAC), usually applied to match mode shapes [8]. 

The MAC gives a measure of consistency between estimates of 

mode vectors originating from different sources [9]. The MAC 

between the rth vector of a dataset A, r,A, and the qth vector of 

a dataset B, q,B,  is a scalar constant defined as follows [8]: 

 𝑀𝐴𝐶(𝑟𝐴, 𝑞𝐵) =
|{𝜓𝑟,𝐴}

𝑇
{𝜓𝑞,𝐵}|

2

({𝜓𝑟,𝐴}
𝑇
{𝜓𝑟,𝐴})({𝜓𝑞,𝐵}

𝑇
{𝜓𝑞,𝐵})

 (1) 

The MAC takes values from zero (representing no consistent 

correspondence) to one (representing a consistent 

correspondence). In this manner, if the modal vectors under 

consideration exhibit a consistent relationship, the 

corresponding MAC value should be close to one. The MAC 

values are presented in a matrix, which is used, in general for 

the comparison of mode shapes identified from data obtained 

experimentally with mode shapes derived from analytical 

models. Notwithstanding, further potential uses are mentioned 

in [8]. For instance, the MAC, many times together with other 

related assurance criteria, has been widely used for damage 

detection. 

Building on these results, this paper proposes a new statistical 

indicator, the ILAC, aiming at early damage detection based on 

moving-loads responses. As aforementioned, the ILAC is a 

measure of consistency between influence-lines, which may be 

defined by: 

 𝐼𝐿𝐴𝐶(𝑟𝐴, 𝑞𝐵) =
|{Υ𝑟,𝐴}

𝑇
{Υ𝑞,𝐵}|

2

({Υ𝑟,𝐴}
𝑇
{Υ𝑟,𝐴})({Υ𝑞,𝐵}

𝑇
{Υ𝑞,𝐵})

 (2) 

where ILAC(rA,qB) is the ILAC between the rth influence-line 

of a dataset A, r,A, and the qth influence-line of a dataset B, 

q,B. Comparing two influence-lines datasets A and B obtained 

in different time-instants, the diagonal terms of the ILAC 

matrix (in which r=q, i.e., the influence-lines for the same 

quantity from different datasets are compared) may provide a 

good indication of the occurrence of damage in the structure. 

An ILAC value of one means that the two influence-lines are 

perfectly correlated, or, in this case, identical. The greater the 

deviation from unit, the lower the correlation is, which suggests 

changes in the structural response, and thus, the occurrence of 

damage. 

However, preliminary analyses have shown that these 

indicators could hardly provide reliable results for damage 

detection due to the variability of the vehicle influence-lines, as 

a result of the operational effects (as discussed below). 

However, additional tests have shown that the AutoILAC, 

based on the AutoMAC presented in [9], allows to overcome 

this shortcoming. The AutoILAC quantitatively compares all 

the possible combinations of influence-lines pairs for only one 

dataset of influence-lines A, such that: 

 𝐼𝐿𝐴𝐶(𝑟𝐴, 𝑞𝐴) =
|{Υ𝑟,𝐴}

𝑇
{Υ𝑞,𝐴}|

2

({Υ𝑟,𝐴}
𝑇
{Υ𝑟,𝐴})({Υ𝑞,𝐴}

𝑇
{Υ𝑞,𝐴})

 (3) 

where ILAC(rA,qA) is the ILAC between the rth and the qth 

influence-lines of a dataset A, r,A and q,A, respectively, where 

rq. The calculation assigns a value of one to pairs of influence-

lines that exactly match, and a value of zero to those pairs that 

are completely independent or unrelated. 

With the goal of early damage detection, instead of 

discovering the influence-lines included in a given dataset that 

exactly match, the focus lays on the surveillance of the 

evolution of the AutoILAC values along the monitoring period. 

Deviations of the AutoILAC values computed along the 

monitoring period from those calculated in the training period, 

in which the structure is assumed in normal conditions, suggest 
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changes in the structural response, and thus, changes in the 

structural condition. 

 

 Implementation 

The implementation of the damage detection methodology 

proposed herein involves two main steps. The first one consists 

in the collection of vehicle influence-lines for in-service 

vehicles traversing the bridge, for a set of sensors installed on 

the bridge. The second one consists in computing, for each 

crossing, the statistical consistency index (the AutoILAC) for 

all possible pairs of sensors in order to find changes in the 

patterns of the vehicle influence-lines and, thus, to flag the 

occurrence of damage.  

For that purpose, it is necessary to define a training period in 

which the structure is assumed undamaged. The aim of this 

period is to estimate the variability of the ILAC values, in order 

to define the thresholds for detecting anomalous behavior in the 

monitoring phase.  

In this work, the threshold bounds for normal operating 

conditions are given by i  k.i , in which i and i are, 

respectively, the mean and the standard deviation of the 

consistency index of the ith pair of sensors computed in the 

training phase. The parameter k is a constant carefully defined. 

On the one hand, it should be as low as possible to enable the 

detection of damage as quick as possible. On the other hand, it 

should not be too low in order to prevent false-positive 

indications of damage. Still, to avoid this problem, an 

additional criterion may be established: a structural change is 

flagged only when q consecutive points exceed the thresholds. 

 

3 THE LUIZ I BRIDGE 

 Brief description of the bridge 

The Luiz I Bridge, an outstanding example of bridge 

engineering, spans the Douro River, connecting the cities of 

Porto and Vila Nova de Gaia, in the North of Portugal (Figure 

1). This iconic double-deck arch bridge, designed by the 

Belgian engineer Théophile Seyrig, was inaugurated in 1886, 

and it was at that time the longest steel arch in the world. 

 

Figure 1. General view of the Luiz I Bridge (North, on the 

lefthand side, and South, on the righthand side). 

 

The bridge is constituted by a double-hinged metallic arch, 

45.1 m high and 172 m of span length, supporting 

simultaneously two decks at different levels over the river. The 

lower-deck, 8 m wide and 174.3 m long, carries a roadway and 

two sidewalks for pedestrians, whereas the upper-deck holds a 

double railway line for the Metro of Porto, allowing also the 

circulation of pedestrians and emergency road vehicles. 

The upper-deck, which is the object of study of this work, 

consists in two continuous truss girders, 5 m high and 4.65 m 

apart, constituted by the upper- and lower-chords, verticals and 

diagonals. The floor system is constituted by a metallic grid, 

combining two load transfer systems. The first one, receiving 

the railway loads, is constituted by the rails and the wooden 

sleepers. The second one consists of a set of secondary stringers 

and transverse beams supporting a steel cladding plate, which 

withstands both the pedestrian and the emergency road vehicles 

loads. Both systems deliver the loads on a set of main stringers 

supported by the crossbeams, which transfer the loads to the 

truss girders at the nodes, at the upper-chord level. Transverse 

beams, at the chords’ levels, and diagonals, both in the verticals 

alignment, laterally brace the truss girders. The upper-deck is 

divided in 13 spans with lengths varying from 11.8 m to 

50.7 m, supported by the arch crown, two steel posts resting on 

the arch, two masonry piers, three metallic towers, and the two 

end masonry abutments (Figure 2). The steel posts are rigidly 

connected at both ends, whereas the connections between the 

upper-deck and the remaining supporting structural 

components are accomplished through bearings allowing both 

longitudinal-translations and –rotations. 

As aforementioned, the upper-deck is integrated in the 

network of the Metro of Porto. The metro-vehicles cross the 

bridge in the upstream and downstream tracks respectively in, 

Gaia-Porto and Porto-Gaia directions. The traveling 

compositions, constituted by either one or two coupled 

vehicles, are Eurotram trains produced by Bombardier 

Transportation. However, this work has targeted only 1-

vehicle compositions, crossing the upper-deck in the Porto-

Gaia direction. The dimensions and axles loads corresponding 

to vehicle tare weight are shown in Figure 3. 

 

 

 

 

Figure 2. Scheme of the side view of the Luiz I Bridge (South, 

on the lefthand side, and North, on the righthand side): (top) 

general view; and (bottom) details of spans 10 to 13. 

 

 

Figure 3. Scheme of a metro vehicle. 
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 Monitoring system 

In 2005 the Luiz I Bridge was subject to a major rehabilitation 

with the objective of converting the upper-deck for the light rail 

network of the Metro of Porto. In this context, a very 

comprehensive fiber Bragg grating (FBG) based monitoring 

system was installed on the bridge, with the purpose of 

monitoring the bridge’s structural health by measuring 

deformations of key elements under environmental actions, 

namely temperature variations. The measurement system 

includes sensors that enable the measurement of strains at 59 

cross-sections of representative bars, horizontal displacements, 

and temperature, both ambient and at the steel surface. For this 

purpose, the sensors signals have been acquired every 5 

minutes [10]. 

Still, this measurement system is capable of collecting the 

bridge structural response at a high acquisition rate, thereby 

enabling an adequate characterization of its behavior under the 

passage of metro-vehicles over the upper-deck. However, the 

sensors are only capable of collecting raw data. Therefore, in 

order to take full advantage of the monitoring system, a bridge 

weigh-in-motion (B-WIM) system was implemented with the 

objective of characterizing the railway traffic (by estimating 

vehicle parameters such as crossing direction, speed and 

vehicles loads) in the upper-deck of the bridge. In addition, this 

system enables to collect influence-lines of in-service vehicles, 

which may be used to monitor the condition of the bridge based 

on the structural response under moving-loads [11]. 

 

Figure 4. 3D scheme of the bridge depicting the location of 

the instrumented cross-sections. 

 

 

Figure 5. Scheme of the instrumented cross-sections. 

 

For this work, a set of 10 cross-sections, located in both the 

11th and 12th spans of the downstream girder (marked through 

a red dashed rectangle in Figure 2), were selected. These cross-

sections, instrumented with a pair of strain sensors each, are 

distributed at the lower (S11, S14, S16 and S18) and the upper 

(S10, S13, S15 and S17) chords, and at the diagonals (S22 and 

S24). The location of the instrumented cross-sections is shown 

in Figure 4 and the corresponding positions of the strain sensors 

are depicted in Figure 5. 

 

 Moving-loads responses 

3.3.1 Field data 

As aforementioned, with the objective of detecting damage at 

an early stage, this work focuses on the analysis of the quasi-

static structural responses under the action of vehicles crossing 

the bridge. Figure 6 depicts the vehicle influence-lines of 

strains measurements collected during a 3-months monitoring 

period of the Luiz I Bridge by sensors S11-B, S14-B and S16-

B, for example. During this period a set of 1500 passages have 

been collected. However, in order to facilitate the 

interpretation, this figure depicts only 50 equally distributed 

along the whole period of observation. The color scheme varies 

between different shades of blue, green and red for, 

respectively, the first, intermediate and last crossings. 

 

 
 

(a) 

 

 

 
 

(b) 

 

 

 

(c) 

 

Figure 6. Field data of 50 vehicle influence-lines collected 

during a 3-months monitoring period of the Luiz I Bridge: (a) 

S11-B; (b) S14-B; and (c) S16-B. 
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It is worth mentioning that the results shown in the figure 

include only a portion of the measurements collected during the 

vehicles crossings. When the vehicle is traversing spans far 

from the one in which the cross-section under analysis is 

instrumented, the strains are approximately null. Consequently, 

the significance of these measurements either for the 

characterization of the structural behavior or for early damage 

detection decreases. Therefore, only the portions of 

measurements regarding the vehicles positions comprising the 

span in which the instrumented cross-section is located, as well 

as the adjacent spans, are taken into account. Accordingly, for 

cross-sections S11, S14 and S16, these portions comprise, 

respectively, spans 9 to 12, 10 to 12, and 10 to 13. Note that the 

vertical dashed lines correspond to the piers alignments. 

Consequently, it should be emphasized that the length of the 

portions of the results that were considered relevant are not the 

same for all sensors. Therefore, for the sake of later data-

processing, the collected data by each sensor were resampled, 

through an adequate interpolation of the measurements, into 

500 observations for each portion. 

Although the pattern of the vehicle influence-lines collected 

along the monitoring period is similar, one may observe slight 

differences. First, as these results derive from the structural 

responses of in-service vehicles, although the geometry is 

always the same, the total load as well as the distribution of the 

loads over the axles may be different and, therefore, the 

magnitude of the measurements varies. Second, with the goal 

of obtaining the quantity being measured as a function of the 

position of the vehicle along the bridge, the transformation of 

the variable time into position is needed. This variable 

transformation is accomplished based on the time-points the 

vehicle pass over two crossbeams 21 m apart installed in the 

12th span. Therefore, the further the vehicles are from these 

elements, the greater the possible deviations between the 

estimated and the actual position of the vehicle, which may lead 

to “distortions” in the curves [11]. Finally, although the signal 

undergoes a smoothing procedure, noise in the measurements 

may pollute the results and, consequently, the shape of the 

curve. 

 

3.3.2 Numerically-simulated data 

Under the assumption that the bridge was not subject to any 

structural change during the period of data collection, only data 

for the undamaged condition are available. Therefore, with the 

purpose of evaluating the performance of the damage detection 

method proposed herein, data obtained through appropriate 

numerical simulations are needed. 

In the context of the major rehabilitation that the Luiz I 

Bridge was subject in 2005, a detailed finite element model was 

developed in order to reproduce the structural behavior of the 

structure in the actual conditions, duly validated through field 

measurements [12]. In addition, through adequate modification 

in the material properties, the geometry of the structural 

elements, the connections, either internal or external, etc., this 

model also enables simulating the structural response under 

damaged scenarios. Therefore, aiming at the validation of the 

damage detection approach proposed herein, this model 

allowed to obtain data for both undamaged and damaged 

conditions. 

Figure 7 depicts the estimated measurements for sensors S11-

B and S14-B, under the crossing of a reference vehicle, for the 

baseline scenario (BS) and a damage scenario (DS) concerning 

the restraint of the longitudinal movements of the upper-deck 

at the support bearings over pillar P4. For the sake of simplicity, 

this restraint was simulated by introducing horizontal springs 

(with a stiffness of 19600 kN/m) connecting the lower-chords 

of the upper-deck and the top of pillar P4, one at each girder’s 

alignment. It should be noted that under these conditions the 

ratio between the horizontal reaction force that arises under the 

crossing of the metro vehicles on the upper-deck and the 

vertical reaction under dead loads is very low (below 5%).  

 

 
 

(a) 

 

 

 

(b) 

 

Figure 7. Estimated vehicle influence-line for a reference 1-

vehicle composition for the baseline (BS) and damaged (DS) 

scenarios: (a) S11-B; and (b) S14-B. 

 

The changes produced by this restraint on the strains 

measured in the selected cross-sections, as a result of the 

horizontal forces that appear associated to the longitudinal 

displacements of the lower-chord over pillar P4 in the damaged 

scenario, are clearly noticeable, particularly when the vehicle 

moves along the spans directly supported by the arch 

(corresponding to the coordinates -315m to -135m in the 

horizontal axis). This behaviour is explained by the 

longitudinal movements induced in upper-deck resulting from 

the anti-symmetric loading on the arch. In the portions of 

vehicle influence-lines selected for analysis within this work 

(comprising the span in which the instrumented cross-section 

is located, as well as the adjacent spans, as referred above), the 

differences are slighter, but still noticeable, showing, therefore, 

changes in the structural condition of the bridge. 

Notwithstanding, it is noteworthy to mention that for most of 

the cross-sections selected for this work (except S17 and S18) 

the selected portion of the vehicle influence-lines includes at 

least one span supported on the arch, in which the effect of this 

structural change is clearly perceived. Further details about the 

simulation and the analysis of the structural behavior of the 

bridge under this restraint may be found in [13]. 

  BS 

  DS 

  BS 

  DS 
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However, as previously referred, field data include 

operational effects such as variability in the axles and vehicles 

loads, inaccuracy in the estimates of the position of the vehicle 

along the crossing, and noise in the measurements. Therefore, 

to ensure that the performance of the damage detection method 

applied on field data is similar to that evaluated on numerically 

simulated data, the characteristics of these data should be as 

similar as possible with those of the field measurements. Thus, 

these operational effects were “added” within the numerical 

simulation of data, both for undamaged and damaged 

conditions. 

It is noteworthy to mention that the aim is not to accurately 

replicate the measurements collected in the monitoring period 

shown in Figure 6, but to obtain a similar pattern in terms of 

variability of the structural response for a given set of passages. 

Therefore, for the sake of simplicity, the operational effects 

referred above were modelled on the basis of Gaussian 

distributions, whose parameters values were determined 

through a sensitivity analysis. Further details may be found in 

[13]. 

The numerical estimates, including operational effects, for 

sensors S11-B and S14-B, for a set of 50 passages of 1-vehicle 

compositions for the baseline scenario, are shown in Figure 8. 

As explained above, only the portion of measurements 

comprising the span in which the cross-section is located, as 

well as the adjacent spans, is taken into account. It may be 

observed that the numerical estimates of the structural response 

exhibits some variability, as it was intended. Despite not 

reproducing exactly the experimental data shown in Figure 6, 

the pattern of the results is analogous. In this context, the 

performance of the damage detection approach evaluated on 

such numerically-simulated data may give good indications as 

regards their ability to be applied to field measurements. 

 

 
 

(a) 

 

 

 

(b) 

 

Figure 8. Numerical estimates of 50 vehicle influence-lines in 

the baseline scenario, reproducing operational effects: (a) 

S11-B; and (b) S14-B. 

 

Figure 9 shows the numerical estimates, including the 

operational effects, for sensors S11-B and S14-B, for a set of 

50 passages of 1-vehicle compositions, in which 35 and 15 

correspond, respectively, to the baseline scenario (BS) and the 

damaged condition (DS). The color scheme varies between 

different shades of blue, green and red for, respectively, the 

first, intermediate and last crossings (in which the first and the 

last curves correspond, respectively, for the baseline and the 

damaged condition. As shown in Figure 7, this structural 

modification leads to noticeable changes in the strains 

estimated at the instrumented cross-sections. However, as a 

result of the operational effects, these changes become less 

clear. Although slight differences may be identified through the 

observation of the curves, it is difficult to flag the structural 

change. 

 

 
 

(a) 

 

 

 

(b) 

 

Figure 9. Numerical estimates of 50 vehicle influence-lines, 

including 35 in the baseline scenario and 15 in the damaged 

condition, reproducing operational effects: (a) S11-B; and (b) 

S14-B. 

 

4 RESULTS 

 General remarks 

This section presents the results of the application of the 

methodology for damage detection proposed above, applied 

both to numerically-simulated and field responses from the in-

service traffic of the Metro of Porto on the upper-deck of the 

Luiz I Bridge. 

The objective of using numerically-simulated data is to 

evaluate the performance of the approach. For that purpose, two 

different cases were assessed. The first one refers to a situation 

involving normal operating conditions only. The goal is to 

verify the stability of the approach, i.e., to evaluate whether the 

method produces false-positive indication of damage. The 

second one concerns to a situation in which the dataset includes 

estimates of vehicle influence-lines for both normal and 

damaged structural conditions. The objective is to evaluate the 
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ability of the method to flag the presence of damage at an early 

stage. These analyses are carried out using numerically-

simulated data as realistic as possible, either in terms of the 

structural response or in terms of the variability of the 

measurements due to operational effects. 

Finally, with the objective of assessing the performance of 

the methodology on real data, structural responses of in-service 

vehicles collected for a 3-months period are used. 

The approach for damage detection introduced above 

involves, as aforementioned, the definition of thresholds, in a 

training period, for detecting anomalous behavior in the 

monitoring period. In this work, the training period comprised 

100 vehicle influence-lines and the threshold bounds for 

normal operating conditions are given by i  4i, in which i 

and i are, respectively, the mean and the standard deviation of 

the consistency index of the ith pair of vehicle influence-lines 

computed in the training period. Then, damage is flagged only 

when 10 consecutive points exceed the thresholds. 

 

 Numerically-simulated data 

The first case aims to evaluate the stability of the damage 

detection method. Therefore, it consists in the analysis of a 

dataset comprising 500 vehicle influence-lines concerning the 

baseline scenario, i.e., simulated for normal operating 

conditions of the structure (such as those vehicle influence-

lines depicted in Figure 8). As an example, Figure 10 depicts 

the statistical consistency index for the successive vehicle 

influence-lines of the strains estimated at the flange of cross-

sections S11 and S14. As a result of the operational effects 

(variability of the axles and vehicles loads, inaccuracy in the 

estimates of the vehicle position, and noise in the 

measurements) included in the simulations, the computed 

indices vary for the successive vehicle influence-lines. 

However, as the threshold bounds are never exceeded, there is 

no false-positive indication of damage. This way, one may say 

that the approach, even under operational effects, seems to be 

stable. 

 

Figure 10. Statistical consistency index for the successive 

vehicle influence-lines of the strains estimated at the flange of 

cross-sections S11 and S14 in the baseline scenario. 

 

The second situation evaluated herein consists in the analysis 

of another dataset comprising 500 vehicle influence-lines. 

However, in this case, in addition to those concerning the 

baseline scenario (the first 350), this dataset also includes 

vehicle influence-lines concerning the damaged scenario 

described above (the remaining 150). The vehicle influence-

lines under analysis are similar to the ones depicted in Figure 

9, which include the structural response for normal operating 

conditions and under a restraint for the longitudinal 

displacement of the upper-deck over pillar P4.  

It was shown above (see Figure 7) that this structural 

modification leads to noticeable changes in the strains 

estimated at the instrumented cross-sections. However, as 

depicted in Figure 9, as a result of the operational effects, these 

changes become less clear. Even though, slight differences may 

be still identified through the observation of the vehicle 

influence-lines. However, these differences are not clear 

enough to identify the structural change. Conversely, as shown 

in Figure 11, the statistical consistency index for the successive 

vehicle influence-lines of the strains estimated at the flange of 

cross-sections S11 and S14 clearly highlights this structural 

change. 

 

Figure 11. Statistical consistency index for the successive 

vehicle influence-lines of the strains estimated at the flange of 

cross-sections S11 and S14 in the baseline scenario (the first 

350) and in a damaged condition (the remaining 150). 

 

 Field data 

The performance of the methodology using real data is 

evaluated by using the structural responses of in-service 

vehicles collected for a 3-months period. The dataset comprises 

1500 vehicle influence-lines of the strains collected by the 

measurement system described above. 

As shown in Figure 12, the statistical consistency index 

values for the vehicle influence-lines of the strains measured at 

the flanges of cross-sections S11 and S16 occasionally exceed 

the threshold bounds. This may indicate changes in the 

structural condition of the upper-deck of the Luiz I Bridge. 

However, as the consistency index does not remain 

permanently beyond the thresholds, this apparent structural 

change does not seem consistent. In this respect, it is 

noteworthy that the vehicle influence-lines of cross-section S16 

show a larger variability than those of the remaining cross-

sections, in particular than those of S11 (see Figure 6), whose 

pattern is similar due to their location in the bridge. In addition, 

the vehicle influence-lines of cross-section S16 show a large 

variability along the monitoring period (recall that the color 

scheme varies between different shades of blue, green and red 

for, respectively, the first, intermediate and last crossings).  

Therefore, in order to evaluate the structural behavior of the 

bridge and to assess its real condition, further and deeper 

analyses of the field measurements are needed. A critical aspect 

that should be carefully analyzed refers to the role that 

environmental effects, namely temperature variations, may 

have on the structure, in particular on the boundary conditions, 
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and, thus, on the structural response under moving-loads. This 

requires additional field data, over an extended period, 

presumably at least one year, in order to include possible 

seasonal effects. Note that the numerically-simulated data 

applied in the previous analyses to assess the performance of 

the methods have taken into account only the operational 

effects and did not included possible environmental effects. 

Still, in order to assess whether these changes are only 

circumstantial or will evolve clearly beyond the thresholds, the 

continuous surveillance of the structure is paramount, by 

monitoring both the consistency index and the shape of the 

vehicle influence-lines. 

 

Figure 12. Statistical consistency index for the successive 

vehicle influence-lines of the strains measured at the flange of 

cross-sections S11 and S16. 

 

5 CONCLUSIONS 

This paper presents a methodology for damage detection based 

on the quasi-static component of moving-loads responses. 

Firstly, it entails collecting vehicle influence-lines for in-

service vehicles crossing a bridge. Then, it consists in 

computing, for each crossing, the statistical consistency index 

for all possible pairs of sensors in order to find changes in the 

measurements patterns, and, through this way, to signalize the 

presence of damage. 

The Luiz I Bridge, a remarkable double-deck arch bridge, in 

which the upper-deck is integrated in the light rail network of 

Metro of Porto, was selected as a case study. The work focused 

on the analysis of the strain measurements of critical cross-

sections located on the upper-deck, under the crossing of in-

service metro-vehicles. 

The performance of the methodology was firstly assessed 

using numerically-simulated data. In this regard, a finite 

element model of the bridge was used in order to simulate the 

structural response for both undamaged and damaged 

conditions. In addition, bearing in mind the application of this 

approach to field data collected for in-service vehicles, these 

numerically-simulated data also included operational effects, 

such as variability in the axles and the vehicles loads, 

inaccuracy in the estimates of the position of the vehicle, and 

noise in the measurements. Two different situations were 

evaluated. The first one has shown the reliability of the 

outcomes of the method as regards the false-positive indication 

of damage when the condition of the structure remains 

unchanged. The second case, which considered a restraint for 

the longitudinal displacements of the support bearings, has 

shown the ability of this approach to detect damage. 

Finally, this damage detection approach was applied on field 

data collected for a 3-month period. The results seem to 

indicate changes in the pattern of the vehicle influence-lines 

over time. However, these changes do not seem to be steady in 

that the consistency index does not remain permanently beyond 

the thresholds. Therefore, further and deeper analyses of the 

field measurements are needed, in order to clarify the reason of 

this behavior. A critical aspect that should be carefully taken 

into account refers to the role that temperature variations may 

have on the structural response. Therefore, the continuous 

surveillance of the bridge over an extended period, in order to 

include possible seasonal effects, is paramount. 

 

ACKNOWLEDGMENTS 

This work was financially supported by: Base Funding – 

UIDB/04708/2020 and Programmatic Funding – UIDP/04708/ 

2020 of the CONSTRUCT – Instituto de I&D em Estruturas e 

Construções – funded by national funds through the FCT/ 

MCTES (PIDDAC); and by the project POCI-01-0145-

FEDER-031355 – “S4Bridges – A smart approach for the 

maintenance of existing bridges” funded by FEDER funds 

through COMPETE2020 – Programa Operacional 

Competitividade e Internacionalização (POCI) and by national 

funds (PIDDAC) through FCT/MCTES. The authors also 

gratefully acknowledge the infrastructure owner, Metro do 

Porto, S.A. 

 

REFERENCES 

[1] OECD. Understanding the Value of Transport Infrastructure: Guidelines 

for macro-level measurements of spending and assets. 2013. 

[2] Scheer, J. Failed Bridges: Case Studies, Causes and Consequences. 
Berlin, Germany: Ernst & Sohn. 2010. 

[3] Farrar, C. R., & Worden, K. Structural Health Monitoring: A Machine 

Learning Perspective. John Wiley & Sons, Ltd. 2013. 
[4] Cavadas, F., Smith, I. F. C. and Figueiras, J. Damage detection using 

data-driven methods applied to moving-load responses. Mechanical 

Systems and Signal Processing 39(1–2): pp. 409-425. 2013. 
[5] Cavadas F., Costa B.J.A., Figueiras J.A., Pimentel M., Félix C. Data-

Driven Damage Detection Based on Moving-Loads Responses - The Luiz 

I Bridge. In European Workshop on Structural Health Monitoring. 
EWSHM 2020. Lecture Notes in Civil Engineering, vol 128. 2021. 

[6] Ghali, A., Neville, A. M., & Brown, T. G. Structural Analysis - A Unified 

Classical and Matrix Approach (6th ed.). New York, NY, USA: Taylor 
& Francis. 2009. 

[7] Stohr, S., Link, M., Rohrmann, R., & Rucker, W. Damage detection 
based on static measurements on bridge structures. In IMAC XXIV - 

24th Conference and Exposition on Structural Dynamics 2006, St. Louis, 

Missouri, USA. 2006. 
[8] Allemang, R. The modal assurance criterion – Twenty years of use and 

abuse. Sound and Vibration: pp. 14-21. 2003. 

[9] Pastor, M., Binda, M. and Harčarik, T. Modal assurance criterion. 
Procedia Engineering. 48: pp. 543-548. 2012. 

[10] Costa, B. J. A. and Figueiras, J. A. Fiber optic based monitoring system 

applied to a centenary metallic arch bridge: Design and installation. 
Engineering Structures 44(0): pp. 271-280. 2012. 

[11] Cavadas, F., Costa, B., Figueiras, J. Implementation of a B-WIM system 

in a centenary steel truss bridge. In Multi-Span Large Bridges (MSLB 
2015), Porto, Portugal. 2015. 

[12] Costa, B.J.A. Structural identification of old steel bridges - monitoring 

and rehabilitation assessment. Ph.D. thesis, Faculty of Engineering, 
University of Porto, Porto. 2012. 

[13] Cavadas, F. Structural health monitoring of bridges: physics-based 

assessment and data-driven damage identification. Ph.D. thesis, Faculty 
of Engineering, University Porto, Porto. 2016. 

Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure

862

https://www.sciencedirect.com/science/article/pii/S0888327019306077#gp015


ABSTRACT: Strategies for health monitoring of bridges with new sensors or new signal features are emerging in recent years to 

overcome the limitations of traditional vibration-based approaches. This paper presents a monitoring system of a road bridge that 

combines four signal features from different sensor types in order to obtain a holistic picture of the structural condition. These 

four features are the bearing displacement under temperature load, the natural frequencies and the ratios of integrals (R-signature) 

and extreme values (M-signature) of strain and displacement signals during the crossing of vehicles. A derivation of the promising 

R-signature based on influence lines is presented. An anomaly detection approach with an autoencoder is used to identify changes 

in the patterns of the extracted features that can indicate structural damage as well as faults in the sensing system. The approach 

is demonstrated with real-world data where an erroneous signal calibration is detected. Signals under structural damage are 

simulated with a detailed finite element model. It is shown that the anomaly detection procedure can clearly identify the damaged 

state in the simulated data.  

KEY WORDS: SHMII-10; Damage Detection; Anomaly Detection; Autoencoder; Moving Load Response. 

1 INTRODUCTION 

A key objective for Structural Health Monitoring (SHM) of 

bridges is the detection of damage at the earliest possible stage. 

Extensive research exists on the field of vibration-based 

methods. These methods commonly use accelerometers to 

monitor the modal characteristics of a structure, i.e. natural 

frequencies, mode shapes and modal damping. Essential 

challenges remain in the field: (i) SHM methods are difficult to 

validate under real-world conditions [1]. Experiments with 

artificially induced damage to bridges in operation are 

practically impossible. Only few studies have investigated the 

effects of artificial damage on bridges with no traffic at the end 

of their service life, e.g. [2]. Therefore, the effectiveness of 

damage detection methods is commonly evaluated with 

simulations or laboratory tests. The complexity of real-world 

actions on bridges are difficult to account for with these 

approaches. (ii) Natural frequencies show only small changes 

as a result to structural damage but (iii) vary due to 

environmental influences, predominantly temperature [3]. The 

temperature-dependent stiffness of the asphalt pavement is 

identified as a main influencing factor [2]. The variations due 

to external influences can exceed the magnitude of changes 

caused by structural damage and therefore prevent damage 

detection. 

The dependencies of the vibration response of a structure to 

external influences can be accounted for by numerical models 

from the field of Machine Learning (ML). These models are 

based on the data features only, i.e. no physical assumption 

about the structure is made. Hereby, feature is the common 

term for inputs into a ML-model. Compared to physical 

models, e.g. Finite Element (FE) models, non-physical models 

tend to be more flexible and commonly less computationally 

demanding. However, non-physical models can mainly be used 

to detect the presence of damage. Localisation and assessment 

of damage requires physical information.  

ML-approaches for SHM can roughly be divided into 

regression models and reconstruction models. Regression 

models relate an input, e.g. temperature, to an output, e.g. a 

natural frequency. Depending on the relationship, linear models 

can be used [4] or non-linear models such as the Gauss-

Process-Regression (GPR) are required [5]. Other approaches 

apply the regression to the intermediate steps of a modal 

analysis procedure such as Auto Regressive (AR) models [6].  

Reconstruction models replicate the input features 

considering the substantial patterns of the data. Such models 

are at the core of many unsupervised anomaly detection 

procedures, e.g. for bank fraud detection or for medical 

diagnosis (see [7] for a review). The Principal Component 

Analysis (PCA) is a linear reconstruction approach. 

Applications to vibration-based bridge monitoring can be found 

already in 2005 [8]. The adaption to non-linear dependencies 

can be achieved by piecewise PCA [9] or Kernel-PCA [10]. 

Autoencoders can be understood as a generalization of the PCA 

based on neural networks. Early applications to SHM can be 

found in [11]. More recent publications apply the concept 

directly to acceleration time-series data, e.g. [12]. 

Approaches with sensors other than accelerometers and 

different signal features are pursuit to address the limited 

sensitivity of modal characteristics to structural damage. The 

use of inclinometers shows promising results [13] as well as the 

application of (fibre-optical) strain gauges [14]. The features 

for strain gauges signals in the later publication include extreme 

values and integrals during the crossing of vehicles on road 

bridges. 

An anomaly detection scheme for SHM with an autoencoder 

is presented here (Section 2.1). The presented approach 

combines four different features from accelerometers, strain 
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gauges and displacement transducers that are extracted from 

signals of a road bridge (Section 3). In doing so, a broad picture 

of the structural condition of the bridge is obtained. A 

theoretical derivation of a strain gauge signal feature, the R-

Signature, is given in Section 2.2. The application to real-world 

data shows that the used autoencoder architecture is suitable to 

reconstruct the data (Section 4) and to detect faults of the 

sensing system. To validate that the model can detect structural 

damage, signals of the bridge in a damaged state are artificially 

generated with detailed FE-simulations (Section 5 and 6). 

2 THEORECTICAL BACKROUND 

 Anomaly Detection with Autoencoders 

Anomaly detection (e.g. [7]) provides a conceptual 

framework that can be adapted to bridge SHM. Incoming data 

is either labelled as normal, which refers to an intact condition, 

or anomalous, which indicates the possibility of structural 

damage or a fault in the monitoring system. The label depends 

on the reconstruction error of an underlying ML-model. The 

reconstruction error 𝜀(𝑥) is calculated as the deviation of new 

data 𝑥 compared to the predictions 𝑥∗ of the model. A vector 

norm such as the Euclidean distance in Eq. 1 can be used as 

reconstruction error. 

𝜀(𝑥) = ‖𝑥 − 𝑥∗‖2 (1) 

The ML-model is fitted to the data from the structure in an 

undamaged condition during a training period. During 

application, the condition of the structure is assessed by the 

reconstruction error. If the bridge undergoes damage, the 

patterns of the sensor data will change and the model 

predictions will consequently deviate from the measurements, 

resulting in a high reconstruction error. The data will be 

labelled as anomalous. Thereafter, the structure as well as the 

monitoring system must be assessed by experienced engineers 

to determine the source of the anomaly. Based on this 

assessment, further steps are initiated.  

 
(a)  (b) 

Figure 1. (a) Autoencoder (b) Perceptron. 

An autoencoder is a type of neural network that can be used 

for anomaly detection. The basic architecture of an autoencoder 

consists of two parts (Figure 1a): an encoder 𝑓𝑒(𝑥), which 

transforms the input data 𝑥 to a lower dimensional 

representation 𝜉∗, and a decoder 𝑓𝑑(𝜉∗), which subsequently 

obtains a reconstruction 𝑥∗ of the input data . By forcing the 

data through a lower dimensional bottleneck, also called code 

or latent representation, the underlying data structure is 

captured. A reconstruction approach is different from explicit 

regression methods for SHM where an input 𝜉, such as the 

temperature, is directly mapped to an output 𝑥, e.g. natural 

frequencies, by a model 𝑓(𝜉). Autoencoders provide the 

advantage that physical relationships that are unknown or 

difficult to measure are implicitly considered through the learnt 

correlation structure of the data. 

Autoencoders can be built with different types of neural 

networks. Here, the simplest form, a feed forward Multi-Layer 

Perceptron (MLP) network is used. An MLP consist of several 

layers of stacked perceptrons. Each perceptron calculates the 

weighted sum ∑𝑤𝑗𝑥𝑗 = 𝑊𝑇𝑥 of its inputs 𝑥𝑇 = [𝑥1, 𝑥2, … , 𝑥𝑘] 

(Figure 1b) which are the outputs of the previous layer. Hereby, 

𝑊𝑇 = [𝑤1, 𝑤2, … , 𝑤𝑘] are the weights. An offset or bias 𝑏 is 

additionally added to the weighted sum. The possibility to 

represent non-linear relationships is achieved through a non-

linear activation function 𝑔(𝑧 = 𝑊𝑇𝑥 + 𝑏). The rectified 

linear function (ReLU) will be used here and is defined as 

𝑔(𝑧) = max{0, 𝑧}. The benefit of neural networks with non-

linear activation functions and at least one hidden layer is that 

they can approximate almost any function. This is a loose 

formulation of what is known as the universal approximation 

theorem (details are discussed e.g. in [16]). A hidden layer is 

one that is not exposed to the input or the output of the neural 

network. 

All autoencoder models in this paper use an architecture with 

the following five layers: input layer, hidden encoder layer, 

bottleneck, hidden decoder layer, output layer. The output layer 

uses a linear activation function. The weights 𝑤 of the neural 

network are obtained through optimization with the objective 

to minimize the mean squared error between input 𝑥 and output 

𝑥∗ =  (𝑓𝑑 ∘ 𝑓𝑒) (𝑥) (Eq. 2).  

min 
𝑤

1

𝑛
 ∑‖𝑥𝑖 − (𝑓𝑑 ∘ 𝑓𝑒)𝑤  (𝑥𝑖)‖

2

2
𝑛

𝑖=1

 (2) 

The optimization is conducted with a training data set 

consisting of 𝑛 data points. Additionally, 20% of the training 

data is used for validation. This ensures that the learnt 

relationship is generally valid and does not hold for the training 

data only. The Adam-Algorithm (see [16]) is used for 

minimizing Eq. 2. The data is fed through the network several 

times during training. Each cycle is called an epoch.  

 R-Signature 

Depending on the architecture, an autoencoder can be used 

with different types of data, including high dimensional data 

like images or time series. The presented approach combines 

four different features that are extracted from the measurement 

signals (Section 3.2). The approach is non-sequential, i.e. the 

temporal order of the data is not considered in the model. One 

of the considered features, the R-signature, showed to be 

significantly more sensitive to structural damage than natural 

frequencies in the first investigation of the authors [15]. The 

feature is based on influence lines. A brief derivation shall be 

given in the following.  

The concept of influence lines can be applied to sensors, such 

that the influence line 𝜂𝑘(𝑥) describes the amplitude measured 

by sensor 𝑘 as a reaction to a unit load at position 𝑥 on a beam 

bridge (Figure 2). The signal measured during the crossing of a 

vehicle at sensor 𝑘 shall be defined as 𝑠𝑘(𝑡). Assuming 

constant vehicle velocity 𝑣, the signal can be considered in the 

space domain as 𝑠𝑘(𝑥) = 𝑠(𝑡 ⋅ 𝑣). If the static structural 

response is linear, 𝑠𝑘(𝑥) can be calculated according to Eq. 3 

as the superposition of the reactions to 𝑁 axle loads 𝑃𝑖 , where 
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𝑥 describes the position of the first axle and 𝑎𝑖 is the distance 

of axle 𝑖 to the first axle. These considerations hold for all 

sensors that measure displacement related properties, e.g. strain 

gauges, displacement transducers or inclinometers. 

𝑠𝑘(𝑥) =  ∑ 𝑃𝑖  ⋅ 𝜂𝑘(𝑥 − 𝑎𝑖)

𝑁

𝑖=1

 (3) 

 

Figure 2. Schematic illustration of the crossing of a vehicle on 

a single span beam bridge 

It can be shown that the integral 𝐼𝑘 over 𝑠𝑘(𝑥) is proportional 

to the gross vehicle weight (Eq. 4). For this purpose, the 

integration limits are chosen to be 𝑥 = 0 and 𝑥 = 𝐿𝐵 + 𝐿𝑉, 

where 𝐿𝐵 is the length of the bridge and 𝐿𝑉 = 𝑎𝑁 is the length 

of the vehicle. The integral can be expressed as the sum of the 

integrals over the signal contributions of every axle 𝑖. The 

influence line 𝜂(𝑥) only has values ≠ 0 in the interval [0, 𝐿𝐵]. 

Therefore, ∫ 𝜂𝑘(𝑥 − 𝑎𝑖)𝑑𝑥
𝐿𝐵+𝐿𝑉

0
 simplifies to ∫ 𝜂𝑘(𝑥)𝑑𝑥

𝐿𝐵

0
. As 

a result, 𝐼𝑘 is reduced to the product between the gross vehicle 

weight ∑𝑃𝑖  and the integral over the influence line of the 

considered sensor. 

𝐼𝑘 = ∫ 𝑠𝑘(𝑥)𝑑𝑥
𝐿𝐵+𝐿𝑉

0

 

= ∫ ∑ 𝑃𝑖

𝑁

𝑖=1

𝐿𝐵+𝐿𝑉

0

⋅ 𝜂𝑘(𝑥 − 𝑎𝑖)𝑑𝑥 

= ∑ (𝑃𝑖 ∫ 𝜂𝑘(𝑥 − 𝑎𝑖)𝑑𝑥
𝐿𝐵+𝐿𝑉

0

)

𝑁

𝑖=1

 

= ∑ 𝑃𝑖

𝑁

𝑖=1

⋅ ∫ 𝜂𝑘(𝑥)𝑑𝑥
𝐿𝐵

0

 

(4) 

The relationship from Eq. 4 can be used for bridge weight in 

motion systems. Here, it will be used to create a feature that is 

independent of vehicle weight and axle distances. The feature 

considers the ratio of the integrals 𝐼𝑗 and 𝐼𝑘 over the signals 

from the sensors 𝑗 and 𝑘 (Eq. 5). It shall be referred to as 

R-value. It can be seen from Eq. 5 that the vehicle weight 

cancels out. Because 𝑠𝑗(𝑥) and 𝑠𝑘(𝑥) undergo the same 

transformation to the space domain, the ratio can also be 

calculated in the time domain. For this case, the upper 

integration limit is the duration 𝑇 of the vehicle crossing. 

Within classical beam theory the R-value is constant.  

It applies that 𝑅(𝑠𝑗 , 𝑠𝑘) = 𝑅(𝑠𝑘, 𝑠𝑗)
−1

. Therefore, there are 

𝑛(𝑛 − 1)/2  distinct R-values. The vector of all R-values shall 

be referred to as R-signature. Like a vibration mode shape, the 

R-signature provides information about the stiffness 

distribution over the structure. Severe structural damage 

changes the stiffness distribution and leads e.g. to an increase 

in the amplitudes of some sensor signals while the signals from 

sensors which are further away from the damage location 

remain relatively unaffected. This results in a deviation of the 

R-signature which can be used to identify the presence of the 

damage. It shall be noted that there are cases possible where the 

influence lines of several sensors change in a similar fashion 

due to damage. However, it is assumed that the risk of an 

undetectable severe damage case is relatively low with multiple 

spatially distributed sensors in longitudinal and transversal 

direction. The R-signature can be used as a feature for damage 

detection with physical (e.g. FE-Update) as well as non-

physical models (e.g. ML). 

𝑅(𝑠𝑗 , 𝑠𝑘) =
𝐼𝑗

𝐼𝑘

=
∑ 𝑃𝑖

𝑁
𝑖=1 ⋅ ∫ 𝜂𝑗(𝑥)𝑑𝑥

𝐿𝐵

0

∑ 𝑃𝑖
𝑁
𝑖=1 ⋅ ∫ 𝜂𝑘(𝑥)𝑑𝑥

𝐿𝐵

0

 

=
∫ 𝜂𝑗(𝑥)𝑑𝑥

𝐿𝐵

0

∫ 𝜂𝑘(𝑥)𝑑𝑥
𝐿𝐵

0

 

=
∫ 𝑠𝑗(𝑡)𝑑𝑡

𝑇

0

∫ 𝑠𝑘(𝑡)𝑑𝑡
𝑇

0

= 𝑐𝑜𝑛𝑠𝑡. 

(5) 

Following limitations apply to the use of the R-signature: (i) 

Only the quasi-static response is considered. Hence, if the 

sensor signals contain significant amplitudes from dynamic 

structural response, the calculation of the R-signature can be 

flawed. (ii) In order to calculate the R-Signature, the crossings 

of single vehicles need to be isolated in the measurement data. 

This might not be feasible for large bridges. 

The concept of the R-signature is derived from one 

dimensional beam theory. However, the position of a vehicle in 

transversal direction on a lane varies on a real bridge. The 

influence of the transversal vehicle position on the R-signature 

is investigated in [15] using the same bridge as here as an 

example. Simulations show that the influence of transversal 

vehicle position on the R-values is approximately linear within 

a lane. Therefore, an anomaly detection procedure with the 

linear PCA is applied. The procedure is validated for damage 

detection with the simulated data. It is shown that the PCA-

procedure can also be applied to real-world data with a limited 

selection of strain gauges. However, when also considering the 

signals from displacement transducers at the roller bearing for 

the R-values, the dependencies become non-linear due to 

effects such as temperature and friction. The PCA is 

insufficient to account for these effects. To address these 

shortcomings, the presented approach with an autoencoder is 

applied. 

3 EXAMPLE BRIDGE 

 Sensor Layout 

The anomaly detection approach shall be demonstrated on a 

hollow section girder steel road bridge. The single span bridge 

(L = 47 m) from 1971 is horizontally curved (R = 525 m) and 

oblique-angled (Figure 3). A heavily frequented federal road 

runs over the bridge on separate superstructures for each 

direction. Due to corrosion damage, traffic is limited to one 

lane per direction.  
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(a) (b) 
Figure 3. Relevant strain gauges, displacement transducers and temperature sensors on the example bridge:  

(a) cross section (b) plan view. 

A sensor system consisting of accelerometers, displacement 

transducers, strain gauges and temperature sensors is used to 

continuously monitor the structural health of the bridge. Only 

the data of one of the superstructures is discussed in the 

following. The displacement of the roller bearings is measured 

with one displacement transducer for each bearing (a-d, b-d, 

Figure 3). Two accelerometers are placed at mid-span to obtain 

the vibration characteristics of the bridge. Four strain gauges 

are placed at mid-span on the webs close to the bottom chord 

of the respective main girders.  

Due to the oblique-angled layout, the strain gauges at girder 

a (a01, a02) and b (b01, b02) do not lie between the same cross 

members. The open traffic lane is above main girder MG-b. 

Additional strain gauges for a bridge weigh-in-motion system 

are located on the ribs of the bridge deck and the cross 

members. However, these sensors will not be considered for 

health monitoring.  

The temperature of the bridge, as well as the outside 

temperature, is measured with a total of 10 temperature sensors. 

The evaluation showed that the temperature below the bridge 

deck 𝑇𝐷 and at the bottom chord of the main girder 𝑇𝐵 have the 

largest influence. Temperature sensors are sampled with 1 Hz 

and all other sensors with 50 Hz. 

The signals of the strain gauges and the displacement 

transducer can be partitioned according to the primary load 

acting on the bridge during the considered time instance. For 

smaller road bridges the main loads are traffic and temperature. 

Effects due to wind load are mostly insignificant. The signals 

could further be divided into dynamic and quasi-static 

components according to their frequency content. Here, 

components with frequencies close to or above the first natural 

frequency of the system can be defined as dynamic. 

Components with frequencies below the first natural frequency 

can be described as quasi-static. Additionally, the signals can 

contain errors such as electrical noise, hum or sensor drifts.  

 Feature Extraction 

In a pre-processing step, a segmentation according to the 

primary load (traffic or temperature) on the bridge is 

performed. A further decomposition through frequency filters 

showed no clear benefit. Features are subsequently calculated 

separately for segments 𝑥𝑉 during which vehicles cross the 

bridge and segments 𝑥𝑇 that contain mainly effects due to 

temperature load. Time windows for 𝑥𝑉 are zeroed according 

to the preceding values of 𝑥𝑇. The following features are 

extracted: 

R-signature: The numerical integral 𝐼 over 𝑥𝑉 is calculated 

for the strain gauges (a01, a02, b01, b02) and the two 

displacements transducers at the roller bearings (a-d, b-d) for 

each vehicle crossing (Figure 4). All combinations of R-values 

are then calculated with Eq. 5, resulting in a 15-dimensional 

feature vector. 

M-signature: Additionally to the numerical integral, the 

extreme value 𝐸 of 𝑥𝑉 is also calculated for every vehicle 

crossing (Figure 4). Similar to the R-values, the ratios between 

different sensors are obtained according to Eq. 6. Although a 

theoretical relationship has not yet been derived, it can be 

observed (Section 4) that the values show correlations which 

can be useful in detecting anomalies. The M-values are 

calculated for the same sensors as the R-values, which leads to 

another 15-dimensional feature vector. 

𝑀(𝑠𝑗 , 𝑠𝑘) =
𝐸𝑗

𝐸𝑘

=
max{|𝑠𝑗(𝑡)|}

max{|𝑠𝑘(𝑡)|}
 (6) 

 
Figure 4. Illustration of the feature extraction 

Temperature-dependent Displacement: The 15-min 

average of the signal part 𝑥𝑇 is obtained for the displacement 

transducers (a-d, b-d) as another feature. This feature is useful 

to monitor the temperature-dependent displacement of the 

roller bearings. 

Natural Frequencies: The Frequency Domain 

Decomposition (FDD) is used to calculate natural frequencies 

and mode shapes from 15-min time windows of the 

accelerometer signals. The first two natural frequencies with an 

average of 𝑓1̅  = 2.19 𝐻𝑧 and 𝑓2̅ = 3.37 𝐻𝑧 can be identified 

reliably and are therefore considered as features. It has been 

investigated if more variance of the natural frequencies can be 

explained by using only the free decay response after the 

crossing of vehicles for modal analysis. However, no clear 

dependency of the natural frequencies and factors, such as the 
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maximum strain or acceleration amplitude, could be 

determined. Because the number of vehicle crossings with an 

undisturbed free decay response is limited, modal analysis is 

carried out without distinguishing between the signal parts 𝑥𝑉 

or 𝑥𝑇. 

Lastly, the temperatures at the deck (𝑇𝐷) and the bottom 

chord (𝑇𝐵) are also used for the autoencoder which leads to a 

total of 36 features for each isolated crossing of a vehicle. 

Features that are independent of vehicle crossings are taken 

from the respective 15-min time window in which the crossing 

falls. 

4 APPLICATION TO REAL-WORLD DATA 

The anomaly detection procedure is demonstrated with real-

world data between July 2019 and May 2020. The data until 

March 2020 is used for the training of the autoencoder of which 

80% is used for the actual learning and 20% serves for 

validation. The application of the autoencoder is demonstrated 

with the data from March and April 2020. On the 9th of April, 

a restart of the monitoring system led to an erroneous 

calibration of the signals from the displacement transducers. 

This error remains in the application data to show the ability of 

the presented approach to detect faults of the sensing system.  

Vehicles with a gross weight approximately between 16 t and 

60 t are used for anomaly detection. During weekdays an 

average of 125 vehicles fall into this category. On Saturdays 

the average is 25 vehicles and on Sundays it is only 10. The 

lower number on weekends leads to less reliable predictions. 

This issue is addressed by a variable error threshold in [15]. For 

simplicity, a constant threshold is used here.  

Figure 5 shows the pairwise dependencies of some of the 

features. The R- and M-values between the strain gauges show 

linear dependencies between each other. No clear dependency 

between the R-/M-values and temperature is visible. R-values 

that consider the bearing displacements (e.g. b-d) show a non-

linear relationship with other R-values as well as with 

temperature or the natural frequencies. The temperature-

dependent bearing displacement has a clear linear correlation 

with 𝑇𝐷. The natural frequencies show non-linear behaviour 

with respect to temperature and thus with respect to the bearing 

displacements as well. An increase of frequency, i.e. a 

stiffening of the structure, is visible for high as well as for low 

temperatures.  

It is known from other publications (e.g. [2]) that the asphalt 

layer has a contribution to the stiffness of a bridge and that the 

asphalt stiffness changes in a non-linear fashion with respect to 

temperature. However, it becomes clear from Figure 5 that 

temperature is not the only source for non-linearity for the 

features R(b-d, b01) and 𝑓2 as large proportions of the variance 

remains unexplained. It is assumed that the friction in the roller 

bearings are another significant source for non-linear 

behaviour. The specific relationships have not yet been 

clarified.  

 

Figure 5. Correlation structure of selected features of the real-world data. Lower triangular matrix: scatter plot, diagonal: density 

distribution, upper triangular matrix: Pearson’s correlation coefficient 
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The application of the autoencoder provides the benefit that 

dependencies from influences that are unclear or not 

measurable can be implicitly captured. In the comparison of 

several configurations, an autoencoder with a hidden layer size 

of 60 neurons and a bottleneck layer size of 18 neurons showed 

the best result. A lower size of the bottleneck layer does not 

result in a consistent reconstruction error over the training 

period. Increasing the size of the latent space can lead to the 

learning of an identity function and might therefore be useless 

for anomaly detection. A compression rate of 18/36 = 0.5 

appears to be a suitable compromise.  

The features are standardised to zero mean and unit variance 

before being fed to the model. The application data is also 

standardised by the mean and variance of the training data. The 

network is trained for 300 epochs. No significant model 

improvement can be noticed towards the end of the training. 

The training and test accuracy are approximately equal around 

0.97 where an accuracy of 1.0 indicates perfect reconstruction. 

Euclidean distance (Eq. 1) is used as the reconstruction error 

in standardised coordinates. In most cases, structural damage 

or faults of the sensing system would manifest themselves 

permanently. Based on this assumption, anomaly detection is 

conducted with the daily median of the reconstruction error. In 

doing so, the influence of anomalies of single crossings that 

arise, e.g. from errors in the pre-processing, are weakened. A 

log-normal distribution is fitted to the daily median and an error 

threshold is chosen as the 99th-percentile (Figure 6). The 

resulting threshold value is 0.082. Few anomalies can be seen 

during the training period in Figure 7a. Under the assumption 

that the structure is undamaged during this period these 

anomalies are false positive. It is interesting that the false 

positive anomalies arise on the coldest days of the measurement 

period (2019-11-30, 2020-01-02) with temperatures 

between -3 °C and -5 °C. This indicates that the autoencoder 

does not reflect the data sufficiently under these rare 

conditions. More training data under extreme temperatures 

would be needed to achieve a better model fit. 

The incoming data is clearly identified as anomalous after the 

9th of April, as the median of the reconstruction error increases 

to values above 0.7 (Figure 7b). If the reconstruction error 

exceeds the threshold permanently, a thorough investigation 

into the source of an anomaly is mandatory. This investigation 

can be challenging as it requires interdisciplinary knowledge in 

the areas of machine learning, electrical and structural 

engineering. In the presented case, the source of the anomaly 

could be identified as the erroneous offset in the signals of the 

displacement transducers. The detection of the signal offset 

demonstrates that the autoencoder is suitable to identify 

changes in the data structure due to faults in the sensing system 

and likely also due to structural damage. 

 
Figure 6. Reconstruction error of the real-world training data 

with a log-normal distribution  

5 SIMULATION 

Detailed FE-simulations are conducted to evaluate if the 

procedure is also able to detect structural damage. Sensor 

signals are simulated in a damage state of the bridge under 

realistic operational loads. The assumed damage condition is a 

severe fatigue crack in the main girder b. The crack lies at the 

location of a change in thickness of the bottom chord at around 

a third of the girder length (Figure 3). Four damaged scenarios 

S1 to S4 with increasing crack length are distinguished. The 

undamaged condition is referred to as S0. In scenario S1 the 

crack starts from the inner side of the girder with a length of 

20 cm (S2: 40 cm, S3: 80 cm). Scenario S4 assumes the brittle 

fracture of the entire bottom chord. Modelling of the crack is 

achieved by decoupling the edges of the shell elements in the 

FE-model. All FE-calculation are based on linear-elastic 

material behaviour. Therefore, non-linear effects such as local 

yielding in the crack area are not taken into account.  

The FE-model (Figure 8) is used to calculate grid points for 

interpolation surrogate models using cubic spline interpolation 

[17]. The simulations are subsequently conducted with the 

interpolation models. Different surrogate models are created 

for each damage scenario. The input data for the simulations is 

described in the following: 

 

 
(a) (b) 

Figure 7. Anomaly detection with real-world data: (a) training period (b) application period 
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Asphalt Stiffness: An asphalt layer on the bridge deck is 

included in the FE-model. A non-linear temperature-dependent 

stiffness is considered. The asphalt temperature is assumed to 

be equal to the temperature at sensor 𝑇𝐷. The temperature-

dependent asphalt stiffness is the only parameter used for the 

interpolation model for the natural frequencies. A grid of eight 

values between -20 °C and 50 °C is used. 

 

Figure 8. Detailed FE-model of the example bridge 

Temperature Load: The input data for the temperature load 

is directly adopted from the real measurement data. A constant 

temperature load is applied to all elements of the bridge deck 

according to the measurement values of sensor 𝑇𝐷. 

Analogously, a constant temperature is applied to the bottom 

chords according to sensor 𝑇𝐵. A linear vertical gradient is 

assumed in the webs. The response to temperature load is 

calculated for the strain gauges and displacement transducers. 

Eight grid points are used for the deck temperature 𝑇𝐷. 

Additionally, 12 grid points are considered for 𝑇𝐵 for every 𝑇𝐷 

to account for variations of the vertical temperature gradient. 

Traffic Load: The data for the axle loads and the vehicle 

geometry is taken from a weigh-in-motion station and was 

kindly provided by the German Federal Highway Research 

Institute (BASt). The velocity of the vehicles is assumed to be 

normally distributed with a mean value of 30 km/h and a 

standard deviation of 5 km/h. As is the case on the real bridge, 

traffic is only considered on lane 2. The position of the vehicles 

in transversal direction is assumed to be normally distributed 

with a standard deviation 𝜎 of 17 cm. The expected value 

corresponds to the centre of the lane. The range of values is 

approximately ±3𝜎 = 0.5 m. The crossing of a vehicle is 

simulated for every 30 minutes resulting in 48 crossings per 

day. Only vehicles above a gross vehicle weight of 7.5 t are 

considered. Daily and weekly variations of traffic 

characteristics are taken into account in the simulation, i.e. the 

data is divided in 3-hour windows and between weekdays, 

Saturdays and Sundays. For example, a vehicle sample for 

Sunday at 04:30 is drawn from data from Sundays between 

03:00 and 06:00.  

The static structural response to the crossing of a vehicle is 

calculated by independently obtaining the response for each 

axle and subsequently superimposing the results. This approach 

corresponds to Eq. 3, however, the influence line is an 

interpolation model 𝜂(𝑥, 𝑦, 𝑇𝐷) that considers the longitudinal 

axle position 𝑥, the transversal axle position 𝑦, and the 

temperature of the asphalt layer 𝑇𝐷. Grid points are obtained 

with an axle load of 100 kN in 63 axle positions along the 

longitudinal direction and five in transversal direction. Again, 

eight temperature grid points are considered, resulting in 2520 

FE-solutions per damage scenario. 

Feature extraction is carried out in a similar fashion as for the 

real-world data, resulting in the same 36 features. The 

simulated R-/M-values of the strain signals also show a linear 

relationship between each other (see Figure 9). The values and 

the variance are comparable to the real-world data. R-values 

that contain the displacement of the bearings as well as the 

natural frequencies show non-linear dependencies with 

temperature and other features. The variance of e.g. R(b-d, b01) 

or 𝑓2 is significantly lower than in the real-world data. This 

indicates that not all influences are accounted for in the 

simulation.  

6 DAMAGE DETECTION WITH SIMULATED DATA 

The training period in the undamaged scenario S0 is chosen 

between July 2019 and the 21st of February 2020. Thereafter, 

two weeks are simulated for each scenario as application data.  

The same autoencoder architecture is used for the simulation 

as for the real-world data. Although a lower compression rate 

than 0.5 is feasible to achieve high model accuracy with the 

simulated data, it is crucial to investigate if damage detection 

can be achieved with the chosen compression rate. Therefore, 

18 neurons are used in the bottleneck layer. 

The results of the anomaly detection procedure are illustrated 

in Figure 10. The 99th-percentile threshold of the log-normal 

distribution fitted to the daily median of the reconstruction error 

is 0.029. There are some anomalies in the training period, also 

on days with very low temperatures. As can be seen, the error 

threshold is clearly exceeded in the damage scenarios S1-S4. 

The true positive rate is 100%. Median errors up to 24.5 are 

observed in S1-S3 which is more than 800 times the threshold. 

An interesting observation is that the reconstruction error does 

not increase with progressing damage severity. No difference 

in the magnitude of the reconstruction error is noticeable for the 

scenarios S1-S3.  

In further investigations, it is assessed if damage detection 

with an autoencoder and a compression rate of 0.5 is also 

possible using the extreme values and integrals directly as 

features, i.e. without calculating the signatures beforehand. 

Although damage can be identified, the reconstruction error is 

significantly less sensitive. Therefore, a calculation of the 

R-/M-signatures in the pre-processing step is preferred. Based 

on the simulation, the conclusion is drawn that a similar 

damage case can be identified with a high probability in the 

real-world data using the presented approach with the R-/M-

signature. 

7 CONCLUSION 

The findings of this article can be summarized as follows: 

• The measurement signals can be segmented into intervals 

with traffic load and intervals with predominantly 

temperature load. Four different features are extracted: the 

R- and M-signature for crossing vehicles, the displacement 

of the bearings under temperature load, and natural 

frequencies. In total, a 36-dimensional feature vector is 

obtained for every vehicle crossing. A theoretical 

derivation of the R-signature based on influence lines is 

given.  
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Figure 9. Correlation structure of selected features of the simulated data 

 
(a) (b) 

Figure 10. Anomaly detection with simulated data: (a) training period (b) application period 

• An autoencoder with five perceptron layers is suitable to 

reconstruct the non-linear real-world monitoring data. A 

compression rate of 0.5 is required to achieve a high 

accuracy of the model. It is observed that the anomaly 

detection procedure can detect the erroneous offset of 

sensor signals. 

• A crack in the bottom chord is simulated with an FE-model 

of the bridge under realistic temperature and traffic loads. 

The simulated data shows similar non-linear dependencies 

as the real-world data. In order to investigate if the 

procedure can also detect structural damage, an 

autoencoder with the same architecture and compression 

rate as for the real-world data is used with the simulation. 

Damage is clearly identified. 

• The simulation shows that the reconstruction error does not 

necessarily increase with progressing damage severity. 

Moreover, the procedure gives no insights into the sources 

of anomalies. Further research is required on methods to 

simplify the interpretation of anomalies. A combination or 

a coupling of different types of models, physical and non-

physical, could be effective for this task. 
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ABSTRACT: Structural Health Monitoring (SHM) aims primarily to accurately identify the current state of a structure, 
assessing damage levels and eventually allowing to predict its future performance. In civil engineering structures, SHM is often 
responsible for ensuring public safety while handling with large and complex data. Such monitoring problems can be difficult to 
solve by conventional computing techniques alone, as they require the acquisition of large data sets that need to be thoroughly 
and carefully analyzed. This yields big data opportunities to use artificial intelligence methodologies. This paper presents the 
integration of machine learning (ML) techniques for pattern recognition in SHM systems of civil engineering structures. The 
developed SHM consists of data acquisition both from time series of values observed at regular intervals and from structurally 
relevant measured values, called events, where specific data are collected. ML is used in the development of statistical models 
for feature discrimination. Events are classified into different clusters in a semi-supervised learning procedure, which is an 
extension of an unsupervised learning to allow their identification. A real-world SHM implementation is presented as a case 
study of the ML application. It consists of an industrial steel tower structure, containing several mechanical equipment with 
different loads, which operate at various frequencies. A sensor network is installed, acquiring data on strains, accelerations, and 
weather conditions. A visualization user interface is provided to access all data through a user friendly and accessible tool. The 
paper presents the main results obtained and illustrates the potentialities of the applied ML methodology. 

KEY WORDS: SHM, Machine Learning, Semi-supervised, Real world application. 

1 INTRODUCTION 
Assessing and ensuring the safety of structures and people is 
the main goal of Structural Health Monitoring (SHM) systems 
applied to civil engineering structures. Economic benefits are 
also expected if a predictive model can successfully forecast 
the remaining service life and need for maintenance 
interventions. Structural damages, as well as their location and 
severity, need to be accurately detected before too long. To 
this end, different types of SHM systems have been proposed 
and implemented in recent decades, such as vibration based 
[1], guided wave based [2], and computer vision-based [3].  

Vibration based techniques are a commonly researched area 
for global damage diagnosis. In the damage detection process, 
it is first necessary to determine the occurrence of damage 
according to the global change in structural integrity, by 
identifying differences in the vibration data before and after 
the damage occurs. The measured time domain can be 
converted into frequency domain or modal domain by 
transforming techniques [1]. Time domain approaches can be 
more straightforward and might eliminate the need for domain 
transformations. Data-driven time series methods use well-
established statistical concepts. Along with data fusion, data-
driven approaches are used to transform massive data 
obtained from monitoring into meaningful information [4].  

The great amount of data provided by SHM yields big data 
opportunities to use Artificial Intelligence methodologies that 
allow automatic monitoring, which ideally should be able to 
assess structural integrity. Machine Learning (ML) is a subset 
of Artificial Intelligence that incorporates mathematics and 
statistics in such a way that allows machines to learn hidden 

rules and patterns in data. In SHM applications, ML has 
proven to be a powerful technique that can also contribute to 
determining the location and severity of damage [5]. ML 
algorithms are generally catalogued in the literature in two 
broad categories, according to the nature of learning: 
supervised learning; unsupervised learning [6, 7]. Supervised 
learning makes use of “labeled data”, encompassing an 
attempt to classify new data sets using known pairs of input 
data and output data. This type of ML includes regression 
methods, aimed at predicting quantities, and classification 
methods, aimed at predicting labels. In classification methods, 
training datasets are usually required, with many samples of 
each class label. Examples of classification methods are k-
nearest neighbors, support vector machines, and decision 
trees. Unsupervised learning provides a learning scheme with 
“unlabeled data”, fitting data sets with unspecified outputs. 
Examples are clustering methods, such as k-means and 
spectral clustering, which are able to split datasets into groups 
base on their similarities. Worden et al. [8] suggested the use 
of unsupervised learning identify the existence and location of 
damage, while identifying the type and severity of damage 
can generally only be done through supervised learning. More 
recently, a third category of ML is catalogued as semi-
supervised learning. This represents a combination of the two 
learning schemes mentioned above, typically with the aim of 
obtaining a classification of data using both “labeled data” and 
“unlabeled data” [9]. 

This paper presents an SHM methodology applied to civil 
engineering structures. The methodology includes an ML 
approach to discriminate influences on signals driven by 
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operational conditions, as well as changes in environmental 
conditions. The case study of an industrial steel tower 
structure, with a large amount of mechanical equipment, is 
used to validate the methodology, using vibration 
measurements to assess the integrity of the structure over 
time.  

2 METHODOLOGY 

2.1 Installation and Monitoring 

The methodology applied in the present work to monitor civil 
engineering structures follows the flowchart presented in 
Figure 1. The first steps relate to the installation procedure of 
the SHM system. Then, the system is implemented for long-
term continuous monitoring. 

In the installation process, it is first conducted a survey of 
structural and equipment elements. This is based on the 
project documentation and outcomes of software for 
production control and management of structures, from which 
it is possible to obtain the real mechanical properties from 
laboratory test certificates of the raw material. Then, a 
computational modeling of the structural behavior is 
performed. After some in-situ vibration measurements, the 
computer model is recalibrated. Finally, with complete 
knowledge of the structure, the sensor network is designed 
and installed. 

The monitoring stage begins with the collection of data, 
made from two main sources: momentary long-term 
monitoring; and vibration events. The system is configured to 
perform measurements automatically on a fixed schedule, and 
according to data triggers such as threshold exceedances. The 
sensors used are mainly composed of tri-axial accelerometers, 
inclinometers, strain gauges, as well as temperature, humidity, 
and other weather-related sensors. When applying the SHM 
systems in bridges, a set of sensors for a weigh-in-motion 
measurement systems might also be used. After the raw data 
is collected, it is processed, with data cleansing and 
computations. In addition, there is a signal processing 
procedure, where transformation of vibration signal to its 
equivalent frequency domain occurs, using the fast Fourier 
transform. This includes evaluating the frequency response, 
with natural frequencies determined through a peak picking 
procedure [10]. The subsequent step is to make a 
characterization of the structure behavior, using all the 
pertinent data. This behavior characterization is done through 
an ML algorithm as described in the following subsection. 
Then, the study is directed to a time-series analysis of the 
structural behavior in each type of event. In particular, the 
variability of eigenfrequencies when the structure is classified 
as stationary, without vibrations induced by operations, is 
compared with historical baseline values. When potential 
damage is identified, structural computer modeling from the 
installation stage can be used and updated to assist in the 
evaluation of the location and severity of the damage. 
Afterwards, repair and maintenance procedures can be 
planned and performed with confidence. 

 
Figure 1. Flowchart of the proposed methodology for SHM. 

 
All the steps of the monitoring stage represented in Figure 1 

are made automatically. Data is transferred and contained in a 
secure cloud storage, and can be accessed by system 
administrators, while visualized in a web-based platform. To 
this end, a dashboard app is made available to the owners and 
defined users of the structure. This web-app can be accessed 
through any browser, showing near real-time data about the 
structure, as well as its behavior characterization. In addition, 
an alert system sends direct warnings via SMS and email 
when severe actions on the structure are identified. 

2.2 Behavior characterization algorithm 

The algorithm developed in this paper for the characterization 
of structural behavior is inspired by semi-supervised learning 
techniques, aiming to obtain a classification of data both from 
“unlabeled data” and from a small set of “labeled data”. 
Therefore, an unsupervised k-means clustering technique is 
used, followed by an assignment technique to appropriately 
allocate a classification for unlabeled data. 

Figure 2 shows the flowchart of the algorithm developed for 
behavior characterization. Once all the data is collected and 
processed, the data from all vibration events are used as an 
input for classification. Some specific events are easily 
identified and can be classified manually by the structure 
owners or defined users, or alternatively by the monitoring 
administrators. In parallel, the k-means clustering algorithm is 
processed assuming all data as unlabeled. Before applying the 
k-means clustering, data is normalized for all variables used 
as input.  

The k-means clustering algorithm groups the observations 
available in k clusters. The cluster centers, called centroids, 
are randomly distributed at first, and each data point is 
assigned to the cluster of its nearest centroid in terms of 
Euclidean distance. Each centroid is then updated to be the 
average of the points assigned to it. The data points are 
reassigned to the new cluster and the cluster centroids are 
recalculated. These operations are repeated until a stop 
criterion is met, such as the centroids of the clusters do not 
change or a maximum number of iterations is reached. 
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The number of clusters, k value, can be set by users, which 
means that it should match the number of labels predefined by 
them. However, the value of k can also be optimized [11]. 
Indeed, there may be other events that have not yet been 
labeled during manual description. Therefore, in order to 
identify the appropriate number of clusters, the compactness 
of the clusters can be evaluated, for example, comparing the 
total between-cluster sum of squares with to the total sum of 
square. A higher value for this ratio value suggests a better 
compactness of individuals within cluster. Since this ratio 
increases with k, the ‘elbow’ method can be used to select the 
best k, which should occur at the location where the curve 
flattens markedly. 

The assignment problem technique is one of the earliest 
applications of linear integer programming [12]. Its typical 
goal is to assign tasks to assignees, which can be people, 
machines, plants, etc. Different algorithms are available to 
solve assignment problems extremely efficiently as long some 
assumptions are satisfied: the number of assignees and the 
number of tasks must be the same; each assignee must be 
assigned to exactly one task; each task must be performed by 
exactly one assignee; and there must be a cost associated with 
an assignee performing a certain task. The objective is to 
determine how all assignments should be made to minimize 
the total cost. The Hungarian method is a well-known 
example of an extremely efficiently algorithm to solve the 
assignment problem [13]. 

The assignment problem can be used to assign the label of 
the manual description of events to the output of the k-means 
clustering, which are unlabeled clusters. Instead of a cost 
minimization problem, this assignment problem consists of 
maximizing the number of times that each label appears in a 
cluster. In summary, the label is assigned to the cluster where 
it was most named during the manual description. It should be 
expected that all the same labels belong to the same cluster. If 
the number of clusters, k, is larger than the number of unique 
labels, cluster that are not assigned to any label are identified 
as “unknown_1”, “unknown_2”, etc., and are marked to be 
manually labeled in the future. 

 

 
Figure 2. Flowchart of the algorithm for behavior 
characterization. 

3 CASE STUDY 
The case study refers to a steel tower structure, 28 m high, 
located in the District of Coimbra, in Portugal (see Figure 3). 
The steel structure is used for industrial purposes and includes 
several mechanical equipment operating at varying schedules. 
The vibration induced during its activity influences the 
structural behavior and might contribute to issues such as 
fatigue and loss of connection stiffness. 

3.1 Installation 

3.1.1 Structural analysis 
The preliminary stage was the analysis of the structure. After 
the first study and analysis of the structural documentation, 
and the consequent development of a computer modeling of 
the structure and its structural behavior, a set of in-situ 
vibrations measurements was carried out.  

The measurements were performed with accelerometers, 
aimed at using the vibration signal obtained to determine the 
natural frequencies of the structure. To this end, tri-axial 
accelerometers contained in the sensors to be used during the 
monitoring were used, but also piezoelectric accelerometers to 
validate the quality of the solution. With the obtained data was 
also possible to analyze natural frequencies and the structural 
modes of vibration. 

These in-situ measurements lead to a recalibration of the 
computer modeling of the structure. During this step, an 
additional external sound barrier wall made of sandwich 
panels was included, which had been inserted in one of the 
facades of the structure since the first computer modeling. The 
results showed similar vibration modes, with the natural 
frequencies differing less than 0.2 Hz. The computer 
modeling also allowed the knowledge of the structure and the 
locations with higher stress, assisting in the decision of the 
sensor network design. 

3.1.2 Installation of the sensor network 
The implemented SHM was optimized for the structure in 
order to provide meaningful and insightful data for the 
analysis of structural behavior. 

The system consists of a wired network of 9 main locations, 
all including tri-axial accelerometers, temperature, and 
relative humidity sensors. The bottom 2 locations also include 
strain gauges. In addition, there is a weather station for 
environmental data, and a gateway to manage system data and 
send it through an LTE network. Figure 3 shows the industrial 
steel tower structure with the approximate location of the 
different sensors, gateway, and weather station. 
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Figure 3. Industrial steel tower structure of the case study. 

 

3.2 Main monitoring 

Data collection is processed continuously on the 
administration servers. The transformed data, including some 
statistical parameters and signal processing results, is 
allocated on a specialized cloud server.  

The output data can be visualized in a web-app. A concise 
report is delivered monthly to the client. When some 
thresholds exceed certain limits or the data is identified as 
dangerous events, the client receives alerts by SMS and email. 
Following are shown some examples of the outputs of this 
installation. 

3.2.1 Long-term monitoring 
This type of data is collected momentarily, at regular intervals 
of 5 minutes, with the aim of evaluating both actions and 
structural responses over time. In the steel structure of this 
case study, the data collected consists of weather data and 
strains. Figure 4 shows different long-term monitoring data at 
a seasonal scale. The data can also be visualized in more 
detail, such as in daily scale. 

 
Figure 4. Example of long-term monitoring data. 
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3.2.2 Events 
Events data mainly consists of vibration data collected at 
regular intervals of 30 minutes. In threshold exceedances, 
vibration data is also collected. The thresholds are updated 
dynamically, either increasing or decreasing to preset values 
automatically by the system, avoiding onerous and redundant 
measurements.  

During the collection of vibration data, weather data and 
strain data are also collected, to evaluate actions on the 
structure and its structural response. 

Figure 5 shows an example of an event, which occurred 
after a threshold of strong wind was verified. During this 
event, the wind speed was around 60 km/h, with a NE 
direction. 

 

 
Figure 5. Accelerations and strains during a vibration event of 
strong wind. 

 

3.2.3 Frequencies analysis 
The spectral analysis of the vibration signals is made for all 
vibration events through a peak picking procedure in the 
Fourier transform of the recorded signals. Together with the 
classification made through the ML algorithm, it is possible to 
analyze the natural frequencies of the structure while it is not 
affected by the operation of the industrial mechanical 
equipment. Figure 6 shows the Fourier transform of the x-axis 
direction in the sensors at the top of the structure.  
 

 
Figure 6. Frequency spectrum during an event. 

 

3.3 Behavior characterization 

The Behavior characterization algorithm is executed regularly 
to classify the data and allow the update of the structural 
integrity evaluation. The variables used as input to the 
algorithm refer to all accelerations, strains and wind, for 
different sensor channels and for all vibration events. 

In this case study, four main type of vibration events were 
labeled in the manual description. These events are: in 
operation, when all mechanical equipment is in normal 
operation; in partial operation, when only some of the 
mechanical equipment is operating; stationary, when there is 
no operation; and exceptional, when unusual conditions are 
observed. Figure 7 provides the plot of the explained variation 
as a function of the number of clusters. When applying the 
elbow method to the curve, it was defined the consideration of 
four clusters, coinciding with the unique clusters defined in 
the manual description. This elbow method should be updated 
occasionally, in particular when new manual descriptions are 
inserted. 

 

 
Figure 7. Elbow method applied for k-means clustering. 

 
As the data used has several variables, it is not possible to 

plot the global clustering obtained. However, it is possible to 
draw a two-dimensional clustering plot showing the two 
components that most explain data variability, as presented in 
Figure 8. After the labels are assigned to the clusters, it is 
possible to identify, for example, the exceptional cluster 
events, located at the upper right red area of Figure 8. 

 

 
Figure 8. Clustering plot for the two principal components. 

 

3.4 Structural integrity evaluation 

To assess the structural integrity, the evolution of the 
eigenfrequencies of the structure is analyzed. Given the 
classification provided by the behavior characterization, the 
analysis is made focusing on vibration events where the 
structure is classified as stationary, allowing a better 
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assessment of natural frequencies. Figure 9 shows a time 
series of the evolution of the main peaks of natural 
frequencies measured in the sensor at 7-P2, observed since the 
beginning of structural monitoring. For instance, the first 
mode of vibration of the structure on this axis, around 
1,90 Hz, has not shown any significant variation. The existing 
variability can be correlated with changes in environmental 
conditions. 
 

 
Figure 9. Second sample figure. 

 

4 CONCLUSION 
This paper presents a methodology for structural health 

monitoring applied to civil engineering structures. The 
methodology includes an ML approach, and was successfully 
implemented in the installation and monitoring system of an 
industrial steel tower structure, with a large amount of 
mechanical equipment. The approach was able to classify the 
different events occurring in the structure. A large set of 
vibration measurements over time allowed the visualization of 
the structural behavior in different situations 

The proposed approach is also able to provide a real-time 
feedback on structural integrity. As the ML algorithm used is 
applied for every new event and more historical data and 
information is known about the classification of events, 
potential damage to the structure is more securely identified. 
To improve the ML accuracy, including the ability to identify 
the type and severity of damage, further experiments will be 
conducted, including laboratorial simulations of damage in 
similar structures. Future works will involve the development 
of more sophisticated analysis using power spectral functions 
matrices and frequency domain decomposition, aiming at 
improving and automatizing predictive modelling and damage 
detection. 
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ABSTRACT: Despite their advantageous performance and reliability, distributed optical fiber sensors (DOFS) still constitute a 

recent technology and their reliability and accuracy when applied to real world structures is still under probation since there is 

still room for improvement and for widening their applicability. In general, standardized guidelines need to be developed to 

ensure success in every DOFSs deployment regarding fiber bonding to the structure, temperature affections on readings, post-

processing of reading anomalies, among other factors. However, real applications, as in the one presented in this paper, show 

that DOFS are anticipated to have a very important role in Structural Health Management of tunnels in the near future if 

correctly understood and developed. This paper addresses the implementation of a Distributed Optical Fiber Sensor system 

(DOFS) to the existing TMB L-9 metro tunnel in Barcelona for Structural Health Monitoring (SHM) purposes as the former 

could potentially be affected by the construction of a nearby residential building. The results show a good performance of this 

novel technique in the monitoring of strain along the whole affected sections during the construction of a nearby building. In 

fact, the DOFS readings reproduce very accurately the tunnel deformation process. The tendencies observed by the sensors were 

forecasted by a simple theoretical model. The monitoring of the strain at many points in the critical section allowed to conclude 

that the nearby construction only slightly affected the lining stresses and that safety was guaranteed during the whole monitored 

period. 

KEY WORDS: tunnel lining, distributed optical fiber sensor, structural health monitoring. 

1 INTRODUCTION 

Tunneling is on the increase around the world not only in 

terms of work volume but also considering that the demands 

of modern transport networks require longer and wider 

tunnels through increasingly difficult ground conditions.  

Moreover, the increasing awareness of the sensitivity of 

tunnels to seismic activity and the presence of tunnel length 

under densely populated areas require very high standards of 

safety. Therefore, SHM for tunnels appears to be particularly 

important, both during construction and operation. Already in 

1988, Dunnicliff [1] presented the conventionally required 

instrumentation for tunnel structural monitoring during 

construction and operation. 

Traditionally, the safety assessment of tunnels and 

underground structures, existing or under construction, 

focuses on ensuring safety regarding two aspects: the 

underground structure itself and its surroundings (mainly 

controlled through surface monitoring). There are two 

possible cases in which this kind of structures would benefit 

from accurate monitoring: one considering the effects of the 

structure’s construction on its surroundings and the other, 

looking at the structural response of the tunnel due to external 

actions applied nearby. Both situations imply the alteration of 

the primary stable geotechnical equilibrium which leads to 

stress concentration and redistribution that should be 

continuously monitored for a quick warning alert. 

The tunnel surroundings can experience changes in their 

geotechnical conditions that appear due to the construction of 

the tunnel itself (causing settlement or holes at ground level, 

affections on groundwater drainage, among others) or due to 

external effects (such as new ground level constructions, 

excessive rain periods, among others). These effects can be 

monitored by controlling pore pressure, earth pressure, 

deformation, superficial settlement, and all the factors 

characterizing the soil mechanics of the area. For that, a wide 

range of instrumentation is available: piezometers, 

observation wells, vibrating-wires, inclinometers, 

extensometers, single point monuments, heave and strain 

gauges, among many others. 

On the other hand, the tunnel will be subject to stress state 

variations both when it is being constructed and once 

completed due to external actions. Monitoring of the structural 

state of the tunnel usually consists of levelling measurements 

of particular points of the tunnel or convergence 

measurements of the contour caused by external effects. This 

is usually achieved by means of optical or mechanical 

technologies such as extensometric wires or total station 

surveys [2]. Extensometric wires, also known as invar wires, 

are connected to opposite sides of the tunnel section at its 

internal surface allowing for the measurement of their 

elongation / compression with a 0.1mm resolution. Total 

station surveys involve laser theodolites that allow for the 

acquisition of 3D scanned data on the tunnel geometry and 

usually focus on deformation measurement or feature 

extraction [3]. This technique is interesting since the change 

in the tunnel’s profile is able to be fully characterized and the 

areas of the anomalous movement easily identified for 

posterior study. 

Besides the aforementioned global monitoring tools, some 

local ones are: a) extensometers,  commonly used to 

Strain-monitoring of a concrete tunnel lining with distributed optical fiber sensors 
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punctually monitor the settlement of structures or 

displacements between substructures (for example, 

consecutive concrete lining segments), b)  crackmeters or 

fissurometers, being of a similar nature as the extensometers, 

are also used for structural monitoring since they provide 

insight into the time-related development of cracks, if these 

are present, and finally, c) inclinometers used to monitor 

angular inclinations of the tunnel inner surfaces. 

A clear advantage of the previously presented monitoring 

tools is their wide applicability, which is very useful given the 

uniqueness of each constructed infrastructure. However, this 

conventional technologies present significant drawbacks that 

difficult structural assessment and need to be addressed.   

One of the major difficulties with SHM technologies is 

managing the large volumes of data that the installed sensor 

scheme generates. Meanwhile, visual inspections and 

evaluations are obviously insufficient regarding the 

determination of the structural state of the studied 

infrastructure. 

Another major drawback is that the mentioned monitoring 

schemes require, in general, the interruption of the 

infrastructure service or the ongoing construction 

/maintenance works, given their time-consuming installation 

process, their strict installation requirements that ensure 

accurate readings and their significant spatial occupancy. 

Regarding, the measurements execution it is worth noting that 

most of the conventional technologies do not involve an 

automated real-time measuring tool, i.e. most require specific 

activities every time a measurement is to be taken. 

The last significant drawback is that the majority of the 

sensing tools developed and proven to be reliable so far, 

provide only localized measures where the sensor is deployed 

and a large amount of sensors have to be installed in order to 

provide a global overview of the structure’s condition 

consequently implying a major cost increase and difficult data 

management. On another note, sensing techniques that 

provide a global monitoring of the structure´s condition fail to 

localize the damaged zone. In conclusion, technological 

innovations regarding monitoring techniques able to assess 

both the local and global structural performance are of 

interest. 

The use of Fiber Optic Sensors (FOS), Global Positioning 

Systems (GPS), radars, Micro-Electro-Mechanical Systems 

(MEMS) and Image Processing Techniques has opened the 

doors to the extraction of structural information that could not 

be acquired before Regarding tunnel convergence monitoring 

in particular, several innovations have arisen in the last years 

[4,5]. 

The first reference to Optical Fiber Sensors (OFS) dates 

back to the first half of the twentieth century regarding 

flexible endoscopes and boosting innovation in the medicine 

field [6]. After that, the development of long distance 

telecommunications technologies in the eighties allowed for 

the exponential growth of this technology from which a 

significant variety of sensing applications started being 

derived and to which we owe the modern age low-loss optical 

fibers [7]. Within the variety of monitoring technologies, 

SHM systems based on OFS have gained importance in the 

field during the last decades and their advantageous 

characteristics are becoming increasingly acknowledged. 

The main assets characterizing OFS when compared to 

traditional monitoring instruments are their reduced 

dimensions that allow for easy integration in structural 

components, their immunity from electromagnetic influences 

and chemical aggressions which significantly widens their 

applicability, their ability to form sensor chains using a single 

fiber allowing for distributed sensing, and their rapid data 

transmission, which enables real-time monitoring [8-10]. 

The fundamental principle behind OFS is the propagation of 

light through a medium. This medium, in the case of OFS, is a 

cable of optical fiber which has a diameter of 125μm and its 

main components are the core and the cladding. Figure 1 

displays the common structure of this type of cables and 

shows how the core, with a diameter of 5-10μm, is embedded 

in the cladding. 

 

 
 

Figure 1. Structure of a typical optical fiber: 1. Core (5-

10μm), 2. Cladding (125μm) and 3. Buffer or coating(250-

900μm). 

 

Most OFSs, such as Fiber Bragg Grating sensors (FBG) 

[11] or Fabry-Perot sensors [9], are discrete and can only 

provide local measurements. Discrete short-gauge sensors 

provide useful and interesting data regarding local behavior 

but might omit important information in structural areas that 

are not explicitly instrumented. Additionally, even though a 

particular failure is detected by means of a discrete sensor, 

pinpointing its location and magnitude can be tedious if it is 

not located exactly on the instrumented point. To understand 

the global behavior of a structure by means of discrete 

sensors, a high number of sensors would have to be installed 

producing a dense network of monitored points on the 

structure. This immediately translates into a very expensive 

and difficult to deploy SHM system with complex data 

acquisition and an excessive amount of wiring and measuring 

devices.  

To deal with the mentioned limitations, optical fiber 

monitoring has been exploited to develop the last group of 

sensors, the Distributed Optical Fiber Sensors (DOFS), which 

are the focus of the present paper. DOFS have the same 

advantageous characteristics as the rest of OFS but with the 

added value of allowing for distributed monitoring of strain 

and temperature variations along the entire optical fiber 

length. Additionally, this type of sensors only requires a single 

cable connection to communicate the collected data to the 

reading device [7]. 

1.1 DOFS applied in tunnels 

During the construction of the large Crossrail platform tunnel 

in London, the Royal Mail tunnel was found in the 

surrounding alterable area being located directly above the 

soon-to-be constructed tunnel line at Liverpool Street Station 

[12]. In this case, Brillouin Optical Backscatter Reflectometry 

(BOTDR) was used. The attachment of the DOFS was 
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performed through continuous gluing with the layout shown 

in Figure 2. The relatively innovative monitoring technique 

was complemented by the installation of an Automated Total 

Station with the aim of comparing their respective readings.  

 

 

  

 

 
Figure 2. Optical fiber cable instrumentation at Royal Mail 

tunnel (from [12]). 

 

The monitoring process of a highway tunnel in Žilina 

(Slovakia) by means of distributed fiber-optic technology is 

presented in [13]. The article describes and analyses real 

measurements performed within a period of 5 months 

covering the whole process of building a new tunnel. Being 

located in unstable agricultural land, forests and meadows, the 

867m long structure was to be surrounded by claystone and 

clayey soil. The soil conditions already anticipated issues 

related to the excavation progress and unstable overburden of 

the structure and, for that, Metrostav (the construction 

company) required the monitoring of the development of the 

load changes over time.  

The tunnel was excavated using the New Austrian 

Tunnelling Method (NATM). The tunnel lining consists of 

two parts, the primary lining (built right after the excavation 

works) and the secondary lining (usually a ferro-concrete shell 

and quite often involving the use of prefabricated 

components) separated by a waterproofing spacer. 

The optical fiber was placed on two iron bars of the braced 

girder of the tunnel, which became a part of the primary lining 

after being sprayed with concrete (see Figure 3). The installed 

distributed sensors were based on Brillouin scattering 

(BOTDR). 

 

 
Figure 3. Optical fiber implementation on iron bars of the 

braced girder on the primary lining (from [61]). 

2 DOFS INSTALLATION IN CONCRETE LINING OF 

L-9 TUNNEL  

The city of Barcelona has, in recent years, faced several 

problematic situations regarding underground infrastructure. 

The fatidic ground collapse in the Carmel neighborhood in 

January 2005 due to the TMB metro line L-5 extension works 

marked a turning point in public infrastructure execution. 

Since then, all construction works and projects taking place in 

the metropolitan area of Barcelona that may affect existing 

tunnels are subject to stricter and more exhaustive inspection 

protocols for which in-depth structural justifications, 

geological studies and monitoring protocols have to be 

presented ensuring safety of the construction site and its 

surroundings. 

The object building of this paper was being constructed in 

the Bon Pastor neighborhood of Barcelona and it was no 

exception to the aforementioned safety regulations, especially 

considering that its extension partially covers the TMB L-9 

metro tunnel layout. 

2.1 Project Description 

The building under construction is located between Novelles, 

Tallada and Sant Adrià streets, forming an angle of 

approximately 60º with the 4th section of the L9 Metro 

Sagrera TAV-Gorg tunnel’s layout. The TMB L-9 is a 47.8km 

long (43.71km of which are underground) automated 

(driverless) metro line aimed at connecting the perimetral 

metropolitan areas of el Prat de LLobregat, l’Hospitalet de 

Llobregat, Badalona and Santa Coloma de Gramenet to the 

metro service of Barcelona. 

The tunnel structure was executed by means of a Tunnel 

Boring Machine with an Earth Pressure Balanced shield type 

to ensure operability in soft soil [14] and, as the perforation 

proceeds the 35cm thick tunnel ring is executed resulting into 

an 11.60 m diameter tunnel that enables the construction of 

the stations and auxiliary installations in the tunnel itself. 

Such vast diameter allows for the trains to run at two levels, 

i.e. one above the other, separated by a supplementary slab 

(see Figure 4). 

 

 
 

Figure 4. Tunnel cross section. 

 

The new building, located slightly above the L-9 tunnel 

layout is a residential building composed of a basement floor 

(to be used as parking space), the ground floor and four floors 
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above it rising up to approximately 18.10m above ground 

level. As can be seen in Figure 5, the building site’s 

dimensions are approximately 83x20m (1660m²) of which 

roughly 37m² can be found right above the L9 tunnel section 

covering, at the most critical location, half of the tunnel 

layout. 

An approximate total soil volume of 6500m3 is removed 

during the excavation works in order to execute the 

foundations 

 

 
 

 

 
 

 

Figure 5. Cross-section and plan view of L9 tunnel in relation 

to the building. 

 

The 20m long measurement along the tunnel axis in Figure 

5 is aimed at determining the possibly affected section of the 

underground structure, i.e. tunnel length to be monitored and 

controlled during construction. To perform a continuous 

follow-up of the tunnel’s strain and tensional state, a DOFS 

based monitoring scheme of the tunnel’s section was proposed 

as described in the following section. 

 

2.2 Monitoring set-up 

The objectives of complementing the theoretical models and 

calculations with monitoring tools are ensuring structural 

safety by: 

• Increasing damage detection probabilities by simply 

observing and assessing the measured data.  

• Easing decision making processes in light of damage 

detection through assessment of historic and present 

measurements.  

• Calibrating the existing theoretical models consequently 

improving their prediction abilities. 

The presented monitoring scheme involves the installation 

of a DOFS measured with a spatial resolution of 1cm bonded 

to the inner lining structure of the tunnel to reproduce the 

strains experienced by the tunnel concrete lining due to the 

unloading (during ground excavation) / loading processes 

happening 14.40m above the construction site. The geometry 

of such monitoring scheme is presented in Figures 6 and 7. 

 

 
 

Figure 6. 3-D representation of the DOFS monitoring scheme. 

 

In Figure 6, the optical fiber is represented in red and the 

numerical values around it are a reference to the distance 

between the indicated point and the beginning of the fiber, i.e. 

distance to the monitoring device. The orange lines represent 

the catalogued discontinuities, which refer to points in which 

the bonding of the fiber to the concrete surface is not 

guaranteed mainly due to difficult accessibility. These 

discontinuities are usually found in corners and joints, under 

rails and behind pipes, preventing the required attachment to 

the structure from being executed and, thereby compromising 

the quality and reliability of the readings in that point. 

 

 
 

Figure 7. Plan view of DOFS location with respect to building 

site. 
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2.3 DOFS installation 

In order to properly install the optical fiber and ensure its 

good performance, it has to be appropriately bonded to the 

structure. The usual procedure implies a delicate preparation 

of the concrete surface as described in [16,17]. The entire 

fiber length is fixed to its position by means of punctual 

adhesives being later covered by a thin layer of epoxy resin 

that bonds it to the concrete lining. Protective measures need 

to be applied to avoid possible damage. In this case, duct tape 

was applied covering the whole length of the fiber and 

additional protective measures were taken regarding the floor 

and the fiber discontinuities, for the presence of punctual non-

bonded segments in which physical integrity can be easily 

compromised. 

2.4 Construction timeline and monitoring period 

The excavation works started in the 8th October 2018 and in 

mid-November the ground excavation was finished, starting 

the construction works in a sequence defined in Figure 8. 

The monitoring periods are defined with the aim of 

covering the main construction periods separately: excavation, 

foundation, execution of ground floor, first floor, etc. The 

monitoring intervals are presented below:   

• From 4th October to 7th October: every 30 minutes. 

• From 18th October to 7th November: every 6 hours. 

• 13th December: 2 measurements separated by 30 

minutes. 

• 24th January: 2 measurements separated by 30 minutes. 

• From 21st February to 25th March: every 15 minutes. 

• From 16th April to 17th April: every 30 minutes. 

• 17th May: 5 measurements separated by 10 minutes. 

• From 16th July to 6th August: every 30 minutes. 

 

The irregularity in the monitoring periods was due to the 

problems of accessibility to the reading unit and because the 

automatic recording was several times interrupted due to 

maintenance operations in the tunnel. Also the data could not 

be automatically sent to the data storage because at that time 

no internet connection was yet available in the tunnel. 

3 RESULTS AND DISCUSSION 

The strains along the tunnel ring’s inner surface and slab’s 

upper fiber were monitored through a 50 m long DOF sensor 

(bonded to the concrete surface) by means of an OBR ODiSI-

A (Optical Distributed Sensor Interrogator) manufactured by 

LUNA Technologies [17]. The ODiSI uses swept-wavelength 

coherent interferometry to measure temperature and strain.  

The spatial resolution selected for this case study is 1cm and 

the time interval between measurements depends on the 

monitoring period (see previous section).  

The post-processing of the data results on strain 

measurements along the whole length of the fiber with a 

resolution of 1cm and for every corresponding time as 

presented in Figure 9. In this figure, post-processing 

algorithms as presented in [18] were applied to a better 

interpretation of the recorded raw data. 

A simplified numerical model was used to simulate the effects 

of the construction on the tunnel [19]. At the beginning of 

monitoring, the concrete lining segments are under 

compression.  Therefore, all the compressive or tensile effects 

in the model represent the variations applied to the initial 

state, meaning that, when the model presents tensile stresses it 

does not imply that the concrete lining segment is working in 

tension, but rather that it is being slightly 

decompressed.

 

 
Figure 8. Construction time-line. 
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Given that the inner fiber of the tunnel concrete lining is 

being monitored, it can be expected that when unloaded 

(excavation) this fiber will experience compression and, when 

it is loaded, tension. For that, it can be deduced that the strain 

evolution in time will have a negative slope for as long as the 

soil surrounding the underground structure is transmitting the 

excavation effects to it. After that, the strain readings should 

reach a maximum compressive state and start reproducing the 

effect of the construction works by adopting a positive slope 

representing decompression. 

 

 

 
 

Figure 9. Graphical representation of results obtained during all monitoring time. 

 

 

 
Figure 11. Strain evolution of representative points in figure 10 from 4th October 2018 to 6th August 2019. 

 

The effect of the different construction works on the tunnel 

concrete lining is better observed by means of the so called 

representative points. These are determinate measures located 

in the structurally differentiable segments of the tunnel cross 

section identified in the numerical model. Conclusions 

regarding the structural behavior of the tunnel lining can be 

easily extracted and understood from these particular points 

presented in figure 10. 

In order to check the accuracy of the strain readings, figure 

11 was developed showing the strain evolution of the 

representative points during the whole monitoring period 

(from 4th October 2018 to 6th August 2019). 
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The initial measures (between 4th and 7th October, before 

the excavation works started) were conducted with small time 

intervals between them (30 minutes maximum) and, 

considering the metro traffic frequency of 10 minutes, it is 

logical that the point profiles present irregularities in those 

times, even being representative points specially selected. 

Later on, the monitoring period that covers the excavation 

works that took place from the 7th October till the 9th 

November, presents a strong increase of the compressive 

strains (downwards) clearly reproducing the unloading effects 

of the excavation works. These effects are observed during the 

two following monitoring episodes on the 13th December and 

24th January. The next measures, taken between the 21st 

February and 25th March, already present the compensating 

effects of construction works (decompression); therefore, the 

real compression maximum is found close to the 24th January 

marking approximately two and a half months between the 

end of excavation works and their final effects on the 

structure. This aspect reflects the soil consolidation effect. 

The construction works that are causing the change of 

tendency started around the end of December with the joint 1 

foundation slab, completed on the 20th December and 

followed by the one in joint 2, finished by the 10th January. 

By the beginning of March, the ground floor slabs of joints 1 

and 2 were already executed as well as the walls and pillars of 

the first floor in joint 1 and the foundation slab in joint 3. 

Therefore, significant works had been executed preceeding 

the March monitoring period, clearly enough to compensate 

for the excavation unloading and to start decompressing the 

lower fiber of the tunnel lining.  

 
Figure 10. Representative points in the tunnel cross section. 

 

At the end of March, a reduction in the strain 

decompression slope can be appreciated, which, after some 

thought process regarding the timeline of works, was possible 

to explain as follows. As mentioned in the construction 

timeline, the works present at all times advanced development 

in joint 1 (the one above the tunnel) compared to the other 

two, with an advantage of 1 floor with respect to joint 2 and 

two with respect to joint 3. The works in joint 3 started around 

the end of February, from which it can be deduced that the 

loading of the further area from the tunnel layout slightly 

unloaded the soil corresponding to joint 1 by inducing a 

balanced sort of behavior between joint 1 and 3, explaining 

the decompressing profile slope reduction. 

After that, the tendency observed after the 16th April and 

17th May monitoring episodes is still of decompression but 

with a minor slope being the zero-axis overcome during the 

first half of July, meaning that the inner surface of the 

structure starts being in tension.  

The evolution of each representative point shown in Figures 

10 and 11 is as follows:  

- Point 45 is located in the slab segment and presents the 

highest compressive state as was expected since the slab 

is supposed to work in compression during the unloading 

phase.  

- Point 40 comes next as it is the second most compressed 

point, which makes sense given its location in the left-

hand side corner, really close to the slab but located on 

the concrete lining surface, which, according to the 

theoretical model, is supposed to experience high 

compression as well but slightly less than the slab. 

- Point 29 is located close to the keystone of the tunnel 

slightly to the right. It is the closest point to the 

application of loads and, since the tunnel section 

deforms towards the load application area, point 29 

presents the second highest compressive state. 

 

As can be seen, points 40 and 29 have similar strain 

evolutions, in fact, up to the 13th December, point 29 is more 

compressed than point 40, which might be explained by the 

sequential loading of the tunnel, meaning that the loading 

processes get first to the upper concrete lining and later to the 

points below. 

It is also noticeable that points 23, 32 and 25 present similar 

tendencies even while being located in different areas. 

- Point 23 is found in the right hand side corner, roughly 

50cm above the floor slab. 

-      Point 25 is located above point 23 and corresponds to a 

section with slightly higher traction (barely noticeable at 

determinate times) than 23. Even though it is located in 

the centre of what could be identified as the first 

quadrant of the tunnel cross section, the experimented 

traction is not the highest.    

- Point 32 is found in the second quadrant of the tunnel 

cross section really close to the keystone. It represents 

the beginning of the fiber segment that experiences 

higher tensile strains. 

- Point 35 belongs to the least compressed segment 

between lengths 33 and 38 m of the fiber setup. Except 

.for the initial measurements, the strain readings are the 

lowest in absolute value during all times.  

4 CONCLUSIONS 

The application of DOFS to the monitoring of a tunnel lining 

affected by a nearby construction was presented showing a 

good performance of this novel technique in the monitoring of 

strain along the whole affected sections. The DOFS readings 

reproduce very accurately the tunnel deformation process both 

during unloading (excavation of the ground) and loading 

(construction of the nearby building). The monitoring of the 

strain at many points in the critical section allowed us to 

conclude that the nearby construction only slightly affected 
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the lining stresses and that safety was guaranteed during the 

whole monitored period. 

The outcome of the data post-processing involved two strain 

readings data sets; the first one can be used to detect local 

damage observing the strain peaks evolution, and the second 

one to interpret the global behavior of the structure (since it 

provides a very smooth surface of strain tendencies). 

Given the lack of a continuous monitoring tool, i.e. nonstop 

readings during the whole construction process, the particular 

effects on the strain profile slopes of each constructive step 

(for example, the conclusion of each floor in the nearby 

building under construction), are very hard to appreciate in the 

strain profiles. Even the concreting works, understood as a 

superficially distributed load applied in a significantly reduced 

time interval and considered as the largest loading events, are 

difficult to observe in the strain profiles of each monitoring 

point.  

As discussed during the analysis and post-processing of the 

recorded data, the structural response of the tunnel due to a 

determinate action at ground level can be monitored logically 

only after the soil consolidation period. This time interval can 

involve several months. In the case study, even if the 

excavation works were concluded around the 10th December 

2018, the unloading effects were still being detected in the 

readings (reproducing structural compression) at the 

beginning of February 2019.  

Despite their advantageous performance and reliability, 

DOFSs still constitute a recent technology and their reliability 

and accuracy when applied to real world structures is still 

under probation.  

In general, standardized guidelines need to be developed to 

ensure success in every DOFSs deployment regarding fiber 

bonding techniques to the structure surface, temperature 

affections on readings, post-processing of reading anomalies, 

among other factors. This newly developed technology can 

still be considered as an under-researched field because there 

is still room for improvement and to further investigate its 

potential implementations. However, real applications as the 

one presented in this paper show that DOFS are anticipated to 

have a very important role in Structural Health Management 

of tunnels and concrete structures in the near future if 

correctly understood and developed. 
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ABSTRACT: For the arch bridge, during the construction of the inclined and horizontal concrete-filled steel tube (CFST) 

structure, the concrete slurry is poured into the steel tube and then cured, which cannot guarantee that the concrete is completely 

uniform. Some subsurface defects may appear in the CFST, leading to the interface separation between the steel tube and the 

concrete. In this study, a Brillouin fiber optic thermometry technique is utilized for detecting subsurface defects in CFSTs. 

Through thermophysical analysis, we found that when there are subsurface defects in the CFST, the external surface temperature 

of the steel duct at this position will change. Based on this, a specific detection scheme was formulated. A Brillouin fiber optic 

sensors (BFOS) was fixed to the top of the CFST in the longitudinal direction, which was covered with a heating plate and a 

heat insulation board. Further, the heat transfer analysis of the CFST section was carried out, and the relationship between the 

surface temperature rise of the steel tube and the height of the subsurface defect was obtained through the index of equivalent 

heat absorption coefficient (EHAC). The feasibility of the proposed approach is evaluated through an experimental program. 

Two CFST specimens with a length of 2.8 meters were made, and six subsurface defects of different sizes were arranged inside. 

The results indicate that the BFOS can monitor the temperature distribution of the CFST during a temperature increase in real 

time. Subsurface defects in the CFST can be quickly detected and located by identifying temperature anomalies in the 

temperature contour of the BFOS. Furthermore, by making a comparison of the experimental and theoretical heat transfer 

analysis, the EHAC can be used to evaluate the size of subsurface defects of the CFST quantitatively and with high accuracy. 

KEY WORDS: Subsurface defect; Detection; Concrete-filled steel tubes; Brillouin fiber optic thermometry technology; 

Equivalent heat absorption coefficient. 

1 INTRODUCTION 

In recent years, concrete-filled steel tubes (CFSTs) have been 

widely used in large-span structures such as arch bridges and 

high-rise buildings because of its advantages of a high load 

capacity, good seismic performance and convenient 

construction [1]. A CFST structure consists of two parts: the 

outer steel tube and the inner concrete. During the actual 

construction process, the concrete slurry is poured into the 

steel tube and then cured. For the column CFST, the 

construction is relatively simple, and the grouting quality is 

easy to control. However, for the arch rib and transverse brace 

of an arch bridge, the inclined and horizontal CFST structure 

easily produces subsurface defects because of the long 

distance for concrete slurry transportation and the improper 

location of the vent hole [2]. These subsurface defects can 

cause the CFST structure to lose its integrity and reduce the 

constraint effect of the steel tube on the concrete, 

consequently reducing the load capacity of the structure. 

Therefore, an effective method must be used to detect 

subsurface defects within the inclined and horizontal CFST to 

assess its structural performance. 

At present, many methods for the detection of subsurface 

defects in CFSTs are established, such as ultrasound, 

piezoceramic transduction and infrared thermography. Among 

them, the ultrasonic method is the most commonly used [3]. 

Dong et al. [4] applied a symmetrical ultrasonic testing 

method to identify the subsurface defects in CFSTs. The 

results showed that the location and geometry of subsurface 

defect areas in CFST members can be effectively reflected 

based on the ultrasonic wave travel time, but the premise is 

that at least 6 testing point couples must be arranged equally 

along the circumferential direction in a testing section. Zhang 

et al. [5] used embedded piezoceramic transducers to monitor 

the subsurface damage of a concrete-filled square steel tube 

column. A piezoelectric disk sensor was bonded to the outer 

surface of the steel tube, and two piezoceramic smart 

aggregates were embedded in the internal concrete. The 

experimental results showed that defects between the core 

concrete and steel tube will cause significant attenuation of 

the received signal amplitude. Although the piezoceramic 

transducer method can be used to identify the subsurface 

defects of the CFST, piezoelectric sensors must be pre-

embedded in the concrete and on the outer wall of the steel 

tube. Through mock-up testing research, Cheng et al. [6] 

proved that the infrared thermography method can be adapted 

to the detection of defects in concrete structures with the 

proper arrangement of heating sources. Under the same 

heating conditions, both the depth and area of the embedded 

defects will cause different temperature changes. However, 

the infrared thermography method generally requires halogen 

lamps as the heat source, which makes it difficult to ensure 

uniform heating of the structure to be detected.  

Most of the aforementioned identification methods rely on 

point testing, which is only suitable for laboratory testing or 

the local testing of structures. If used for the comprehensive 

inspection of large structures, a large number of measuring 
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points need to be set up, and the defects can be easily missed. 

Therefore, this paper proposes a new subsurface defect 

identification method for inclined and horizontal CFSTs based 

on a thermometry technology using Brillouin fiber-optic 

sensors (BFOSs). The Brillouin optical fiber measurement 

method and device with an active heating function for the 

surface temperature of the CFST was developed. By 

collecting and analyzing the temperature data of the upper 

surface of CFST in real time, the subsurface defects on the 

upper surface can be quickly detected and located. By 

calculating the equivalent heat absorption coefficient (EHAC) 

of each defect position obtained from the actual measurement 

results, the corresponding defect height can be approximately 

obtained. 

2 DETECTION PRINCIPLES 

The subsurface defects in inclined and horizontal CFSTs are 

caused either by the concrete slurry not being fully 

incorporated into the steel tube during the construction 

process or by concrete shrinkage leading to separation from 

the steel tube during the curing process. In either case, the 

essence of subsurface defects in the CFST is that air occupies 

the position of the concrete. It should be noted that for the 

inclined and horizontal CFST in this study, the subsurface 

defect generally appears on the inner top of the CFST and its 

section is arched due to the gravity of the concrete slurry, as 

shown in Figure 1. The thermal properties of air and concrete 

are quite different. Therefore, in a thermally stable state, the 

temperature of the subsurface defect and the intact concrete 

will be different. However, in the absence of an external heat 

input, the temperature difference is so slight that it is difficult 

to detect with a temperature sensor. In this study, we use a 

thermal-driven method to actively input heat flow into the 

CFST structure to amplify the temperature difference between 

the subsurface defect and the intact concrete. Then, a 

temperature sensor is used to measure the temperature 

distribution characteristics of the top surface of the CFST, and 

the subsurface defects will be discovered by identifying 

temperature anomalies. Furthermore, by detecting the 

temperature distribution in the abnormal temperature area, the 

location of the defect in the longitudinal position of the CFST 

can be determined. 

 

Figure 1. Cutaway drawing of the CFST. 

 

Figure 2. Heat transfer in CFST cross-section. 

Only positioning the defect in the longitudinal position of 

the CFST cannot meet the needs of practical engineering. This 

research is also dedicated to quantifying the height of 

subsurface defects through temperature measurements. As 

shown in Figure 2, for the micro heat transfer unit in the two-

dimensional section containing the subsurface defect, when 

the heat is released on one side of the heat transfer unit, the 

heat conduction equation can be expressed as 

 ( )

( )
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e

T x r t T x r t

r a x t
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where ( ), ,T x r t  is the temperature rise, x  is the longitudinal 

position of the micro heat transfer unit located in the CFST 

structure, r  is the length from the heating source, t  is the 

time of the heat flow input, and ( )ea x  is the equivalent 

thermal diffusivity of the heat transfer unit, 

( )( ) ( ) / ( ) ( )e e e ea x x x C x = , ( )e x , ( )e x and ( )eC x  are the 

equivalent thermal conductivity, equivalent density and 

equivalent specific heat capacity of the micro heat transfer 

unit, respectively. 

The Laplace transform is used to solve the heat conduction 

equation, and the temperature rise is solved as 

 ( )
2

,0,
( )e

q
T x t t

e x
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where q  is the power of heat flow input, ( )ee x  is the 

equivalent heat absorption coefficient (EHAC) of the micro 

heat transfer unit, 
e e e ee C = . 

As shown in Figure 2, ( ),0,T x t  is the temperature rise of 

the top surface of the CFST at the longitudinal position x  

measured by the BFOS. From the above formula, we know 

that the top surface temperature rise of the CFST ( ),0,T x t  is 

linear with the square root of heating time t , and the slope is 

2 / ( )eq e x . If the temperature distribution characteristics of 

the CFST during heat flow input are measured continuously, 

the slope can be determined. q  is the power of heat flow 

input, which can be artificially set according to the actual 

situation. Thus, the EHAC ee  can be obtained. 

In thermal theory, the EHAC can be used to characterize the 

ability of an object to exchange heat with the outside world. 

For a composite object, such as the CFST section in Figure 2, 

EHAC is only related to the proportion of each component 

and its thermal properties. Therefore, for a specific CFST 

structure, there is a one-to-one correspondence between the 

EHAC and defect size. According to the solved EHAC in 

Equation 2, the defect size can be obtained. For example, the 

outer diameter and thickness of the steel duct are 351 mm and 

8 mm, respectively. The thermophysical parameters of the 

steel tube, concrete and air are shown in Table 1. Through the 

numerical integration method, the relationship curve between 

the defect height and the EHAC can be obtained, as shown in 

Figure 3. 
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Table 1. Thermophysical parameters of steel tube, concrete 

and air. 

Thermophysical 

Property 

Density 

( )3kg/m  

Specific heat 

capacity 

( )J/ kg C  

Thermal 

conductivity 

( )W / m C  

Steel tube 7850 460 46 

Concrete 2100 837 0.95 

Air 1.29 1004 0.023 
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Figure 3. Relationship between the EHAC and the defect 

height. 

3 SENSING SCHEME 

According to the above analysis, to realize the detection of 

subsurface defects, the first problem to be solved is the 

continuous distributed temperature measurement of the CFST 

structure and the effective heat flow input method. However, 

because a CFST is a large-scale structure, a traditional point 

temperature sensor cannot easily obtain the distributed 

temperature characteristics of the whole structure. Based on 

the stimulated Brillouin scattering effect, the BFOS can form 

a continuous distributed temperature measurement and has 

higher accuracy. In the measurement, the whole length of the 

BFOS is continuously swept to obtain the temperature of all 

measuring points on the sensor in real time. Then, the BFOS 

has the ability to simultaneously acquire temperatures that 

change with time and space in the fiber sensing area. If the 

BFOS is placed on top of the CFST, the temperature 

distribution along the CFST can be sensed in real time, as 

shown in Figure 4. At the same time, for the horizontal or 

inclined circular CFST components, the BFOS is also placed 

on the top of the subsurface defect. The BFOS used in this 

study is a single-mode fiber-optic sensor with a diameter of 

only 0.9 mm. 

The key to the thermometry technology is to ensure that the 

heat flow is evenly input into the CFST structure. To this end, 

an active heating layer and a heat insulation layer will be used 

for heat flow generation and guidance, as shown in Figure 4. 

Inside the active heating layer is a heating wire made of 

nickel-chromium alloy. The interval between the heating 

wires is only 5 mm, which can ensure uniform heat flow to the 

CFST. The outside of the heating wire is made of silicone 

rubber cloth, which insulates and protects the heating wire. On 

top of the active heating layer is a heat insulation layer made 

of a rubber-plastic sponge, which is used to isolate the heat 

exchange between the active heating layer and the outside 

world. When performing subsurface defect detection, the 

heating layer is attached to the surface of the upper part of the 

CFST by magnets spaced at a certain distance, and the heat 

insulation layer is fixed to the upper part of the heating layer 

with automatic bandages. Then, the heat flow is evenly input 

to the structure, and the temperature distribution and change 

characteristics of the top of the CFST are continuously 

collected using the BFOS. 

 

Figure 4. Schematic diagram of the sensing scheme. 

4 EXPERIMENTAL SETUP AND DETECTION 

PROCEDURES 

The experimental specimen was designed to evaluate the 

performance of the thermometry technology using the BFOS 

to detect subsurface defects in CFSTs. As shown in Figure 

5(a), two horizontal circular CFST were fabricated, with an 

outer diameter of 351 mm, a steel tube wall thickness of 8 

mm, and a length of 2800 mm. Before pouring the concrete 

slurry, an arc-shaped acrylic plate is fixed inside the steel duct 

to form subsurface defects, as shown in Figure 5(b). Three 

defects were arranged in each steel tube, and their positions 

and sizes are shown in Table 2. Then, the concrete slurry is 

injected from the reserved grouting holes. After the concrete 

is completely set, the CFST is turned over so that the 

subsurface defects are on the upper part of the steel tube. 

   
(a) CFST               (b) Simulated subsurface defects 

Figure 5. Fabricated experiment specimen. 

Table 2. Parameter setting of subsurface defects. 

Number 

of CFST 

Number 

of defect 

Position of defect 

center (mm) 

Defect 

height (mm) 

1 

1 500 5 

2 1400 10 

3 2300 15 

2 

4 500 20 

5 1400 50 

6 2300 100 
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The BFOS used for this study was a single-mode optical 

fiber sensor based on the Brillouin scattering principle, and its 

diameter is only 9 mm. To measure the distributed 

temperature characteristics of the CFST, the BFOS was fixed 

on the top of the CFST along the longitudinal direction, as 

shown in Figure 6(a). Then, the active heating layer and the 

heat insulation layer were covered on the upper part of the 

CFST structure to heat the structure and prevent heat loss, as 

shown in Figure 6(b) and Figure 6(c), respectively. Both ends 

of the BFOS were connected to a BOTDA system through a 

patch cord to form an optical signal loop, as shown in Figure 

5(a). The BOTDA system can continuously collect the optical 

signals of all measuring points along the BFOS and convert 

them into temperature signals. The active heating layer was 

connected to a voltage regulator to adjust the suitable heating 

power. The heating time was set to 3600 s to study the change 

rule of the temperature rise with heating time. The sampling 

interval of measuring points and spatial resolution of the 

BOTDA system were set to 50 mm and 100 mm, respectively. 

Finally, the temperature data from the BFOS during heating 

were collected. 

        

(a) BFOS   (b) Active heating layer  (c) Heat insulation layer 

Figure 6. Detection process. 

5 RESULTS AND DISCUSSION 

5.1 Discovery and location of the subsurface defect 

According to the measurement data of the BFOS, the 

temperature rise curves of the top surface of the CFST during 

the heating process can be derived and are illustrated in Figure 

7. After heating, the temperature of each position in the CFST 

gradually rises, and some temperature anomalies occur at the 

position where the subsurface defects are preset. As the 

heating time increases, these temperature anomalies become 

more obvious. Therefore, we can infer that the subsurface 

defects of the CFSTs will cause temperature anomalies. The 

subsurface defects can be discovered according to the 

temperature anomaly on the temperature rise curves after 

identification. The longer the heating time is, the greater the 

temperature difference between the defect and the intact part, 

but this will cause low identification efficiency and a waste of 

energy. Therefore, it is also necessary to select the appropriate 

heating time during identification. According to the test 

results, it is recommended that the appropriate heating time 

range between 1500 s and 2100 s. 
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(b) CFST 2 

Figure 7. Temperature rise curves with increasing heating 

time on the top surface of CFSTs. 

Since the temperature of the defect is higher than that of the 

intact part, heat transfer will be carried out from the defect to 

both sides along the longitudinal direction. Therefore, the 

center of the defect is the highest temperature position in the 

temperature anomaly range. As shown in Figure 7, the centers 

of the six defects in the temperature rise curves are 462 mm, 

1437 mm, 2310 mm, 462 mm, 1437 mm, and 2310 mm. As 

expected, the identification results are highly consistent with 

those set by the test in Table 2, and the maximum location 

difference is only 38 mm. 

5.2 Quantification of the subsurface defect height 

The intact concrete position and six subsurface defect 

positions in Figure 7 have been selected as the characteristic 

points to calculate the EHAC, as shown in Figure 8. When the 

defect height is 0, the calculated EHAC is 1397.86 

J/(m2·°C·s0.5), which is approximately equal to the heat 

absorption coefficient of the concrete. As the height of the 

subsurface defect increases, the EHAC decreases gradually. 

This is because the heat absorption coefficient of air is much 

smaller than that of the steel tube and the concrete. When the 

defect height increases, the proportion of air in the structure 

increases, resulting in a decrease in the EHAC of the structure 

measured in the experiment. 

Substituting the EHAC measured in Figure 8 into Figure 3, 

the height of the subsurface defect is determined and 

compared with that set by the experiment, as shown in Figure 

9. For all the set defect height conditions, the deviation 

between the identified result and the actual defect height is 0.4 

mm, 0.8 mm, 2 mm, 3.2 mm, 0.4 mm, 3.3 mm and 9.9 mm. 

When the defect height is 100 mm, the deviation also reaches 

the maximum, which is 9.9 mm. However, the relative 

deviation is only 9.9%. Although there is a slight deviation 

between the identified result and the test setup of defect 

height, it is also within the acceptable range of practical 

engineering. Therefore, the theoretical model in this paper is 

suitable for the quantitative evaluation of subsurface defects 

in CFSTs. According to the EHAC of each defect position 
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obtained from the actual measurement results, the 

corresponding defect height can be approximately solved. 
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Figure 9. Quantitative identified results of subsurface defect.  

6 CONCLUSIONS 

This paper presents a method for detecting the subsurface 

defects of CFST based on Brillouin fiber optic thermometry 

technology for the first time. According to the temperature 

distribution characteristics of a CFST, the method involving 

defect detection and location was proposed. Based on 

experimental and theoretical studies, the following 

conclusions can be drawn. The BFOS can monitor the 

temperature distribution of the CFST in real time during the 

temperature rise process, which is more sensitive to the 

temperature anomaly caused by subsurface defects. According 

to the abnormal phenomenon on the temperature rise 

distribution curves, the subsurface defects in the CFST can be 

accurately positioned in the longitudinal direction of the 

CFST, and its height can be assessed qualitatively. The 

subsurface defect height obtained by substituting the EHAC 

into the theoretical formula is in good agreement with that set 

by the experiment, which can meet actual engineering 

requirements. 

The proposed method can realize distributed identification 

with high detection efficiency and wide coverage, which is 

suitable for subsurface defect detection in long-span inclined 

and horizontal circular CFST structures. Compared with other 

methods, this method does not need pre-embedded sensors 

and only needs to test the surface temperature of the structure, 

which is more convenient. It is suitable for both new 

structures and existing structures that have been in service for 

many years. It should be noted that the infrared thermography 

method is also a distributed detection method based on 

thermal principles, but it is highly susceptible to the 

environment and generally requires detection at night. 

Compared with the infrared thermography method, the 

thermal-driven method in this study is not affected or 

restricted by the environment and has a wider application 

range. 
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Vibration-based structural health monitoring from high-resolution operational
long-gauge strain data: proof of concept
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ABSTRACT: Vibration monitoring from strain data is a promising alternative to the more conventional acceleration-based
monitoring because a dense measurement grid can be achieved at a relatively low cost and because strain mode shapes are more
sensitive to local stiffness changes than displacement mode shapes. However, the feasibility of monitoring strain mode shapes
of full-scale civil structures, where the operational dynamic strain levels are of very low amplitude and temperature changes can
influence the modal characteristics, has remained an open question. The present work provides a proof of concept in which the deck
of a steel bowstring railway bridge is instrumented with eighty Fiber-optic Bragg Grating strain sensors, multiplexed in four fibers,
that are interrogated with a technique that achieves high accuracy and precision. For more than a year, the eigenfrequencies and
strain mode shapes of ten modes have been automatically identified from operational strain time histories, with typical root-mean-
square values of 0.01 microstrain, on an hourly basis. Furthermore, using these modal data, the influence of temperature fluctuations
and that of a retrofitting of the hangers connecting the bridge deck and the arch, which took place during the monitoring period,
are extensively investigated. Both have an influence on the overall stiffness of the bridge and therefore they result in clear changes
in the eigenfrequencies. They do not have an influence on the local stiffness and therefore they do not influence the strain mode
shapes, except when the retrofitting induces an interaction between previously well-separated modes.

KEY WORDS: Optic strain sensing, operational modal analysis, structural health monitoring

1 INTRODUCTION

Vibration-Based structural health monitoring (SHM) relies the
fact that the modal characteristics of a structure (eigenfrequen-
cies, damping ratios and mode shapes) depend entirely on its
stiffness, mass and energy dissipation. Structural damage results
in a stiffness change, so it can therefore be detected, in principle,
by monitoring modal characteristics.

Eigenfrequencies can be obtained from only one or a few
sensors, e.g. accelerometers, placed at proper locations. As
a result, they are very often used for SHM. Eigenfrequencies
are mainly sensitive to global stiffness modifications. Local
damage of small or moderate severity therefore has a small
influence on eigenfrequencies, while the global stiffness is
often significantly influenced by variations in environmental
factors such as temperature, necessitating data normalization
[1]. Displacement mode shapes can also be used for SHM.
They are attractive in the sense that they are more sensitive to
local stiffness changes than eigenfrequencies, and less sensitive
to temperature variations [2]. The main disadvantage is that
a dense sensor grid is required for good damage localization
capabilities [3], which is generally costly when conventional
sensors, such as accelerometers, are employed.

Strain mode shapes are an attractive alternative for the
more conventional displacement mode shapes, because modal
strains are much more sensitive to local damage than modal
displacements [4], and dense sensor grids can be achieved
at relatively low cost thanks to the multiplexing capacity of
some sensor types such as fiber Bragg gratings (FBG) [5].
The main challenge has been that the dynamic strains that

occur in large civil structures in operational conditions are
very small, typically in the sub-microstrain range. However,
recent experiments involving FBG sensors have demonstrated
that with improved sensor interrogation [6] or signal processing
techniques [7], the required sensing accuracy can be attained.
Laboratory experiments have illustrated that modal strains are
highly sensitive to local damage of low or moderate severity,
while they are insensitive to global temperature changes [8].

The present work takes the step of monitoring the detailed
strain mode shapes of a full-scale civil structure in operational
conditions. To this end, the deck of a steel bowstring railway
bridge was instrumented with a dense grid of multiplexed FBG
macro-strain sensors as a proof of concept. For a time period
of more than a year, the eigenfrequencies and strain mode
shapes were automatically identified every hour from the low-
amplitude operational and free vibration strain data. The results
demonstrate the feasibility and accuracy of the strain monitoring
methodology of [7] in field conditions. The present work also
investigates the temperature influence on the eigenfrequencies
modal strains on this full-sized civil structure with complex
boundary conditions and temperature fluctuations. Small but
clear influences are found for the eigenfrequencies, while the
strain mode shapes are insensitive to temperature. Finally,
during the monitoring period, the investigated bridge underwent
a retrofit, and its influence on the eigenfrequencies and strain
mode shapes is investigated and compared with the temperature
influence.
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(a) (b) (c) (d)

Figure 1. The KW51 bridge: (a) general view from the north side, (b) view on the bridge deck from below, (c) bolted brace-arch
connection before retrofitting and (d) bolted brace-arch connection strengthened with a welded steel box, after retrofitting.
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Figure 2. (a) South view of the KW51. (b) Schematic representation of the attachment of the optical fibers. Small cubes: clamping
blocks. Rectangles: FBGs in between the clamping blocks; all FBGs are labeled. B: box where all fibers are connected to the
telecom fiber. C: cabinet with acquisition system. T: thermocouple. Red line: telecom fiber. Dimensions in m.

2 THE KW51 BRIDGE

The KW51 bridge (Fig. 1a) is a 117 m long steel bowstring
bridge that crosses the Leuven-Mechelen canal close to the city
of Leuven, Belgium. The bridge carries two tracks that are
part of railway Line 36 that runs from Brussels to Liège. The
bridge deck consists of a steel orthotropic (i.e., rib-stiffened)
steel plate that is supported by two longitudinal steel girders
and thirty-three steel transverse beams (Fig. 1b). The bridge
deck is suspended from the arch with thirty-two inclined braces.
The ends of the main girders rest on neoprene bearings, which
directly sit on two concrete abutments.

From 16 May 2019 until 15 September 2019, the bridge
was retrofitted so that a design error, related to the bolted
connections of the braces with the deck and the arch, could be
resolved. All bolted connections between the braces and the
arch (Fig. 1c), and the braces and the deck of the bridge were

strengthened with welded steel boxes, as displayed in Fig. 1d.
The influence of the strengthening on the modal characteristics
will be investigated in this paper, as it resembles the case of
a slightly damaged structure (before retrofitting), which has
been restored to a healthy structural condition (after retrofitting).
During retrofitting, scaffolding was installed on the bridge and
this modified the overall mass and stiffness very significantly, so
the corresponding monitoring data are excluded from this study.

3 STRAIN MONITORING

Dynamic macrostrains of the bridge have been monitored with
four chains of FBG sensors, inscribed in optical fibers with a
glass fiber reinforced polymer coating. The fibers are located
at the top surface of the bottom flange of the main girders
of the bridge. Each fiber contains 20 FBG sensors, except
from the northwest one that contains 19 FBG sensors (Fig. 2).
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The fibers are prestressed to ensure that they remain in tension
when the corresponding bridge part is under compression. They
are attached to the flanges using custom-made small clamping
blocks [7]. There is one clamping block in between two FBG
sensors, such that each FBG sensor measures the average strain,
also termed macrostrain or long-gauge strain, in between to
clamping blocks. The corresponding measurement distance is
about 2.5 m except at locations NW9, NE9, SW9 and SE9
(see Fig. 2), where the gauge length was limited to 1 m for
practical reasons. Since FBGs are sensitive to both strain and
temperature, the fibers are covered with thermal insulation to
ensure that fast temperature fluctuations would not affect the
dynamic measurements.

The strain acquisition is conducted with an interrogator that
offers the required high accuracy and precision for dynamic
sub-microstrain measurements [6], [7], the FAZ Technologies
FAZT-I4. The sampling frequency is fs = 1000 Hz. The
acquisition system and the laptop that is required to operate
the acquisition system, and to store the data, are placed inside
a cabinet that is located close to one end of the bridge and is
attached on a transverse beam via magnets. The FBG fibers are
connected to the acquisition system through a telecom fiber that
spans the distance (≈60 m) between the cabinet and the midspan
of the bridge, where all four fibers are connected to the telecom
fiber in a wall mount box.

Throughout the monitoring period, the temperature of the
bridge has also been measured with a thermocouple. It is
attached on the same transverse beam as the cabinet that
contains the acquisition system (Fig. 2).

4 STRAIN-BASED OPERATIONAL MODAL ANALYSIS

Every hour, the fiber optic strain monitoring system that was
presented in the previous section captures 900 s of dynamic
strain data under ambient excitation from all FBGs installed of
the bridge at a sampling rate of 1000Hz. Each set of ambient
strain data is used for Operational Modal Analyses (OMA),
to identify the modal characteristics that represent the state of
the bridge. In total, 8022 operational excitation tests were
conducted during the considered monitoring period (first year).

The data processing and the system identification is
conducted with the Matlab toolbox MACEC [9]. First, the static
offset is removed from all measured strain signals. Second, the
data are low-pass filtered with an eighth-order Chebyshev Type
I filter with a cut-off frequency of 16 Hz and then re-sampled
at 40 Hz. A fourth-order Butterworth filter with a high-pass
frequency of 0.35 Hz is subsequently applied to all channels,
in order to remove the influence of the temperature fluctuations
on the FBG measurements. The position-averaged root-mean-
square (RMS) strain value is around 0.01 microstrain (µε).
Then, the data-driven stochastic subspace identification (SSI-
data) method [10] is employed for identifying a range of state-
space models from the output-only strain data. The half number
of Hankel block rows is set to 40 and the model order ranges
from 30 to 120 in steps of 2. When the time signals include one
or more train passages, the data Hankel matrix [10] is modified
to exclude them from the identification process, i.e. the columns
of the Hankel matrix that contain data from times when a train is
on the bridge, are removed. The train passages are automatically

detected via peaks in the strain data with amplitude larger
than 1 µε , which are caused by train boggies. The computed
modal characteristics are used for constructing stabilization
diagrams [11]. The modes are automatically selected from each
stabilization diagram by means of hierarchical agglomerative
clustering, has proved to be a suitable automatization approach
if the diagram is sufficiently clear [12].

Hierarchical clustering requires a measure for the similarity
between every pair of objects. In the present work, the
similarity is measured by a distance d between two modes that
incorporates both the relative natural frequency difference and
the the correlation between the mode shapes:

di− j =
| fi− f j|√

fi f j
+(1−MACi,j) (1)

where fi and f j are the eigenfrequencies of the mode estimates i
and j and MACi, j is the modal assurance criterion [13] between
the strain mode shape estimates i and j. If the distance between
two mode estimates is short, then the two modes have similar
eigenfrequencies and strain mode shapes and consequently, they
should belong to the same cluster. Once the distance between
any two modes in the stabilization diagram has been determined,
the hierarchical tree can be constructed in an agglomerative way.
The single-linkage method is employed for this, as it can detect
a wide range of clustering patterns [14] and it has shown its
efficacy in earlier studies [12].

After formation of the hierarchical tree, it needs to be cut at a
certain level, such that all mode estimates that are attached to a
branch are grouped into the same cluster, representing a single
physical mode. The cut-off level of the tree was determined by
setting the maximum allowable distance between the different
clusters to di− j ≤ 0.03.

The automatic identification of modal characteristics is
illustrated for the ambient strain data that were obtained on
14/2/19 at 16:52. Twenty one modes are automatically identified
from this modal test in the frequency range (0-15) Hz. Some
identified strain mode shapes are displayed in Fig. 3. In order to
facilitate the physical interpretation of the identified modes, the
results of an acceleration-based OMA that was performed by
colleagues of the Structural Mechanics Section of KU Leuven
[15] are displayed in Fig. 4. There are minor differences
between the eigenfrequencies of Figs. 3 and 4 because they
result from different identifications, using data obtained with
different sensors and on a different date and time. The first
thirteen modes that were identified from the acceleration-based
OMA correspond to the ones identified from the strain-based
OMA, with the exception of mode 11, which is not identified
by the acceleration-based OMA. The modes of the bridge can
be classified as deck or arch modes, depending on which part of
the bridge is predominantly deformed.

5 INFLUENCE OF TEMPERATURE AND RETROFITTING
ON THE EIGENFREQUENCIES

The influence of temperature on the modal characteristics of
the bridge is investigated separately for the period before
retrofitting, from 14/2/2019 to 15/5/2019 and with a temperature
range of 24◦C, and for the period after retrofitting, from
15/9/2019 to 24/02/2020 and with a temperature range of 26◦C.
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Figure 3. Strain mode shape and natural frequency of some modes of the KW51 bridge, as identified from strain-based OMA
using SSI-data identification and data from a test that was conducted at 16:52 on 14/2/19. The top subplots illustrate the 3D
view and the bottom subplots the front (x-z) view of the strain mode shapes.

The eigenfrequencies of nine modes are plotted as a function
of temperature in Fig. 5; the vertical axis limits span ±5% of
the mean natural frequency value before retrofitting so as to
have a common relative scaling for all modes. The measured
temperature correlates better with the the modes of the arch
(modes 1, 2 and 4) and the second bending mode of the deck
(mode 6) than with the other deck modes. An increase of
∆T = 10◦C in temperature results in a relative decrease of
about ∆f10 = 0.2− 0.23% for the eigenfrequencies of the arch
modes and deck mode 6. The low correlation between the
measured temperature value and the natural frequency of deck
modes 3 and 5, together with the relatively large scatter of the
natural frequency values, indicate that these eigenfrequencies
can be influenced by other factors, such as solar radiation),
wind intensity, thermal inertia of the structure and identification
errors.

In Fig. 5, the relative change of the mean value of natural
frequency of each mode before and after the retrofitting, ∆µ[ f ],
is also provided. There is a small but clear influence of the

retrofitting on the eigenfrequencies of most modes. The changes
that are induced by the retrofitting are different for the different
types of mode. For the modes of the arch, i.e., modes 1,
2 and 4, a reduction of the eigenfrequencies of about 1% is
observed. For these modes, the mass increase due to the
welded steel plates that strengthen the connections of the braces
(Fig. ??b) is important while the additional stiffness is relatively
unimportant. For the higher bending modes of the deck, i.e.,
modes 6, 10 and 12, the opposite influence is observed: the
retrofitting results in an increase of their eigenfrequencies of
about 1.8− 2.6%. For these modes, the increased stiffness
that is offered by the steel plates that are welded at the brace
connections as a larger effect than the added mass. For modes
3, 5 and 9, the influence is less clear due to the larger scatter of
the natural frequency values.

It can be concluded that the influence of the retrofitting
is larger than the influence of temperature, for the given
temperature ranges of about 24◦C and 26◦C that were achieved
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1 =0.51 Hz f acc
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3 =1.89 Hz f acc
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12 =5.44 Hz f acc

13 =6.43 Hz

Figure 4. Displacement mode shape and natural frequency of modes 1 to 10 and 12 to 13 of the KW51 bridge, as identified from
an acceleration-based OMA [15]. The top subplots illustrate the 3D view, the middle the top and the bottom the front view of
the displacement mode shapes.

before and after the retrofitting respectively, and for the modes
that correlate well with temperature.

6 INFLUENCE OF TEMPERATURE AND RETROFITTING
ON THE STRAIN MODE SHAPES

The strain mode shapes have been normalized such that the
strain mode shape vector has unit norm and that its largest
component is purely real. This normalization scheme, that
was proposed in [17], facilitates the comparison between
mode shapes that have been determined from different ambient
vibration tests [8]. After normalization, the strain mode shapes
are clustered into groups based on the temperature that was

recorded during the corresponding ambient vibration test. Each
temperature group has a range of 2◦C and the groups are
not overlapping. For each temperature group k, the sample
mean µ[ψψψ

ssi,(k)
j ] of all strain mode shapes in the group is then

computed, as well as the sample standard deviation σ [ψψψ
ssi,(k)
j ]

and the related ±2σ confidence interval CI[ψψψssi,(k)
j ], which

boils down to a 95% confidence interval when the samples are
normally distributed, as is usually the case in operational modal
analysis [17].

As an example, Fig. 6b displays the mean strain mode shape
of the second bending mode of the deck (mode 6) with the 95%
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Figure 5. Evolution of the eigenfrequencies of modes 1 to 6 of the KW51 bridge as a function of temperature, as identified during
the periods before (circles) and after (diamonds) the retrofitting. The dash-dotted lines denote the mean natural frequency
µ[ f ssi

j ] for each of both periods.

confidence interval for all temperature groups before retrofitting.
The confidence intervals for the different temperature groups
overlap completely, and they all have nearly the same width.
The same observation holds for all other identified strain mode
shapes, both before and after retrofitting [16], and therefore
these results are not reproduced here. It can be concluded that,
in the present experiment, there is no statistically significant
influence of the temperature on the strain mode shapes, for the
given temperature range of 24◦C before retrofitting and 26◦C
after retrofitting.

Since temperature does not influence the strain mode shapes,
the statistical uncertainty must relate to other causes of
variability in the strain mode shapes at a given temperature
group, such as identification errors. The corresponding variance
error can be reduced by averaging the identified strain mode
shapes that belong to the same temperature group. Indeed,
the standard deviation of the sample mean of the entire set
of Nk independent samples (i.e. identified strain mode shapes)
obtained at a given temperature group k is related to the standard

deviation of the set as:

σ [µ[ψψψ
ssi,(k)
j ]] =

σ [ψψψ
ssi,(k)
j ]
√

Nk
(2)

and the related 95% confidence interval reads:

CI[µ[ψψψssi,(k)
j ]] = [−2σ [µ[ψψψ

ssi,(k)
j ]],2σ [µ[ψψψ

ssi,(k)
j ]]] (3)

=

[
− 2√

Nk
σ [ψψψ

ssi,(k)
j ],

2√
Nk

σ [ψψψ
ssi,(k)
j ]

]
(4)

Fig. 6c displays, for mode 6, the sample mean of the complete
set of all the repeatedly identified strain mode shapes µ[ψψψ

ssi,(k)
j ]

that are obtained at a given temperature group k, together
with the 95% confidence interval of the sample mean of each
set. Note that the sample mean values of Figs. 6b and 6c
are identical, but that the width of the confidence intervals in
Fig. 6c is a factor 1/

√
Nk narrower than in Fig. 6b, because

in Fig. 6c the uncertainty of the averaged, sample mean values
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Figure 6. (a) South view of the KW51. (b) Sample mean
µ[ψψψ

ssi,(k)
j ] and 95% CI[ψψψssi,(k)

j ] of the strain mode shapes
that have been identified in each temperature group k for
mode 6, for the period before the retrofitting. (c) Sample
mean µ[ψψψ

ssi,(k)
j ] and 95% CI[µ[ψψψssi,(k)

j ]] of the sample
mean, of the strain mode shapes that have been identified
in each temperature group k for mode 6, for the period
before the retrofitting. The top and bottom subplots contain
the strain mode shapes at the north and south sides of the
bridge, respectively.

is considered. The narrow confidence intervals of the sample
mean of the different temperature groups overlap completely,
and they all have nearly the same width, which strengthens the
conclusion that there is no statistically significant influence of
the temperature on the strain mode shapes, for the temperature
range of 24◦C. The same observation holds for all other
identified strain mode shapes, so the corresponding plots are not
reproduced here.

In order to investigate the influence of retrofitting on the
strain mode shapes, combined graphs are constructed, where
the strain mode shapes before and after the retrofitting are
plotted on top of each other. Previously, it was concluded that
temperature does not affect the strain mode shapes before nor
after retrofitting. Therefore, all the identified strain mode shapes
of a mode (i.e. for all temperatures) are clustered in two groups,
one containing the strain mode shapes before retrofitting and
one after. The sample mean µ[ψψψssi

j ] of the complete set of strain
mode shapes of each group is plotted, together with the 95%
confidence interval of the sample mean of that group CI[µ[ψψψssi

j ]]
in Fig. 7, for modes 6 and 10.
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Figure 7. (a) South view of the KW51. (b) and (c) Sample
mean µ[ψψψssi

j ] (solid lines) and 95% CI[µ[ψψψssi
j ]] of the

sample mean (dashed lines), of the strain mode shapes
that have been identified during the periods before (blue)
and after (orange) the retrofitting for (b) mode 6 and (c)
mode 10. The top and bottom subplots contain the strain
mode shapes at the north and south sides of the bridge,
respectively.

It can be clearly observed, due to the very narrow confidence
intervals of the sample mean of the two groups that the
retrofitting has an insignificant influence on the strain mode
shapes of mode 6, while for mode 10, an influence can
be observed. For all other modes, the retrofitting has an
insignificant influence on the strain mode shape, just as for
mode 6, and therefore they are not reproduced here. This
is due to the fact that the retrofitting results in a quasi-
uniform modification of mass and stiffness along the bridge,
and the strain mode shapes are sensitive to local changes, as
experimentally demonstrated in e.g. [7], [8]. Global changes do
not affect the strain mode shapes, unless they are scaled in an
absolute way, e.g. through mass normalization.

The fact that the retrofitting does have in influence on the
strain mode shape of mode 10, can be explained as follows.
Before retrofitting, modes 10 and 11 have well separated
eigenfrequencies and they can be characterized as a bending and
torsion mode of the deck, respectively. Due to the stiffening
effect of the retrofitting, the natural frequency of mode 10 has
increased such that it almost coincides with that of mode 11. As
a result, both modes interact after retrofitting such that mode 10
is not a purely bending mode anymore but it has gained also a
torsion component.
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7 CONCLUSIONS

The KW51 railway bridge was monitored with four chains of
multiplexed FBGs for a period of one year, during which it
underwent retrofitting. Every hour, the dynamic strain data
under ambient excitation as well as the free response after train
passages were used in an operational modal analysis. The
modal characteristics of the bridge were automatically identified
with a hierarchical agglomerative clustering algorithm. Despite
the very low dynamic strain levels, the eigenfrequencies and
detailed strain mode shapes of ten modes could be accurately
and continuously identified throughout the entire monitoring
period. This provides an experimental proof of concept for
ambient dynamic strain monitoring of large civil structures with
a dense sensor grid.

Furthermore, the influence of temperature on the monitored
eigenfrequencies and strain mode shapes was investigated. The
eigenfrequencies of the arch modes and some of the deck modes
were seen to correlate well with the measured temperature,
which implies that the temperature is a dominant factor in the
regular environmental variation of those modes. The strain
mode shapes of all identified modes were found to be insensitive
to temperature variations, so they can be directly used for
damage identification, without requiring data normalization.

The retrofitting increased both the overall mass and stiffness
of the bridge. As eigenfrequencies are sensitive to overall
mass and stiffness changes, a clear influence of the retrofitting
on the monitored eigenfrequencies was observed. The
eigenfrequencies of the arch modes decreased, as the mass effect
is more important for those modes, while the eigenfrequencies
of the deck modes increased, as the stiffness effect is more
important for those modes. Since the retrofitting did not
result in local changes in the bridge deck, the monitored
strain mode shapes were not influenced, except when the
retrofitting induces and interaction between previously well-
separated modes. Dynamic monitoring in a dense grid of
fiber optic strain sensors enables to accurately capture both
eigenfrequencies and strain mode shapes, which complement
each other very well in a structural health monitoring context
as they are sensitive to global and local stiffness changes,
respectively.
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ABSTRACT: Rockfall/landslides on railway tracks are a regular problem for rail operators causing a substantial safety risk, 
lengthy delays, and disruption to services. Railway cuttings susceptible to rockfall/landslides need preventative measures and 
early warning detection to avoid rockfall and debris reaching the rail track. In this study, we report on an 18-month long field 
demonstration on a historic railway cutting using two types of fibre optic strain sensing technologies: Fibre Bragg Grating 
(FBG) and distributed fibre optic sensors. Arrays of armoured fibre-optic strain sensing cables were attached to an existing steel 
rockfall mesh to detect potential movement due to the accumulation of rocks and debris from landslides. Controlled field tests 
were first performed to demonstrate the sensitivity and effectiveness of both deployed sensing systems. The characteristics of 
long-term data were examined against rainfall, temperature and other environmental factors, to improve our understanding on its 
seasonal behaviour. This work demonstrates potential benefits for the future of rockfall/landslide early warning monitoring, to 
reduce the risk of train strikes or derailments.  

KEYWORDS: Rockfall; Fibre optic sensors; Early warning. 

1 INTRODUCTION 

Shallow geohazards (e.g. Rockfall, landslides) tend to be 
triggered in mountainous areas by short-term rainstorms or 
long-duration rainfall, especially due to the increasingly 
frequent adverse/extreme weather linked to climate change. 
Such destructive natural disasters are regularly occurring all 
over the world, resulting in thousands of casualties, significant 
damage and economic loss. For example, the recent tragic 
derailment of a passenger train near Carmont (UK) on 12th 
August 2020 led to the loss of life and will have a lasting 
effect on those injured and involved in responding, as well as 
the wider railway industry. It has also raised questions about 
the resilience and safe performance of the railway, and how 
the risk of such an event happening again can be minimised 
[1].  

Currently, condition monitoring still essentially relies on 
physical inspections and knowledge extracted from various 
databases. Nevertheless, many indirect (e.g. remote sensing 
such as LiDAR, InSAR) and direct (e.g.  Electrical Resistivity 
Tomography; Ground Penetrating Radar; inclinometers; 
extensometers; Shape Accelerometer Arrays and fibre optic 
sensing technologies) monitoring methods have been 
researched and tried to provide more quantitative evidence 
and assist in the decision making process or the design or 
preventative actions, especially where assets are known to 
pose a risk [2].  

Fibre optic sensing (FOS) technology has become a popular 
sensing method in recent years for estimating the movements 
of geotechnical assets, thanks for its outstanding advantages 
such as high resolution, small size, lightweight, real-time 
monitoring, long-range, resistance to electromagnetic 
interference (EMI), and ease of installation. Significant efforts 
have been undertaken both to understand the mechanisms 
responsible for shallow geohazards triggering better, as well 

as to identify precursors of instability suitable for detection, 
including FOS-based inclinometer [3], extensometers [4] and 
in-soil measurements [5-7].  

This paper presents a field study on a historic railway 
cutting, where the in-situ preventative rockfall mesh was 
instrumented with two types of fibre optic strain sensing 
technologies, to provide early warning signatures of rockfall 
and/or debris before reaching the rail track.  

2 FIBRE OPTIC SENSING 

Two different fibre optic strain sensing technologies were 
employed in this work, namely: Fibre Bragg Grating (FBG) 
sensing and Distributed Fibre Optic strain Sensing (DFOS). 
For completeness, the measuring principles of both techniques 
are briefly described here.  

2.1 Fibre Bragg Grating (FBG) sensing 

A fibre Bragg grating is a wavelength-dependent reflector that 
consists of a periodic modulation of refractive index, where 
only the central light wavelength matching the local 
modulation period can be reflected. This reflected wavelength 
will shift linearly with strain or temperature changes at the 
sensor locations, as indicated in Figure 1(a). The relationship 
between the reflected central wavelength λ and strain change 
∆ɛ or temperature change ∆T is given by: 

 
0

k T
   



                                                  (1) 

Where ∆λ/λ0 is the normalised wavelength shift, k is the gauge 
factor, and α and ξ are thermal expansion coefficient and 
thermo-optic coefficient of the fibre core. All these parameters 
are constants for a given fibre optic cable. Several gratings 
(i.e. sensors) with different wavelengths can be manufactured 
in a single optical fibre at any chosen physical spacing (mm to 
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m) depending on the spatial resolution required. The total 
number of gratings on a single channel will however depend 
on the strain level expected and the interrogator bandwidth 
available. 

 Bv   0Bv

1 2 3

1 2 3

 

Figure 1. Schematic of fibre optic sensing: (a) Fibre Brag 
Grating; (b) Brillouin-based distributed fibre optic sensing. 

2.2 Distributed fibre optic sensing 

Brillouin scattering arises from the interaction between 
optical and acoustic waves propagating in the same physical 
medium. When the medium is illuminated with a 
monochromatic light source, a partial energy transfer occurs 
between the colliding photons and phonons, the latter being 
generated by either pressure or temperature fluctuations. The 
resulting change in density of the medium, and therefore in its 
refractive index and mechanical properties (e.g. elastic 
modulus and Poisson’s ratio), determines a Doppler shift in 
the frequency of the backscattered photons. Recently 
developed techniques have enabled to scan the Brillouin 
scattered light spectrum in single-mode optical fibres with 
high resolution by using a coherent receiver. The Brillouin 
frequency shift is found to increase linearly with strain and 
temperature, as illustrated in Figure 1(b): 

B Tv C C T                                                          (2) 

where ∆ѵB is the change in Brillouin frequency shift due to a 
simultaneous change in strain ∆ε, and in temperature ∆T, and 
Cε and CT are strain and temperature coefficient of the 
Brillouin frequency shift, respectively. For a given fibre and 
cable, both coefficients can be obtained through calibration 
processes using a tensile rig or water bath, respectively [8-9]. 
Therefore measurements of this frequency can be used to 
derive changes in strain and temperature at the location at 
which the backscattered light is generated since the 
measurement position along the fibre is computed from the 
light velocity in the fibre core and the time elapsed between 
launching the pulsed light and detecting the backscattered 
light. Hence, as opposed to FBG sensors which are discrete, 
DFOS offers a continuous strain and/or temperature 
distribution along the fibre optic cable. Further details about 
the principles of DFOS can be found in [8].  

3 FIELD DEPLOYMENT 

Two fibre optic sensing systems were designed and deployed 
at a historic railway cutting, to provide means for identifying 
and predicting potential shallow geohazards.  

3.1 Site overview 

Hooley Cutting, 25km south of London, carries the main 
railway line from London to Brighton through the North 
Downs. The 180-year old, 30m-deep cutting slopes are 
susceptible to rockfall/landslides and are continuously 
surveyed for potential slope failures that might reach the 
track. Failures of the cutting slopes have caused line closures 
and two main derailments in the past 17 years, as indicated in 
Figure 2. 

(a) (b)

(c)

 

Figure 2. Hooley Cutting: (a) location (source: google earth); 
(b) previous landslip (source: 

https://www.networkrail.co.uk/running-the-railway/looking-
after-the-railway/earthworks-cutting-slopes-and-

embankments/); (c) fibre optic sensor instrumented section. 

The geological condition at Hooley Cutting is very 
complex. It runs along the variable depth (up to 20 metres) 
dry valley gravel beds of an ancient river, overlaying 
weathered chalk on top of chalk rock. Their existence at the 
top of the cutting has historically posed a number of 
maintenance challenges for railway engineers up to the 
present day. In 1840, the cutting sides were constructed to an 
angle of approximately 53°.  Since then weathering of the 
chalk faces, along with rock and debris falls has changed the 
profile substantially; in small localised places the sides can 
approach the vertical whilst the overall angle is now 
approximately 60°. Falls of chalk and gravel have been a 
feature of the cutting since its original construction.  

Classified as a high-risk site, the Hooley Cutting slopes are 
covered with a steel rockfall mesh to collect any falling 
debris, but there have been failures behind the mesh causing 
the net to bulge towards the track and subsequently, the mesh 
has ruptured, resulting in rocks and earth spilling onto the 
track (see Figure 2(b)). Such failures are hard to predict and a 
team of ground engineers is required to carry out a regular 
visual inspection to monitor at-risk locations and ensure mesh 
integrity. Hence this project aimed to develop and trial a FO 
sensing system capable of providing an early warning of the 
build-up of debris contained by the netting, to manage excess 
loading and prevent netting failure and its associated 
consequences. 
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3.2 Fibre optic sensing cables  

Unlike telecommunication cables, strain sensing cables for 
infrastructure monitoring require a compromise between 
satisfactory strain transfer from multiple protective layers to 
the fibre cores and the need for robustness to withstand a 
harsh environment during its installation and operation. Thus, 
in this project, both FBG and DFOS strain sensing cables 
were of a relatively simple design and a limited number of 
protective layers but reinforced with steel wires, as illustrated 
in Figure 3(a). The fibre was tightly bonded to a first Hytrel® 
layer embedded in twisted steel wires and an HDPE outer 
jacket. The diameter of the sensing cable was 5.0 mm, its 
elastic module and maximum tensile force 42GPa and 2350N, 
respectively [10]. For FBG sensing cable, the gratings were 
inscribed with Femtosecond laser technology and spaced at 
20m intervals prior to Hytrel® coating. 

Metal 
reinforcement

Fibre

PE Fibre optic cable

Aluminium plate

(a) (b)

(c)

 

Figure 3. Fibre optic sensing cables and clamping system: (a) 
wire rope-reinforced fibre optic sensing cable (b) FBG 

temperature sensor clamped with aluminium plate; (c) lab 
testing of fibre optic sensing cable with dual clamp. 

To estimate changes in temperature on the exposed slope 
and its effect on strain measurements,  two FBG temperature 
sensors were manufactured by tightly embedding two gratings 
on the same reinforced cables in custom-designed metallic 
clamps (200mm × 40mm × 5mm), as shown in Figure 3(b). 
These clamps could expand freely and the strain generated 
varied linearly with temperature changes. The data could be 
used to automatically compensate for temperature effects in 
strain readings.  

A bespoke dual clamp to accommodate both fibre optic 
sensing cables was designed, manufactured and tested prior to 
field deployment, as shown in Figure 3(c). Such design also 
includes provision for two soil anchors and offers flexibility 
for fine-tuning the clamp’s vertical height and rotation, if 
needed. The robust hardware used (reinforced fibre optic 
cables, innovative temperature clamps and custom-designed 
fixings) allowed for a maintenance-free sensing system and 
long-term monitoring.  

3.3 Field instrumentation 

The two 500 m FBG cables (FBG A and FBG B) and the 600 
m DFOS cable were installed over approximately 110 m of a 
cutting section at four horizontal levels, as shown in Figure 4.   

• FBG

Track level

Cutting crest

DFOS FBG A

Start of installation

5m

5m

5m

20m

DFOS

FBG A

A4A2 A3A1 A5
A6

A8A10 A9A11 A7

B4B2 B3B1 B5

B8B10 B9B11 B7

B6

FBG B

5m
To bridge & monitoring cabin 

110m  

Figure 4. The layout of fibre optic sensors on Hooley Cutting. 

    The cables were installed on the steep railway cutting by 
the contractor (BAM Ritchies) abseilers. They were fixed 
firmly to the slope at intervals of 20 m gauge lengths using 
soil nails (800mm-long, 30mm-diameter) drilled and grouted 
into the ground and bespoke cable clamps attached to the bars 
(Figure 5a, 5b and 5c). The cables were pre-tensioned in 
between clamps and then attached loosely to the rockfall mesh 
along its length using cable ties, one vertical section at a time.  

(a) (b)

(c)

(d)

 

Figure 5. Field deployment: (a) field installation on Hooley 
Cutting slope; (b) installing soil nails; (c) in-situ fibre optic 

sensing cables and clamp; (d) fibre optic analysers in a cabinet 
(top: FBG; bottom: DFOS ).  

    The rest of the fibre optic cables were uncoiled from the 
cable reels and used as an extension to routeing the sensing 
systems under a nearby railway bridge, along the site road in 
protective tubing and into the site cabin. The cables were then 
fusion spliced with fibre optic connectors and plugged into the 
optical equipment housed in a ventilated 19” rack cabinet (see 
Figure 5(d)). The 8-channel FBG interrogator was co-
developed by Beijing Information and Science Technology 
University (BISTU) and CSIC. Dynamic measurements from 
the FBG sensing system were sampled at a 10Hz frequency. 
The distributed system FEBUS G1, manufactured by CSIC 
collaborator FEBUS Optics, is a commercially available long-
range dynamic BOTDR (Brillouin Optical Time Domain 
Reflectometry) system capable of 50 measurements per 
second over 1,000 sensing points along a 1km length. For this 
trial, the system was used in fast-static mode measuring all 
points along the length of the entire fibre sensor in 30 
seconds. The equipment was connected to an uninterruptible 
power supply (UPS). The site Wi-Fi system was used to 
transmit the data every minute back to the Cambridge 
University server for further processing. Once established, the 
system could report the location of any change in strain of the 
mesh as an indication of the accumulation of debris.  
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4 FIELD DEMONSTRATION 

Several trials were performed to test the sensitivity and 
effectiveness of the instrumented system. The fibre optic data 
collected during a test at position A5 (see Figure 4) on 7th 
February 2019 is discussed in the section.  

4.1 Loading program for simulated rockfall 

To simulate the effect of a slope failure and debris build-up 
progressively behind the mesh, a displacement controlled 
loading-unloading test of up to 300mm was designed, as 
illustrated in Figure 6(a). The trial was carried out using a 
Tirfor winch to lift the mesh away from the face of the slope 
following the abovementioned loading-unloading cycles (see 
Figure 6(b) & (c)). The Tirfor was anchored at the top of the 
slope, on the crest, while its hook was attached to the mesh at 
a location close to the fibre optic cables. Data were processed 
and visualized in real-time to advise the operation. 

(a)
(b)

(c)

 

Figure 6. Field demonstration: (a) loading-unloading program; 
(b) in-situ displacement control with a tirfor winch; (c) 

loading position with a hook on the rockfall mesh.  

4.2 Observations 

Figure 7 presents a snapshot of the strain change histories 
measured with FBG A5 (Figure 4) and DFOS at that position 
during the trial of the system. It is clear that both systems 
captured the mesh movement reasonably well and relatively 
small movements (< 300 mm) generate significant strain 
despite the large 20 m gauge length. As expected, the FBG 
measurements are more sensitive than the DFOS ones. The 
strain measured with the FBG sensors is however larger than 
that measured with the DFOS system. This may be explained 
by the fact that the DFOS cable is installed below the FBG 
cable and therefore displaces less during the upward pulling of 
the mesh. It is worth noting that all other gauges remained 
unaffected (data not shown).  
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Figure 7. Real-time strain responses at A5 during field 

demonstration: (a) FBG; (b) DFOS. 

4.3 Estimated displacement 

To compare the mesh displacement with the measurements, 
the strain was converted to displacement by simply assuming 
that the mesh formed a triangle over the entire gauge length 
after lifting. Figure 8 plots both the loading and unloading 
datasets of the calculated displacement from FBG A5, and it 
shows a good correlation with the tirfor displacement 
measurements. A similar correlation is also obtained with the 
DFOS measurements (data not shown).  
    Further insights on cable elongation and behaviour at the 
gauge length scale can be obtained with the DFOS data. 
Figure 9(a) shows the 80 measurements of strain change 
obtained at every 0.10m (averaged over the spatial resolution 
of 1m) with the DFOS system during loading-unloading the 
mesh with Tirfor winch. This clearly shows a 20m gauge 
length between the two clamping positions. Although the 
strain is not perfectly uniform and affected by the cable being 
loosely attached to the mesh with cable ties at regular 
intervals between the clamps, it is clear that the cable is 
strained over the entire gauge length.  

 

Figure 8. Relationship between calculated displacement and 
controlled displacement. 

Figure 9(b) gives the evolution of cable elongation by 
integrating the distributed strain along the cable from the two 
clamping locations, yielding up to 6mm elongation in total at 
the peak strain. Such distribution of cable elongation also 
confirms the mode of engagement between the strain sensing 
cables and rockfall mesh, slightly restricted by the cable ties 
in between.   
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Figure 9. DFOS measurements during the abovementioned 

field demonstration at position A5: (a) distributed strain 
change; (b) integrated cable elongation. 

5 FURTHER RESULTS AND OBSERVATIONS 

5.1 FBG and DFOS comparison 

As expected, measurements from FBG are consistent with 
those from DFOS. Figure 10 presents a direct comparison of 6 
consecutive days of time history data between DFOS and 
FBG from two different positions, B1 and A5. Both 
measurements were baselined at the very beginning of these 
plots but without any further process (e.g. temperature 
compensation). The weather conditions for the studied 6-day 
period range from drizzle to light rain and partialy sunny. It is 
clear from both subplots that measurements from FBG and 
DFOS are in agreement, including in their responses to light 
rain (around 4 pm on 9th February 2019) and partialy sunny 
conditions. This is not affected the difference in strain 
resolution (e.g. ±1μɛ for FBG and ± 10μɛ for DFOS) but some 
of the discrepency may be explained by the difference in 
temperature sensitivity of the two methods. 

(a)

(b)

Drizzle Partly 
sunny

Light 
rain

Partly 
sunny

Partly 
sunny

Partly 
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Partly 
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Partly 
sunny

Drizzle

 
Figure 10. Comparison of 6-day time history data between 

DFOS and FBG from two different positions: (a) B1; (b) A5 
(as indicated in Figure 2). 

5.2 Effect of weather condition 

Figure 11(a) compares the temperature measurement from 
FBG A6 and B6, as well as the ambient air temperature data 
recorded at two different nearby meteorological stations. The 
nearest is Charlwood weather station, 11.4 miles away and 
67m AOD, which data are available through the Met Office 
shared CEDA Archive [11]. In general, the FBG datasets 
captured similar temperature variations as those from the 
weather stations. However, during nighttime, the FBG 
temperature data was about 2-4 degrees lower than the ones 
recorded by the weather stations. This may be due to the 
lower elevation at Hooley Cutting and exposure to wind. The 
exposure to sunshine had a clear effect on the FBG 
measurements as shown in Figure 11(a). Such changes could 
be up to 20 degrees, depending on the local solar radiation and 
duration. Conversely, rainfall led to a sharp drop in 
temperature (Figure 11(a)). For the same time period, Figure 
11(b) shows the discrepancy in rainfall data from various 
nearby weather stations and a rain gauge installed on the roof 
of the site office. This shows that to achieve accurate 
temperature compensation for strain measurements in the 
outdoor environment, the influence of local environmental 
exposure should be taken into account. Nevertheless, air 
temperature measurements, which are readily 
available/measurable, may provide a cost-effective way to 
compensate for the bulk of temperature effects when accurate 
strain measurement is not required. 
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Figure 11. Example datasets from FBG temperature sensors 
and nearby weather stations (28th - 29th January 2019): (a) 

temperature variations; (b) rainfall. 

5.3   Seasonal variations 

To eliminate the impact of solar radiation, FBG measurements 
taken at midnight are used to examine the long-term 
behaviour of the instrumented slope section. These strain 
datasets were compensated with the temperature variations 
obtained with the two FBG temperature sensors. Figure 12 is a 
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snap shot of the strain distribution on the instrumented slope 
(estimated with a Modified Akima cubic Hermite 
interpolation) at three different times across three seasons. It 
shows that the slope experienced more strain change in the 
winter periods (Figure 12(a) and 12(c)) than in summer 
(Figure 12(b)). This seesm to councide with the larger amount 
of rainfall observed in the winter (up to 35mm daily rainfall 
recorded, data not shown here). Also, the strain changes 
seemd to concentrate on the top half of the slope, where the 
geology changed to dry valley gravel and weathered chalk. 
This monitoring datasets provide rich insights into the 
seasonal behaviour of the instrumented slope section and such 
strain signal characteristics could contribute to the 
effectiveness of this type of early warning fibre optic system 
for rockfall/landslides detection. 

(a)

(b)

(c)

 

Figure 12. Seasonal variations of strain distribution on the 
instrumented section at Hooley Cutting (strain baselined on 

30th June 2019): (a) 21st January 2020; (b) 28th June 2020; (c) 
24th January 2021.     

6 CONCLUSIONS 

This paper presents data from the monitoring of a historic 
railway cutting over an 18-month period using FBG and 
DFOS technologies. This work demonstrates the potential for 
the use of optical fibres for slope movement detection, 
increasing the options available for monitoring earthworks 
and allowing timely detection of failures. These sensor 
systems could replace regular inspections, so engineers would 
only be required to investigate locations the system has alerted 
them to, thus saving time and reducing risks to workers. The 
system could also contribute to operational rail safety if it was 

to be incorporated into an early warning system. This would 
allow for quicker implementation of reactive measures, such 
as alerting train drivers to the possibility of debris on the 
tracks, reducing the risk of train strikes or derailments.  
    Processing real-time digital data off-site, alongside machine 
learning and artificial intelligence, could help in the 
recognition of data patterns and identify trends that are known 
to lead to worsening conditions. By sensing railway 
infrastructures such as earthworks and embankments, assets 
become smart, enabling information about their current state 
to be shared with the asset owners, thus becoming part of an 
‘Internet of Infrastructure’. This has the potential to transform 
practice, as did the Internet of Things, by making inanimate 
objects interact with a knowledge system.     
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ABSTRACT: Our team is developing FiBridge, a fiber-optic (FO) smart monitoring system for bridges and critical infrastructure 

to enable predictive maintenance using the industrial internet of things. The system uses FO sensors attached to bridge structures 

to accurately measure and monitor parameters indicative of bridge state online, such as structural strain, thermal response, bending 

moments, shear/impact loads, and corrosion through the internet of things (IoT). FiBridge leverages PARC’s high-resolution, 

compact wavelength-shift detection technology and intelligent algorithms to enable effective real-time monitoring, performance 

management, better reliability, improved safety, and optimized bridge design. Here we present an overview of the project, enabling 

technologies and architecture for the end-to-end monitoring system, and summarize key results on vehicle load and structural 

response features detectable, bridge state estimation algorithm development, optical readout development, and validation test 

results. The promising results from a pilot demonstration on a key operational bridge in Victoria, Australia monitored with the 

FiBridge system with validation by independent assessments are presented. Methods to extract structural responses and key loads 

of interest from the distributed FO sensors are discussed, factoring in the spatial positions of the sensing points to estimate 

deformation curvature and vertical deflection. The capability of FiBridge to reliably perform load rating and fatigue assessment 

calculations per Australian bridge standards is discussed. The FiBridge system’s field-deploy-ability and robustness for effective 

long-term remote monitoring of bridges is reviewed. The technology has shown potential for savings in bridge inspections and 

engineering assessments, design feedback for stakeholders, as well as other applications such as weigh-in-motion and super-load 

monitoring/planning. Finally, the business case for FiBridge to enable scalable and cost-effective asset management is examined.  

KEY WORDS:  fiber optic sensor, bridges, load rating, predictive maintenance, IoT analytics, structural health monitoring. 

1 INTRODUCTION 

As demands on structural assets increase and financial 

resources decrease, there is a need to do more with less. 

Population growth increases in road and rail use, and expanding 

transport networks are all factors driving the need for more 

maintenance and repairs and accommodation of increased 

utilisation in a safe and controlled matter. Within the state of 

Victoria, Australia, there are 1000s of bridges and 

transportation structures. There are various methods for 

maintaining these assets. Most use in-person inspections done 

at predefined intervals, based on the risk profile.  

While this method of inspection and maintenance is reliable, 

there are variables and potential risks negatively effecting 

bridge portfolio management, including meeting safety and 

security requirements while maximizing the lifetime of the 

asset. Some examples include availability of skilled inspectors, 

potential for human error in the performance and analysis of 

inspections, potential for invisible structural defects to go 

undetected and unexpectedly worsen between inspections, and 

unreported traffic incidents that impact structural integrity. 

The risk of catastrophic bridge collapse also cannot be ruled 

out with conventional inspection practices, as seen in some 

aging bridge structures in other developed nations. Indeed, 

bridge integrity is increasingly a worldwide issue and concern 

– most of the infrastructure build during the boom of 60’s & 

70’s in developed nations is now rapidly ageing and 

deteriorating. In the USA, there are over 600,000 bridges; of 

these, almost 50,000 (8%) are structurally deficient, with the 

average age of deficient bridges being 62 years. Thus, a clear 

global need for scalable, cost-effective, real-time structural 

health monitoring for predictive maintenance and long term 

planning is emerging. 

One potential solution is our team’s fiber optic sensing 

solution, FiBridge (Figure 1). Using quantifiable, real-world 

data collected from transportation structures can enable 

efficiencies in how monitoring and maintenance of existing 

bridges and assets can be performed. It can also inform how the 

design of future assets can be optimised to reduce over-

engineering that results in higher construction costs and on-

going maintenance costs. 

FiBridge can create opportunities to further reduce the 

residual risk to bridge users that exists as a result of current 

inspection methodologies. FiBridge can create opportunities to 

further reduce the residual risk to bridge users that exists as a 

result of current inspection methodologies. Even though the 

risk is low based on a low likelihood of severe adverse events, 

deployment of FiBridge has the potential to reduce even further 

the occurrence of undesirable outcomes. Earlier over Phase 1, 

the proof-of-concept was successfully demonstrated at 

VicDoT’s Banksia street bridge [1]. That led to this Phase 2 

follow-on project where the team proceeded to pilot trial 

FiBridge on three additional road, rail, and tram bridges in 

Victoria, as summarized in this paper. 

Anticipated benefits of this solution include addressing risk 

and supporting asset management, as well as the potential to 

FiBridge: Field-deployable fiber-optic sensing and advanced analytics for structural 

monitoring and continuous bridge load rating assessments through the IoT 
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produce cost-savings by understanding the condition of the 

asset, currently undertaken by visual inspection without the 

need for access to the structure. The algorithms to assess bridge 

condition can determine issues and recommend required 

maintenance, enabling more frequent updates of condition 

information.  

Alerts for events of interest for bridge health can be 

systematized and trends in asset deterioration can enable better 

planning of maintenance and renewals. Finally, the life of 

bridges that are underutilized can be safely extended due to 

unused capacity and maintenance scheduling can be optimized. 

 

Figure 1. Vision of FiBridge low-cost sensing and analytics 

solution for reliable bridge monitoring and management to 

enable cost-effective predictive asset maintenance. 

2 FIBER-OPTIC SENSING AND PARC’S READOUT 

 Overview of fiber-optic (FO) sensing 

FO sensors have been explored considerably for downhole 

sensing in oil and gas production and in some studies for 

structural health monitoring [3]. FO sensors offer many 

advantages over their electrical counterparts. They are thin 

(100-200 μm diameter), lightweight, sensitive, robust to harsh 

environments, and immune to electromagnetic interference and 

electrostatic discharge. 

FO sensors can simultaneously measure multiple parameters 

with high sensitivity in multiplexed configurations over very 

long FO cables. Parameters include strain, temperature, 

pressure, current, voltage, and chemical composition. FO 

sensors have demonstrated robustness to various harsh 

environments [4], including long-term (5+ years) exposure to 

oil-soak environments, as shown for downhole sensing  [5]. 

The most common FO material is silica, which is corrosion 

resistant, can withstand 1 GPa tension for 5+ years [5], 

withstand −200oC to 800oC [6], and has a dielectric breakdown 

strength of > 470 kV/mm [7]. 

A number of optical sensor concepts rely on the detection of 

small wavelength changes in response to stimuli of interest. The 

most prominent example is the fiber Bragg grating (FBG) sensor. 

As illustrated in the upper-left quadrant of Figure 1, an FBG is 

formed by a periodic modulation of the refractive index along a 

finite length (typically a few mm) of the core of an optical fiber. 

This pattern reflects a wavelength, called the Bragg wavelength, 

determined by the periodicity of the refractive index profile. An 

external stimulus (e.g., temperature or strain) can change the 

periodicity of the grating and the index of refraction of the fiber, 

and thereby alter the reflected wavelength.  

FBG-based FO sensing allow for incorporation of multiple 

sensing elements on a single fiber optic cable through 

multiplexing [6]. FO sensors can be used to monitor a number of 

distinct parameters. FBG sensors in particular are inherently 

sensitive to strain, stress, fluid pressure, vibration, acceleration, 

and temperature. With suitable coatings and special 

configurations, FBGs and other FO sensors can also be useful for 

monitoring chemical environment and corrosion. All of these 

properties make them very appealing for structural health 

monitoring.  

Preliminary studies have also shown promising results for 

long-term stability of FO sensors in harsh environments [8]. 

However, the high cost, size, and weight of the optical readouts 

to interpret the optical signals have been a major barrier to 

commercial adoption of embedded FO sensors for bridges and 

other distributed asset/structural monitoring applications. 

 PARC’s FO readout 

PARC’s optical sensing system/readout [9] can be a key enabler 

in this regard, and is the focus of study for its application to 

bridges in this project. This system employs a time- and 

wavelength-multiplexed readout of wavelength-encoded FO 

sensors, useful for low-cost distributed sensing and high-

resolution monitoring in critical applications such as large-area 

structural monitoring.   

By taking advantage of the unused photodetector bandwidth 

in a wavelength-multiplexed FBG sensing system based on a 

wavelength demultiplexer such as an arrayed waveguide 

grating, it can time-multiplex the wavelength shift detection of 

100s of FBG sensors. Our initial implementation (Figure 2), is 

capable of monitoring over 100 sensors at a simultaneous 

readout rate of 100 Hz with sensor crosstalk below 100 fm at 

100 Hz sampling rate. Its wavelength noise is 11.5 fm Hz-1/2 

over 10 Hz to 50 Hz, which represents a >8x improvement over 

the noise performance of commercial off-the-shelf readouts. 
 

 
 

Figure 2. (a) Schematic and (b) prototype of PARC’s 

multiplexed wavelength shift detector.  Electronic components 

are highlighted in gray within the schematic (a) to distinguish 

from optical components. 

3 PILOT TRIAL  

Over Phase 1 of the engagement, the proof-of-concept of 

FiBridge was successfully demonstrated at VicRoads’ Banksia 

street bridge (Eastbound section) located near Heidelberg in 

Victoria, Australia [1]. The concept of influence line method 

was used to estimate the overall load carried by the bridge 

structure under multiple moving vehicle loads. Key structural 

parameters and loads of interest can be extracted by suitable 

design and placement of the sensor arrays in conjunction with 

reduced order structural models [2].That led to this Phase 2 

follow-on project where the team proceeded to pilot trial 
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FiBridge on additional road, rail, and tram bridges in the state 

of Victoria. 

Amongst these bridges was the Tamboritha road at 

Wellington river bridge. This bridge and parameters/regions of 

interest for monitoring at this site are shown in Figure 3. 3 

sensing fibers with 25 wavelength-multiplexed fiber Bragg 

gratings were installed in each of the 3 sections for a total 225 

multiplexed FO sensors, as shown in  Figure 4. Due to the 

unavailability of power, a solar panel and a battery bank was 

installed at this site to power our optical readout and edge 

device, as shown in Figure 5. The system was monitored over 

a 3-month period. 

Strains were measured on the Tamboritha road bridge while 

a Pajero Sport SUV weighing approximately 2 tons was driven 

over the bridge. Figure 6 shows some examples of loads 

extracted from these strains at various points on the bridge. In 

addition to strains collected at sensing points on all sections of 

the bridge under the SUV load, the bottom girders of Section 3 

were monitored while several vehicles were driven over the 

bridge, including the Pajero Sport SUV, a work van weighing 

slightly more than the SUV, and an underside boom lift truck 

weighing 5.8 tons.  The deflection extracted from these strains 

is shown in Figure 7. The relative magnitudes of the strains are 

seen to match with the relative weights of the vehicles. 

 

 

 

Figure 3. Regions of interest for FO sensing at Tamboritha road 

bridge. Areas of sensing parameters and access constraints are 

highlighted. 

 

 

 

Figure 4. Overview of Tamboritha bridge monitoring scope 

and, along with an example FO sensing configuration in a 

single section for the lower girder. 

  

Figure 5. Photo of Tamboritha bridge site, cabinet for 

monitoring system and batteries, and solar panel bank 

powering the cabinet and batteries. 

 

 

 

 
Figure 6. Examples of loads extracted at the midspan of section 

3 of the Tamboritha bridge, as a 2-tonne Pajero sport SUV was 

driven over the bridge. 
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Figure 7. Midspan deflection on Section 3 while various 

vehicles are driven over the bridge. The first peak corresponds 

to a loaded van. The second (and largest) peak corresponds to 

a 5.8-ton underside boom lift work truck.  The last set of peaks 

corresponds to a 2-ton Pajero SUV. 

4 BRIDGE LOAD AND FATIGUE RATING  

 Load rating per Australian bridge standards 

The data from the fiber optic strain sensors on Tamboritha 

bridge were used to estimate a load rating as described in AS 

5100.7 [10], the bridge assessment section of the Australian 

bridge design standard. Our results can be compared to a bridge 

assessment conducted by Streeter Civil Engineering Services 

Pty Ltd that concluded in August 2018.  As a component of the 

assessment, a load rating was computed by Chris O’Brien & 

Company Pty Ltd (COB) by computer modeling of the bridge 

using steel/composite bridge software. 

We used the Pajero SUV pass data with its known 2-ton 

weight as a control/test vehicle with known speed and location 

(the vehicle drove across the bridge at a uniform speed). For 

the load ratings, we need to predict the bridge’s response to 

loads with different locations and magnitudes.  To do this, we 

use the principle of superposition to estimate the response to 

the design loads specified in AS5100.2 [11]. The principle of 

superposition states that for a linear elastic structure whose 

strain  (L) is a function of the loads applied to it, the response 

to a linear combination of loads is a linear combination of the 

responses to individual loads,  

𝜀(𝛼𝐿1 + 𝛽𝐿2) = 𝛼𝜀(𝐿1) + 𝛽𝜀(𝐿2) (1) 

If the design loads in the bridge assessment standard can be 

expressed as a sum of the weight of the (scaled) test vehicle in 

various locations, this principle enables the computation of the 

resulting strain field. 

A uniform load is approximately represented by many point 

loads spread across the structure, all with the same magnitude.  

We can therefore represent a uniform load as a sum of the load 

from the test vehicle in many locations along the bridge span, 

which is then scaled down to a 1N/m distributed load. This idea 

is illustrated in Figure 8. 

 
Figure 8. A uniform load can be represented as a sum of the test 

vehicle loads in many locations, that is then scaled down to 1 

N/m total weight. 

 

The M1600 load specified in AS5100.2 is composed of a 

uniform load and a set of triaxle groups, as seen in Figure 9 (of 

the loads in AS5100.2, this load is found to be critical by COB, 

so this is the only design load discussed here).  A Pajero Sport 

SUV has an axle-to-axle length of 2.8m, while the distance 

from the center of the first axle to the center of the back axle of 

the M1600 triaxle group is 2.5m.  So an M1600 triaxle group 

is approximated by scaling up the load from the SUV in the 

same location, 

𝜀𝑡𝑟𝑖𝑎𝑥𝑙𝑒
𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛 𝑖 =

𝐿𝑡𝑟𝑖𝑎𝑥𝑙𝑒

𝐿𝑆𝑈𝑉

. 𝜀𝑆𝑈𝑉
𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛 𝑖 (2) 

where 𝐿𝑗 is the weight of load  j. 

 

Figure 9. The M1600 load consists of a uniform distributed 

load and 4 triaxle groups. 

These two component loads comprise the total loads defined 

in AS5100.2 that are found to be critical by COB.  Note that 

the uniform load can be used to approximate the dead load from 

the weight of the concrete deck and steel girders.  The response 

to the bridge’s self-weight is not measured by the fiber optic 

sensors because the bridge was already straining under its own 

weight when they were installed, but the pre-existing dead load 

strain response can be backed out using this data-driven 

estimate of the bridge’s response to uniform distributed loads. 

The load rating factor for a bridge with a single governing 

load effect is given by: 

𝑅𝐹

=
𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒 𝑏𝑟𝑖𝑑𝑔𝑒 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑓𝑜𝑟 𝑡𝑟𝑎𝑓𝑓𝑖𝑐 𝑙𝑜𝑎𝑑𝑠

𝑇𝑟𝑎𝑓𝑓𝑖𝑐 𝑙𝑜𝑎𝑑 𝑒𝑓𝑓𝑒𝑐𝑡𝑠 𝑜𝑓 𝑟𝑎𝑡𝑖𝑛𝑔 𝑣𝑒ℎ𝑖𝑐𝑙𝑒 

=
𝜙𝑅𝑢 − (𝛾𝑔𝑆𝑔

∗ + 𝛾𝑔𝑠𝑆𝑔𝑠
∗ + 𝑆𝑠

∗ + 𝑆𝑝
∗ + 𝑆𝑡

∗)

𝛾0(1 + 𝛼)𝑊𝑆0
∗  

(3) 

Where 𝜙 is a capacity reduction factor, 𝑅𝑢 is the capacity of 

the governing material (e.g. steel yield strain), 𝑆𝑔
∗ is the load 

effect from dead loads, 𝑆𝑔𝑠
∗  is the load effect from superimposed 

dead loads, 𝑆𝑠
∗ is the load effect from 

shrinkage/creep/settlement/etc., 𝑆𝑝
∗ is the load effect from 

prestraining, 𝑆𝑡
∗ is the load effect from thermal effects, 𝛼 is the 

dynamic load allowance, 𝑊 is equal to 1 for single-lane road 

bridges, 𝑆0
∗ is the load effect from the traffic load, and 𝛾𝑗 is the 

load factor for effect 𝑗.  

For this analysis, superimposed dead loads, prestraining 

loads, and thermal loads are ignored for simplicity, though in 

principle they could be included in an analysis like this.  

Thermal, prestrain, shrinkage, and superimposed dead loads are 

not included in this analysis for simplicity, but could be added 

in principle if estimates of these values are known. 

Then to compute the load rating for the bridge, assuming the 

bridge fails by tensile yielding of the section 1 girders, as found 

by COB.  Using the geometry of the bridge, density values from 

AS5100, and an estimate of the strain response to a uniformly 

distributed dead load as described above, we estimate the 
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maximum strain from the factored dead loads on the bridge to 

be 357.5 . Using a yield strain of 1150  (as in COB for 

steel with a 200 GPa Young’s modulus) and a capacity 

reduction factor of 0.9 per AS5100.6 [12], the available 

capacity of the bridge for traffic loads after subtracting the 

capacity consumed by dead loads is 677.5 . 
Considering all possible locations of the M1600 triaxle 

groups along the section, the worst location produces a 

maximum strain of 1143  (including all relevant 

load/amplification factors).  The response along the section 

span to the dead load and M1600 traffic load are seen in Figure 

10. The point on the bridge with the worst ratio of available 

capacity to traffic load strain has a rating factor of 59.3%.  The 

COB analysis conducted in August 2018 found a load rating of 

57%. 

 

 

Figure 10. Strain response on girders from dead load (left), 

M1600 load (center), and 70t float trailer load as described in 

COB (right). 

These values are similar in magnitude, and both find the 

bridge unable to bear the M1600 load.  COB notes that the 

M1600 load is likely too large compared to the real loads seen 

by the bridge and is overconservative.  Therefore, they also 

consider a custom-specified 70-ton quad-axle float trailer as a 

more relevant load case.  We represent this load as a 

superposition of our test vehicle loads as shown in Figure 11.  

The strain response of the section to this load is shown in Figure 

10.  The peak strain response to this load in the worst possible 

location is 570  and the resulting load factor is 119%.  COB 

finds a load factor of 112%.  Again, our analysis closely 

matches theirs, and agrees with their conclusion that 

Tamboritha bridge should be able to support a 70-ton trailer of 

this type. 

 

Figure 11. A quad-axle float trailer as considered by COB, 

approximately represented by two scaled test vehicle loads in 

the illustrated positions. 

The data-driven superposition-based analysis presented here 

requires only strain data directly from the bridge, and the 

assumption of linearity of the structure, which should generally 

be true for structures designed not to yield.  We do not need to 

make any further modeling assumptions, such as the geometric 

and material modeling assumptions needed in an analysis such 

as the COB analysis.  Analysts who need to make modeling 

decisions generally make conservative assumptions, which 

could explain why our load ratings are slightly higher than 

theirs for this bridge. 

 Fatigue rating per Australian bridge standards 

We now demonstrate how the FiBridge data can be used to 

approximately perform the simplest fatigue assessment 

allowed in AS5100, which uses a single magnitude of load 

applied for a given number of cycles.  However, AS5100 

allows for a more detailed fatigue assessment that takes into 

account the spectrum of the varying loads actually seen by the 

bridge.  The FiBridge data is also well suited to this more 

detailed analysis, and this type of analysis is considered 

separately. 

AS5100.2 defines a default fatigue load for bridges to be the 

triaxle component of the M1600 load (the uniformly distributed 

load component is not included) scaled down to 70%.  A 

superposition-based estimate finds that the largest strain 

resulting from this (factored) load applied in the worst position 

results is 403.5 , corresponding to a stress △ 𝜎𝑚𝑎𝑥 of 80.7 

MPa. AS5100.2 specifies that the bridge needs to survive a 

fatigue cycle count of 

𝑁𝑅 = (𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 ℎ𝑒𝑎𝑣𝑦 𝑣𝑒ℎ𝑖𝑐𝑙𝑒𝑠/𝑑𝑎𝑦) × 2
× 104(𝐿−0.5) × (𝑟𝑜𝑢𝑡𝑒 𝑓𝑎𝑐𝑡𝑜𝑟)
≈ 465,000 

(4) 

assuming 200 heavy vehicles/day, an 18.5m span, and a rural 

roads route factor of 0.5. 

The default fatigue analysis for steel girders in AS5100.6 is 

instructed to be performed after renormalizing stress ranges and 

fatigue strengths to 2 million cycles.  Performing the 

renormalization as described in the standard, the “characteristic 

nominal stress range” at 2 million cycles of the 80.7 MPa stress 

is Δ𝜎𝐸,2 = (1 + 𝛼)𝜆 × Δ𝜎𝑚𝑎𝑥 = 59.6 MPa, where 𝛼 is the 

dynamic allowance of 0.3 and 𝜆 is a “damage equivalent factor” 

computed to be 0.547 as described in AS5100.6-13.9.2.2 

assuming 200 vehicles/day, a 20m span, a rural route, and a 

lifespan of 100 years without regular inspections. 

 

Figure 12. The transverse welded panel shown here is 

considered in this analysis. The diagram on the left is drawn 

from the AS5100.6 table on fatigue strengths of various 

geometric details on steel girders. 

For this example assessment, consider the transverse welded 

panel highlighted in Figure 12.  Table 13.10(A) in AS5100.6 

gives the fatigue strength of this detail at 465,000 cycles to be 

approximately 150 MPa.  Renormalizing this to 2 million 

cycles using formulas from AS5100.6 gives a converted 2 

million cycle fatigue strength of Δ𝜎𝐶 = 92.2 MPa.  For fatigue 

assessment we compute the ratio 
𝛾𝐹𝑓Δ𝜎𝐸,2

𝜙𝑀𝑓ΔσC

= 0.86 ≤ 1 (5) 

using the load and capacity reduction factors 𝛾𝐹𝑓 = 1 and 

𝜙𝑀𝑓 = 0.75. This analysis finds that for this particular detail of 

the girder, for a 70% M1600 triaxle design load, over the 

lifespan of the bridge only 86% of the fatigue capacity will be 

expended.  A complete fatigue assessment would consider 
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additional geometric details and design loads, but this section 

illustrates that FiBridge sensor data can be used to perform the 

simplest fatigue assessment specified in AS5100. 

5 LONGER-TERM BRIDGE MONITORING  

Following the controlled tests done after installation, the 

system was monitored over a month to assess the longer-term 

traffic patterns and other events of interest at Tamboritha road 

bridge. An event extraction algorithm was run over this data to 

extract loading events.  From these loading events various data 

visualization and statistical techniques can shed insight into 

what the bridge is experiencing. 

Figure 13 shows a scatter plot of event magnitude vs event 

time.  Several features of the plot are worth remarking on.  First, 

activity on this bridge tends to increase on the weekend, in 

terms of both number of events as well as event size.  Second,  

not many events exceed about 50  peak midspan strain, but 

the occasional vehicle reaches almost 80 , and a single event 

registers at 120 . 
The distribution of event magnitudes can be examined more 

closely in the histogram in Figure 14.  Lastly, it is worth noting 

that there is not any “decay” in signal strength over time, as we 

might expect to see if bonding issues were developing over 

time and degrading the connection of the signals to the 

structure. 

The strain signals from the 15 largest events are isolated on 

one of the midspan sensors and plotted individually in Figure 

15. We see that the signal quality is very high (very little noise), 

and even individual axles can be made out in the data. 

We can also extract traffic statistics from the loading event 

data. Figure 16 and Figure 17 show histograms of the days of 

the week and times of the day that loading events occurs, 

respectively.  We see that the bridge is most heavily exposed to 

traffic on the weekends, and in the middle of the day. 

 

 

 

Figure 13. A scatter plot showing loading event magnitude vs 

date/time at Tamboritha road bridge. 

 
Figure 14. A histogram of event magnitudes at Tamboritha road 

bridge over July 13-August 9, 2019. 

 
Figure 15. The largest loading events, as strain signals from the 

section 3 midspan at Tamboritha road bridge. 

 

 
Figure 16. Histogram of loading event days of the week at 

Tamboritha road bridge over July 13-August 9, 2019. 

 

 
Figure 17. Histogram of loading event times of day at 

Tamboritha road bridge over July 13-August 9, 2019. 

 

Event duration can also be extracted from the events, which 

can tell us how quickly cars are driving over the bridge. Figure 

18 shows the distribution of event durations, as measured by a 

variant of full-width at half-magnitude (FWHM), a common 

measure of event duration in signal processing. The most 

common event duration is 0.85s, and section 3 has a span length 

of 13 m.  This means the most common speed is about 15.3 m/s, 

or 55 km/h. 

 
Figure 18. Histogram of event duration at Tamboritha road 

bridge over July 13-Aug 9, 2019. 
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6 BUSINESS CASE ANALYSIS 

The bulk volume costs for rollout/deployment of FiBridge 

(across 100s of bridges per year) of the different technology 

components such as FO sensors were estimated based on 

limited publicly available data and vendor discussions. The key 

technology components affecting sensor costs are the FO 

sensors, bonding agents, optical readout, and supporting edge 

device(s) for online processing and remote communications.  

Together, these sensing costs, depending on annual rollout 

volume, for 400 sense points per bridge (which suffices to 

cover the bridges of interest being considered) are estimated to 

be 5-6X more economical than commercially available 

alternatives such as wireless or wired electric strain gauges.  

Traditionally, electric strain gauges have often been used for 

bridge and other structural health monitoring needs. However, 

adoption of strain gauges for this purpose has been limited. 

Among other issues, strain gauges are prone to electro-

magnetic interference, temperature influence and long term 

stability issues. They also need dedicated wiring or wireless 

transmission for each sensing point, which can be quite 

challenging for distributed area monitoring such as in bridges. 

These issues have limited adoption of this option beyond initial 

pilot demonstrations. 

The biggest cost component for FiBridge (or any other sensor 

system for that matter) is associated with the one-time 

installation and setup, which involves some sensor 

array/structural installation design tuning, supporting systems 

for communications and power, the cost of equipment such as 

boom lifts, trained technicians, and traffic management; this 

per-bridge cost is projected to range between AU$16,000 for 

high volume rollout in sub/urban bridges to up to AU$75,000 

for rollout in rural bridges (for which satellite communication 

costs, solar/battery power and geographic factors driving 

labour and equipment costs are key drivers). 

The economic value of the anticipated benefits accruing from 

FiBridge were also estimated. These result from reduced costs 

and downtime from schedule-driven inspections (assuming a 

conservative 2X extension of inspection intervals), avoidance 

of liability costs associated with aging bridge structures, and 

deferred investments from being able to safely extend the life 

of bridges. In total, over its nominal life, the (undiscounted) 

savings would range between AU$209,000 to AU$3,525,000 

per bridge, with the overall economic impact of reduced 

downtime being the key benefit. The economic impact of 

downtime for major urban bridges can cost >AU$100,000/day. 

These savings estimates do not factor in other potential 

benefits such as savings in follow-on engineering investigation 

costs, feedback for design and operations teams for improved 

bridge design, truck-trailer superload event and longer-term 

planning value from having reliable online monitoring into 

asset usage and performance. Our team is exploring further 

rollout and deployment of FiBridge across other bridges and 

critical structures. 

7 SUMMARY AND CONCLUSIONS 

In this paper, data from a pilot trial of our FiBridge sensing 

system at a rural road bridge was presented. A network of 

multiplexed FO sensors were installed, and FO signals were 

captured by FiBridge over an extended period of a few months. 

A host of key structural parameters and loads of interest can be 

extracted by suitable design and placement of the sensor arrays 

in conjunction with reduced order structural models. The use of 

FiBridge for load ratings using a control vehicle was 

demonstrated and validated by an independent engineering 

assessment. Traffic patterns observed at this bridge site over an 

extended period were also summarized. Moreover, the 

FiBridge FO sensing system is field-deployable, scalable and 

robust, which makes it suitable for long-term remote 

monitoring of bridges.  
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ABSTRACT: Distributed fiber optic sensing (DFOS) has proved to be a reliable tool for monitoring the performance of piles. 

However, the complex production process of PHC pipe pile and the harsh offshore environment make it difficult to install sensing 

fiber optic cables effectively on the piles. In this paper, an offshore PHC pipe pile was pre-instrumented with sensing cables and 

was tested with axial strain profiles measured using a high-performance DFOS technology—Brillouin Optical Frequency Domain 

Analysis (BOFDA). Field monitored data proved the effectiveness of the proposed cable installation method. The performance of 

the pile under elevated axial loading was analyzed in detail. This pilot case study may provide a valuable reference for geotechnical 

performance monitoring of PHC pipe piles, especially offshore overlength PHC pipe piles. 

KEY WORDS: PHC pipe pile; Brillouin Optical Frequency Domain Analysis (BOFDA); Distributed fiber optic sensing (DFOS); 

offshore engineering; load transfer. 

1 INTRODUCTION 

Prestressed high-strength concrete (PHC) pipe piles have been 

widely used in offshore engineering because of their unique 

advantages. The deformation and bearing capacity of PHC pipe 

piles are directly related to engineering safety. Therefore, it is 

important to understand the bearing behavior and load-

displacement response of piles [1-3]. 

The instrumented pile load test is the most reliable way to 

evaluate the geotechnical performance of piles [4-7]. However, 

research on field testing of offshore PHC pipe pile is very 

limited due to the difficulty in integrating traditional pointwise 

sensors. First, offshore piles are generally long, which means 

that large number of sensors and signal transmission lines are 

required. Second, resistance sensors and vibrating wire sensors 

struggle to survive the complicated production process and 

harsh operating environment of piles. Last, the corrosivity of 

seawater challenges the durability of electrical or metal sensors. 

Distributed fiber optic (FO) sensing (DFOS) has recently 

become a reliable tool for performance monitoring of piles 

because of its unique advantages such as distributed and long-

distance measurement, high precision, and anti-corrosion [8-

18]. For PHC pipe piles, FO sensors are usually installed in the 

grooves on the surface of piles [15-18], which are easily 

damaged in hard strata. In addition, this installation method is 

time-consuming and affects potentially the integrity of piles. 

Therefore, an efficient FO sensor installation method is 

urgently needed while ensuring the survival rate of sensors. 

In this paper, the authors demonstrate for the first the 

utilization of DFOS for performance monitoring of an offshore 

PHC pipe pile. First, the principle of monitoring the pile stress 

and force based on Brillouin Optical Frequency Domain 

Analysis (BOFDA) is introduced. Then, site conditions and test 

procedures are described, along with a specially designed FO 

strain sensing cable and a pre-installation method of the cable. 

Finally, the monitored results are presented, interpreted, and 

discussed. 

2 MONITORING PRINCIPLE OF BOFDA 

Figure 1 shows the sensing principle of BOFDA. A pump light 

and a probe light are injected into both ends of the sensing fiber, 

and when the two light waves meet, they will interact and excite 

acoustic wave. Acoustic wave acts as a medium to transfer 

energy from the pump light to the probe light. When the 

frequency difference ∆𝑓 between the pump light and the probe 

light is equal to the fiber’s local Brillouin frequency shift, the 

energy transmitted is the largest. A scan over ∆𝑓 can search for 

the Brillouin frequency shift at every point of the fiber. Based 

on the linear relationship between the central frequency shift of 

the Brillouin backscattered light and the temperature or strain 

change of the optical fiber (Eq. (1)), the strain or temperature 

distribution along the fiber can be obtained [19-21]: 

 

Figure 1. Basic principle of BOFDA. 

𝜗𝐵(𝜀, 𝑇) = 𝜗𝐵(𝜀0, 𝑇0) + 𝐶1(𝜀 − 𝜀0) + 𝐶2(𝑇 − 𝑇0)      (1) 

where 𝜗𝐵(𝜀0, 𝑇0)  denotes the initial central Brillouin 

frequency; 𝜀  and 𝜀0  denote the changed strain and the initial 

strain, respectively; 𝑇 and 𝑇0  denote temperatures before and 
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after straining or thermal change, respectively; 𝐶1 denotes the 

strain coefficient (= 0.05 MHz/με); and 𝐶2  denotes the 

temperature coefficient  (= 1.2 MHz/°C). 

In this paper, an fTB-2505 BOFDA interrogator (fibrisTerre 

System GmbH, Berlin, Germany) was used. This interrogator 

can achieve ±2 με strain accuracy and 20 cm spatial resolution, 

which satisfies the requirement for pile testing. 

3 OFFSHORE INSTRUMETED PILE TEST 

A dock project was proposed to be built in a bay on the east 

island of Zhanjiang, Guangdong Province, China. A group of 

PHC pipe piles were used as the foundation piles. To verify the 

rationality of the foundation pile design, a test pile was selected 

for instrumented load testing. 

 Test pile and soil stratigraphy 

Table 1 shows the main parameters of the test pile. It had a 

length of 52 m and a diameter of 1.2 m. The wall thickness was 

13 cm and the concrete number was C80. Figure 2 is a plan 

view of the pile and the soil stratigraphy. The test pile was 

driven to 29.5 m beneath the seabed and the local soil 

stratigraphy (Figure 2) consists of (4)Clay, (5)Sand (Medium-

Coarse-Gravel sand), (5)1Clay with sand, (5)Sand (Medium-

Coarse-Gravel sand), (6)Clay, and (7)Sand (Medium-Coarse-

Gravel sand). The results of a standard penetration test (SPT) 

are also shown in Figure 2; the red points represent the test 

locations. 

Table 1. Main parameters of test pile. 

Concrete 

grade 
Total 

length (m) 
Outer 

radius (m) 
Wall 

thickness 

(m) 

Young’s 

modulus 

(GPa) 
C80 52 0.6 0.13 53 

 

 

Figure 2. Plan view of test pile and soil stratigraphy. 

 FO cable and pre-instrumentation 

Due to the high-speed centrifugation and high-pressure steam 

curing processes during production of PHC pipe piles, 

unreinforced FO cables cannot withstand such a pile-making 

environment. In this study, a steel strand-reinforced strain 

sensing FO cable was used. The structure diagram of the cable 

is shown in Figure 3. This cable has high strength and good 

coupling capability with reinforced concretes and has been 

applied successfully in a host of geoengineering monitoring 

campaigns [22-27]. 

 

Figure 3. Structure of steel strand-reinforced strain sensing FO 

cable. 

The authors proposed to install FO cables directly into a PHC 

pipe pile during production. The pre-installation process is 

shown in Figure 4 and is detailed with the example of the test 

pile. Four evenly spaced main rebars of the steel cage were 

selected for the layout of the cables (Figure 4(a)). The cables 

were pre-tensioned to ~500 με and were fixed on the rebars 

with steel wires. The cables were protected by flexible PVC 

pipes at the pile tip to avoid possible damage during piling 

(Figure 4(b)). For two symmetrical rebars, the cable ran from 

one side to the other side through the pile tip, thus forming a U-

shaped loop. The redundant FO cables on the top of the pile 

were reserved as leads, which were protected by PVC pipes and 

fixed to the outside of the mould with steel wires (Figure 4(c)) 

to prevent potential damage during pile production, 

transportation, and driving. Finally, the FO-instrumented cage 

was put into the mould to form the test pile. 

 

(a) Layout of cables. 

 

(b) Protection of cable at pile tip. 
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(c) Protection of cable leads. 

Figure 4. Instrumentation of FO cables. 

The pre-installation method of FO cables for PHC pipe piles 

is simple and free from the site and environment limitations. It 

can ensure the survival rate of cables without affecting the pile 

integrity. 

 Test setup and procedure 

Figure 5 shows the test site and setup. The anchored pile 

reaction method was used in the field test. The test apparatus 

mainly consisted of anchored piles, reaction beams, base beam, 

and hydraulic jacks. The hydraulic jacks exerted loads on the 

pile top through the reaction force provided by reaction beams 

and four anchored piles. The settlement of the pile top was 

obtained by using dial gauges. The static load testing plan 

referred to the Chinese Code for Pile Foundation of Harbor 

Engineering (JTS167-4—2012) [28]. The load applied was 

from an initial value of 1,480 kN to a maximum of 7,400 kN 

with an increment of 740 kN; each loading stage was 

maintained for two hours. 

 

(a) 

 

(b) 

Figure 5. Test site and setup. 

4 RESULTS AND ANALYSES 

Strain measurements of the four FO cables were averaged to 

alleviate the influence of eccentric loading [18]. The obtained 

distribution of pile strain was further used for the analysis of 

pile stress. The pile strain distribution can be divided into three 

sections (Figure 6). The strain in the soil (beneath the seafloor) 

decreased gradually with the depth because of the shaft friction; 

a change in the strain gradient indicated the boundary of two 

soil strata. As expected, the strain was quite uniformly 

distributed in the seawater. For that above the seawater, a 

section of the cable at the top of the pile detached from the pile 

during the pile production process, so the obtained strains were 

significantly small. 

 

Figure 6. Strain distribution along PHC pipe pile. 

The Young’s modulus of the pile E was 53 GPa and the cross-

sectional area A was 0.44 m2. Referring to [11, 13, 15, 28], the 

curves of axial force and shaft friction (average value of each 

soil layer) under each load were obtained (Figure 7) and the 

shaft friction and tip resistance developed with pile-soil relative 

displacement were calculated (Figure 8). 

 

Figure 7. Curves of axial force (left) and shaft friction (right). 
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Figure 8. Relationship between resistance and displacement 

(calculated with the Degradation and Hardening Hyperbolic 

Model [13,15]). 

Figures 7 and 8 indicate that the top load applied was shared 

by both the shaft friction and tip resistance. However, the shaft 

friction bore most of the top load while the tip resistance bore 

only <10% of the top load under the maximum load. According 

to this, the test pile was defined as an end-bearing friction pile. 

The tip resistance increased linearly with the increase of the 

relative displacement, but it was far smaller than the limit value 

given by geotechnical investigation report (8,000 kPa). This 

means that the soil layer around the pile tip was still within the 

ultimate strength and had spare bearing capacity. 

Although Layer 1 and Layer 2 were both (4)Clay, Layer 1 

had a lower density. Besides, the upper pile body was disturbed 

by horizontal loads such as waves, so the top layer was 

relatively loose, and even a gap was formed between the pile 

and soil. Moreover, the lubrication effect of the seawater 

reduced the shaft friction of Layer 1 (with a peak of ~11 kPa), 

which was much lower than that of Layer 2. Although the shaft 

friction curve of Layer 2 had a greater initial stiffness than that 

of Layer 1, it reached a plateau of ~60 kPa, approaching its limit 

(Figure 8). 

Layer 3 and Layer 5 were both (5)Sand (Medium-Coarse-

Gravel sand) with large shaft friction. Layer 4 ((5)1 Clay with 

sand) in between was a weak interlayer, and its shaft friction 

was significantly lower. Although the composition and origin 

of Layer 3 and Layer 5 were the same, the shaft friction of 

Layer 3 was significantly larger than that of Layer 5. 

Furthermore, the curve of Layer 5 gradually reached a plateau 

of ~90 kPa, but the curve of Layer 3 showed greater initial 

stiffness with no obvious limit observed. According to the 

geotechnical survey, the SPT number of Layer 3 was N = 25, 

significantly larger than that of Layer 5 (N = 17, Figure 2). 

Therefore, the difference in shaft friction between of Layer 3 

and Layer 5 was mainly attributed to the difference in soil 

density. 

The curves of Layer 6 and Layer 7 were close to each other. 

They had lower initial stiffness compared to that of Layer 3, but 

were still increasing almost linearly with the increase of the 

pile-soil relative displacement, which means the shaft frictions 

of Layer 6 and 7 were far from their limits. 

In summary, the mobilization of soil layers showed great 

differences due to the different soil properties (e.g., density), 

and this test pile still had spare bearing capacity. 

CONCLUSIONS 

In this paper, a pilot case study of performance monitoring of 

an offshore PHC pipe pile pre-instrumented with FO cables was 

presented. The main findings of this study are the following: 

• The BOFDA technique can be employed for the 

performance monitoring of offshore PHC pipe piles. Compared 

with traditional pointwise sensors, the BOFDA-based DFOS 

system is able to provide a spatially continuous strain profile 

along the whole length of a PHC pipe pile, allowing an 

elaborate evaluation of pile performance. 

• The steel strand-reinforced strain sensing FO cable 

used in the case study was robust and the pre-installation 

method described was simple and efficient, which can 

overcome the difficulties in the protection and installation of 

FO cables on offshore PHC pipe piles and may be used in future 

pile design in a similar scenario. 

• Field results showed that the internal force distribution 

of the test PHC pipe pile was closely related to the properties 

of the soil around the pile. The shaft friction derived from 

measured FO strain profiles indicated that the design of the pile 

was conservative. 
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ABSTRACT: Concrete structures, such as long-span bridges, dams, nuclear containments, etc., display complex long-term 

behavior due to creep and shrinkage that must be accurately evaluated for safe service. Incorrect assessment of long-term 

rheological effects can reduce serviceability, adversely affect prestressing forces (if any), and require costly retrofitting measures. 

However, even under laboratory conditions, it is difficult to accurately predict long-term rheological effects, and only few decade-

long experiments are available for thorough validation of proposed rheological models. Prediction in real-life structures is an even 

more challenging task due to the spatiotemporal variations in concrete properties, dependence on uncontrolled environment 

condition and load history, and complicated internal strain evolution in indeterminate structures. Numerous aging structures have 

been designed worldwide under codes that underestimate rheological effects, and, as a consequence, excessive deflections have 

been observed in these structures. The state-of-the-art methods employ FEM stochastic analysis and Bayesian approaches to 

reduce uncertainty by incorporating information stemming from laboratory specimen testing and scarce in-situ measurements 

throughout the structure’s life. This requires the definition of a good numerical model, which entails specification of complex 

geometry and appropriate boundary conditions, and simplifying assumptions regarding environmental conditions. Relatively 

recently, data from structures that are equipped with embedded SHM systems since pouring of concrete are becoming available 

and they open doors for novel data for data-driven or hybrid methods for prediction of long-term rheological effects. In this work, 

a hybrid method employing a probabilistic neural network and reduced-order analytical model is proposed, and its performance 

assessed using data collected over multiple years from a pedestrian bridge equipped with strain and temperature fiber optic sensors. 

KEY WORDS: Structural Health Monitoring, Fiber-Optic Sensors, Long-Term Strain Monitoring, Rheological Effects, Creep and 

Shrinkage, Concrete Structures, Data-Driven Analysis, Probabilistic Neural Networks, Reduced Order Modelling. 

1 INTRODUCTION 

Structural health monitoring (SHM) systems can provide 

information regarding the safety and serviceability of structures 

by detecting damage or anomalous structural behavior. In 

general, detection of structural damage is performed by 

confronting observed versus expected data [1]. Expected data 

is usually established, for example, by introducing a physics-

based model of the structure, or by SHM data collected during 

a period in which the structure is known to be undamaged. 

Hence, the expected data must be determined to detect 

anomalies in the structure, that could correspond to structural 

damage and evaluate current condition of the structure. 

However, SHM systems are also subject to malfunction. For 

example, [2] developed a methodology to detect drift in 

temperature sensors embedded in a pedestrian bridge, the 

Streicker Bridge, shown in Fig. 1. The drifts are relatively small 

(circa 1∘C/year) but affect strain measurements in the long 

term, as they are used to compensate for thermal expansion. 

Because such errors evolve slowly, they can be confused with 

expected structural behavior, such as rheological deformation. 

For example, Fig. 2, shows the decaying trend of strain 

measured for a period of four years shortly after prestressing. 

Predicting rheological deformation is a notoriously difficult 

problem due to the stochastic nature of the phenomenon, its 

dependence on loading and environment condition history, 

concrete composition, etc.[3,4] Failure to properly estimate 

rheological deformation has caused excessive deflection in 

bridges worldwide[5], sometimes leading to catastrophic, 

incorrect retrofitting measures[6]. State of the art approaches 

include stochastic FEM[3], lattice discrete particle models[7], 

Bayesian update of prediction using laboratory or SHM 

data[8,9], modeling rheological deformation as a Gamma 

process[10], etc. In the case of temperature sensors, drift may 

be detected by confronting measurements with local weather 

data publicly available [2]. For strain sensors, this is not 

possible and the presence of rheological deformation further 

complicates the detection of slowly-evolving anomaly in the 

SHM data, be it due to sensor or structural damage. Another 

challenge in the detection of anomalies in the SHM data is that 

long-term SHM systems often experience downtimes. This is 

common in real-world time series in many other areas, such as 

in health care applications[11]. For example, notice in Fig. 2 

that there are multiple periods, sometimes lasting over a month, 

in which both strain and temperature data is not available. Also, 

the missing periods are irregular. If the SHM system had a 

perfect uptime, a sudden jump of moderate magnitude (for 

example, due to crack opening) would be easy to detect. But if 

such jump occurs during system downtime it will be hard 

detect, as it can be confused with long-term rheological effects. 

Therefore, accurate prediction of rheological deformation is 

required for the assessment of the structure’s health, as well as 

monitoring system integrity.  

Recently, multiple machine learning (ML) methods have 

been successfully employed towards time-series forecasting. 
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For example, recurrent neural networks (RNNs) have been 

applied to  time-series or sequence prediction [11]. Although 

recent architectures have been devised to handle time series 

with unstructured missing data [11,12,13,14], standard, well-

proven, RNN architectures are designed for complete time-

series, precluding its direct application to long-term SHM data 

due to the missing data issues discussed above. One alternative 

is to apply data reconstruction or missing data imputation 

methods. This approach has been followed using deep 

learning[15], graph-based signal reconstruction [16], 

generative adversarial networks[17], recurrent neural 

networks(RNN)[18], to enable application of standard 

statistical analysis, signal processing, and well-established 

RNN architectures. Those methods are difficult to apply to the 

strain data. One difficulty is that rheological deformation is a 

very long-term memory process. For example, the rheological 

effects due to loads applied in the first month of the structure 

life are manifested for several years later. Another difficulty is 

that the long-term strain measurement also includes variations 

due to daily and seasonal temperature changes. Usually, effort 

is made to remove such environmental and operational loads to 

be able to detect subtle anomalous structural behavior [19]. 

This indicates that it would be difficult, if not impossible, to 

perform forecasting using short-time sensor (e.g. last 24 hours) 

information, and would require the application of the RNN to 

large time series, which can be challenging to both train and 

apply. The aim of this paper is to create the method for 

evaluation and prediction of long-term rheological effects in 

concrete based on hybrid physics-based and data-driven 

approaches, where ML is used as an intermediary step, which 

is followed by a simplified reduced-order physics-based model. 

A modular probabilistic neural network (PNN) is designed to 

decouple the temperature-dependent component of the total 

strain measurements. The remaining strain corresponds to the 

rheological strain and can be used to calibrate the simplified 

model parameters. The probabilistic layers of the network yield 

both a mean and a variance, which can be used to provide 

bounds on the expected strain measurements. To the best of 

authors’ knowledge, this is the first application of PNN towards 

the decoupling of strain measurements and prediction not only 

of rheological strain, but also of total strain. The methodology 

is applied to real-life data acquired from Streicker Bridge (see 

Figs. 1 and 2) over a period of four years using long-gauge 

fiber-optic strain and temperature sensors based on Fiber 

Bragg-Gratings (FBG) principle. 

This article is organized as follows: Section 2 presents the 

neural network architecture, and the approach for integration 

with a physics-based model. Section 3 presents the results, 

including the structure of the dataset used, the training policy, 

and analysis of forecasting on the test data. Section 4 gives the 

concluding remarks and main contributions of the article. 

2 METHODOLOGY 

 Neural network architecture 

Embedded FBG sensors provide strain ϵTot(x, t) and 

temperature T(x, t) measurements at a given time t and point 

x ∈ X, X = {xi|xi ∈ ℝ2, i = 1…N}, along structure. An 

example of strain and temperature data from FBG sensors 

embedded in a Streicker Bridge are shown in Fig 2.  

 

 

Figure 1. View to the Streicker Bridge,  a pedestrian bridge 

instrumented with embedded FBG strain and temperature 

sensors. 

 

Figure 2. Examples of strain (top) and temperature (bottom) 

measurements recorded on Streicker Bridge.  

 The strain measurement at a given position in the structure can 

be expressed using Eq. (1), assuming that there are no unusual 

structural behaviors (e.g., damage) at that position.  

ϵTot(x, t) = ϵM(x, t) + ϵT(x, t) + ϵRheo(x, t), (1) 

where ϵTot is the total strain, ϵM is the mechanical strain, ϵT is 

the thermal strain and ϵRheo is the rheological strain. The 

rheological strain here represents the effective rheological 

behavior due to combined concrete creep and shrinkage. The 

thermal strain is determined by multiplying a thermal 

expansion coefficient αT(x, t) by a change in temperature 

ΔT(x, t) with respect to a reference state, and therefore can be 

written as 

ϵT(x, t) = ϵT(ΔT(x, t)) = αT(x, t)ΔT(x, t). (2) 

Note that thermal expansion will  also cause mechanical strain 

in indeterminate structures [20]. Furthermore, the presence of 

thermal gradients across the cross-section can also generate 

mechanical strain[21], implying that the mechanical strain at a 

given point in the structure may depend on the temperature 

change at other points in the structure. The other main 

contribution to mechanical strain is the applied load, e.g., self-

weight of structure and prestressing force (if any). Then the 

mechanical strain can be written as 
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ϵM(x, t) = ϵM,L(x, t) + ϵM,T(ΔT(x0, t), … , ΔT(xN, t)), (3) 

where 𝜖𝑀,𝐿 is the strain due to loads, and 𝜖𝑀,𝑇 is temperature-

driven(TD) mechanical strain. To simplify presentation in 

further text the expression (ΔT(x0, t), … , ΔT(xN, t)) is denoted 

as ΔT(X, t). The total strain can then be rewritten as 

ϵTot(x, t) = ϵM,L(x, t) + ϵM,T(ΔT(X, t))

+ ϵT(ΔT(x, t)) + ϵRheo(x, t). 
(4) 

The time when load is applied to structure 𝑡′ is used as a 

reference to study the evolution of rheological deformation 

(creep develops only after the stress is applied to structure). 

Assuming that load permanently applied to structure do not 

change significantly over time, the change in strain with respect 

to reference time is given by 

Δϵ(x, t) = ϵTot(x, t) − ϵTot(x, t
′)

= ϵM,T(ΔT(X, t)) + ϵT(ΔT(x, t))

+ ΔϵRheo(x, t), 
(5) 

with the temperature changes ΔT taken with respect to that 

reference time. Equation (5) shows that strain evolution has 

components driven by changes in temperature and a component 

associated with rheological effects. Let ϵTD(x, ΔT(X, t)) =
ϵM,T(ΔT(X, t)) + ϵT(ΔT(x, t)) be the TD strain component. 

Then, 

Δϵ(x, t, ΔT(X, t)) = ϵTD(x, ΔT(X, t)) + ΔϵRheo(x, t). (6) 

Hence, to study the rheological effects, it is necessary first to 

devise a method to decouple the TD and rheological 

components of the total strain measurement provided by the 

FBG sensors. 

 Decoupling temperature-driven and rheological 

components 

One approach would be to introduce a computational or 

analytical model of the bridge to estimate the TD deformations 

given the temperature measurements provided by FBG sensors. 

That would require not only a good model of the structure 

mechanics, but also of heat transfer, which is not trivial to 

achieve given the complex bridge geometry, material 

properties, and boundary conditions. Here, a probabilistic deep 

learning approach is proposed to decouple the total strain 

components. First, the TD component is assumed to be of a 

simpler form and depend only on the local temperature 

variation, that is 

ϵTD = ϵTD(ΔT(x, t)). (7) 

This assumption is justified by the fact that temperature at other 

locations on the bridge follow the same long-term (seasonal) 

trend (daily fluctuations of temperature at other location of the 

bridge can be very different from observed location, but these 

fluctuations happen in short term, so their TD strain does not 

have long-term memory). Then, each of the strain components 

is modeled as independent probabilistic neural network (PNN). 

This renders the modular architecture shown in Fig. 3. The 

thermal module corresponds to the TD strain component and 

the rheological module to the rheological component. 

 

Figure 3. The PNN architecture developed for total strain 

modelling.  

The output of each module is summed, and learning is 

performed using the total strain data provided by the sensor. A 

short-time history (36 hours) of the temperature measurements 

is provided as input for the thermal module, while the current 

time is provided as input for the rheological module. Another 

interpretation is to observe the rheological module as a residual 

module, that captures content in the total strain that is not well 

explained by the temperature information. To achieve 

convergence on the thermal module, the residual module must 

have a limited number of degrees of freedom, otherwise 

overfitting occurs and the residual module becomes, 

essentially, a lookup table for the target output while the 

thermal module output does not correlate well with 

temperature. The output of each module is a mean and variance 

of a normal distribution layer. Those are combined to yield an 

estimate of the total strain ϵ̂Tot . Since the output of the network 

is a probability distribution p(ϵTot|ΔT, t, θ), the parameters θ 

of the network are learned by minimizing the log-likelihood, 

that is by solving the optimization problem 

min
θ

− log(P(ϵ̂Tot = ϵTot|ΔT, t, θ)) . (8) 

During training, the total strain measurements provided by the 

FBG sensors are used for learning. Once training is completed, 

because of the modular architecture, the TD and rheological 

components can be computed separately. Notice that this 

implies that the rheological module can be evaluated for times 

beyond the training range but this is not the application here, as 

the network nor the training setup are devised to forecast. For 

example, RNNs have been successful in general time-series 

forecasting problems and, usually, the training, validation and 

testing datasets will correspond to subsequent time intervals. 

Here, the architecture works as a filter to remove the TD strain 

component of the total strain, so that the rheological component 

can be used to inform a reduced-order physics-based model. 
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Because of that, training and validation data are spaced 

throughout the entire training time interval. The test data, 

however, to be used in conjunction with the reduced-order 

physics-based model, is taken from a subsequent time interval. 

More details on the training setup and parameters are given in 

the results section. 

 

 

Figure 4. Flowchart of the post-training integration between the 

neural network and physics-based model. 

The rheological component obtained from the method outlined 

above can now be used to inform a simplified model of the 

rheological strain. This model will be used to forecast the 

expected rheological deformation. The process is depicted in 

Fig. 4: The output of the rheological module is used to calibrate 

a reduced-order physics-based model. The output of this 

simplified model is summed to the output of the TD module, 

and confronted with the total strain measured at future times, 

effectively providing a hybrid methodology for the forecasting 

of total strain.  

 Rheological strain model 

The rheological strain component, in general, is composed of a 

creep ϵCr and shrinkage ϵSh components 

ϵRheo(t) = ϵCr(t) + ϵSh(t). (9) 

A common function form of the creep strain is[3, 22, 23] 

ϵCr(t) = ϵM,Lψ(t, t
′), (10) 

where ψ(t, t′) is the creep coefficient. Usually, the elastic, 

mechanical strain multiplies the creep coefficient. In this work, 

the effect of prestress losses and the potential presence of 

hysteretic effects due to thermal cycling are not considered. 

Initially, prestress losses were considered using a methodology 

similar to the one presented by [24], but it was found that a 

good parameter fit was possible without this consideration, 

simplifying the model and reducing computational cost. If such 

simplified models are always possible, one alternative 

architecture is to embed the model in the neural network and 

learn its parameters via backpropagation. Although creep is a 

reversible phenomenon, hysteresis may be present due to the 

change in concrete properties and boundary conditions over 

time, and will be the subject of future research. The shrinkage 

strain is often expressed as 

ϵSh(t) = ϵSh
∞ ϕ(t, t0), (11) 

𝑤here ϵSh
∞  is the final value for shrinkage strain, 𝑡0 is the time 

of onset of shrinkage, and ϕ(∙) defines the shrinkage evolution 

form. Various semi-empirical function forms have been 

proposed for ψ(t, t′) and ϕ(t, t0) (e.g. see Appendix E of [3]). 

Here, an exponential decay model motivated by a Kelvin chain 

is used for the creep coefficient 

ψ(t, t′) = α (1 − exp (
t − t′

τCr
)), (12) 

where 𝛼 is a scaling factor and 𝜏𝐶𝑟  is the creep rate of decay. A 

common model for the shrinkage evolution involves the 

tangent hyperbolic function. For example, [3] shows a model 

given by a composition of a square root and a tangent 

hyperbolic function. Here, a simpler model, without the square 

root, is used, given by 

ϕ(t, t0) = tanh (
t − t0
τSh

), (13) 

where 𝜏𝑠ℎ is the shrinkage rate of decay. The reason for this 

choice is that this simpler function provides significantly lower 

fitting error to the data and satisfy similar asymptotic behavior. 

The loading time 𝑡′ and onset of shrinkage 𝑡0 can be obtained 

from the sensor data. The parameters (α, τCr, ϵSh
∞ , τSh) are 

obtained by fitting to the rheological strain outputted by the 

rheological module of the neural network. Since the output is a 

distribution, as a surrogate, three curves are fit, one for the 

mean ϵ̅Rheo , and two for the one standard deviation above and 

below the mean, ϵ̂Rheo and ϵ̌Rheo, respectively. A more robust 

approach would be to implement a Bayesian update of the 

model parameters and will be subject of future work. The errors 

presented in the results section are always computed with 

respect to the means. 

3 RESULTS 

 Dataset 

For this work, data from a single position, shown in Fig. 2, 

collected during a period of 4 years was used to train and test 

the methodology presented in the previous section. Training 

and validation of the PNN is performed using the first two years 

and two months of data collected, with about 10% of the data 

in that period held out for validation. Testing is performed on 

the remaining subsequent data.  

One of the challenges with the use of long-term monitoring 

systems is that they often present disruptions, for example, due 

to sensor damage, power outage, reading unit damage, etc. In 

fact missing data is ubiquitous in real-world time-series[11]. 

For example, the data shown in Fig. 2 presents multiple missing 

data periods. Also, because data is missing during multiple 

periods, temperature information is scarce for certain seasons. 

The data here has one-hour resolution. Although the FBG 

sensors in the structure under study can provide resolution as 

high as 5 minutes, using data at that resolution would 

significantly increase computational cost while providing little 

gain towards long-term forecasting. The temperature time-

series is transformed in multiple 36 hour, partially overlapping, 
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segments. The use of a short-time temperature history is useful 

to account for concrete thermal inertia. An interesting aspect of 

the proposed architecture, however, is that the rheological 

component can be estimated even during periods in which the 

temperature information is not available. The training dataset 

consists of 7171 datapoints, validation dataset consists of 797 

datapoints, and test dataset 9848 datapoints, structured as 

outlined above. The training, validation, and testing datasets 

and their structure are shown in Figs. 5, 6, and 7, respectively. 

 

 

Figure 5. Training dataset contains ~90% of the data from 

2009-11-05 to 2012-01-05. 

 

 

Figure 6. Validation dataset contains ~10% of the data from 

2009-11-05 to 2012-01-05. 

 

 

Figure 7. Testing dataset contains all data from 2012-11-06 to 

2014-01-05. 

 Neural network implementation and training policy 

The proposed PNN is implemented using the Tensorflow[25] 

probabilistic machine learning framework. Only the output 

layers of the NN are probabilistic, that is, most of the model 

parameters are deterministic, although Tensorflow can also 

accommodate models with random variable parameters. The 

thermal module takes as input the last 36 hours of local sensor 

temperature history, and consists of a dense layer of output size 

24, with sigmoid activation, and a dense layer of output size 2. 

The input to the rheological module is the reference timestamp, 

and it is composed of three dense layers of output size 1 with 

sigmoid activation, and a dense layer of output size 2. The 

outputs of each module are combined, and provide the input to 

the probabilistic layer that yields the total strain estimate. 

Tensorflow handles the optimization problem as formulated in 

Eq. (8). The Adam optimizer is used with an exponential decay 

learning rate schedule employed. The initial learning rate is 0.1, 

and a decay rate of 0.96 is applied every 1200 steps (each epoch 

has multiple steps automatically determined by the solver). The 

NN is trained for a total of 1500 epochs. The training loss 

history is shown in Fig. 8. The error δϵ = ϵ − ϵ̂ distribution for 

the training and validation datasets are shown in Fig. 9, 

demonstrating that the network generalizes well to the 

validation data as the errors present similar distributions. 

 

 

Figure 8. Training loss history. 

 

 

Figure 9. Training (blue) and validation (red) errors. 

The mean total strain estimate versus ground truth is shown in 

Fig. 10, while Fig. 11 shows the mean TD component versus 

local current temperature. Those figures show that the proposed 

model is able to fit well to the training data while generalizing 

to the validation data, and that the TD component indeed 

captures the temperature dependent part of the total strain. 
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Figure 10. Estimated total strain ϵ̂Tot versus ground truth ϵTot 
for the training (gray) and validation (red) datasets. 

 

 

Figure 11. Temperature dependent strain component  𝜖̂𝑇𝐷 

versus current sensor temperature 𝑇 for the training (gray) and 

validation (red) datasets. 

 Physics-based model 

The reduced-order physics-based model parameters are set to 

fit the rheological component given by the trained neural 

network, using the methodology outlined in the previous 

section. The resulting fitted curves are shown in Fig 12. 

 

Figure 12. The mean (solid red) and ±𝜎 bounds (dashed red) 

physics-based model rheological strain after fitting to the mean 

rheological strain (solid black) and ±𝜎 bounds (shaded area) 

outputted by the probabilistic neural network. 

 Rheological strain forecasting 

To assess the rheological deformation forecasting, decoupling 

of the total strain test data would be required, but recall from 

the methodology section that the decoupling NN is intended to 

be applied within the training time interval, especially due to 

the residual module over which no information is provided 

regarding future times. However, the TD module depends only 

on the temperature changes, which present significant 

periodicity due to daily and seasonal variations and therefore 

are similar even for future times (see Fig. 2 for example). Thus, 

another approach is to combine the rheological deformation 

forecasted by the physics-based model with the TD component 

predicted by the temperature module, and compare their 

combination with the total strain available in the test dataset. 

This implies that the error observed incorporates both errors, 

due to the TD and rheological components, and should be 

interpreted as an evaluation of the total strain forecasting. For 

SHM purposes, this is more useful and simpler to interpret as 

the sensor measurements can be readily compared with the 

expected structural behavior. Furthermore, because of the 

seasonality of the TD component, errors associated with it will 

mainly manifest as a dispersion around a mean, although some 

small bias might be present due to the incomplete training data, 

while significant errors associated with the long-term 

rheological deformation will manifest as shifting bias errors, as 

they will be present throughout all testing datapoints.  
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Figure 13. The method prediction for the training (gray) and 

testing (blue and red) intervals and ground truth (black). Red 

area corresponds to sensor data anomaly. 

The resulting total strain, rheological strain and TD strain 

components are shown in Figs. 13, 14, and 15, respectively. 

Two segments of the test data are highlighted. The blue 

segment lasts for about a year and a half, and shows good 

agreement between the forecasted mean total strain and ground 

truth. The small bias observed in the blue region is associated 

with the TD error. However, in the last semester of data, a 

significant error emerges, manifested as a bias of about 60 με, 
as shown in Fig. 16. Although a simplified rheological 

deformation model was used here, that corresponds to an 

increase of more than 10% in the rheological deformation in 

less than 90 days on a structure with over 3 years of life. 

Typically, standard creep and shrinkage models, such as the 

[22,23] or [26], would require at least several hundred days for 

a similar increase on a structure of that age. This indicates the 

presence of anomaly in the sensor data that would otherwise be 

difficult to identify, corroborating the need for improved 

prediction of rheological deformation. Further studies will be 

carried towards determining the cause of the anomaly.  

 

 

Figure 14. Rheological deformation evolution as predicted by 

the simplified physics-based model. 

 

Figure 15. Predicted TD strain component for training (gray) 

and testing (blue and red) intervals. 

 

Figure 16. Error distribution for the training (gray) and testing 

(blue and red) intervals.  

4 CONCLUSIONS  

In this work, a novel method for the prediction of long-term 

rheological deformation employing a probabilistic neural 

network and a simplified physics-based model was created. The 

architecture of the network was motivated by the separation of 

the total strain into a TD component and a rheological 

component. The PNN outputs a probability distribution, and its 

modular architecture enables the forwarding of the rheological 

component to a simplified model of rheological deformation. 

If, for example, total strain was to be used directly for this 

purpose, a more sophisticated model of the structure would be 

required to account for the thermal strain and the associated 

mechanical strain. Further, it is shown that the method can 

predict not only the rheological strain but the total strain with 

accuracy up until one and a half years beyond the training 

interval. Furthermore, an anomaly in the sensor data is detected 

in the last semester of the data. This anomaly would be difficult 

to detect without SHM data and accurate prediction of creep 

and shrinkage, as it can be confused with these expected long-
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term deformation mechanisms. In future work, the 

identification of the cause of this anomaly will be investigated. 

Potential causes include sensor damage (e.g. sensor drift), loss 

of calibration of the reading unit, or real structural damage. 
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ABSTRACT: Distributed fibre optic sensing (DFOS) is a promising technology for many industries, mainly due to its ability to 

measure selected physical quantities continuously over entire fibre’s length. This feature is directly responsible for the 

possibility of local damage detection, what is one of the main requirements for structural health monitoring (SHM) systems. 

Thus, in recent years, more and more practical examples of DFOS-based systems can be observed in civil engineering and 

geotechnical applications. However, to utilize all benefits coming from such an approach, several technical aspects should be 

carefully taken into account, including the sensor construction (its type) or way of installation (bonding properties). The paper 

discusses a real case study of prestressed concrete girders with the length of 24 meters, equipped with composite DFOS strain 

sensors during production stage. Composite sensors with monolithic cross section (unlike commonly used layered sensing 

cables) were embedded into the concrete. Bonding properties responsible for accurate strain transfer mechanism were ensured 

by external spiral braid, analogously like for composite reinforcing bars. Strain and temperature measurements were performed 

during the most important stages of construction lifetime, including hydration process (thermal-shrinkage strains), prestressing 

(tendons activation in order to transfer the compressing force to the concrete), activation of structural dead-weight (as a direct 

consequence of prestressing phase), installation within the structure (mounting stresses) as well as during the proof load tests. 

Thanks to the large number of distributed sensors located at selected heights of the girders, detailed analysis of strain profiles 

was performed during each construction stage. What is more, it was possible to identify all local cracks and analyze their 

behaviour over time (development during hydration process and closing during prestressing phase). The construction and 

parameters of applied DFOS sensors, way of their installation, specifications of data acquisition system, strain measurement 

results from selected construction stages and finally the most important findings are presented hereafter. 

KEY WORDS: DFOS, distributed measurements, composite sensors, prestressed girders, strains, crack detection, temperature. 

1 INTRODUCTION 

1.1 Structural health monitoring 

Structural health monitoring (SHM) is a process of gaining 

knowledge about the changes in safety-critical structural 

parameters over time [1, 2], aimed at making optimal 

decisions [3, 4] – Fig. 1. Having objective information on the 

current state of the structure (for example stress level, crack 

state, deflection etc.), it is possible to rationally plan the 

renovation strategy and maintenance procedures.  

What is very important, this process is not a one-off as in 

the case of periodic inspections, but it applies to the entire life 

cycle of the structure [5, 6], bringing engineering and 

economic benefits over the long term.  

 

 

Figure 1. Structural health monitoring process. 

Structural monitoring provides much more comprehensive 

information in comparison to laboratory researches under 

strictly controlled conditions. In situ measurements includes 

all factors like temperature and humidity changes, foundation 

settlements, random actions and many others. Thus, data 

interpretation must always be performed with a special care. 

Nowadays, monitoring process is usually supported by 

numerical (FEA) calculations and probabilistic theory [7], but 

still one of the most important aspects is the efficiency of both 

the sensors themselves and measuring techniques. 

1.2 Distributed fibre optic sensing DFOS 

One of the most promising measurement technologies, 

which could be successfully applied within civil engineering 

[8] and geotechnical applications [9], is distributed fibre optic 

sensing (DFOS) [10, 11]. The main advantage of DFOS over 

conventional spot measurements performed in selected 

structural points, is the possibility of performing 

measurements continuously over entire length of optical fibre 

sensor – Fig. 2. 

 

Figure 2. a) Spot, b) quasi-distributed and c) distributed 

sensing approach. 
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Modern optical dataloggers (reflectometers, interrogators) 

are able to provide extremely high spatial resolution [12] – 

what means even 1,000 measuring points per one meter of 

DFOS sensor. Thanks to this feature, finally it is possible to 

meet one of the main demands [13] made on SHM systems – 

local damage detecting, e.g. cracks [14, 15] in concrete 

structures. 

It is worth mentioning that nowadays many advanced 

measurement techniques are being developed to obtain a full-

picture of structural behaviour over entire length. They 

include methods based on image processing [16], 

characterized in many advantages like two-dimensional 

(surface) analysis. However, they cannot be yet successfully 

applied in the frame of structural health monitoring in real in 

situ conditions over long term. 

1.3 Prestressed concrete girders 

Reinforced concrete structures are one of the most commonly 

used in civil engineering structures due to the wide list of their 

advantages, including high resistance to corrosion, high 

durability, low operational costs or possibility of any 

geometry design. One of their main disadvantages is high 

dead weight, which could be, however, overcome by 

prestressing approach [17]. Providing compressing force to 

tensile areas allows for designing structural members which 

are much more slender, lightweight, stiff and durable. 

Therefore, such structures are very often operated under high 

loads and harsh environmental conditions [18]. 

On the other hand, to utilize all benefits coming from 

prestressing technology, it is necessary to provide a special 

production requirements and technology regime [19]. Control 

of this process is of the great importance, especially taking 

into account that final concrete parameters strongly depends 

on its early-age behaviour [20] (hydration, thermal-shrinkage 

strains, microcracks, curing). 

A real case study of prestressed 24m length concrete girders 

equipped with DFOS measurement system is discussed 

hereafter. The drawings and the view of analyzed girders are 

shown in Fig. 3 (side view) and 4 (front views). 

 

 

Figure 3. Side view of monitored prestressed-concrete girder. 

 

Figure 4. a) Midspan, b) front cross section and c) side view 

of monitored prestressed-concrete girder. 

DFOS technique seems to be very promising tool for 

controlling the behaviour of prestressed concrete structures 

starting from a real zero state. This is because sensors can be 

installed before concreting (embedded into concrete). Usually, 

sensors in frame of long-term structural health monitoring 

systems are installed on the surface of existing structures. As 

a result, there is no possibility to include into analysis early-

age concrete strains and microcracks, prestressing forces, dead 

weight or mounting stresses. All these aspects are crucial in 

the context of concrete component strength and durability. 

The smart prestressed concrete girders described in the 

paper are currently under operation in one of the polish 

production halls – Fig. 5. Their technical assessment is 

performed taking into account phenomena measured with 

distributed fibre optic sensors during production stages. 

 

 

Figure 5. The view of analyzed smart girders under operation 

within production hall. 

2 DFOS SENSING SYSTEM 

2.1 Rayleigh scattering 

There are a few DFOS-based techniques characterized in 

their own advantages and limitations, which should be 

individually selected depending on requirements of a given 

project. For example, Rayleigh-based systems [21] are 

adequate for short distances where high spatial resolution and 

damage detection are the most important aspects. On the other 

hand, Brillouin-based systems [22] are more suitable for km-

distance projects, while Raman-based system are dedicated 

just for temperature measurements. 

DFOS system integrated with analyzed girders was read 

using Rayleigh-based system ensuring 100 measuring points 

per one meter of the sensor and thus local cracks detection. 

Rayleigh scattering occurs in each section of the fibre [24] as 

a result of local fluctuations in the refractive index [25]. This 

is accompanied by light scattering in all directions, also 

including the backscattering (Fig. 6).  

 

 

Figure 6. The simplified idea of Rayleigh scattering 

phenomena in the measuring optical fibre. 

The dispersion amplitude is a random but constant property 

for a given fibre and it could be compared to its unique 

fingerprint [26]. Nowadays, the recording and analysis of this 
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phenomena is performed using advanced optical 

reflectometers or interrogators, which then convert raw data to 

engineering units (strain and/or temperature). 

2.2 Optical reflectometer 

In all measurements described hereafter, optical backscatter 

reflectometer OBR4600 by Luna Innovations was applied – 

Fig. 7a. Selected measuring parameters important for data 

analysis are summarized in Table 1. Due to the application of 

multiple fibre optic sensors inside the smart girders, an optical 

switch was used to facilitate and accelerate the measurements 

– Fig. 7b. 

 

 

Figure 7. Optical backscatter reflectometer OBR4600: 

a) general view [27], b) the view during measurements. 

 

Table 1. Luna OBR4600 optical backscatter reflectometer – 

selected technical specifications. 

Parameter Value Unit 

Distance range (standard mode) up to 70 m 

Spatial resolution (gauge spacing) 10 mm 

Gauge length 10 mm 

Strain measurement resolution ±1.0 mm 

 

2.3 DFOS strain sensors – EpsilonRebars 

The most important aspect for final measurement accuracy 

and reliability, besides the DFOS technique itself, is 

appropriate selection of measuring tool. This tool should 

ensure accurate strain transfer from the monitored structure to 

the glass measuring optical fibre. 

For laboratory researches, optical fibres in different types of 

their primary coatings are usually applied [28], but due to 

their negligible dimensions and brittleness, they cannot be 

applied in real operating conditions. 

Thus, for in situ projects other solutions need to be applied, 

including layered sensing cables or monolithic sensors. 

Sensing cables are usually made of plastic and steel layers 

arranged around the central optical fibre. Such materials have 

very limited elastic range and are susceptible to debonding 

and slippage phenomena between particular layers. Thus, 

advanced mathematical models should be applied for data 

analysis [29] what significantly increases the total 

measurement uncertainty. Especially within the cracked areas 

with extreme high strain values.  In practice, sensing cables 

could be applied for long distance projects with m-order 

spatial resolution, which allow to average all local 

disturbances.  

For analysis of very localized events (such as cracks), 

monolithic, composite sensors should be used [30]. They 

ensure very large elastic strain range providing proper 

operation of the sensor even within the cracked area. What is 

more, the optical fibre is integrated with composite core 

during pultrusion process creating fully monolithic cross 

section. No layers mean no debonding (slippage) effect and 

thus accurate strain transfer mechanism [31]. 

To manufacture smart prestressed concrete girders, optical 

sensors called EpsilonRebars (ER) by SHM System was 

selected and applied – Fig. 8a. These sensors (from 

Composite-DFOS series) have a form of composite 

reinforcing bars with external spiral braid (Fig. 8b) ensuring 

appropriate integration (bonding) with the concrete. 

 

 

Figure 8. Composite-DFOS strain sensor EpsilonRebar: 

a) general view; b) close up for external surface [32] 

 

Selected parameters of applied EpsilonRebars are 

summarized in Table 2. 

Table 2. EpsilonRebar – selected technical specifications [33]. 

Parameter Value Unit 

Strain resolution 1 µε 

Strain range ±20 000 µε 

Operating temperature -20 to +60 °C 

Nominal diameter 6 mm 

Attenuation ≤0.5 dB/km 

Material GFRP 

Cross section Monolithic (no layers) 

Length Any as ordered 

Delivery Coils, straight sections 

Scattering Rayleigh, Brillouin, Raman 

 

2.4 Sensors arrangement and installation 

Sensors were delivered to the manufacturing hall in form of 

coils cut to the appropriate length. The installation only 

required the DFOS sensors to be tied to the existing 

reinforcement using zip ties – Fig. 8. It was very important to 

ensure compliance of sensors’ positions with the designed 

traces, because this directly influences the final accuracy and 

data interpretation. Thanks to the low self-weight and 

appropriate stiffness of EpsilonRebars, the installation process 

could be carried out efficiently and quickly. 

A total of 8 EpsilonRebars were installed, whose 

arrangement in the girder cross section is shown in Fig. 9. 

Each sensor has a length of 24 meters and assuming the 10mm 

spatial resolution, it means that during one measurement 

session a total number of 19,200 strain measuring points is 

obtained. What is more, 3 additional DFOS-temperature 

sensors were installed (see also section 2.5) over entire length 

to provide thermal compensation during long-term girders 

operation in real conditions.  

 

                           Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure

931



Figure 8. Installation of EpsilonRebars to the existing 

reinforcement of smart prestressed-concrete girder – side view 

 

   

Figure 9. Arrangement of EpsilonRebars (P) and temperature 

sensors (K) within smart girder: cross section and front view 

2.5 Thermal compensation 

Influence of temperature changes on strain measurements is 

very often ignored during laboratory or short-term 

measurements under stable external conditions. However, this 

is very important factor in long-term structural monitoring of 

real engineering structures [34].  

Also, temperature field is changing rapidly during hydration 

process of early-age concrete and thus the knowledge about 

temperature changes is necessary for correct interpretation of 

measured strains, which are the sum of thermal expansion 

effect and mechanical actions [35]. 

In smart prestressed concrete girders, 3 temperature DFOS-

sensors were installed. Their basic operation principle is based 

on isolating the measuring fibre from mechanical effects 

through its free placement inside the plastic tube. 

It is also worth mentioning that there are also other known 

methods for thermal compensation involving Raman-based 

devices, hybrid Rayleigh-Brillouin systems [26] or 

conventional spot thermistors.  

3 MEASUREMENTS 

A total of 3 smart girders with DFOS systems were 

manufactured, but in the further part of this paper only 

example results are presented for girder no. 3 and selected 

EpsilonRebars. However, results obtained for other girders 

and sensors are analogous in nature. 

3.1 Ealy-age concrete 

The first stage of research involved analysis of early-age 

concrete behaviour during its hardening. Zero readings were 

taken just after concreting – Fig. 10.  

 

 

Figure 10. The view of smart girder just after concreting 

Hydration process is accompanied by both shrinkage 

phenomena and thermal shortenings. Concrete mixture is 

transformed into solid concrete at high temperatures and then 

there is a gradual decrease in temperature. In case of simply 

supported beam, uniform temperature decrease will cause just 

the shortening of the element without generating any stress. 

However, due to the internal (reinforcement) and external 

(formworks) constraints, concrete free strains in the analyzed 

girders are limited, generating tensile stress and then 

microcracks – Fig. 11. 

 

Figure 11. Strain distributions over length during first 2 days 

of concrete hardening – sensor no. P03 

The widths of generated microcracks were estimated to be less 

than 0.01mm, which is very low value. However, these cracks 

could increase their width under higher mechanical loads and 

thus they directly influence the final durability of structural 

member. This is especially important for reinforced concrete 
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structures, where there is no chance to close the cracks 

through prestressing (compression) force. 

Effect of microcracks appearance in analyzed girders was 

especially visible for sensors P03 and P04 located within the 

web close to the neutral axis, while for other sensors (see 

example in Fig. 12) no cracks were observed.  

 

Figure 12. Strain distributions over length during first 2 days 

of concrete hardening – sensor no. P05 

3.2 Prestressing phase and mounting stress 

The second very important construction stage of the 

analyzed girders was prestressing (steel tendons activation). 

Because most of the tendons are located in the lower flange 

(Fig. 4, Fig. 9), their activation will bend the girder up and 

then activate its dead weight at the same time.  

The zero measurement for this stage was taken just before 

cutting the first tendon off. Later, measurements were 

performed step by step after cutting each subsequent tendon. 

Strain distributions corresponding to this phase of research are 

presented by blue lines in Fig. 13 and 14. 

Prestressing process cause the transfer of compressing force 

from steel tendons to the concrete within whole cross section, 

but this effect was stronger in the lower part due to the 

presence of a larger number of tendons (Fig. 13).  

 

Figure 13. Strain distributions over length during tendons 

activation (blue lines) and after installation within the 

structure (red line) – sensor no. P05 

Compressing force transferred during prestressing caused 

that all early-age microcracks were closed – Fig. 14. This is 

very favorable phenomenon in the context of the final 

durability of structural member. Such detailed information 

about crack state of analyzed member and its changes over 

time is extremely valuable for designers and inspectors. 

 

Figure 14. Strain distributions over length during tendons 

activation (blue lines) and after installation within the 

structure (red line) – sensor no. P03 

It is worth mentioning, that closing the cracks will not 

happen in case of conventional reinforced concrete structures. 

Thus, it is advisable to equip also such members with DFOS-

composite strain sensors, which can significantly support their 

technical condition assessment. 

After prestressing, girders were transported to the 

construction site and built into the structure – Fig. 15. 

Measurements done after installation (see red lines in Fig. 13 

and 14) allow for answering the question about the mounting 

stresses, which are very often omitted in structural analysis. It 

could be seen that there were no significant changes in strain 

state after girders installation, mainly because their 

deadweight was activated earlier during prestressing phase. 

 

 

Figure 15. The view of smart girders during construction stage 

3.3 Proof load tests 

The last analyzed stage was proof load tests before 

commissioning the production hall. Smart girders behaviour 

was investigated under known mechanical loading. Three 

concrete blocks, each of 3,200kg, were suspended to the 

girders using steel chains – see Fig. 16. Zero measurement for 

this stage was done just before loading. Subsequent readings 

were taken after suspension of each block. Obtained strain 

distributions corresponds to the results of standard strength-

static calculations done analyticity or numerically (with finite 

element analysis FEA). Thus, this data could be successfully 

used to validate and calibrate theoretical simulations. 
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Figure 16. The view of smart girder during proof load test 

Fig. 17 shows extreme tensile strain values measured by 

sensor located at lower surface of the girder. However, strains 

are still very low and not exceed tensile strength of concrete 

itself (this strength is very often neglected during design 

stage). Thus, it could be concluded, that analyzed girders 

work safely and there are still load-bearing capacities 

reserves, which can be optimized during future designs. 

 

Figure 17. Strain distributions over length during mechanical 

proof load test – sensor no. P05 

Assuming the static scheme of simple supported beam, 

girder work in linear range and presence only of bending 

effects, the strain distributions measured by sensors located 

near to the structural neutral axis (P03 and P04) should be 

approximately equal to 0. This is confirmed by data presented 

in Fig. 18, where no effect on strain distributions was visible 

during increasing the mechanical load. 

What is very important, mechanical load did not activate the 

microcracks, which behaviour was clearly visible in previous 

stages (please compare Fig. 11 and 14). Girders are now 

operating under uncracked state and this is very favorable 

information. Such state will significantly prolongate their 

durability, especially taking into account harsh environmental 

conditions within the production hall. DFOS system 

embedded into smart prestressed girders can be read at any 

time in the future, supporting assessment of girders technical 

condition and thus improving decisions on further operation 

and maintenance.  

 

Figure 18. Strain distributions over length during mechanical 

proof load test – sensor no. P03 

4 SUMMARY 

The advantages of distributed fibre optic sensing (DFOS) are 

well known and used successfully in many civil engineering 

and geotechnical projects. However, the potential benefits of 

this technology are still very often not fully utilized. Mainly 

due to the lack of use of appropriate monolithic sensors, 

improper time and way of installation or poor data managing, 

processing and engineering interpretation. 

The concept of smart precast, prestressed concrete girders 

dedicated for industrial engineering, integrated with advanced 

distributed fibre optic system for strain and temperature 

monitoring is very promising in the context of the 

performance, reliability, maintenance and durability of such 

infrastructure. Works, measurements and analysis described in 

this paper will hopefully contribute to the development of 

smart concrete structures, solving some technological, 

production and measurement issues. 

What is extremely important, proposed solution allows for 

analyzing concrete structural behaviour from its real zero state 

i.e. including thermal-shrinkage strains of early-age concrete, 

prestressing process, activation of dead-weight or mounting 

stresses. These aspects are usually omitted with conventional 

approach to structural monitoring, when spot sensors are 

installed to the surface of existing structures.  

During one measurement session, proposed embedded 

DFOS system provides information about the strain (stress) 

state in 19,200 structural points and about temperature 

changes in 7,200 points. Therefore, such sensors could be 

treated as nervous system of the structure [36] informing 

about any threats and abnormalities. All local damages, 

including cracks and microcracks, can be identify and assess 

directly based on strain measurements. 

Currently, 3 smart girders are under operation in one of the 

production halls in Poland. Measurements performed 

periodically will assist experts in the assessment of girders 

technical condition, and in particular in the assessment of the 

crack state directly affecting the structural performance and 

durability. 

What is more, obtained data from thousands of measuring 

points and tens of measuring sessions will be used to solve 

optimization problem and modify technology of prestressed 
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concrete girders. During mass production of concrete 

structural members in a production plant, even a small change 

supported by reliable data can generate significant financial 

savings while maintaining the required level of safety. 
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ABSTRACT: Third-party threats caused by construction activities have seriously jeopardized the security of underground 

pipelines. This paper proposes a pipeline perimeter monitoring system based on vibration optical fiber sensing, which can detect 

manual excavation and mechanical excavation in urban scenarios. The vibration signals of pickaxe, spade, hammer and electric 

hammer are collected by a 5.25 km long φ-OTDR optical fiber. The 85-hour environmental vibration signals from the areas of 

residences, roads and business are also collected for comparison. All the signals are first divided into the time-space samples that 

have the two dimensions corresponding to space and time. An object detection model based on the Faster R-CNN algorithm is 

then trained by the time-space samples, so that the third-party threats can be efficiently and accurately detected according to the 

information of space and time. In the test, the recognition rate of the perimeter monitoring system is 95.94%, while the false alarm 

rate is only 0.12%. 

KEY WORDS: Underground pipeline; Third-party threat; Vibration monitoring; Distributed optical fiber sensor; Object detection; 

Faster R-CNN. 

1 INTRODUCTION 

The pipeline third-party threats, namely the construction 

activities that may damage pipelines, cause 29.8% and 28% of 

all pipeline accidents in the United States [1] and Europe [2]. 

The percentage reaches 68% in China [3]. The statistics 

indicate the bad fact that a large number of pipelines are 

damaged by third-party threats and there is no very effective 

way to prevent third-party activities near the pipeline. 

The passive measures including placing warning boards and 

setting up one-call systems have been widely used in pipeline 

protection [4]. However, these passive measures highly depend 

on the support from constructors and lack effective restrictions 

on malicious behavior. To enhance the ability of detecting 

third-party threats, many different types of pipeline monitoring 

systems have been recently developed for prevention of third-

party threats. According to the types of collected signals, the 

common detection methods can be divided into electrical signal 

monitoring, image/video monitoring, sound monitoring and 

vibration monitoring. 

In the electrical signal monitoring, the pipeline cathodic 

protection system is used to collect potential signals of the 

pipeline to detect third-party damage [5]. However, current 

research has found that third-party activities can not cause 

significant changes in pipeline potential. The video/image 

monitoring generally uses fixed cameras to detect third-party 

threats near pipelines. The method has been widely used in 

third-party intrusion monitoring of urban pipeline gate stations, 

but it is still difficult to set up cameras for huge pipeline [6-7]. 

Unmanned aerial vehicle (UAV) is also combined with image 

recognition technology to achieve third-party activity 

monitoring of pipelines, but the image monitoring method is 

susceptible to severe weather and urban high-rise buildings 

restrictions [8-9]. Wan et al. [10] propose a sound monitoring 

system for the road cutter, while Liu et al. [11] expand the 

monitoring objects to road cutters, excavator breaking 

hammers and electric hammers. Nevertheless, there are 

difficulties in the application of the sound monitoring system 

because of the limited sensing range. 

In vibration monitoring systems, the vibration signals 

induced by the third-party threats are collected and identified 

to prevent the damage caused by construction activities. The 

distributed optical fiber is a signal acquisition method with 

good application prospects, because it can monitor quite long 

pipelines with only one optical fiber. Communication optical 

cables in cities are usually laid near pipelines, which provides 

a good foundation for the vibration monitoring system based on 

distributed optical fiber sensing. In general, the signals 

obtained by distributed optical fiber sensing systems are 

composed of time series data from multiple channels, and each 

channel corresponds to a part of the optical fiber. In other 

words, the signals of distributed optical fiber are two-

dimensional array, and each row of the array is the time series 

data from the corresponding channel. Therefore, the threat 

detection based the signals of the distributed optical fiber can 

be described as searching for areas corresponding to third-party 

threats in a two-dimensional array whose dimensions are time 

and space. At first, the analysis method of the vibration signals 

is very simple. The vibration intensities of different channels at 

the same time are compared, and the location of the signal peak 

will be determined as a third-party threat location. The 

contextual information extraction method [12-13] and the 

multi-scale wavelet decomposition method [14] are used to 

identify the signals of a single channel over a period of time, 

which utilizes the information in the time dimension of the 

vibration signals. The features of time-space domain signals are 

considered in [15] to improve the monitoring system, which 

uses information in both time and space dimensions at the same 

time. In our previous work [16], the time-space matrix method 
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is proposed to correct the recognition results of convolutional 

neural network (CNN), which combines the information of 

time dimension and space dimension. Nevertheless, the size of 

the time-space matrix is fixed and subjectively determined, and 

all the CNN recognition results need to be processed by the 

time-space matrix method. All of these have a negative impact 

on the effect and speed of the method. The development of 

object detection algorithm [17] in recent years can provide 

reference for the improvement of the time-space matrix 

method. The vibration signal is a two-dimensional array with 

the same dimension as the gray image. In traditional target 

recognition algorithms, the sliding window method used to 

generate candidate frames has similar shortcomings as the 

time-space matrix method. Therefore, the faster region-based 

convolutional neural networks (Faster R-CNN) [18] proposed 

for solving the shortcomings of the sliding window method is 

hopeful to help improve the vibration signal recognition. 

Based on the vibration signals collected by the distributed 

optical fiber, this paper proposes a monitoring system for the 

prevention of third-party threats on urban pipelines. The rest of 

this paper is arranged as follows: Section 2 presents the dataset 

acquired from the field test, and the collected vibration signals 

are preliminarily analyzed in this section. Section 3 elaborates 

the threat detection method based on the Faster R-CNN and the 

monitoring strategy. In the section 4, the monitoring flow is 

proposed and the monitoring system is tested by the recognition 

rate and the false alarm rate. Finally, the conclusions are drawn 

in section 5. 

2 FIELD TEST FOR VIBRATION SIGNALS 

 Field test 

The distributed vibration sensing system based on phase-

sensitive optical time-domain reflectometer (φ-OTDR) [19] is 

used in the field test, because the system has good spatial 

resolution and is extremely sensitive to vibration. The sampling 

rate of the sensing system is 250 MHz, and the spatial 

resolution is set as 10 meters. A 5.25 km-long single-mode 

optical fiber is laid along the urban pipeline with a buried depth 

of 1 meter, so that the signal collection area can cover most 

common scenarios in cities. In order to increase the speed of 

vibration signal collection, the information in the frequency 

domain is first removed from the original signals collected by 

the sensing system. Afterwards, the signals are mapped to the 

interval from 0 to 2.5 and transformed into the vibration 

intensities. Based on the experimental fibers and φ-OTDR 

vibration sensing system, the vibration records of the 525 

channels corresponding to 5.25 km optical fiber can be finally 

obtained at the sampling rate of 8 Hz. 

 

 

Figure 1. Vibration signal collection. 

As presented in Figure 1, the four common third-party threats 

including pickaxe, shovel, hammer, and electric hammer are 

used to obtain the vibration signals at 7 locations consisting of 

1.26 km, 1.88 km, 1.96 km, 2.90 km, 3.30 km, 3.70 km and 

4.87 km. The distances between the fiber and the excavation 

points are also considered to investigate the attenuation 

characteristics of vibration signals induced by the different 

threats. Besides, 85-hour environmental vibration signals are 

also obtained by the 5.25 km-long fiber across a variety of 

urban regions that include the areas of residences, roads and 

business. An over 86-hour database with 8 Hz sampling rate 

and 525 channels is ultimately established to support the further 

research of the monitoring system, and the details of the 

database are given in Table 1. 

Table 1. Records collected in the field test. 

Third-party 

threat 

Distance 

(m) 

Number of 

records 

Total duration 

of records (s) 

Pickaxe 0-15 20 662 

Spade 0-15 57 2103 

Hammer 0-15 26 761 

Electric 

hammer 
0-15 37 2861 

No threat N/A N/A 306023 

 Preliminary analysis of vibration signals 

The vibration intensities of the different third-party threats for 

the different distances between excavation points and optical 

fibers are compared to determine the effective ranges of the 

sensing system for different threats. The distances whose 

vibration intensities are less than 1 are deemed invalid for the 
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threat detection. As shown in the Figure 2, the effective ranges 

of the sensing system for pickaxes, spades, hammers and 

electric hammers are 6m, 8m, 8m and 15m. 

 

Figure 2. The vibration intensities for different distances. 

The 100 × 120 vibration intensities within 1km and 15s for 

the six activities are plotted in the Figure 3, and the temporal 

and spatial distribution of vibration intensity is expressed in the 

form of grayscale images. The third-party threat detection can 

be regarded as searching for areas corresponding to third-party 

threats in an 100 × 120  array of vibration intensity values. 

From another perspective, the detection can be regarded as 

looking for the areas corresponding to excavation activities on 

grayscale images drawn by vibration signals. Therefore, the 

object detection algorithm for grayscale images has significant 

potential in the recognition of vibration signals. 

It is obvious that the vibration intensity peak, the activity 

duration and the number of channels affected by activities can 

initially characterize different activities near the pipeline. The 

peaks of environmental vibration signals are usually very low 

as presented in the Figure 3(a) except that the peaks of vibration 

signals caused by metros can reach  2. The electric hammer is 

the excavation activity with the highest peak value of 2.2 and 

obviously different from the environmental vibration. The 

peaks of the excavation activities induced by pickaxes, spades 

and hammers are similar and significantly higher than the peaks 

of normal activities in cities other than metros. The activity 

durations of pickaxes, spades and hammers are within one 

second, while the activity durations of electric hammers and 

metros can reach 10 seconds or more. The numbers of channels 

affected by pickaxes, spades and hammers are usually less than 

4, but the numbers of electric hammers and metros are 5 and 8. 

Based on the above comparison, the excavation caused by 

pickaxes, spades and hammers is referred to as the manual 

excavation due to their similarity, while the electric hammer 

excavation is referred to as mechanical excavation in the 

following. In summary, the vibration intensity peak, the activity 

duration and the number of channels affected by activities can 

be helpful to identify the third-party threats under urban 

environmental vibration. 

 
(a) Environment 

 
(b) Metro 

 
(c) Electric hammer 

 
(d) Pickaxe 
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(e) Spade 

 
(f) Hammer 

Figure 3. The vibration intensity of different activities. 

3 THIRD-PARTY THREAT DETECTION METHOD 

 Time-space sample 

Sample segmentation is of great help for model training. 

According to the conclusions in section 2.2, the characteristics 

of signals in time and space benefit the threat detection 

capability of the monitoring system. Therefore, this paper 

proposes a sample segmentation method to obtain the time-

space samples that has two dimensions of time and space. The 

specific method is to slide a fixed-size window on the two-

dimensional matrix composed of the time series data from 525 

channels and to take the fragments within the window as time-

space samples. All the time-space samples can be expressed by: 

𝑆𝑖(𝑥, 𝑦) = 𝑊[(𝑖 − 1) × 𝑑 + 𝑥, (𝑖 − 1) × 𝑑 + 𝑦]       (1) 

where 𝑆𝑖(𝑥, 𝑦) is the value in the 𝑥-th row and 𝑦-th column of 

the 𝑖-th sample, 𝑊 is the two-dimensional matrix composed of 

the time series data from 525 channels , 𝑊(𝑚, 𝑛) is the 𝑚-th 

vibration intensity value of 𝑛-th channel and 𝑑 is the distance 

of each sliding. 

In this paper, the scale of the time-space sample is set to 

100× 100, which means that each sample is composed of 

vibration intensity values within 1km and 12.5s. The records in 

the database of the section 2.1 are processed by this sample 

segmentation method, and the obtained time-space samples are 

then divided into the training set for section 3.3 and the testing 

set for section 4.2, as presented in Table 2. 

Table 2. Number of samples in training set and testing set. 

Activity 
Distance 

(m) 
Training set Testing set 

Mechanical 

excavation 
0-15 216 375 

Manual 

excavation 
0-8 136 363 

Metro N/A 133 

64028 Environmental 

vibration 
N/A N/A 

 Faster R-CNN algorithm 

The object detection algorithm is a type of algorithm that can 

locate and classify a variable number of targets in images, by 

which the categories and positions of multiple targets in images 

can be easily obtained. The Faster R-CNN proposed by Ren etc. 

[18] is one of the most advanced object detection algorithm 

with the advantage of fast detection. As presented in the Figure 

4, the flow of the Faster R-CNN is as follows: 

 

Figure 4. The flow of Faster R-CNN. 

• Resnet50 network [20] is used to obtain the feature maps 

of images. 

• The region proposal network (RPN) is the unique network 

of the Faster R-CNN, which can generate the regions 

where the detected target may exist. The first step of the 

RPN is creating a large number of anchors. Afterwards, the 

probabilities that the target exists in the anchors are 

determined by a softmax layer, and the boundary 

coordinates of the anchors are corrected by the regression 

algorithm. The suspicious regions are finally proposed in 

the proposal layer based on the probabilities and the 

modified boundary coordinates. 

• All suspicious regions are processed to the same size by 

the regions of interest pooling (ROI Pooling) method [21]. 

• The classifications of suspicious regions are obtained by a 

softmax layer and the bounding box regression algorithm 

is used in the suspicious areas to further correct the 

boundary coordinates. 

 Detection method based on the Faster R-CNN 

The third-party threat detection aims at determine when and 

where the threat occurred, which can be described more 

specifically as detecting the areas corresponding to third-party 

threats in the two-dimensional time-space samples. It is 

obvious that the third-party threat detection of time-space 

samples is very similar to image object detection presented in 

the section 3.2. Therefore, the Faster R-CNN has great potential 
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in third-party threat identification. This section trains an object 

detection model based on faster R-CNN to identify time-space 

samples and proposes a monitoring strategy to correct the 

results of the model. 

Based on signals from the field tests of the section 2, as 

presented in Table 2, 216 mechanical excavation samples, 136 

manual excavation samples and 133 metro samples are used for 

training the object detection model. The model can determine 

the location and time of the vibration signals caused by 

mechanical excavation, manual excavation and metros based 

on time-space samples. 

The monitoring strategy are proposed to correct the results of 

the object detection model, and the strategy is as follows: 

• If the duration of the detected threat is less than 3S, the 

alarm will be ignored. 

• If the overlap between the area identified as third-party 

threats and the area identified as metros exceeds 70% of 

the smaller area, the alarm will be ignored. 

4 MONITORING FLOW AND TESTING RESULT 

 Monitoring flow 

  

Figure 5. Monitoring flow. 

Based on the threat detection method elaborated in the section 

3, a monitoring system for prevention of third-party threats can 

be set up. As shown in Figure 5, the flow is mainly followed by 

the steps: 

• Vibration signal collection — recording vibration signals 

by a distributed vibration optical fiber placed along the 

pipeline. 

• Signal segmentation — obtaining time-space samples by 

segmenting vibration signals. 

• Third-party threat detection — detecting the time-space 

samples by the object detection model based on Faster R-

CNN and correcting the results by the monitoring strategy 

illustrated in section 3.3. 

• Sending alarm — sending alarm by wireless network if the 

third-party threat is detected. 

 Testing result 

In this part, the testing set shown in Table 2 are used to address 

two issues of the monitoring system: the capability of detecting 

the third-party threats and the probability of sending false 

alarm  in urban scenarios. There are hence two radios proposed 

for evaluating the testing results. The recognition rate (𝑅) that 

represents the detectability is defined by: 

𝑅 = 𝑇𝑟/𝑇𝑎                        (2) 

where 𝑇𝑟  is the number of the third-party threat samples 

detected by the system; 𝑇𝑎  is the total number of third-party 

threat samples. 

The false alarm rate (𝐹) which corresponds to anti-noise 

ability can be calculated by: 

𝐹 = 𝑇𝑝/𝑇𝑏                        (3) 

where 𝑇𝑝 is the number of the environmental vibration samples 

causing false alarm; 𝑇𝑏  is the total number of the environmental 

vibration samples. 

 
(a) Mechanical excavation 

 
(b) Manual excavation 

 
(c) Metro 
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(d) Mechanical excavation and metro 

Figure 6. The detection result. 

In the Figure 6(d), the monitoring system demonstrates the 

ability to detect multiple types of activities in one time-space 

sample. It can be seen from Table 3 and Table 4 that the average 

recognition rate and the average false alarm rate of the 

monitoring system are 95.94% and 0.12%, which indicates that 

the proposed system can effectively prevent the third-party 

threats around urban pipelines.  

Table 3. Recognition rate of the monitoring system. 

Third-party threat 𝑇𝑟 𝑇𝑎 𝑅 

Manual excavation 360 375 96.00% 

Mechanical excavation 348 363 95.87% 

Overall 708 738 95.94% 

Table 4. False alarm rate of the monitoring system. 

𝑇𝑝 𝑇𝑏  𝐹 

78 64028 0.12% 

5 CONCLUSION 

Third-party interference has become one of the most common 

cause of underground pipeline accidents in recent years. 

Following the process of “vibration signal collection—time-

space sample segmentation—threat dectection based on the 

Faster-RCNN—monitoring strategy”, this paper proposes a 

distributed optical fiber monitoring system for prevention of 

third-party threats. 

The excavation vibration caused by pickaxes, shovels, 

hammers, and electric hammers are collected as typical signals 

of third-party threats. 85-hour environmental vibration signals 

are obtained by the 5.25km-long fiber across a variety of urban 

scenes. According to the preliminary analysis of vibration 

signals, the effective ranges of the sensing system for pickaxes, 

spades, hammers and electric hammers are 6m, 8m, 8m and 

15m. The vibration intensity peak, the activity duration and the 

number of channels affected by activities can initially 

characterize different activities near the pipeline. 

It is obvious that the third-party threat detection of time-

space samples is very similar to image object detection. This 

paper trains an object detection model based on faster R-CNN 

to identify time-space samples and proposes a monitoring 

strategy to correct the results of the model. 

In the test, the detected threats account for 95.94% of all 

third-party threat samples, while only 0.12% of the 

environmental vibration causes false alarms. The monitoring 

system demonstrates the ability to detect multiple types of 

activities in one time-space sample. Therefore, the proposed 

system can effectually prevent third-party threats and is 

promising in contributing to urban pipeline protection. 
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ABSTRACT: This study aims to propose an approach of long-term scour monitoring for an in –service railway bridge. Japanese 

railway companies make decisions on occurrence of scour by investigating changes in a target frequency. It is common to conduct 

an impact test on the railway bridge pier to identify changes in frequencies to detect possibility of scour. However, the impact test 

is a laborious and time-consuming method, and has difficulties in real time monitoring to make a proper decision on the train 

operation control during swollen river water period. This study investigates feasibility of scour detection from microtremor 

monitoring as an alternative method for the conventional impact test. A long-term vibration monitoring has been conducted on a 

railway bridge utilizing a sensing unit including functions of vibration measurement, data processing and remote control. 

Observations from the microtremor data before and after a flood event showed that target frequency was slightly decreased under 

increase of water surface during swollen river water period. However, the decreased frequency recovered once water surface level 

decreased after swollen river water period. Scour assessments following a Japanese guideline and utilizing proposed stochastic 

warning index showed an extremely low probability of scour of the target bridge during swollen river water period. 

KEY WORDS: Railway bridges; Remote monitoring; Scour assessment; Stochastic warning index 

1 INTRODUCTION 

In recent years, possibility of scour of bridge piers is increasing 

due to unprecedented heavy rainfall and reduction of sediment 

discharge. When the water surface swelling and river speed 

increasing, erosion of river bed also increases, and as a result 

the stability of the bridge foundation will be deteriorated in a 

short time and lead to the inclination or collapse of the bridge. 

Many Japanese railway companies have adopted an impact 

test on the railway bridge pier as a promising scour detection 

method focusing on changes in frequencies. However, the 

impact test is a laborious and time-consuming method, and is 

inapplicable for the real time monitoring during heavy rains to 

make a proper decision on the train operation. A real-time 

monitoring method focusing on bridge vibrations under 

operational conditions thus has been considered as an 

alternative method to the visual investigation for scouring 

assessment during swollen river water period. Since changes in 

structural integrity lead to changes in modal parameters such as 

natural frequencies, identification of modal parameters is the 

first step for the scour detection based on vibration monitoring. 

Once sensors are installed, and electric power is supplied in the 

monitoring bridge, the real-time vibration monitoring 

guarantees highly frequent real-time scour inspections 

compared to the impact test. The real-time vibration monitoring 

helps railway authorities to make a quick decision on the 

resuming of train operation [1]. 

This research aims to propose a scour assessment method 

utilizing the vibration data collected from the ambient vibration 

monitoring on railway bridge piers. A bridge under operation 

is monitored as a case study. To estimate the natural frequency 

of the target bridge, accelerometers are installed on the top of 

the bridge pier and the bridge girders for the impact test, and 

two sensors on the pier top were left for scour monitoring in 

terms of long-term ambient vibration monitoring. For a higher 

performance system identification which even provides 

statistical information, Bayesian operational modal analysis [2] 

is adopted for the modal identification from microtremor 

measurement.  

The estimated frequency is used in scour detection. Two 

approaches are proposed. The first scour assessment method 

utilizes an index from the ratio of newly identified frequency to 

that of healthy state. Possibility of the scour is estimated by 

comparing the index with a scour assessment scale specified in 

the Japanese guideline [3]. The second method focuses on 

probability distributions of the identified frequency during 

normal river water period and swollen river water period. The 

stable distribution [4] is considered to model the PDF of 

observed frequencies since the distribution of the observed 

frequency featured a fat tail distribution. 

2 METHODOLOGY 

The title of the paper must be identical to the title of the abstract 

that has been submitted. The Bayesian operational modal 

analysis (or Bayesian FFT) is well known method and has 

already been reported and this paper only briefly introduces the 

basic concept of the BAYOMA. Assume that the acceleration 

was collected under ambient condition. Let {�̂̈�𝑗 ∈ 𝑅𝑛: 𝑗 =

1, … , 𝑁} denote the measured acceleration data at n degrees of 

freedom (DOFs) of a structure, abbreviated as {�̂̈�𝑗}, where 𝑁 is 

the number of samples collected in the time domain. The jth 

acceleration response can be modelled as follows: 

�̂̈�𝑗 = �̈�𝑗 + 𝐞𝑗  (1) 

where �̈�𝑗 ∈ 𝑅𝑛 denotes the model acceleration response; 𝐞𝑗 ∈

𝑅𝑛  denotes the prediction error between the measured and 
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theoretical responses, mainly consisting of the electronic noise 

of the data acquisition system, environmental noise and 

modelling error.  

The FFT of {�̂̈�𝑗} is defined as follows: 

�̂�𝑘 = √
2∆𝑡

𝑁
∑ �̂̈�𝑗exp [−2𝜋𝑖

(𝑗 − 1)(𝑘 − 1)

𝑁
]

𝑁

𝑗=1

 (2) 

where, 𝑘 = 1,2, … 𝑁, and the FFT corresponds to the frequency 

𝑓𝑘 = (𝑘 − 1)/𝑁∆𝑡  for  𝑘 = 2,3, … 𝑁𝑞 , with 𝑁𝑞 = 𝑖𝑛𝑡[𝑁/2] +

1, being the frequency index at the Nyquist frequency, and 

𝑖𝑛𝑡[∙]is the integer part; ∆𝑡 denotes the sampling interval; 𝑖2 =
−1. 

For well-separated or closely spaced modes, they should be 

included in a series of specified frequency bands. Let 𝐷 denote 

the FFT data in the 𝑖th selected frequency band containing the 

possible modes. According to Bayes’ Theorem, the posterior 

probability density function (PDF) of 𝛉 for a given data, where 

𝛉 denotes the modal parameters in the selected frequency band 

including natural frequency, damping ratio and mode shape, 

etc., can be expressed as: 

𝑝(𝛉|𝐷) =
𝑝(𝐷|𝛉)𝑝(𝛉)

𝑝(𝐷)
 (3) 

where 𝑝(𝐷|𝛉)  denotes the likelihood function; 𝑝(𝐷)  is a 

constant; 𝑝(𝛉)  denotes a prior PDF. Assume uniform prior 

information, the posterior PDF is directly proportional to the 

likelihood function as follows. 

𝑝(𝛉|𝐷) ∝ 𝑝(𝐷|𝛉) (4) 

The likelihood function can be constructed as follows: 

Define a vector �̂�𝑘 = [Re�̂�𝑘; Im�̂�𝑘] ∈ 𝑅2𝑛  consisting of the 

real and imaginary parts of the FFT data in the 𝑖th selected 

frequency band at frequency 𝑓𝑘; Let 𝐷 = {�̂�𝑘} which includes 

all the FFT data in the selected frequency band. For large N and 

small ∆𝑡, the vector �̂�𝑘 is shown to be independent at different 

frequencies and follow a Gaussian distribution with zero means 

and covariance matrix 𝐂𝑖𝑘 . Therefore, the likelihood 

function 𝑝(𝐷|𝛉) in the 𝑖th frequency band can be constructed 

by a Gaussian distribution, i.e.,  

𝑝(𝐷|𝛉) = ∏
1

(2𝜋)𝑛det(𝐂𝑘)0.5 exp[−
1

2
�̂�𝑘

𝑇𝐂𝑘
−1�̂�𝑘]

𝑘

 (5) 

in which, det(∙) denotes the determinant; 𝐂𝑘 , the covariance 

matrix of �̂�𝑘, is given by   

𝐂𝑘 =
1

2
[𝚽

𝚽
] [

Re𝐇𝑘 −Im𝐇𝑘

Im𝐇𝑘 Re𝐇𝑘
] [𝚽𝑇

𝚽𝑇] +
𝑆𝑒

2
𝐈2𝑛  (6) 

where 𝚽 = [𝚽1, 𝚽2 , … , 𝚽𝑚] ∈ 𝑅𝑛×𝑚 denotes the mode shape 

matrix in a selected frequency band; 𝐈2𝑛 is an 2𝑛 × 2𝑛 identify 

matrix; 𝑆𝑒 ∈ 𝑅 is the PSD of prediction error in the frequency 

band;  𝐇𝑘  is a transfer function, whose element can be 

expressed as:  

𝐇𝑘(𝑖, 𝑗) = 𝑆𝑖𝑗[(1 − 𝛽𝑖𝑘
2 ) + 𝑖(2𝜁𝑖𝛽𝑖𝑘)]−1[(1 − 𝛽𝑗𝑘

2 )

− 𝑖(2𝜁𝑗𝛽𝑗𝑘)]−1 
(7) 

where 𝛽𝑖𝑘 = 𝑓𝑖/𝑓𝑘 ; 𝑆𝑖𝑗  denotes the cross spectral density 

between the 𝑖th and 𝑗th modal excitation; 𝑓𝑖 ∈ 𝑅  denotes the 

𝑖th natural frequency in the frequency band; 𝜁𝑖 ∈ 𝑅 denotes the 

𝑖th damping ratio in the frequency band. It is more convenient 

to write the likelihood function in terms of the log-likelihood 

function for the purpose of optimization, i.e., 

𝐿(𝜽) = −𝑙𝑛 𝑝(𝐷|𝜽) (8) 

The most probable values (MPVs) of modal parameters can 

be determined by minimizing the log-likelihood function 𝐿(𝛉). 

If directly performing the optimization, there will be some 

computational problem. To solve these problems, a fast 

algorithm has been developed [2, 5] so as to calculate the MPVs 

of modal parameters and the associated posterior uncertainties 

efficiently.  

 

 
 

 

Figure 1. Monitoring railway bridge pier, and remote 

monitoring system. 

 

a)  b)  

Figure 2. Sensor deploying location: a) for the impact test, and 

b) for the long-term ambient vibration monitoring. 
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Figure 3. Stabilization Diagram (SD). 

 
Figure 4. Identified mode shape (9.3Hz). 

a)  

 

b)  

Figure 5. Measured microtremors: a) normal river water period; 

b) swollen river water period. 

3 METHODOLOGY 

 Introduction 

The monitoring bridge is a steel plate girder railway bridge with 

a span length of 22.5 m and an overall width of 9 m, designed 

for single railway track. The photo of the target pier and a 

picture of the remote sensing system adopted in the scour 

monitoring are shown in Figure 1. The pier height is 9 m and 

width 3 m. As shown in Figure 2a), eight triaxial sensors were  

a)  

 

b)  

Figure 6. Observed water level and identified frequency from 

12:00 September 30 to 12:00 October 1; a) water level per five 

minutes; b) identification frequency. 

 

installed on the top of the pier and connecting girders for the 

impact test while all sensors except two sensors installed 

upstream and downstream of the pier top were removed after 

the impact test. As shown in Figure 2b), two sensors on the pier 

top had been left for the long-term ambient vibration 

monitoring. The sampling frequency of the measurement was 

200Hz. The experimental vibration monitoring was 

commenced in September 2017 and completed in December 

2019. 

 Modal property identification 

Modal properties of the monitoring pier such as frequency, 

damping ratio and mode vector were first identified from the 

vibration data during the impact test. Stochastic subspace 

identification (SSI) [6] was utilized to identify modal 

parameters for the impact test, and the stabilization diagram 

(SD) was used to decide steady vibration modes. 

Figure 3 shows the SD, where the horizontal axis indicates 

the frequency and the vertical axis shows the model order. The 

black dots indicate the modal frequencies associated with each 

model order, and the red circles on it indicate the steadily 

estimated modes which are satisfied with the predefined 

deviation tolerance of the modal properties. The frequency 

deviation tolerance was 0.25 Hz, that for the damping ratio was 

0.1%, and the lower bound of modal assurance criteria (MAC) 

was 0.95. Those tolerances were decided by a trial and error 

since there are no specific rule for deciding the tolerance. The 

vertical blue dashed line in Figure 3 refers to the steadily 

dominant mode that satisfies the tolerance. Dominant 

frequency was 9.2 Hz from the impact test as shown in Figure 

3. It is relevant to the transversal rocking mode of the 

monitoring pier as shown in Figure 4. The frequency for the 

rocking mode is called target frequency in this study. 

For the scour assessment during in-service, it needs 

vibration data from normal river water period and swollen river 

water period. This study focuses on microtremor (ambient 

vibration) of the bridge pier as the source of the reference 

frequency samples. Figure 5 shows examples of those 

microtremors before flood, vibrations during flood. 

Microtremor measurement whose amplitude was less than 0.1 

gal was observed during the normal river water period (see 

Figure 5a)) which is assumed as a health state, while during 

Time [Hour]
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swollen river water period it was around 1 gal (see Figure 5b)) 

caused by rising water and increasing river speed. 

4 SYSTEM IDNETIFICATION DURING SWOLLEN 

WATER PERIOD 

This study investigated only the ambient vibrations monitored 

on 30th September 2018 and 1st October 2018 to identify 

dominant frequency of the monitoring pier during the swollen 

river water period. Figure 6a) shows the change of water level 

per five minutes from 12:00 on September 30 to 12:00 on 

October 1. It should be noted that “water level” represents the 

distance between water surface and lower flange of the bridge 

girder: as the water surface goes up, the “water level” gets 

smaller. The red broken line shows the 6m of water level. The 

“flood condition” in this study is defined as the period that 

water level is lower than 6m and the other period is defined as 

“normal condition”. Figure 6b) shows the identified target 

frequency by means of the Bayesian modal analysis in which 

the horizontal axis shows the observation. In the Bayesian 

modal analysis, the dominant frequency between 7.2 Hz and 

10.8 Hz was identified since the target frequency relevant to the 

rocking mode was around 9.3Hz. 

Variation in frequency was quite small during the swollen 

river water period, while it was scatted during the normal river 

water period. One reason for scattering of identified frequency 

is the quality of acceleration data. 

 Scour assessment using judgment of bridge soundness 

Judgment of bridge soundness that shown in the Table 1 is used 

to detect scour during swollen river water period. The 

soundness index 𝜅 is calculated by the following Equation (9) 

[3]. 

𝜅 =
𝑓𝑠

𝑓ℎ

 (9)   

where, 𝑓𝑠  is observed frequency during swollen river water 

period, and 𝑓ℎ is the target frequency under healthy condition.  

From Table 1, it can be seen that progress of deterioration 

need to be checked when the observed frequency is less than 

85% of the target frequency of healthy condition. Therefore 

85% of the target frequency of healthy condition is used as the 

threshold for scour detection in this study. The soundness index 

is estimated utilizing microtremor data from 0:00 to 24:00 on 

29th September 2018 that before river water swelling. The mean 

value of the estimated frequency was 9.15Hz, and is used as the 

target frequency of the pier in healthy condition. Next, the 

frequency during swollen river water period is estimated, and 

this study focuses on microtremor data from 22:00 to 23:00 on 

30th September 2018. During the swollen river water period, the 

distance between river water surface and lower flange of the 

bridge girder was less than 2m.  
Figure 7 shows the target frequency of the pier over time 

during the swollen river water period. Changes in the 

soundness index κ during the swollen river water period is 

shown in Figure 8, in which the horizontal red dotted line 

stands for the standard line that indicates the threshold of the 

soundness index value κ = 0.85. It can be seen that the 

soundness index during this period is all above the threshold, 

which indicates extremely low possibility of scour occurrence 

during the swollen river water period. 

Table 1. Judgment of bridge soundness [3]. 

Soundness Index  Category Assessment 

𝜅 ≦ 0.70 A1 

Scour: repair or 

reinforcement are 

needed 

0.70＜𝜅 ≦ 0.85 A2 
Need to check the 

progress of scour 

0.85＜𝜅 ≦ 1.00 B 
Low possibility of 

scour 

1.00＜𝜅 S Healthy 

 

Table 2. Parameter of stable distribution. 

Parameter Explanation Range 

𝛼 
Characteristic 

exponent 
0 < 𝛼 ≤ 2 

𝛽 Skewness parameter −1 ≤ 𝛽 ≤ 1 

𝛾 Scale parameter 0 < 𝛾 < ∞ 

𝑑 Location parameter −∞ < 𝑑 < ∞ 

 

 

Figure 7. Observed target frequency of the pier during swollen 

river water period (from 22:00 to 23:00 on 30th Sept. 2018). 

 

 

Figure 8. Observed soundness index κ during swollen river 

water period (from 22:00 to 23:00 on 30th Sept. 2018). 
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Figure 9. Histogram of observed frequency of pier in normal 

condition (bars) and PDF of the stable distribution (solid line). 

 

 
Figure 10. PDF of the observed frequency of pier in normal 

condition (red line) and of the stable distribution (blue line) in 

decimal logarithmic scale. 

 

a)  

 

b)  

Figure 11. CDF of the observed frequency in normal condition 

(red line): a) CDF of the stable distribution (blue solid line); b) 

CDF of the normal distribution (blue line). 

 Reliability-base scour assessment 

The probability density function (PDF) of the observed target 

frequency of the pier is modeled as a stable distribution [4], and 

the cumulative probability density function (CDF) is utilized 

for scour assessment. 

4.2.1 PDF of target frequency during normal and swollen 

river water period 

The PDF of the stable distribution the target frequency during 

normal river water period (normal condition) is estimated, and 

the parameters of the PDF of a stable distribution are identified 

by the maximum likelihood estimation (MLE). The 

characteristic function of the stable distribution is given by 

Equation (10) and the PDF of the stable distribution is 

represented as 𝑆(𝛼, 𝛽, 𝛾, 𝑑; Z)  which is the inverse 

transformation of the characteristic function. 

𝜑(𝑡, 𝛼, 𝛽, 𝛾, 𝑑) = 𝐸(𝑒−𝑖𝑡𝑍) (10) 

where, for 𝛼 = 1  𝐸(𝑒−𝑖𝑡𝑍) = 𝑒𝑥𝑝 (−𝛾|𝑡|[1 +

𝑖𝛽𝑠𝑖𝑔𝑛(𝑡)
2

𝜋
𝑙𝑛(𝛾|𝑡|)] − 𝑖𝑑𝑡)  and for 𝛼 ≠ 1 , 𝐸(𝑒−𝑖𝑡𝑍) =

𝑒𝑥𝑝 (−𝛾𝛼|𝑡|𝛼 [1 + 𝑖𝛽𝑠𝑖𝑔𝑛(𝑡)𝑡𝑎𝑛
𝜋𝛼

2
((𝛾|𝑡|)1−𝛼 − 1)] − 𝑖𝑑𝑡).  

   The parameters that used in the stable distribution are 

summarized in Table 2. The characteristic exponent α 

determines the rate of decay, i.e. if it becomes smaller the tails 

get fatter. While the parameter β is an indication of the 

skewness of the distribution, with β = 0 corresponding to the 

symmetric case. The parameters 𝛾 and 𝑑 simply translate and 

scale the distribution but have no effect on its shape. The 

location parameter 𝑑 equals the median of the PDF. 𝑍 is the 

random variable and 𝑡 denotes the parameter for characteristic 

function [4]. 

   The parameters of PDF of the stable distribution under 

normal river water period or normal condition (see Equation 

(11)) were estimated by means of the MLE. Identified 

parameters are as follows: 𝛼𝑁 = 1.59; 𝛽𝑁 = 0.32; 𝛾𝑁 = 0.18; 

and 𝑑𝑁 = 9.11. 

𝑆𝑁(𝛼𝑁 , 𝛽𝑁 , 𝛾𝑁 , 𝑑𝑁; Z) (11) 

The PDF curve obtained from Equation (11) is shown in the 

blue line in Figure 9 where the horizontal axis indicates 

observed target frequency and the vertical axis indicates 

probability density. The vertical axis is changed to the decimal 

logarithmic scale in Figure 10 so that tails in the distribution 

can be seen more clearly. The CDF of Equation (11) is shown 

in the blue line of Figure 11a) while the red line shows the CDF 

of the observed target frequency in normal condition. For 

comparison, the CDF assumed to follow normal distribution is 

shown in Figure 11b). From Figure 11a), it is obvious that the 

CDF curve of the stable distribution matches well with that of 

observed CDF. On the other hand, Figure 11b) demonstrates 

that the tails in the normal distribution does not match well with 

the observed one and as a result lead to a poor scour assessment. 

The PDF of the observed frequency (Equation (12)) during 

the swollen river water period was estimated in the same 

manner to normal condition. Identified parameters are as 

follows: 𝛼𝐹0 = 1.61 ; 𝛽𝐹0 = 0.96 ; 𝛾𝐹0 = 0.14 ; and 𝑑𝐹0 =
8.99. 
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Figure 12.  Histogram of observed frequency of pier in swollen 

river water period (bars) and PDF of the stable distribution 

(solid line). 

 

 

Figure 13. PDF of the observed frequency of pier in swollen 

river water period (red line) and of the stable distribution (blue 

line) in decimal logarithmic scale. 

 

a)  

 

b)  

Figure 14. CDF of the observed frequency in swollen river 

water period (red line): a) CDF of the stable distribution (blue 

solid line); b) CDF of the normal distribution (blue line). 

Table 3. Relationship between soundness index and stochastic 

warning index. 

Frequency  
Soundness 

index  
Category SWI (Ψ𝑐) 

𝑋 ≦ 6.4Hz 𝜅 ≦ 0.70 A1 
Ψ𝑐

≦ 0.0016 

6.4Hz＜𝑋 ≦

7.8Hz  

0.70＜𝜅
≦ 0.85 

A2 
0.0016＜

Ψ𝑐

≦ 0.0053 

7.8Hz＜𝑋≦

9.1Hz   

0.85＜𝜅
≦ 1.00 

B 
0.0053＜

Ψ𝑐 ≦ 0.46 

9.1Hz＜𝑋 1.00＜𝜅 S 0.46＜Ψ𝑐 

 

𝑆𝐹0(𝛼𝐹0, 𝛽𝐹0, 𝛾𝐹0, 𝑑𝐹0; Z) (12) 

Since the number of data samples of the observed frequency 

during the swollen river water period is small, it was quite 

difficult to grasp whole picture of the PDF. Therefore, 

measured microtremor was overlapped in order to increase the 

number of data samples for system identification, and 50% of 

the data block was overlapped. Then the PDF of the observed 

frequency from the overlapped data samples (Equation (13)) 

was estimated in the same manner to normal condition. 

Identified parameters are as follows: 𝛼𝐹 = 1.62; 𝛽𝐹 = 0.94; 

𝛾𝐹 = 0.14; and 𝑑𝐹 = 8.99. 

𝑆𝐹(𝛼𝐹 , 𝛽𝐹 , 𝛾𝐹 , 𝑑𝐹; Z) (13) 

The PDF of the stable distribution in Equation (13) is 

shown as the blue line in Figure 12, with the histogram of the 

observed frequency using 50% overlapped data. Figure 13 is 

the PDF whose vertical scale is changed to decimal logarithmic 

scale. The CDF of Equation (13) is shown in the blue line of 

Figure 14a). For comparison, the CDF assumed to follow 

normal distribution is shown in Figure 14b). Similar to the 

normal condition, it is obvious that the CDF curve of the stable 

distribution matches well with that of observed CDF while the 

tails in the normal distribution does not match well with the 

observed one. 

4.2.2 Scour assessment based on cumulative distribution 

function 

Assuming the PDF of the estimated target frequency of the 

target pier during normal condition is given by  

𝑆𝑁(𝛼𝑁 , 𝛽𝑁 , 𝛾𝑁 , 𝑑𝑁 , 𝑋), the stochastic warning index (SWI), Ψ𝑐, 

is proposed as follows. 

Ψ𝑐 = Ψ(𝛼𝑁 , 𝛽𝑁 , 𝛾𝑁 , 𝑑𝑁 , 𝑍𝑚) (14) 

where, Ψ(𝛼𝑁 , 𝛽𝑁 , 𝛾𝑁 , 𝑑𝑁 , 𝑍𝑚)  is the CDF of 𝑆𝑁  and 𝑍𝑚 

denotes the mean natural frequency during swollen river water 

period.  

Here, a concept of marginal indicator of stochastic warning 

index (MISWI), Ψ𝑠, is proposed. If SWI during swollen river 

water period reaches the MISWI, it indicates possible 

occurrence of scour. The MISWI can be defined considering 
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relationships with the soundness index in Table 1. The 

soundness indices 0.70, 0.85 and 1.00 correspond to frequency 

of 6.4Hz, 7.8Hz and 9.1Hz respectively if the frequency in 

healthy condition is 9.3Hz. The SWIs utilizing the frequencies 

relevant to the soundness index are equal to 0.0016, 0.0053 and 

0.46 respectively following Equation (14). The relationship 

between the soundness index value 𝜅  and the stochastic 

warning index Ψ𝑐  are summarized in Table 3. When the 

soundness index 𝜅 is 0.85, the corresponding target frequency 

𝑍𝑚 = 7.8Hz and the corresponding SWI is Ψ𝑐 = 0.0053.  

In order to obtain higher probability of Type I error 

(occurrence of scour is determined even under health 

condition) and lower probability of Type II error (scour is 

occurred while health condition is determined), the MISWI is 

set to be Ψ𝑆 = 0.05, which is larger than the threshold value 

(Ψ𝑐 = 0.0053). 

The SWI,  Ψ𝑐 , is obtainable from the CDF of the target 

frequency in the normal condition and the mean target 

frequency during the swollen river water period. However, as 

shown in the Equations (11) and Equation (13), the probability 

distributions of the target frequency during the normal 

condition and swollen river water period are quite different 

with each other. Therefore, an assessment considering 

probability distribution is needed. Assume that the PDF for the 

target frequency during swollen river water period can be 

represented by Equation (13) (see also the blue line in Figure 

12), the SWI during the swollen river water period is estimated 

utilizing Equation (15) which states to the expected value for 

the CDF in the normal condition. 

Ψ𝑐 = ∫ 𝑆𝐹(𝛼𝐹 , 𝛽𝐹 , 𝛾𝐹 , 𝑑𝐹; X)
∞

−∞

∫ 𝑆𝑁(𝛼𝑁 , 𝛽𝑁, 𝛾𝑁 , 𝑑𝑁; Z)𝑑𝑍𝑑𝑋
𝑋

−∞

 (15) 

5 STOCHASTIC WARNING INDEX 

In section 4.2.2, the scour assessment that takes into account of 

uncertainty of target frequency during the swollen river water 

period was discussed. However, it takes long time to grasp the 

PDF characteristic of the target frequency during the swollen 

river water period. Consequently, apply time series on the 

target frequency of the target pier during flood period and 

measured data is represented as 𝑋𝑡. Assume the empirical PDF 

parameters of 𝛼𝐹 , 𝛽𝐹  and 𝛾𝐹  are given beforehand and 𝑋𝑡 

during the swollen river water period is observed, the 

likelihood function during the swollen river water period is 

given as Equation (16). 

𝐿𝐹(𝑋) = 𝑆𝐹(𝛼𝐹 , 𝛽𝐹 , 𝛾𝐹 , 𝑋𝑡; 𝑋) (16) 

Replace 𝑆𝐹(𝛼𝐹, 𝛽𝐹 , 𝛾𝐹 , 𝑋𝑡; 𝑋)  in Equation (16) to the 

likelihood function 𝐿𝐹(𝑋) , the real time SWI is given as 

Equation (17). 

Ψ𝑐 = ∫ 𝐿𝐹(𝑋)
∞

−∞

∫ 𝑆𝑁(𝛼𝑁, 𝛽𝑁 , 𝛾𝑁 , 𝑑𝑁; Z)𝑑𝑍 𝑑𝑋
𝑋

−∞

 (17) 

Microtremor data from 22:00 to 23:00 on 30th September 30 

2018 is considered as an example. Assume every identified 

frequency shown in Figure 7 as real time data 𝑋𝑡 and estimate 

the SWI at each time utilizing Equation (17), time series of the 

real time SWI during the swollen river water period is shown 

in Figure 15 in which the vertical axis indicates the SWI and 

the horizontal axis indicates the monitoring time. The 

horizontal red dotted line denotes the MISWI, Ψ𝑆 = 0.05 =
5%. It can be seen that warning is not announced during the 

swollen river water period. 

 

 
Figure 15. Time series of the stochastic warning index during 

swollen river water period. 

6 CONCLUSION 

This study investigates a way of scour detection by means of 

ambient vibration monitoring of the bridge pier during swollen 

river water period. The natural frequency of the bridge pier was 

identified with high accuracy from the ambient vibration during 

the swollen river water period. Two scour assessment 

approaches are proposed using the estimated target frequency 

of the target pier. The first one uses the judgment of bridge 

soundness following a Japanese guideline and the target pier 

during the chosen swollen river water period was categorized 

as B (Low possibility of scour) or S (Healthy), which means 

probability of damage caused by scour during that period is 

extremely low. In the second approach called reliability-based 

scour assessment, parameters of the PDF of the stable 

distribution is identified by means of the maximum likelihood 

method using the target frequency of the pier during normal and 

swollen river water period, and the stochastic warning index is 

proposed and data collected from real swollen river water 

period is used as a case study. Observations from this study 

demonstrated that that it is possible to evaluate scour by using 

the ambient vibration data during swollen river water period. 
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ABSTRACT:  

In this study, a combined spectral estimation approach is proposed for indirect Structural Health Monitoring (iSHM) in short-

span bridges under short-time dynamic excitations. The proposed method relies on the Multiple Signal Classification (MUSIC) 

pseudo-spectral estimator that can extract the resonant frequencies of the monitored bridge with high resolution while filtering 

out noise. Focusing on the frequency bands around the detected structural frequencies, the Welch modified periodogram is next 

considered to isolate the frequency components associated with the vehicle-to-bridge interaction (VBI) problem. For the 

numerical evaluation of the proposed method, a finite element model of a 9-meter long bridge is developed, which is 

dynamically excited by a two-axle moving vehicle at the four speed levels [10, 20, 30, 40] km/h. Linear dynamic analyses are 

conducted and synthetic spatio-temporal acceleration recordings pertaining to the two-axle vehicle are generated, reflecting an 

idealized noiseless scheme in the absence of the vehicle’s dynamic properties. The derived acceleration datasets are next 

corrupted with high-level noise with signal-to-noise ratio (SNR) at 10dB. It is shown that the MUSIC algorithm can extract with 

high accuracy the bridge resonant frequencies at the first two bending modes of vibration for all vehicle speed levels considered 

regardless of the presence of high-level additive noise in the recordings. The combined spectral estimation approach is proved to 

yield a more robust performance in identifying the VBI frequency components in short-span bridge when the travelling vehicle 

is moving at higher speeds. The undertaken numerical assessments provide the basis for the MITICA project, a full-scale 

experimental iSHM campaign which is currently under preparation at the European Commission Joint Research Centre. 

 

KEY WORDS: Indirect Structural Health Monitoring; MUSIC algorithm; Natural frequencies estimation; Short-span bridge; 

Signal-to-noise ratio. 

1 INTRODUCTION 

Advances within the Structural Health Monitoring (SHM) 

framework have paved the way towards the development of 

indirect SHM (iSHM) methods which rely on the processing 

of signals recorded from sensor-equipped vehicles that collect 

data about transport infrastructure elements (e.g., bridges, 

roads, railways) while passing over them [1–3]. This 

consideration reflects on monitoring systems with roving 

sensors capable to monitor the entire infrastructure at the 

highest spatial resolution, eliminating the need for 

instrumentation of dense arrays of sensors or optimal sensor 

placement approaches as typically encountered in direct SHM 

applications. Other great advantages of the iSHM approach is 

the dual input/output functionality of the passing vehicle, as it 

both excites the structure and records its response. Compared 

to direct SHM campaigns, the iSHM implementations can 

therefore provide a mobile, fast, and low-cost monitoring 

system in terms of instrumentation and labor demands.  

The iSHM framework involves a Vehicle-Bridge Interaction 

(VBI) system which is mathematically described by an 

equation of motion that is governed by the dynamic properties 

of both the structure and the vehicle, as well as the motion 

characteristics of the vehicle itself [4–6]. By measuring the 

structural deformation at the wheel location and through post-

processing operations on the vehicle-recorded signals, it is 

possible to identify the underlying structural system via 

estimation of its inherent dynamic/modal properties (i.e., 

natural frequencies, mode shapes, damping ratio) [1,3]. 

Another important application is the detection of structural 

damage based on changes in either modal parameters or non-

physical quantities (e.g., wavelet coefficients) [2]. 

Nonetheless, iSHM algorithms are significantly affected by 

various parameter, such as the road profile, the vehicle speed, 

the acquisition sampling rate, the recording duration with 

respect to the size of the monitored structure, as well as noise 

interferences [1–3]. To assess the influence of these 

parameters, experimental campaigns are warranted.  

Focusing on the vehicle speed and size of the monitored 

structure, Table 1 gives an example of the experimental 

testing consideration in the literature [7–14]. As indicated in 

Table 1, speed levels in the range of [30-70] km/h have been 

considered for iSHM on bridges with spans longer than 150m 

(e.g., [7,8]) while speed levels in the order of [10-40] km/h 

have been used for bridges between 30m and 67m (e.g., [9–

14]). To the best of the authors knowledge, iSHM studies in 

the literature have yet to address short-span bridges (below 

10m) subjected to realistic travelling speeds above 10 km/h, 

which pertains to short-time dynamic excitations that 

compromise the frequency resolution in the acquired datasets. 

The above is among the objectives of the MITICA 

(MonItoring Transport Infrastructures with Connected and 

Automated vehicles) exploratory research project of the 
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European Commission Joint Research Centre that involves the 

iSHM experimental testing of a 9m long Reinforced Concrete 

(RC) bridge under laboratory conditions which is currently 

under preparation [15].  

To numerically evaluate the travelling speed level and 

excitation duration with respect to the bridge size, this paper 

proposes a combined spectral estimation method for iSHM in 

short-span bridges under short-time dynamic excitations. The 

Multiple Signal Classification (MUSIC) algorithm [16] is 

proposed herein with the scope of enhancing the frequency 

resolution in the vehicle-acquired datasets for the estimation 

of the bridge resonant frequencies while eliminating spurious 

components due to measurement noise. The above is achieved 

thanks to the super-high frequency resolution of the pseudo-

spectral MUSIC estimator that is suitable for processing field-

data in noisy environments, observing spikes (or sharp peaks) 

around the natural frequencies of the monitored structure 

while filtering out noise [16]. The MUSIC algorithm is 

combined herein with the standard Welch modified 

periodogram and its efficiency is numerically evaluated in a 9-

meter long Finite Element (FE) RC bridge model that is 

dynamically excited from a moving load at various speed 

levels from 10km/h to 40km/h. The effectiveness of the 

proposed approach is numerically assessed under the presence 

of high-level noise (SNR=10dB) which is compared against an 

idealized noiseless scheme.  

Within the iSHM framework, it is noted that the MUSIC 

algorithm was very recently considered in [17] to estimate the 

fundamental frequency of a bridge by post-processing data 

acquired from smartphones within multiple passing vehicles 

of unknown dynamic properties and travelling speeds. By 

exploiting crowd-sourcing strategies for collecting extensive 

smartphone-based recordings from travelling individuals, the 

use of sensors in smartphones is proposed in the literature as a 

convenient approach for widespread infrastructural network 

monitoring [18]. To account for uncertainties associated with 

smartphone-user interaction, the proposed approach was 

numerically tested against data corrupted with dropped 

smartphone and talking events during vehicle-based signal 

acquisition. The developed method was shown to accurately 

extract the fundamental bridge frequency (with 4% error), 

demonstrating robustness towards uncertainties due to 

smartphone-user interaction, while it was proved to 

outperform other spectral estimation approaches based on the 

standard Discrete Fourier Transform (DFT).  

The MUSIC algorithm has been considered in the past for 

direct SHM applications [19–24]. This pseudo-spectrum 

technique has been combined with the wavelet transform to 

analyze noisy nonlinear and non-stationary signals [20], 

identify the structural dynamic properties [21] and detect 

structural damage [22] in high-rise buildings. Within the 

operational modal analysis framework, the publication in [23] 

developed a hybrid of the ensemble empirical mode 

decomposition with the MUSIC algorithm to identify 

structural frequencies from ambient vibrations. The efficiency 

of this spectral estimation algorithm was further proved for 

structural damage detection and estimation of closely-spaced 

natural frequencies using compressed signals acquired at sub-

Nyquist sampling rates [24]. In all the studies above, the 

MUSIC algorithm has found to preserve a robust performance 

under noise-corrupted structural response, outperforming 

conventional DFT-based spectral estimators for direct SHM 

applications [19–24]. 

Regarding the organization of the remaining paper, Section 

2 briefly presents the mathematical details of the VBI problem 

and the MUSIC algorithm. Section 3 numerically evaluates 

the proposed MUSIC-based method combined with the 

standard Welch modified periodogram and discusses the 

obtained results. Finally, Section 4 summarizes concluding 

remarks. 

Table 1. Bridge length and speed levels for experimental 

iSHM in the literature. 

Bridge 

Length 

(m) 

Vehicle Speed 

(km/h) Experiment 

 

 

Publication 

180 30,50,65,70 Full-scale [7] 

150 30,50,65,70 Full-scale [8] 

67, 36 13 Full-scale [9] 

59 10,20,30,40 Full-scale [10] 

40.4 10, 20, 40 
Full-scale 

Equivalent 
[11–13] 

30 13,17.28,35.13,51.84 Full-scale [14] 

 

2 THEORETICAL BACKGROUND  

2.1 Vehicle-Bridge Interaction 

Consider a moving vehicle of mass m and stiffness k 

travelling with a constant speed v over a simply supported 

beam of length Lb, mass density per unit length M , and 

bending rigidity EI. By neglecting the damping of the two 

systems in interaction (vehicle and beam) and under the 

assumptions of (i) zero initial conditions for the beam before 

its excitation by the moving vehicle, (ii) negligible vehicle 

mass with respect to the mass of the beam, and (iii) smooth 

road surface, the VBI problem is expressed as [6]  

 ( )
2

2

( )
( ) ( , ) 0

x vt

q t
m k q t u x t

t =


+ − =


  (1) 

 
2 4

2 4

( , ) ( , )
( ) ( )c

u x t u x t
M EI f t x vt

t x


 
+ = −

 
  (2) 

In the above equations, q(t) and u(x,t) are the vertical 

displacements of the vehicle and the beam, respectively, δ(.) 

denotes a delta function and fc(t) is the contact force given by  

 ( )( ) ( ) ( , )c x vt
f t mg k q t u x t

=
= − + −   (3) 

Considering the modal superposition method, the beam 

displacement can be expressed as 

 ,

1

( , ) sin ( )b i

i b

i x
u x t q t

L



=

=   (4) 

where sin(iπx/Lb) are the beam’s mode shapes (for a simply-

supported single-span beam) and qb,i(t) are the generalized 

coordinates at ith mode of vibration. By substituting Eq. (4) in 

Eq. (1-3) and solving this coupled system of equations, the 

vehicle’s displacement q(t) can be obtained as detailed in [6]. 

Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure

956



By taking the double derivative of q(t), the vehicle’s 

acceleration response is obtained and given in Eq. (5) (for 

details on the coefficients A1i-A5i in Eq. (5), the interested 

reader is referred to [6]):  

 

( )

2

1 22
1

3 0 4 , 5 ,

( ) ( 1) ( 1)
cos cos

cos cos cos

i i

i b b

i i b i i b i

b b

q t i v i v
A t A t

L Lt

i v i v
A t A t A t

L L

 

 
  



=

    − +
= + +   

    

   
+ − + +   

   


 (5) 

Eq. (5) confirms that the vehicle acceleration response is 

governed by five frequencies, i.e., two shifted speed 

frequency components ωvi=(i 1)πv/Lb, the vehicle’s resonant 

frequency ω0, and the two versions of the bridge natural 

frequency, ωb,i, shifted by the quantities / bi v L  at the ith 

mode of vibration. In the simplified case of negligible vehicle 

mass, the third term in Eq. (5) can be ignored and the VBI 

problem is expressed under the assumption of a moving load 

only in line with the considerations in the numerical study 

herein.  

2.2 Multiple Signal Classification (MUSIC) algorithm 

Consider a structural system with M Degrees of Freedom 

(DOFs), pertaining to the structural natural frequencies fi 

(i=1,2,…,M). Assume next that the real-valued structural 

response signal q[n] of length N, n=[1,2,…,N], is corrupted 

with additive white noise w[n]. The response signal can be 

expressed as a superposition of M sinusoidal functions with 

frequencies fi, real amplitudes Ai, and uncorrelated random 

phases θi uniformly distributed in the interval [0, 2π], i.e.:  

 
1

[ ] cos(2 ) [ ]
M

i i i

i

q n A f n w n 
=

= + +   (6) 

The autocorrelation matrix of q[n] is expressed as  

 2 T 2

1

( ) ( )
M

q i i i w

i

A f f 
=

= +R φ φ I   (7) 

where  ( ) 1 cos(2 ) cos(2 ( 1) )i i if f N f = −φ  is the 

signal frequency matrix for n=[1,2,…,N] at all fi, i=(1,2,…,M), 

I  is the identity matrix, 
2
w  is the noise variance and T 

denotes the transpose operation.  

The MUSIC algorithm [16] is a super-resolution pseudo-

spectrum estimation method, which relies on the eigenvalue 

decomposition of autocorrelation matrices estimated by field 

measurements. The MUSIC estimator is applied to the 

autocorrelation matrix Rq in Eq. (7), which is decomposed as 

in Eq. (8) 

 2 T 2 T

1 1

( )
M N

q i w i i w i i

i i M

  
= = +

= + + R v v v v   (8) 

where the eigenvectors vi are orthonormal, i.e., T 0i j =v v  

for i j . The first term in Eq. (8) represents the signal sub-

space with M eigenvalues 
2( )i w + , i=(1,…,M), and M 

principal eigenvectors spanning the same subspace with the 

signal frequency vectors ( )ifφ . Likewise, the second term 

corresponds to the noise sub-space with (N-M) identical 

eigenvalues 2
w , and (N-M) eigenvectors. The cost function of 

the unbiased MUSIC estimator is given as  

 
T T

1

1
( )

( ) ( )

MUSIC N

i i

i M

P f

f f
= +

=
 
  
 
φ v v φ

  (9) 

The above estimator relies on the orthogonality condition 

between the signal frequency vectors and the noise sub-space, 

i.e.,  

 T

1

( ) 0, 1,...,
N

i i

i M

f i M
= +

 
 = = 
 
φ v     (10) 

Eq. (10) takes a zero value when f=fi (i.e., around the 

resonant frequencies of the M-DOF structure) leading to 

theoretically infinite spectral values in Eq. (9). Practically, 

though, Eq. (9) yields finite values due to numerical errors in 

solving the eigenvalue problem, observing sharp peaks at each 

fi and resulting in a spectrum-like shape. Limitations of the 

MUSIC algorithm are the prior knowledge on the number of 

M signal components required, as well as the increased 

computational demands of the eigenvalue decomposition in 

Eq. (8). However, the MUSIC algorithm enjoys the great 

advantage of estimating M natural frequencies at a high 

frequency resolution by filtering out noise.  

3 NUMERICAL ASSESSMENT  

3.1 Finite Element Simulation 

For the numerical evaluation of the proposed MUSIC-based 

approach on short-span bridges, the Lb=9m long RC structure 

in Figure 1 was selected for the needs of this study. The 

considered structure is a bridge-like specimen (termed bridge 

hereafter) which will be used on a full-scale iSHM 

experimental campaign (currently under preparation) as part 

of the MITICA research project [15] at the European 

Commission Joint Research Centre. The cross-section of the 

RC bridge is 3 meters wide, comprising a 15cm thick deck 

and two trapezoidal down-stand beams of 40cm width and 

30cm depth that run along the bridge’s length (see cross-

section in Figure 1).  

A FE model of the RC bridge was developed in SAP2000 

FE software using a combination of 2D shell elements for the 

simulation of the deck and 1D frame elements for the 

modelling of down-stand beams. The construction RC 

material was assigned to the FE with a concrete grade of 

C35/45. Four pin supports were assigned at the two ends of 

the FE model below the central point of each down-stand 

beam. The central line of the bridge was further connected 

with two additional rigid 1D six-meter-long frame elements to 

model the accelerating and decelerating areas for the moving 

vehicle as well as to allow the gradual application of the 

dynamic load onto the structure. 

It was assumed that a lightweight moving vehicle of 

approximately m=1000kg is travelling over the bridge at 

various speed levels within the range of [10 – 40] km/h (with 

an increment of 10km/h), which reflect a realistic scenario for 

a full-scale experimental testing campaign. Four load cases 

were developed considering a pair of two moving loads of 
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P1=4.478kN and P2=5.822kN spaced apart by D=2.3m, which 

pertain to the static load of the moving vehicle at the front and 

rear axle, respectively (i.e., half-car load simulation).  

A dense FE discretization mesh of 9.3mm was assigned 

along the length of the bridge FE model and linear response 

history dynamic analyses were conducted with a time 

discretization step of dt=3.33ms using the modal 

superposition method. The above considerations allowed the 

collection of spatio-temporal structural response data at a 

sampling frequency of Fs=300Hz. The consideration of the 

adopted FE meshing and the sampling frequency was driven 

by the needs of acquiring spatio-temporal datasets with the 

maximum possible length, given the realistic speed levels the 

assumed vehicle is travelling along the short-span bridge, 

while taking also into consideration the sampling capacities 

(sampling rate and bandwidth) of the commercially available 

wireless sensors adopted in the experimental set-up, and the 

maximum allowable meshing in the FE software. Considering 

that the signal recording starts when the front axle of the 

moving vehicle enters the bridge at t11=0s, Table 2 reports the 

time instants when the front axle exits the bridge (t12) as well 

as the entering and exiting of the rear axle (t21, t22 

respectively) for the adopted speed levels that range from 

10km/h to 40km/h. The time instant the rear axle exits the 

bridge, t22, indicates the total duration of interest for each 

dynamic analysis.  

 

 

 

Figure 1. Bridge-like structural specimen. 

Table 2. Records duration and sampling points for a moving 

vehicle under various speed levels. 

Speed 

Time 

Rear 

Axle 

Enter  

Time 

Front 

Axle 

Exits 

Time 

Rear 

Axle 

Exits 

Freq. 

Resolu-

tion 

Number 

of 

samples 

v 

(km/h) 

v 

 (m/s) 

t21  

(s) 

t12  

(s) 

t22  

(s) 

df  

(Hz) 

N 

(-) 

10 2.778 0.828 3.240 4.068 0.309 972 

20 5.556 0.414 1.620 2.034 0.617 486 

30 8.333 0.276 1.08 1.356 0.926 324 

40 11.111 0.207 0.81 1.017 1.235 243 

 

3.2 Vehicle-recorded acceleration measurements  

From the four dynamic analyses performed in SAP2000 at 

the four speed levels reported in Table 2, time-domain vertical 

acceleration response signals are extracted along the central 

line of the FE bridge model (in line with the load application 

path). Assuming a set of two accelerometers placed at the 

front and rear axle of the moving vehicle, respectively, 

synthetic spatio-temporal acceleration datasets are next 

generated by collecting the corresponding pair of samples in 

both time-domain and space-domain following the trajectories 

of the vehicle’s axles. Notably, the two acceleration datasets 

have the same duration (i.e., Δt1= t12-t11, Δt2= t22-t21) for a 

given speed level, which determines the achieved frequency 

resolution, dfi=1/Δti, reported in Table 2, and the number of 

data samples acquired (see also last column in Table 2). It is 

important to note that the duration of the dynamic excitation 

of a short-span bridge with Lb=9m is less than 1s (Δt1= 

Δt2=0.81s) when a car is travelling at v=40km/h, pertaining the 

acquisition of just 243 sampling points at Fs=300Hz.  

 

 

Figure 2. Noiseless (blue) and noise-corrupted (red) 

acceleration recordings at v=10km/h acquired from the front 

(left) and the rear vehicle axle (right). 

 

 

Figure 3. Noiseless (blue) and noise-corrupted (red) 

acceleration recordings at v=40km/h acquired from the front 

(left) and the rear vehicle axle (right). 

For the two limiting speed levels at v=10km/h and 

v=40km/h, Figure 2 and Figure 3 illustrate respectively the 

generated synthetic datasets (blue solid curves) which 

simulate the noiseless recordings that originate directly from 

the FE model. To account for the measurement noise as 

typically encountered in practical applications (e.g., noise at 

sensor’s level or noise due to environmental and other 

interferences), the generated synthetic datasets are next 

corrupted with additive Gaussian white noise at a signal-to-

noise ratio of SNR=10dB. This corresponds to a relatively 

high noise level pertaining to 10% of the underlying signals 

energy. It is deemed an extreme noise condition that was 

purposely selected to appraise the noise filtering capabilities 

of the MUSIC algorithm. The derived noisy acceleration 

datasets are also depicted in Figure 2 and Figure 3 (red dotted 
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curves) for the two limiting speed levels at v=10km/h and 

v=40km/h. From these figures, it is readily observed that the 

slower vehicle speed at v=10km/h (Figure 2) better captures 

the dynamic oscillation of the bridge compared to the case of 

v=40km/h (Figure 3) as the bridge dynamic excitation has a 

longer duration (4 times more) and a higher number of 

sampling points are acquired given the fixed travelling 

distance of Lb=9m. On the other side, the faster vehicle speed 

at v=40km/h induces bridge acceleration responses of higher 

amplitude which are almost an order larger than those at 

v=10km/h (i.e., the acceleration response amplitude at 

v=40km/h is 5.58 times higher for the front axle recordings 

and 8.41 times higher for the rear axle recordings compared to 

the pertinent ones at v=10km/h). It is further observed that the 

influence of noise becomes more important at the low-

amplitude signal components (e.g., beginning and end of 

acceleration recording at the front axle in the left panel of 

Figure 2). The natural frequencies of the bridge are extracted 

from a standard eigenvalue analysis in SAP2000. For the first 

two bending modes of vibration, the bridge resonant 

frequencies were found equal to fb1=5.550Hz, fb2=22.079Hz.  

It is noted that this study ignores the influence of the 

vehicle’s dynamic properties assuming a simplified VBI 

simulation framework which relies on the processing of the 

spatio-temporal acceleration datasets in the noiseless and 

noisy scheme as detailed in the previous sub-section. 

Therefore, the herein natural frequency estimation problem 

takes into consideration the shifting of the bridge modal 

properties exclusively due to a moving load at various speed 

levels in the presence of noise. In fact, the speed frequency 

component of a moving vehicle is given as 

( 1) (2 )vi bf i v L=   (in Hz), where v is the speed quantity in 

m/s, Lb is the travelling distance (i.e., bridge length herein), 

and i denotes the mode of vibration. The theory of the VBI 

asserts [4–6] that under the excitation of a dynamic moving 

load, the structural resonant frequencies at the ith mode of 

vibration manifests itself with two spectral peaks shifted by a 

quantity of (2 )bi v L  , where i=(1,2,…,M). For the 

considered vehicle speeds between 10-40km/h, Table 3 

reports the expected resonant frequencies due to the speed 

component, fv1, together with the two shifted versions of the 

bridge bending modes of vibration at i=1,2. These values are 

the “exact” resonant frequencies that are sought to be captured 

by the proposed approach. 

Table 3. Expected resonant frequencies. 

v (km/h) 10 20 30 40 

 (Hz) (Hz) (Hz) (Hz) 

fv1  0.309 0.617 0.926 1.235 

fb1-v/(2Lb) 5.396 5.242 5.087 4.933 

fb1+v/(2Lb) 5.705 5.859 6.013 6.168 

fb2-v/Lb  21.771 21.462 21.154 20.845 

fb2+v/Lb 22.388 22.697 23.005 23.314 

 

3.3 Welch periodogram versus MUSIC algorithm   

For the two noise schemes (noiseless and noisy at SNR=10dB) 

and the speed levels considered, the generated spatio-temporal 

acceleration datasets pertaining to the recordings of the front 

and rear axle of the moving vehicle are first processed with 

the standard Welch modified periodogram [16] in 

MATLAB®. The computed Power Spectral Density (PSD) 

estimators are obtained by dividing the analyzed signal into 

eight segments with 50% overlap and windowed with a 

Hamming function. For the frequency range of interest below 

30Hz, Figure 4 plots together the PSD estimates derived from 

the noiseless (blue curve) and the noisy (red curve) 

acceleration datasets pertaining to the two limiting speed 

levels at v=10km/h (left panel) and v=40km/h (right panel).  

For the low-speed level at v=10km/h, it is readily observed 

that the signal’s energy is mainly carried at a frequency 

around 5.5Hz (i.e., the fundamental frequency of the bridge) 

while the remaining frequency components of Table 3 pertain 

to significantly lower spectral peaks that cannot be easily 

extracted. This issue becomes more profound when the signals 

are corrupted with additive noise. In such cases, the level of 

noise can mask the underlying signal information as observed 

around the bridge resonant frequency corresponding to the 

second bending mode of vibration (e.g., left panel of Figure 

4).  

Similar remarks hold for the PSD estimates from 

acceleration datasets derived from the higher speed at 

v=40km/h (right panel of Figure 4) where non-structural 

spectral peaks are retrieved possibly due to the low frequency 

resolution associated with the short dynamic excitation of the 

short-span bridge in Figure 1. For the latter case at v=40km/h, 

it is noted that the speed frequency component fv1 attains a 

higher value (see Table 3) resulting in less closely-spaced 

shifted versions of the bridge resonant frequencies which 

could be better captured on condition that the spurious 

spectral peaks are removed.  

 

 

Figure 4. Modified Welch periodogram of noiseless (solid 

blue) versus noisy (dashed red) synthetic acceleration 

recordings at v=10km/h (left) and v=40km/h (right) acquired 

from the front vehicle axle. 

Aiming to eliminate the noise interferences and enhance the 

frequency resolution in the derived PSD estimates in cases of 

short-span bridges prone to short-time dynamic excitations 

under a moving vehicle, the MUSIC algorithm is next 

considered. As detailed in section 2, this is a pseudo-spectral 

estimator capable to separate the signal’s frequency content 

from noise components at a high resolution.   

Thus, the generated spatio-temporal noiseless and noisy 

acceleration datasets are next processed with the MUSIC 

estimator in MATLAB®. Aiming to capture the five 

frequencies in Table 3, the number of M=5 DOFs are pre-
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defined within the MUSIC algorithm. The details of section 2 

are then followed to obtain the pseudo-spectral estimators 

within the frequency range of interest [0-30] Hz. For the two 

limiting speed levels, Figure 5 superimposes the MUSIC 

pseudo-spectra obtained from the noiseless (blue curve) and 

noisy (red curve) synthetic acceleration signals acquired from 

the front axle of the moving vehicle when travelling at a speed 

of v=10km/h (left panel) and v=40km/h (right panel). Similar 

pseudo-spectra are obtained for the remaining datasets. It is 

clearly seen in Figure 5 that the MUSIC estimator yields two 

spectral peaks pertaining to the bridge resonant frequencies 

fb1, fb2 regardless of the travelling speed and irrespective of the 

presence of noise in the acquired measurements. 

 

 

Figure 5. MUSIC PSD estimation of noiseless (solid blue) 

versus noisy (dashed red) synthetic acceleration recordings at 

v=10km/h (left) and v=40km/h (right) acquired from the front 

vehicle axle. 

The accuracy of the MUSIC-estimated resonances, ˆ
bif , is 

measured with the percentage difference error, i.e., 

 

ˆ
bi bi

i

bi

f f
df

f

−
=  (11) 

where bif  is the target bridge natural frequency derived from 

the FE model. Using Eq. (11), Figure 6 shows in bar plots the 

computed percentage difference errors pertaining to the 

MUSIC-estimated frequencies from the recordings of the front 

axle. This plot shows that the estimation of a given resonant 

frequency yields approximately the same level of error in the 

noiseless and noisy scheme. This confirms that the quality of 

the resonant estimates is not significantly affected by the 

presence of noise even at the extreme level of SNR=10dB, 

confirming the suitability of the MUSIC estimator in 

processing noise-corrupted signals. The error bar plots in 

Figure 6 reveal further the higher accuracy achieved at two 

limiting speed levels. For the lowest considered speed at 

v=10km/h, percentage difference errors of less than 1% and 

3% are obtained for the estimation of fb1, fb2 in the noiseless 

and noisy scheme, respectively. This can be attributed to the 

better frequency resolution of the acquired datasets at 

v=10km/h pertaining to a longer dynamic excitation. For the 

highest considered speed level at v=40km/h, roughly the same 

error is obtained in the noiseless and noisy scheme with the 

estimated bridge resonances 1, 2
ˆ ˆ b bf f  yielding a percentage 

difference errors in the order of 3% and 0.2%, respectively. 

This can be explained by the fact that higher speed levels 

induce higher signal amplitudes which can be particularly 

beneficial for the low-excited signal frequency components 

(e.g., fb2 herein).  

Nonetheless, it is shown that the MUSIC estimators cannot 

retrieve the low-amplitude speed frequency component, fv1, 

neither the shifted versions of the bridge resonant frequencies 

that lie together very closely in the frequency axis. To this 

end, a combined approach is considered next that exploits the 

well-defined MUSIC-based spectral peaks to isolate the 

pertinent spectral components in the Welch modified 

periodogram.   
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Figure 6. Percentage difference error on the first two bridge 

resonant frequency estimates from the MUSIC-based PSD of 

the acceleration signal acquired at the front axle of the moving 

vehicle in noiseless (blue bars) and noisy (red bars) scheme. 

 

3.4 Natural frequency estimation via combined MUSIC 

and Welch PSD  

The efficiency of the MUSIC algorithm combined with Welch 

modified periodogram is assessed herein for the extraction of 

the natural frequencies presented in Table 3. For the noisy 

case at v=[10, 40] km/h, Figure 7 plots together the pertinent 

PSD estimates (Welch periodogram and MUSIC estimator) 

which are normalized to the maximum amplitude to facilitate 

comparison. Considering as a central frequency the spectral 

peaks obtained from the MUSIC pseudo-spectrum, two 

frequency bandwidths are defined in the Welch-periodogram 

to extract the frequencies that lie within these bands. In the 

low-frequency range, the first spectral peak should correspond 

to the speed frequency component, fv1, which is also extracted.   

 

 

Figure 7. Overlayed normalized PSD estimates derived from 

Welch periodogram (blue) and MUSIC (red) for noisy 
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acceleration recordings at v=10km/h (left) and v=40km/h 

(right) acquired from the front vehicle axle. 

For all considered datasets, the accuracy of the estimated 

resonant frequencies from the hybrid approach is next 

assessed using the percentage difference error criterion in Eq. 

(11) considering as the reference values the frequencies 

reported in Table 3. The obtained error estimates are 

presented with bar plots in Figure 8-Figure 11 for the 

noiseless and noisy datasets originating from the front and 

rear axle of the moving vehicle.  

Commenting first on frequency estimation from the 

noiseless datasets, Figure 8 shows that small frequency 

percentage errors below 1% are obtained in almost all 

detected resonances apart from the frequency component (fb1-

v/2Lb) at v=[10, 20, 30] km/h and the frequency component 

(fb2-v/ Lb) at v=40 km/h. From this figure, it is observed that it 

is not possible to extract both shifted versions of the bridge 

resonances fb1, fb2 from the dataset acquired from the front axle 

of the moving vehicle at speed levels below 30km/h, 

potentially due to the proximity of the pertinent shifted 

frequencies which is below 1Hz (see also Table 3). This is not 

the case, though, for the estimated frequencies from the 

noiseless datasets recorded from the rear axle of the moving 

vehicle. In fact, Figure 9 shows that all five targeted 

frequencies can be sufficiently detected for vehicle speeds at 

v=10km/h and v=40km/h with relatively high accuracy 

(maximum error is less than 3%). It is believed that this better 

performance of the rear axle datasets is attributed to the fact 

the rear axle acceleration recordings are richer in information 

with respect to the dynamics of the underlying bridge which 

has been already set in vibration from the passing of the front 

axle.  

Moving to the frequency estimation from the noisy datasets, 

Figure 10 and Figure 11 show that the same level of error is 

retrieved compared to the noiseless case in most of the 

estimated frequencies as long as they are sufficiently detected. 

However, the influence of noise is reflected to the fewer 

frequency components that can be extracted. Exception to the 

latter is the case of v=40km/h which shows a consistent 

performance in extracting the five targeted frequencies with 

high accuracy (maximum error is less than 1%) regardless of 

the noise interferences. As previously explained, this high 

performance at high speeds may be associated with the better 

excited structural modes with higher acceleration amplitudes.  
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Figure 8. Percentage error on the estimated resonant 

frequencies extracted from the Welch PSD for the front axle’s 

noiseless acceleration signal. 
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Figure 9. Percentage error on the estimated resonant 

frequencies extracted from the Welch PSD for the rear axle’s 

noiseless acceleration signal. 
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Figure 10. Percentage error on the estimated resonant 

frequencies extracted from the Welch PSD for the front axle’s 

noisy acceleration signal. 
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Figure 11. Percentage error on the estimated resonant 

frequencies extracted from the Welch PSD for the rear axle’s 

noisy acceleration signal. 

4 CONCLUDING REMARKS  

This paper proposed a combined spectral estimation method 

for iSHM in short-span bridges. This method exploits the 

high-resolution and noise-filtering capabilities of the MUSIC 

algorithm to detect the natural frequencies of a bridge that is 

dynamically excited by a moving vehicle. The VBI frequency 

components are isolated from the Welch modified 

periodogram by zooming into the frequency bands 

corresponding to the well-defined frequencies extracted from 

the MUSIC pseudo-spectrum.  

The proposed approach was numerically assessed in a FE 

model of 9-meter RC bridge considering a moving load at the 

four speed levels [10, 20, 30, 40] km/h. Simulated spatio-

temporal noiseless datasets pertaining to the front and rear 

axle of the moving vehicle were obtained with a sampling 
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frequency at Fs=300Hz. To assess the performance of the 

proposed method in noisy environments, the derived 

acceleration datasets were further corrupted with additive 

white noise at an extreme noise level at SNR=10dB (i.e., the 

noise level corresponds to the 10% of the signal energy).  

The numerical results confirmed that the MUSIC pseudo 

spectrum estimator can retrieve with sufficient accuracy (with 

a maximum percentage difference error at 8.2%) the resonant 

frequencies of the short-span bridge at the first two bending 

modes of vibration regardless of the presence of noise in the 

acquired datasets. It was further shown that the MUSIC 

algorithm returns only two spectral peaks for a pre-defined 

number of M=5 DOFs, suggesting that it is not possible to 

entirely capture the VBI frequency components.  

The above issue was shown to be adequately addressed 

when the MUSIC algorithm was combined with the standard 

Welch modified periodogram. The results thus obtained 

confirmed that the noiseless spatio-temporal datasets acquired 

from the rear axle of the moving vehicle are richer in 

information with respect to the dynamics of the underlying 

bridge which is already vibrating due to the crossing of the 

front axle. It was further shown that consistently good 

performance (with a percentage difference error limited by 

1% in almost all cases) was achieved in extracting all resonant 

frequencies of interest when the moving vehicle was 

travelling at v=40km/h (the highest speed levels considered), 

even when the acquired datasets were buried in high-level 

noise with SNR=10dB. It is believed that the consistent 

performance at high speeds may be associated to the better 

excited structural modes due to the higher acceleration 

amplitudes induced.  

It is envisioned that the obtained promising results may be 

proved useful within field iSHM implementations in short-

span bridges. Future work is warranted for assessing its 

efficiency under the influence of the vehicle dynamics, the 

road surface roughness, and the presence of colored or 

correlated noise. This will be addressed within the full-scale 

experimental campaign of the ongoing MITICA project at the 

European Commission Joint Research Centre.  
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ABSTRACT: This study is intended to investigate effectiveness of a Bayesian hypothesis-based damage detection of steel bridges. 

To reduce the cost of purchasing and installing sensors, it is necessary to detect anomalies with as few sensors as possible. The 

influence of number of sensors to the damage detection is also examined. For the damage sensitive feature, a parameter from the 

coefficient matrix of the multivariate regression model of measured acceleration responses is adopted as sensitivity of the 

conventional modal parameters to damage was not enough in terms of damage detection. In the existing damage detection method 

using coefficient matrix, it is necessary to know in advance which features are sensitive to damage. However, the damage detection 

method using the Bayesian hypothesis test can detect the damage by comparing with the learning data even if the damage-sensitive 

feature quantity is unknown in advance. Acceleration data from a steel plate girder bridge and a steel truss bridge were examined. 

Artificial damage was applied to both bridges. Observations through the study showed that the proposed Bayesian hypothesis-

based damage detection method successfully detect anomalies due to the damage, and also demonstrated that possibility of damage 

detection with small number of sensors. 

KEY WORDS:  Bayes factor; Hypothesis test; Field experiment; Steel bridges; Structural health monitoring; Number of sensors.

1 INTRODUCTION 

Maintenance of aging bridges has become a major issue 

globally. However, considering the shortage of engineers who 

inspect bridges and the time and cost required for visual 

inspection, a more efficient and quantitative bridge inspection 

method is required. Structural health monitoring (SHM) has 

been attracting attention as an alternative method to visual 

inspection. Vibration-based SHM is a useful technique if the 

modal properties of a bridge can be identified effectively. For 

bridge health monitoring, the ambient vibration test using 

traffic induced vibration is an effective way to monitor the 

bridge as it requires no traffic control.  

It is necessary to install a large number of sensors in order to 

measure vibration-based SHM and detect damage accurately. 

In time-domain system identifications, it utilized the 

stabilization diagram as a feature extraction method for 

identifying the vibration mode. It is necessary to set the 

estimation tolerance for the frequency, damping constant, and 

MAC (Modal Assurance Criterion) value of the mode shape 

from actual measurement in advance. Bayesian inference is 

adopted to efficiently perform feature extraction, and damage 

detection [1]. In order to efficiently inspect a large number of 

existing bridges, it is a challenge to examine the optimum 

number of sensors using Bayesian inference. 

This study conducted a damage experiment giving cracks in 

the steel plate girder bridge and truss bridge. Acceleration 

sensors were installed on each bridge to measure acceleration. 

In order to examine the effect of the number of sensors, 

relationships between number of sensors and accuracy of 

damage detection utilizing Bayes factor (BF), which is a 

damage index in the Bayesian hypothesis test. 

2 METHODOLOGY 

Figure 1 shows the flow of the proposed damage detection 

method. The proposed damage detection method comprises 

two steps: Firstly, the posterior distribution for model 

parameters composing a vector autoregressive model from a 

data set of the intact bridge is determined by means of the 

Bayesian inference. Secondly, Bayes factors calculated from 

newly observed data provide indicators for damage detection 

according to the Bayesian hypothesis testing. 

 Vector autoregressive (VAR) model 

Let 𝒚𝑘 ∈ ℝ
𝑚×1  denote a column vector of the discrete time 

series of measured acceleration whose components correspond 

to m measurement locations. The following vector AR model 

which models the linear time series with sufficient model order 

p and noise term [2]. 

𝒚𝑘 =∑ 𝛂𝑖𝒚𝑘−𝑖 + 𝒆𝑘
𝑝

𝑖=1
(1) 

where, 𝛂𝑖 ∈ ℝ
𝑚×𝑚  is an autoregressive coefficient matrix of 

order i, and 𝒆𝑘 ∈ ℝ
𝑚×1  is a time series of white Gaussian noise 

vectors. To simplify the discussion, transform Eq. (1) as 

follows. 

𝒚𝑘 = 𝐖[

𝒚𝑘−1
⋮

𝒚𝑘−𝑝
] + 𝒆𝑘 = 𝐖𝝓𝑘+𝒆𝑘 (2) 

where, 𝝓𝑘 ∈ ℝ
𝑚𝑝×1 is a column vector. Furthermore, when 𝜮 

represents a covariance matrix of the noise vector 𝒆𝑘 , the 

probability density function of 𝒚𝑘 is expressed as follows. 

𝑝(𝒚𝒌|𝝓𝒌,𝑾, 𝜮) = 𝒩(𝒚𝒌|𝑾𝝓𝒌, 𝜮) (3) 
where, 𝑝(⋅ | ⋅)  represents the conditional probability density 

function, 𝒩(𝒙|𝝁, 𝚺)  represents the multivariate normal 
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distribution with the expected value 𝝁  and the covariance 

matrix 𝚺 . 

Consider the problem of estimating the regression coefficient 

𝑾  and the covariance 𝚺  of the regression error from the 

observed value of the target variable 𝒚 using Bayes' theorem. 

Consider a data set consisting of n target variables 𝒚1, … , 𝒚𝑛 

and their corresponding inputs 𝝓1, … , 𝝓𝑛 , and define 𝐘 =
[𝐲1, … , 𝐲𝑛] ∈ ℝ

𝑚×𝑛  and 𝝓 = [𝝓1, … , 𝝓𝑛] ∈ ℝ
𝑚𝑝×𝑛 . 

Assuming that these data are generated independently, the 

following likelihood function is obtained for the parameters 𝑾 

and 𝚺. 

𝑝(𝒀|𝝓,𝑾, 𝜮) =∏𝒩(𝒚𝒌|𝑾𝝓𝒌, 𝜮)

𝒏

𝒌=𝟏

(4)
 

The next section explains how to calculate BF from this 

likelihood function using Bayes' theorem. 

 

 Bayesian hypothesis 

The parameters 𝑾  and 𝚺  will be collectively referred to as 

regression parameters. The posterior distribution of regression 

parameters is obtained according to the following Bayes' 

theorem. 

𝑝(𝑾, 𝜮|𝒀,𝝓) =
𝑝(𝒀|𝝓,𝑾, 𝜮)𝑝(𝑾, 𝜮)

𝑝(𝒀|𝝓)
(5) 

where, 𝑝(𝑾, 𝜮)  on the right side is the prior distribution. 

𝑝(𝑾, 𝜮|𝒀,𝝓) on the left side is the posterior distribution for the 

regression parameters obtained under the condition of observed 

accelerations, and shows the posterior distribution. In the 

following discussion, the left side of Eq. (5) is abbreviated as 

𝑝(𝑾, 𝜮|𝒀) for simplicity. 

In Bayesian inference, it is known that a closed solution can 

be obtained for the probability density function of the posterior 

distribution by assuming a prior distribution as a conjugate 

prior [3]. Regarding the likelihood function expressed by Eq. 

(4), it is known that the conjugate prior distribution of the 

regression parameter is the matrix normal inverse Wishart 

distribution defined by the following equation [4]. 

𝑝(𝑾, 𝜮) = ℳ𝒩(𝑾|𝑴, 𝜮, 𝑳−𝟏)ℐ𝒲(𝜮|𝜳, 𝜈) (6) 
where, ℳ𝒩(𝐖|𝐌, 𝚺, 𝐋−1)  and ℐ𝒲(𝚺|𝚿, 𝜈)  are the matrix 

normal distribution and the inverse Wishart distribution, 

respectively, 

The parameters 𝐌 ∈ ℝ𝑚×𝑚𝑝 , 𝐋 ∈ ℝ𝑚𝑝×𝑚𝑝 , 𝚿 ∈ ℝ𝑚×𝑚   and  

𝜈 ∈ ℝ in Eq. (6) are the parameters that determine the shape of 

the prior distribution., so called hyperparameters. The posterior 

distribution is expressed as follows [4]. 

𝑝(𝑾, 𝜮|𝒀) =ℳ𝒩(𝑾|𝑴′, 𝜮, 𝑳′
−𝟏
)ℐ𝒲(𝜮|𝜳′, 𝜈′) (7) 

where, 

𝐋′ =, 𝐋 + 𝛟𝛟T (8) 

𝐌′ = (𝐌𝐋 + 𝐘𝛟T)𝐋′
−1 (9) 

𝜈′ = 𝜈 + 𝑛 (10) 
𝚿′ = 𝚿+ 𝐘𝐘T +𝐌𝐋𝐌T −𝐌′𝐋′𝐌′T (11) 

Since it is difficult to derive a strict non-information prior 

distribution for the prior distribution in Eq. (6), A uniform 

distribution is assumed [5]. 

The Bayesian hypothesis test in this study is performed by 

evaluating the Bayes factor defined as the ratio of the likelihood 

functions. When 𝑫  is observation data set and 𝜽  is model 

parameter (regression parameter), the likelihood function of 

hypothesis H is generated as follows. 

𝑝(𝑫|H) = ∫𝑝(𝑫|𝜽, H)𝑝(𝜽|H) 𝒅𝜽 (12) 

where, 𝑝(𝑫|𝜽, H)  and 𝒑(𝜽|H)  represent the likelihood 

function and prior distribution under hypothesis H, 

respectively. From Bayes' theorem, the posterior distribution 

under hypothesis H is as follows.  

𝑝(H|𝑫) = 𝑝(𝑫|H)𝑝(H)𝒑(𝑫)−𝟏 (13) 
If the null hypothesis H0  denotes “the statistical model 

according to the observed values is the same as that of a bridge 

in a healthy state”, and then, the alternative hypothesis H1 

denotes “Prior information is uncertain about the statistical 

model that the observed values follow.” Taking the ratio of the 

posterior distribution in each hypothesis obtained from Eq. 

(13), it is expressed as follows. 

𝑝(H1|𝑫)

𝑝(H0|𝑫)
=
𝑝(H1)

𝑝(H0)
𝐵 (14) 

where, B is expressed as BF as follows. 

𝐵 =
𝑝(𝑫|H1)

𝑝(𝑫|H0)
(15) 

Eq. (14) means that the ratio of the posterior distribution can be 

expressed by the ratio of probability distributions of the null 

 
Figure 1. Flow of the Bayesian damage detection. 

 

 
Figure 2. Steel plate girder bridge (A bridge) 

 
Figure 3. Damage scenario. 
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hypothesis H0  and the alternative hypothesis H1  and the 

likelihood function assuming that each hypothesis H0 and  H1. 

If the prior probabilities for two hypotheses are equivalent, then 

the Bayes factor corresponds to the updated posterior odds. The 

Bayes factor therefore provides an indicator to assess whether 

observed data support hypothesis or hypothesis. 

 Here, the BF when the acceleration data 𝑫 represents all the 

sensors is called the Global Bayes factor (GBF). Since GBF 

uses the information of all the sensors attached to the bridge, it 

is possible to estimate the presence or absence and degree of 

abnormality of the entire bridge. On the other hand, the BF in 

each sensor uses the acceleration expressed by the following 

equation using the j-th element of Eq. (1). 

𝒚𝑘
(𝑗)
=∑ 𝜶𝑖

(𝑗)
𝒚𝑘−𝑖 + 𝒆𝑘

𝑝

𝑖=1
(16) 

where, 𝒚𝑘
(𝑗)

 and 𝜶𝑖
(𝑗)

 are j-th element of 𝒚𝑘  and  𝛂𝑖 . The BF 

calculated using the acceleration data of Eq. (16) is called the 

Local Bayes factor (LBF). Since LBF is calculated using the 

acceleration data of each sensor, it represents the BF of each 

sensor. Therefore, the damage position can be estimated by 

comparing the BF values at each location. 

In this study, BF is considered on the scale of natural 

logarithm, and when 2 𝑛𝐵  is larger than 10, the basis for 

rejecting the null hypothesis is "very strong" [6]. 

Here, the acceleration data of a healthy bridge is defined as 

reference data, and that of a bridge with unknown abnormalities 

is defined as test data. In the following sections, the subscript r 

stands for the reference data, and t is the test data.  

In determining the AR order p, the Bayesian Information 

Criterion (BIC) [7],[8] was used in this study. The stabilization 

diagram is used as a method for obtaining the order q that 

extracts the features sensitive to damage detection.  

3 FIELD EXPERIMENT 

 The steel plate girder bridge (A bridge) 

A photograph of the target bridge is shown in Figure 2. The 

target bridge is a simply supported steel plate girder bridge with 

a total bridge length of 40.5 m, an effective width of 4.0 m, and 

a depth of 2.0 m. The bridge was constructed in 1957 and was 

removed in 2017. The state of the bridge before the introduction 

of damage is regarded as a healthy state (hereinafter referred to 

as INT).  

The damage location is near the sensor A1 as shown in 

Figure 4. In the first stage of damage, as shown in Fig. 3, a 

through crack is introduced into the lower flange (hereinafter 

DMG1). In the second stage of damage, as shown in Fig. 3, 

 
Figure 4. Sensors arrangement (A bridge). 
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Figure 5. Steel truss bridge (B bridge). 

 

 
a) DMG1                              b) DMG2 

Figure 6. Damage scenario. 

 

 
Figure 7. Sensors arrangement (B bridge). 
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through cracks were introduced into the web plate in addition 

to DMG1 (hereinafter DMG2). Temperature increased 5 ° C 

when changing from INT to DMG1 and again increased 5 ° C 

from DMG1 to DMG2. Furthermore, as a safety measure, a 

bridge collapse prevention device was installed at the girder 

end on the A1 side. Regarding the bearings, the A1 side is the 

line bearing and the A2 side is the pivot bearing. 

A moving vehicle experiment was conducted and the vertical 

acceleration response of the bridge was measured. The vehicle 

speed was 20 km / h. The number of trials for each run is 60 for 

INT, 32 for DMG1, and 30 for DMG2, respectively. The 

traveling direction reciprocates from A1 to A2 , and one way 

was counted as one trial. The sampling frequency was 200 Hz 

and the data length was 15 seconds (forced vibration was 5 

seconds and free vibration was 10 seconds).  

A high-sensitivity accelerometer ARS-10A (Tokyo 

Instrument Research Institute) was used, and a multi-recorder 

TMR-200 series (Tokyo Instrument Research Institute) was 

used for data acquisition. Accelerometers were installed at 10 

locations as shown in Figure 4 (A1 to A10),  

 The steel truss bridge (B bridge) 

A photograph of the truss bridge is shown in Figure 5. It has 

59.2 m in span length, 8.2 m maximum height, and 3.6 m 

width, designed for a single lane total, which was constructed 

in 1959 and in 2012. Before its removal, the bridge was allowed 

an experiment with artificial damage. During the experiment, 

the bridge had been closed to traffic. No other vehicle except 

the test vehicle was allowed [9]. 

Three scenarios were considered. Artificial damage is shown 

in Figure 6. The intact bridge without artificial damage is 

denoted as INT scenario. Two damage scenarios are 

considered. The first damage (DMG1) was a half cut (Figure 

6a)) applied to the vertical member at the middle of span. The 

second damage (DMG2) was a full cut (Figure 6b)) applied to 

the same member. Since the B bridge is measured by short-term 

measurement, the temperature change of the bridge itself seems 

to be small. 

A vehicle running experiment was conducted to obtain 

vertical acceleration data for the bridge. The running speed in 

each damage scenario was 40 km / h, and the number of trials 

was 10 for INT, 12 for DMG1, and 10 for DMG2. The sampling 

frequency was 200 Hz and the data length was about 45 seconds 

(forced vibration was 5 seconds and free vibration was 40 

seconds). 

Figure 7 shows the arrangement of the uniaxial 

accelerometers. Eight uniaxial accelerometers were installed 

vertically on the deck of the bridge, five at the damage side (A1 

to A5) and three at the opposite side (A6 to A8).  

4 INFLUENCE OF THE NUMBER OF SENSORS ON BF 

  BF of steel plate girder bridge (A bridge) 

In this chapter, influence of reducing the number of sensors on 

BF is discussed. First, GBF and LBF are considered when all 

the sensors of A bridge are used. Second, this study observed 

GBF and LBF when the number of sensors is reduced.  

When all sensors are used in A bridge, the AR order p = 88 

calculated from the BIC as shown in Figure 8. In Figure 8, the 

vertical axis represents the BIC, and the horizontal axis 

represents the AR order. Using stabilization diagram (SD) the 

 
Figure 8. BIC of 10 Sensors (p = 88, A bridge). 

 

 
Figure 9. SD of 10 Sensors (q = 25, A bridge). 

 

 
Figure 10. GBF of 10 Sensors (A bridge). 

 

 
Figure 11. LBF of 10 Sensors (A bridge). 
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order q that extracts the features sensitive to damage detection 

is determined. Figure 9 shows the SD in which the vertical axis 

denotes the order of the singular values of the proposed feature 

extraction, and the horizontal axis shows the frequency. In this 

study, q = 25 was adopted from Figure 9. The GBF and LBF 

are shown in Figure 10 and Figure 11. The vertical axis of 

Figure 10 and Figure 11 represent the value of 2lnB, and the 

horizontal axis represents the number of trials in each damage 

scenario. The horizontal red line in these figures show the 

threshold value of BF, and the threshold value was set to 0 in 

this study. Here, CV in this figure represents the cross 

validation samples [10], which is a method of verifying the 

validity of the data by dividing the data into a training set and 

a test set. In this study, leave-one-out cross-validation (LOOCV 

method) [7] is used. Only one trial is extracted from the data 

and used as a test data, and the rest is used as a training data. 

This is repeatedly verified so that all trials are adopted as test 

data once. From Figure 10, LOOCV was used to the INT data, 

and all GBFs were calculated. As a result, it can be seen that no 

abnormal data is included.  

For INT scenario in Figure 10, GBFs calculated from all 

sensors are below the threshold, i.e. red line. That is, no fault 

was detected. Both DMG1 and DMG2 are above the threshold, 

and there is strong evidence for rejecting the null hypothesis. 

That is, anomalous vibration is detected. Furthermore, since 

GBF value of DMG2 is larger than that of DMG1, it can be 

seen that the greater the degree of damage, the larger the value 

of BF is. It shows possibility of estimating the degree of 

damage from the GBF value. 

For INT scenario in Figure 10, LBFs of all sensors are also 

below the threshold. For DMG1 and DMG2, sensor A1 and 

sensor A6, which are close to damage location, show the largest 

values compared to the LBFs of other sensors. However, sensor 

A6 has a relatively higher LBF value than sensor A1 that is the 

closest to damage. From this result, it is difficult to grasp the 

exact damage location by LBF, but it is possible to roughly 

grasp the damage location. 

Hereinafter, whether damage can be detected from only one 

sensor is discussed. LBFs are calculated from single AR model. 

The LBF of sensor A6, which shows the highest value as shown 

in Figure 11, is examined. Figure 12 shows BIC for sensor A6. 

Here, the optimal AR order p is 63. Figure 13 shows SD. 

Feature extraction order q is 25 is adopted to compare with the 

results obtained from 10 sensors. In Figure 12, the BIC value is 

not stable, and the optimum AR order is also significantly 

different from that with 10 sensors. In Figure 13, the vibration 

mode is not stable. That is because the identified vibration 

modes depend on the sensor location. 

 
Figure 12. BIC of 1 Sensor (A6) (p = 63, A bridge). 

 

 
Figure 13. SD of 1 Sensor (A6) (q = 25, A bridge). 

 

 
Figure 14. LBF of 1 Sensor (A6 of A bridge). 

 
Figure 15. LBF of 1 sensor (A3 of A bridge). 

 

 
Figure 16. LBF of 1 sensor (A10 of A bridge). 
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Figure 14 shows LBF when only sensor A6 is used. In INT 

state, the value of LBF is below all the red line. In DMG1 state, 

22 out of 32 trials exceeded the red line. The DMG1 

abnormality detection is possible, although the accuracy is 

lower than when the number of sensors is 10. In DMG2 state, 

all trials cross the red line. The presence of damage and the 

degree of damage can be grasped even when only sensor A6 is 

used. 

Also, LBF of the sensor A3 in the middle of the bridge and 

the sensor A10 on the opposite side of the damage location of 

the bridge are examined. LBF of sensor A3 and sensor A10 are 

shown in Figures 15 and 16. In Figure 15, 18 out of 32 trials in 

DMG1 exceeded the red line. In DMG2 state, all trials 

exceeded the red line. In Figure 16, the LBF value is larger in 

DMG2 than that of sensor A6, although it is farthest from the 

damaged location. It is presumed that the temperature changes 

during the experiment and the boundary conditions on the 

sensor A10 side change, but this is for further study. 

 BF of steel truss bridge (B bridge) 

Figure 7 represents damage location and sensor arrangement of 

B bridge. When all sensors (8 sensors) are used, the optimum 

AR order (p = 129) is determined from the BIC in Figure 17 

and the feature extraction order (q = 12) is determined from the 

SD in Figure 18. Figure 19 and Figure 20 show the GBF and 

LBF calculated from 8 sensors. It is possible to grasp the 

presence of damage and the degree of damage for B bridge. It 

is also possible to estimate the damage location because LBF 

of the sensor A3, which is closest to the damage location, has 

the largest value.  

 The LBF calculated from only A3 sensor is shown in 

Figure 21. As A Bridge, some LBFs exceed the threshold and 

the others do not exceed in DMG1 state. In DMG2 state, all 

 
Figure 20. LBF of 8 Sensors (B bridge). 

 

 
Figure 21. LBF of 1 sensor (A3 of B bridge). 

 

 
Figure 22. LBF of 1 sensor (A7 of B bridge). 

 

 
Figure 17. BIC of 8 Sensors (p = 129, B bridge). 

 

 
Figure 18.SD of 8 Sensors (q = 12, B bridge). 

 

 
Figure 19. GBF of 8 Sensors (B bridge). 
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scenarios exceed the red line. Figure 22 shows LBF calculated 

from only A7 sensor.  

More than one sensor is required to estimate the damage 

location. Thus, a combination of three sensors is discussed 

hereinafter. First, the combination of sensors A1, A3, and A5 

is considered. GBF is shown in Figure 23 and LBF is shown in 

Figure 24, respectively. Regarding GBF, in DMG1 state, there 

are few scenarios which exceeded threshold. In DMG2 state, 

LBF value of the sensor A3, which is closest to the damaged 

location, shows the largest value.   

A combination of sensors A3, A7, and A8 is secondly 

considered. GBF is shown in Figure 25 and LBF is shown in 

Figure 26. There are more GBFs in DMG1 exceed the threshold 

than combination of sensors A1, A3, and A5. Also, in LBF, the 

sensor A3 shows a higher value. Accordingly, the sensitivity to 

damage depends on the combination of sensors. It is found that 

when the number of sensors is 3 (combination of sensors A3, 

A7, and A8), an abnormality can be detected even in DMG1 

and the damage location can be estimated. 

5 CONCLUSION 

It was found that the degree of damage and the location of 

damage can be grasped by BF when all the sensors are used. It 

was possible to grasp the presence or absence of damage and 

the degree of damage even with one sensor. However, when the 

number of sensors was reduced, it was difficult to detect light 

damage. In order to put BF into practical use in the future, it is 

necessary to detect light damage like DMG1 with a small 

number of sensors. 

As next step for this study, effects of temperature change to 

the change in BF will be evaluated quantitatively. A sensor 

optimization for the BF based damage detection is another issue 

for the practical application. 
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Figure 23. GBF of 3 sensors (A1, A3, A5 of B bridge). 

 

 
Figure 24. LBF of 3 sensors (A1, A3, A5 of B bridge). 

 

 
Figure 25. GBF of 3 sensors (A3, A7, A8 of B bridge). 

 

 
Figure 26. LBF of 3 sensors (A3, A7, A8 of B bridge). 
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ABSTRACT: When employing vibration-based damage detection methods for monitoring the structural health of bridges, it is 

often possible to increase damage feature sensitivity by focusing on local as opposed to global vibrations. This heightened 

sensitivity, however, comes at a cost: by moving towards the higher frequency ranges and more local behavior, the effects of 

environmental variability become increasingly pronounced. In an attempt to characterize and quantify the effect of specifically 

temperature variations on the local vibrations, an extensive long-term monitoring campaign was performed on the Haringvlietbrug, 

a steel box-girder bridge in the Netherlands. Temperatures were measured on various components of the bridge, including the top 

and bottom of the asphalt layers. It was found that complex temperature gradients are formed especially in situations where the 

radiation from the sun strikes the bridge at oblique angles. More importantly, the temperature variations in the asphalt layers were 

found to strongly impact the natural vibration properties of the bridge in the targeted high-frequency ranges. The obtained results 

provide valuable indications as to the environmental parameters to monitor when designing vibration-based structural health 

monitoring systems for local damage detection in bridges.  

KEY WORDS: Environmental variability, temperature effects, influence of asphalt, local vibrations, steel bridge. 

1 INTRODUCTION 

One of the main challenges in bringing vibration-based SHM 

systems for civil infrastructures to maturity, is effectively 

handling the effect of environmental variability on the features 

used for damage detection. This so-called data normalization 

problem [1], can roughly speaking be attempted in two ways 

[2]. The first strategy is to directly measure the changing 

environmental parameters. When direct measurements of the 

changing environment are not available, one can attempt to 

define a normal condition by measuring for long periods of 

time on an undamaged structure. One obvious disadvantage of 

this approach is the fact that novelties in the structural 

behaviour can only be detected insofar as they occur within 

environments that have already existed within the timeframe of 

the monitoring campaign. Another, more important 

disadvantage, is that when a normal condition encompassing 

huge variations of impactful environmental parameters is 

defined, any traceable sensitivity to damage may be lost. To 

ensure traceability, especially for small or initial damages, it is 

therefore often necessary to additionally measure the relevant 

environmental conditions. If comprehensive measurements of 

these conditions are available, the data normalization problem 

can be solved using for instance regression techniques [3].  

One of the key questions then remaining, is which 

environmental parameters are relevant. This depends on the 

structure, the type of damage to be detected, and how the 

damage features are derived from the measurements. In this 

contribution, the focus is on a steel box-girder bridge, the 

detection of fatigue cracks between transverse beams and 

longitudinal stiffeners, and damage features that are derived 

from high-frequency (>50Hz) vibrations. Given these 

application-specific boundary conditions, an assessment of the 

impact of temperature variations on the local vibration 

behaviour of parts of the deck plate is made. Long term 

vibration and temperature measurements are performed and the 

measurement data are evaluated. Some interesting observations 

regarding the complexity of the measured temperature 

gradients are presented in this paper. 

Temperature effects in steel bridges are not limited only to 

the steel structure itself. Also asphalt layers overlaying the steel 

structure are affected. Asphalt temperatures typically vary over 

an even wider range, compared to steel temperatures. For 

asphalt, temperature effects are not limited to temperature 

induced stress, but also the physical material properties of 

asphalt are clearly a function of temperature. To relate 

measured asphalt temperatures to changes in stiffness and 

dynamic properties, asphalt material test results are used to 

perform asphalt material modelling. The purpose of this 

modelling is to construct asphalt material behaviour curves, 

which cover the temperature and frequency ranges for the 

Haringvlietbrug. Using the measured temperature data and the 

asphalt models an assessment of specific subsystems is made, 

analysing the effect of the measured temperatures on local 

vibrations. It is shown that the fundamental natural frequency 

of some of the analysed subsystems might change with as much 

as 47 percent due to variations in asphalt temperatures alone. A 

verification of the hypotheses from the theoretical models is 

ongoing. The results presented in this contribution provide 

valuable indications as to the environmental parameters to 

monitor when designing vibration-based structural health 

monitoring systems for local damage detection in bridges. 
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2 HARINGVLIETBRUG MEASUREMENT CAMPAIGN 

The Haringvlietbrug is a continuous steel box girder bridge 

built in the 1960’s and consisting of 10 spans of 106 m each. 

The bridge is oriented in the north-south direction (heading of 

21° North), and contains 2x2 highway lanes, with a smaller 

side-road on the east side. A typical cross-section is shown in 

Figure 1. The 10 mm steel deck plate is supported by 

longitudinal stiffeners distributed 0.3 m centre-to-

centre (c.t.c.), and spanning between transfer frames placed at 

2.2 m c.t.c. Every 4th transfer frame contains struts, supporting 

the cantilever. The deck surfacing consists of a 30 mm ZOAB1 

layer on top of a 30 mm layer of guss-asphalt, separated by 

waterproofing membranes. 

 

 

Figure 1. Cross-section of the bridge. 

 

Asphalt temperatures are measured using PT1000 

temperature sensors positioned at the West and East side of the 

bridge, at 10 and 54 mm from the top and 150 mm from the 

edge of the asphalt surface, see Figure 2. Sensors are also 

placed at the bottom of the deck plate, below the asphalt 

sensors. The temperature of the box walls is measured using 

FBG temperature sensors at 200 mm from the top and bottom, 

respectively.  

 

 

Figure 2. Asphalt and deck plate sensor position. 

All temperature sensors are sampled at least once every 

5 minutes starting May 20, 2020. From this dataset a period of 

3 relatively warm days between May 30, 2020, and June 01, 

2020, is shown in Figure 3 and Figure 4. 

                                                           
1 ZOAB is a Dutch mixture similar to porous asphalt concrete. 

 

Figure 3. Measured cantilever deck temperatures. 

The top asphalt layer reaches temperatures of up to 40 °C, 

and the bottom asphalt layer reaches temperatures of up to 

35 °C, as shown in Figure 3. The West and East temperatures 

show a distinctively different daily pattern which will be 

elaborated on in section 3.1. 

The bottom temperature sensor of the box wall also shows 

distinct temperature spikes in the morning and evening for the 

East and West box walls, respectively (c.f. Figure 4). These will 

be further discussed in section 3.2.  

 

 

Figure 4. Measured box wall temperatures. 

 

3 COMPLEXITY OF MEASURED TEMPERATURE 

GRADIENTS 

The long term temperature monitoring of the Haringvlietbrug 

is still ongoing. However, even in the short period shown, some 

distinct patterns are found, namely the influence of shade on 

the deck and the box walls, and the behaviour of hollow 

sections. 
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 Shade on deck. 

The daily pattern for the deck temperatures in Figure 3 shows 

two distinct transitions.  

• In the morning, the west-side asphalt temperatures show a 

smooth increase from 12 ⁰C at 06:00, to over 30 ⁰C, while 

the east-side temperatures stay below 20 ⁰C until noon, 

after which a steep upward gradient is observed. 

• At approximately 16:00, the west-side temperature sensors 

show a sudden drop, that does not occur for the east-side 

sensors.  

The traffic lanes of the Haringvlietbrug are separated by steel 

barriers as can be seen in Figure 1. The temperature sensors are 

placed 150 mm from the edge of the asphalt, and thus very 

close to these barriers. Using Figure 5, the cause of these 

patterns may be found in barrier induced shade.  

 

 

Figure 5 Solar radiation in the morning. 

To verify that shade causes these transitions, an analytical 1D 

heat flow analysis of the deck, including longitudinal stiffeners, 

was performed using the bridge geometry, the solar inclination 

[9], solar intensity[10], and the ambient temperature [10]. For 

the top asphalt temperature sensor on the west side, the result 

is shown in Figure 6. The onset of shade is  calculated from 

solar data and measured geometry only. The model shows a 

good fit for both the temperature as the onset of the temperature 

drop, implying the onset of the temperature drop is caused by 

shade and the temperature gradients are clearly dominated by 

direct sun radiation impact. A similar analysis was performed 

for the East side further confirming these conclusions. 

 

 

Figure 6 Heat flow results for the top East asphalt temperature. 

The size and position of the shade from the barrier changes 

throughout the day, as shown in Figure 7. This implies that 

throughout the day the absolute temperatures as well as the 

temperature gradients are non-constant over the bridge deck 

structure. 

 

 

Figure 7 Shade-width caused by a 0.6 m high barrier. 

 Box wall temperature gradients 

The temperatures of the box walls are shown in Figure 4. Here 

large spikes are clearly visible for the bottom sensors. These 

spikes may also be explained by a low sun inclination directly 

affecting the wall underneath the cantilever as illustrated in 

Figure 5.  

The temperature of the bottom East wall rises early in the 

morning, and suddenly drops after 09:00. The cantilever is 

approximately 7 m wide, and the bottom box wall sensor is 

approximately 4.7 m below the cantilever edge. A solar 

inclination below 34⁰ would therefore allow direct sunlight on 

the lower part of the box wall. Figure 8 shows the solar 

inclination is below 34⁰ until 09:30, confirming the onset of the 

temperature drop on the lower East box wall is triggered by 

shade. In the evening the inclination drops below 34 at 18:00, 

perfectly coinciding with the onset of the temperature spike at 

the West bottom box wall. 

 

 

Figure 8 Solar inclination. 
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 Air temperature inside hollow sections. 

Figure 9 shows measurements of deck plate temperatures at the 

cantilever and above the box. Measurements indicate that the 

deck above the box reaches higher temperatures than the 

cantilever deck, and this temperature difference remains 

throughout the night, even though the construction is similar. 

However, both the top ánd bottom sides of the cantilever deck 

are exposed to environmental influences such as the ambient 

air temperature and wind, while the bottom of the deck above 

the box is shielded from the environment. 

 

 

Figure 9 Deck plate temperatures. 

To further investigate this influence, an air temperature 

sensor was placed inside the box. Figure 10 shows that on cool 

days the temperature inside the box is similar to that of the 

KNMI weather station, while on warm days a significant 

temperature rise occurs, and the air maintains a temperature 

higher than the ambient air throughout the night.  

 

 

Figure 10 Air temperature. 

The same 1D heat flow model as was used in section 3.1, is 

used to model the temperature of the deck plate above the box. 

The top graph in Figure 11 shows the results, assuming the air 

temperature inside the box is identical to the outside air 

temperature. The centre graph in Figure 11 shows that 

including the measurement of the air temperature inside the 

box, significantly improves the results.  

 

Figure 11 Heat flow results for deck plate above the box. 

 Limitations due to complexity of gradients 

The design of the measurement setup was subject to practical 

limitations and new insights regarding the complexity of these 

temperature gradients was obtained from the Haringvlietbrug 

project. Design codes and standards do not address such 

complex temperature gradients in detail [6,7,8]. Therefore, the 

measurement setup did not account for the complexity of the 

aforementioned gradients, preventing a detailed investigation 

into the exact shape of these shade-induced temperature 

gradients. This induces uncertainty regarding the temperature 

induced stress distribution in the cross section. Preliminary 

analyses using a 3D FE-model of the bridge containing 11 

linear temperature gradient load cases, serving as interpolation 

functions, has shown that especially the box wall temperature 

gradient requires further investigation. Verification of these 

theoretical models is ongoing and requires a modified 

measurement setup.  

However, uncertainty due to temperature-induced stress may 

be reduced by focusing on periods containing the smallest 

gradients. In Figure 12, the blue graph shows the difference 

between the highest and lowest measured temperature, while 

the orange graph shows the solar radiation as obtained from 

KNMI. Two things can be noted. Firstly, the largest 

temperature differences are due to the lower parts of the box 

wall as discussed in section 3.2, and they don’t occur at 14:00 

when solar radiation peaks. And secondly, the smallest 

temperature difference  occurs just before sunrise at 06:00. If 

this short period contains enough observations with adequate 

excitation for SHM, then the requirements for capturing these 

gradients may be relaxed. If measurement data of other periods 

is required, then this short period can be used as a reference 

point for calibrating the equipment and model. 

 

Figure 12 Gradient amplitude versus Solar radiation. 
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4 ASPHALT MATERIAL MODELLING 

The steel deck plate is covered with a multilayer asphalt 

system, with a composition as shown in Table 1. Asphalt has 

multiple temperature-dependent properties, among which 

Young’s modulus, viscosity, the coefficients of thermal 

expansion & -contraction and Poisson’s ratio. This study is 

limited to variations in effective Young’s modulus, under the 

assumption that this is the parameter that has the most 

significant influence on deck plate vibration frequencies.  

Table 1 Deck Composition. 

Layer Material Thickness Density 

[-] [-] [mm] [kg/m3] 

1 ZOAB 30 2000 

2 Parafor Ponts 4 1500 

3 Guss Asphalt 30 2360 

4 Mistral C 4 1500 

5 Steel plate 10 7850 

 

 Supplied asphalt properties 

 Temperature- and frequency-dependent asphalt Young’s 

modulus from laboratory tests are shown in Table 2 and Table 

3. No specifications of the waterproofing membranes are 

available. The supplied asphalt parameters are valid for 

temperatures up to 20 °C, and loading frequencies between 

5.86 and 58.59 Hz. This range does neither cover the measured 

temperatures of up to 40 °C for ZOAB and 35 °C for Guss 

asphalt nor the frequency range of interest, so material 

modelling is required to obtain an equivalent stiffness for those 

temperatures and frequencies. The procedure will be shown 

here for Guss asphalt, but is also applicable to ZOAB. 

 

Table 2 Guss asphalt Young’s modulus 

 -10°C -05°C 00°C 5°C 10°C 15°C 20°C 

[Hz] [MPa] [MPa] [MPa] [MPa] [MPa] [MPa] [MPa] 

5.86 21213 17551 14207 11107 7962 5711 3745 

9.77 21929 18357 15000 12023 8787 6421 4312 

19.53 22842 19419 16198 13307 9992 7511 5185 

25.39 23154 19792 16767 13790 10440 7922 5535 

29.30 23317 19985 17037 14045 10689 8154 5732 

35.16 23523 20230 17336 14378 11000 8447 5988 

39.06 23621 20369 17520 14558 11180 8607 6130 

50.78 23878 20658 17895 15020 11608 8995 6508 

58.59 24000 20802 18119 15244 11812 9110 6683 

 

Table 3 ZOAB Young’s modulus. 

 -10°C -05°C 00°C 5°C 10°C 15°C 20°C 

[Hz] [MPa] [MPa] [MPa] [MPa] [MPa] [MPa] [MPa] 

5.86 21213 17551 14207 11107 7962 5711 3745 

9.77 21929 18357 15000 12023 8787 6421 4312 

19.53 22842 19419 16198 13307 9992 7511 5185 

25.39 23154 19792 16767 13790 10440 7922 5535 

29.30 23317 19985 17037 14045 10689 8154 5732 

35.16 23523 20230 17336 14378 11000 8447 5988 

39.06 23621 20369 17520 14558 11180 8607 6130 

50.78 23878 20658 17895 15020 11608 8995 6508 

58.59 24000 20802 18119 15244 11812 9110 6683 

 

 Construction of asphalt master curves 

A plot of the supplied parameters for Guss asphalt is shown in 

Figure 13. Using the Time Temperature Superposition 

Principle (TTSP) [4,11] the results for each test temperature are 

shifted along the frequency axis until they align continuously 

using equation 1, and resulting in Figure 14. The measured 

curve for 15 °C is not shifted and is now called the reference 

temperature. The x-axis is relabelled to “reduced frequency”, 

to indicate it includes the temperature dependence[11]. The 

obtained values for 𝛼𝑇 are given in Table 4. 

 

𝑓reduced = 10log(𝑓test)+log(𝛼𝑇) (1) 

 

Table 4 Shift factors for Guss asphalt 

T  [°C] -10 -5 0 5 10 15 20 

αT   [-] 4.10 3.02 2.18 1.45 0.65 0 -0.70 

 

 

Figure 13 Supplied parameters guss asphalt. 
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Figure 14 Guss asphalt master curve. 

The frequency-dependent asphalt stiffness may be described 

with a sigmoid function [11]. This function is fitted through the 

points in Figure 14 using a least squares algorithm (RMS error 

<61 MPa) resulting in equation (2): 
log

(𝐸guss)

= 1.13 +
3.35

1 + e−0.42 (log(𝑓)+2.27)
 #(2) 

log(𝛼𝑡) =
−16.04(𝑇 − 15)

124 + 𝑇 − 15
(3) 

 

Finally, using a curve fit on the Williams-Landel-Ferry 

(WLF) equation [5] and the previously obtained shift factors 

from Table 4, shift factors can be predicted for other 

temperatures, as shown in equation (3) and Figure 15. The 

resulting temperature- and frequency-dependent asphalt 

stiffness is shown in Figure 16. 

 

 

Figure 15 WLF curve. 

 

Figure 16 Modelled guss asphalt properties. 

5 LOCAL SUBSYSTEMS FOR FATIGUE CRACK 

DETECTION 

For the detection of fatigue cracks between transverse beams 

and longitudinal stiffeners, local modes of the deck and 

stiffeners are of interest. The influence of asphalt on the 

frequency of these modes may be examined using discrete 

subsystems. Three subsystems of different sizes were 

modelled. The first and smallest scale subsystem comprises a 

0.3x0.1 m section of deck plate including asphalt spanning two 

longitudinal stiffeners in the transverse direction. The second 

sub system contains a single 2.2 m span of the longitudinal 

stiffener including a section of deck plate and asphalt. The third 

and largest system considered is a 106 m bridge span. 

 

 Analytical approach to subsystem dynamics 

The objective of the subsystem modelling is to examine the 

relative change of eigenfrequency due to asphalt temperature 

change. Using equation 5, the eigenfrequencies of the 

subsystems are assumed to be a function of composite member 

stiffness. Focusing on the relative effect, implies that the exact 

eigenfrequency is of no importance and subsystem boundary 

conditions do not affect the relative effect of changing asphalt 

stiffness. This assumption needs validation, but if proven 

correct it lowers the importance of understanding the exact 

complex boundary conditions of subsystems which are subject 

to significant uncertainty.  

All of the subsystems may, under this assumption, be 

modelled as Euler-Bernoulli beams, supported with a pin on 

one end, and a pin-roller at the other end.  Rigid bonds between 

the layers are assumed. Slip or shear that might exist due to the 

flexible membranes is ignored, resulting in upper-bound 

composite stiffnesses. Calculated values should only be 

evaluated relative to each other, and not as reliable absolute 

values. 

Composite stiffness EI, and a first eigenfrequency f1 are 

calculated using equations 4 and 5. 

EI = ∫ 𝐸(𝑧)𝑧2 𝑑𝐴

𝐴

(4) 

𝑓1 = √
𝜋4EI

𝜌𝐴𝑙4
∙

1

2𝜋
= √𝐸𝐼√

𝜋2

4𝜌𝐴𝑙4
(5) 
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6 INFLUENCE OF TEMPERATURE ON LOCAL 

VIBRATIONS 

Based on the measurements the asphalt is assumed to have a 

temperature of 15 ⁰C at night, while during the day the ZOAB-

and guss asphalt reaches  temperatures of 40 ⁰C and 35 ⁰C, 

respectively. For each of the subsystems and each of these 

temperatures the material properties, effective stiffness EI and 

first eigenfrequencies are calculated and subjected to a 

comparative evaluation. Verification of the predicted 

temperature effects against vibration measurement data is not 

presented here as it is part of ongoing research. 

 Sub system 1: Deck plate with asphalt. 

The first sub system is a 100 mm wide strip of deck plate with 

asphalt, spanning 300 mm between two stiffeners, as shown in 

Figure 17. 

 

Figure 17 Deck plate subsystem. 

At night the temperature is approximately 15 ⁰C, and the first 

eigenfrequency at this temperature is shown in the first row of 

Table 5 as 1019 Hz. During the day the temperature rises to 

40 ⁰C for the ZOAB-asphalt, and 35 ⁰C for the guss-asphalt 

layer. At these temperatures the asphalt stiffness is lower, 

resulting in a lower EI of the composite beam. The 

eigenfrequency is calculated to reduce to 582 Hz as shown in 

row 2. Assuming the eigenfrequency equals the loading-

frequency, the asphalt stiffness is recalculated for this lower 

loading-frequency, as shown in row 3. The resulting calculated 

eigenfrequency drop is from 1019 to 538 Hz, a reduction of 

47%. 

 

Table 5 Deck plate subsystem. 

Input Ezoab Eguss EI f1 

 GPa GPa Nm2 Hz 

Asphalt 15|15⁰C|1000Hz 8.49 14.4 7.14e+4 1019 

Asphalt 40|35⁰C|1000Hz 1.96 5.72 2.33e+4 582 

Asphalt 40|35⁰C|550Hz 1.60 4.93 1.99e+4 538 

 

In order to investigate whether the assumption of a rigid bond 

between asphalt and deck plate overestimates the frequency 

change, the calculation was repeated using no shear bond 

between either asphalt layer and the steel deck plate. This is a 

lower-bound approximation and is summarized in Table 6. 

Assuming no shear bond, the reduction is still 31.5%. 

 

Table 6 Deck plate subsystem, no shear bond. 

Input Ezoab Eguss EI f1 

 GPa GPa Nm2 Hz 

Asphalt 15|15⁰C|300Hz 7.22 12.2 6.11e+3 298 

Asphalt 40|35⁰C|300Hz 1.29 4.21 2.99e+3 209 

Asphalt 40|35⁰C|200Hz 1.11 3.77 2.85e+3 204 

 

 Subsystem 2: Stiffener, deck plate and asphalt 

The second subsystem contains a longitudinal stiffener with a 

300 mm wide section of deck plate and asphalt. This is equal to 

the c.t.c. distance of the stiffeners. Geometry and support 

conditions are shown in Figure 18. 

 

 

Figure 18 Stiffener and deck plate sub system. 

Using the same approach as before, the change in first 

eigenfrequency due to a temperature change is determined, as 

shown in Table 7. At night the frequency is approximately 

73.2 Hz, and during a warm day this reduces to 68.6 Hz. A drop 

of 6.3%. 

Table 7 Stiffener and deck plate sub system 

Input Ezoab Eguss EI f1 

 GPa Gpa Nm2 Hz 

Asphalt 15|15⁰C|70Hz 5.65 9.60 3.80e+6 73.2 

Asphalt 40|35⁰C|70Hz 0.74 2.78 3.34e+6 68.6 

 

 Subsystem 3: One full span. 

The largest system considered is a single span of the 10-span 

continuous bridge, as shown in Figure 19.   

 

 

Figure 19 One bridge span subsystem. 

As shown in Table 8 the influence of asphalt temperature is 

small. The drop in frequency is smaller than 0.8%. This is based 

on a homogeneous asphalt temperature change. Section 3 has 

shown this assumption may not be valid for the entire span, and 

the influence may thus be smaller. 

Table 8 Bridge span. 

Input Ezoab Eguss EI f1 

 Gpa Gpa Nm2 Hz 

Asphalt 15|15⁰C|1.3Hz 2.07 3.87 6.8e+11 1.27 

Asphalt 40|35⁰C|1.3Hz 0.13 0.73 6.7e+11 1.26 
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7 CONCLUSIONS 

The Haringvlietbrug measurement campaign shows that 

significant local temperature differences may occur in steel box 

girder bridges due to local shade. The observed temperature 

gradients did not fully align with temperature gradients 

according to the Eurocode and other standards. Global 

temperature gradients may suffice for the Eurocodes’ purpose, 

namely ULS and SLS design, but compensating for 

environmental influences in SHM requires a detailed 

investigation of the temperature distributions. 

Using discrete subsystems the influence of temperature-

dependent asphalt stiffness has been found to be the largest 

contributor to changes in local vibration frequencies, 

outweighing the effects of temperature-induced stress. These 

results have not yet been verified with vibration  measurements, 

which is part of ongoing research. 

The presented research results in this paper may help to 

improve setups of future SHM-campaigns, by taking into 

account the following: 

• The temperature-dependent asphalt stiffness should be 

considered when designing SHM systems that use 

features extracted from local/high-frequency vibrations 

of the deck plate. Both the local asphalt temperature and 

the asphalt master curve are of importance. 

• The complexity of the observed temperature gradients 

suggests that common SHM-approaches where only 

ambient temperature and a limited amount of discrete 

element temperatures are measured, may not capture the 

full temperature distribution and the resulting 

temperature-induced stress. This may significantly limit 

the ability to account for these effects.  

• The complexity of the gradients also suggests that 

placing enough sensors to capture all possible gradients 

will not result in practical, cost-effective solutions. 

Rudimentary 1D-heatflow models using basic inputs 

such as geometry, solar radiation and inclination, 

ambient temperature, wind speed and rain are shown to 

predict the occurring temperature and temperature-

gradients in the cantilevered part of the deck. The 1D-

approach has also shown that additional information 

about the air temperature inside the main box-girder 

seems required to make the 1D-approach capable of 

accurately describing the behaviour of the deck above 

the box. Using higher order heat flow models could 

result in accurate simulation of the temperature 

distribution in the entire bridge, and therefore 

parameters such as solar radiation and inclination may 

be better suited as inputs for learning algorithms, rather 

than discrete temperature measurements. 

• Just before sunrise the amplitude of temperature 

gradients and the resulting temperature-induced stress 

are smallest, making this period useful for either SHM-

measurements, or for calibrating equipment. 
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ABSTRACT: A road roughness profile is one of the important indicators for status of bridges and roads. If the road roughness 

condition becomes worse, it could cause decrease in riding comfort of vehicles and shorten the lifespan of the bridge caused by 

large vibrations of vehicles. In order to prevent from such situations, it is needed to inspect the road roughness profile and repair 

them regularly. There is a number of methods to measure the road roughness profile. For example, to measure the road roughness 

profile manually using laser displacement sensors is one of the most basic methods. In recent years, an inspection car with laser 

displacement sensors is developed and used in inspection. The inspection car has high identification accuracy and needs only short 

time to measure the road roughness profile although operating the inspection car is high in cost. This study aims to investigate 

“Drive-by Inspection” for road roughness profile identification utilizing vehicle accelerations. This study considers two different 

schemes of unknown parameters, moving force and road roughness profile in the inverse problem. It was observed that the 

identification method which identifies the road roughness profile directly has higher accuracy than the method utilizing moving 

force identification. In selection of optimal regularization parameter of the Tikhonov regularization, the mothed selecting the point 

which has the shortest distance from origin of the L-curve provided the optimal one for the direct road roughness profile 

identification method. 

KEY WORDS: Acceleration; Inverse problem; Drive-by inspection; Road roughness profile identification. 

1 INTRODUCTION 

Road roughness profile is one of the important indicators which 

shows health condition of roads and bridges. If road surface 

condition is poor, the vibration of vehicle running on the bridge 

is amplified. It causes larger vibration of the bridge and may 

shorten a lifespan of the bridge. That is a reason why regular 

monitoring and repairment of road roughness profile is needed 

[1]. 

There are many methods to measure road roughness profile. 

One of the basic methods is to run a measurement device 

equipped with laser displacement sensors manually. This 

method is accurate, but too labor consuming. A method 

utilizing a measurement automobile equipped with laser 

displacement sensors is also developed and practically used. 

This method solves labor-consuming problem and keep high 

accuracy, but still have problem on cost. Therefore a method 

utilizing a measurement car equipped with accelerometers is 

proposed and researched in recent years [2]. Not only this 

method but the methods which aims to obtain some information 

on bridges or roads by utilizing a moving vehicle with some 

sensors are generally called as “Drive-by inspection” [3]-[5]. 

[6][7] show a road roughness profile identification method 

utilizing Moving Force Identification (MFI) algorithm. In this 

method, firstly vehicle dynamic force is identified by MFI 

algorithm, and next, road roughness profile is obtained by 

solving a differential equation. High accuracy of this method is 

confirmed by simulation verification, however there is only a 

few researches which discusses the accuracy by experiments. 

In [6][7], unknown parameter in the least square 

minimization is vehicle dynamic vehicle force, and road 

roughness profile is identified utilizing obtained dynamic 

vehicle force. However it is more natural to identifies road 

roughness profile directly by the least square minimization. 

Therefore the accuracy of the method which identifies road 

roughness profile directly by least square minimization is 

confirmed and compared with the method which obtains 

vehicle dynamic force firstly. 

If a measured vehicle acceleration is contaminated by noise, 

the inverse problem may be ill-posed condition. In that case, a 

regularization method is introduced to the least square 

minimization problem. So-called regularization term which 

contains regularization parameter is added to a cost function in 

the least square minimization, and one should set up 

regularization parameter value preliminary. There are some 

methods to obtain an optimal regularization parameter value, 

and [6][7] show L-curve method is effective in road roughness 

profile identification. This study also adopts the L-curve 

method to obtain optimal regularization parameter value. In 

addition to the existing minimum curvature approach to decide 

the regularization parameter, this study proposes a minimum 

distance approach in the road roughness profile identification.  

The identification accuracy is confirmed quantitively by 

utilizing Root Mean Squared Error (RMSE) of road roughness 

profile. Root Mean Squared Logarithmic Error (RMSLE) of 

Power spectral Density (PSD) of road roughness profile is also 

investigated to verify the validity of the proposed method. 

 

Road roughness profile identification methods utilizing vehicle acceleration 
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2 THEORITICAL BACKGROUND 

 Relationship between measured and unknown 

parameters 

In this chapter, discrete differential equation of vehicle model 

utilized for identification method is explained. An equation of 

motion of a vehicle is shown in Eq.(1). 

 𝑴𝑣�̈�𝑣 + 𝑪𝑣�̇�𝑣 + 𝑲𝑣𝒚𝑣 = 𝒇𝑣 (1) 

Where 𝑴𝑣，𝑪𝑣，and 𝑲𝑣 are matrices of mass, damping and 

stiffness, respectively. Vehicle model used is 2 degree-of-

freedom half-car model (2DOF HC model) and a schematic of 

this model is shown in Figure 1. A dot above each variable 

means time derivative. 𝒇𝑣 is the dynamic force of the vehicle 

and shown in Eq.(2). 

 𝒇𝑣 = 𝑲𝑟𝒓 + 𝑪𝑟�̇� (2) 

Where 𝒓(= {𝑟1, 𝑟2}
𝑇) indicates road roughness profile vector 

along vehicle traveling direction. 𝑟1 and 𝑟2 are road roughness 

profile under front and rear vehicle tires, respectively. 𝑲𝑟 and 

𝑪𝑟 are defined in Eq.(3) and Eq.(4), respectively. 

 
𝑲𝒓 = [

𝐾1 𝐾2

𝐷1𝐾1 −𝐷2𝐾2
] (3) 

 
𝑪𝒓 = [

𝐶1 𝐶2

𝐷1𝐶1 −𝐷2𝐶2
] (4) 

Where 𝐶𝑖，𝐾𝑖，and 𝐷𝑖  are spring stiffness constant, damping 

constant, and distance from centroid, and i=1，2 indicate front 

and rear axles, respectively. The equation of motion shown in 

Eq.(1) can be converted to a discrete-time state-space model as 

Eq.(5) and Eq.(6). 

 𝑿𝑗+1 = 𝑴𝑿𝑗 + 𝑮𝒇𝑣,𝑗 (5) 

 𝑿 = {
𝒚𝑣

�̇�𝑣
} (6) 

Here subscript 𝑗  denotes time index. 𝑴  and 𝑮  are shown in 

Eq.(7) and Eq.(8), respectively. 

 𝑴 = 𝑒𝑨ℎ (7) 

 
𝑮 = (𝑨−1(𝑴 − 𝑰)) [

𝟎
𝑴𝒗

−1] (8) 

Where 𝑨 shown in Eq.(9). 

 
𝑨 = [

𝟎 𝑰
−𝑴𝒗

−1𝑲𝒗 −𝑴𝒗
−1𝑪𝒗

] (9) 

Derivation of Eq.(7), Eq.(8), and Eq.(9) can be referred in [7]. 

Here 𝑴 is matrix exponential and calculated by utilizing Pade 

approximation [8]. By substituting Eq.(2) and Eq.(3) into 

Eq.(5), the discrete-time state-space model is reconstructed in 

the way that an external input term is road roughness profile. In 

the reconstruction process, a relationship between �̇�𝑗 and 𝒓𝑗 is 

assumed to have the following relationship. 

 �̇�𝑗 = (𝒓𝑗+1 − 𝒓𝑗) ∆𝑡⁄  (10) 

Where ∆𝑡 is a discrete-time interval. As a result, a new discrete-

time state-space model is defined as Eq.(11). 

 𝑿𝑗+1 = 𝑴𝑿𝑗 + 𝑮1𝒓𝑗+1 + 𝑮2𝒓𝑗 (11) 

Where 𝑮1  and 𝑮2  are defined as shown in Eq.(12) and 

Eq.(13)(12). 

 𝑮1 = 𝑮𝑪𝑟 ∆𝑡⁄  (12) 

 𝑮2 = 𝑮(𝑲𝑟 − 𝑪𝑟 ∆𝑡⁄ ) (13) 

Let measured data be vehicle acceleration and written as �̈�𝑣,𝑗. 

A relationship between the measured vehicle acceleration and 

state vector is shown in Eq.(14). 

 �̈�𝑣,𝑗 = 𝑸0𝑿𝑗 + 𝑸1𝒓𝑗+1 + 𝑸2𝒓𝑗 (14) 

Where 𝑸0, 𝑸1 , and 𝑸2 are calculated as Eq.(15), Eq.(16), 

and Eq.(17), respectively. 

 𝑸0 = [−𝑴𝑣
−1𝑲𝑣 −𝑴𝑣

−1𝑪𝑣] (15) 

 𝑸1 = [𝑴𝑣
−1 𝑪𝑟 ∆𝑡⁄ ] (16) 

 𝑸2 = [𝑴𝑣
−1(𝑲𝑟 − 𝑪𝑟 ∆𝑡⁄ )] (17) 

In order to express a relationship between measured and 

unknown parameters for all time series in the form of matrices, 

the vectors of measured and unknown parameters are defined 

in Eq.(18) and Eq.(19), respectively. 

 

𝒀 = [

�̈�𝑣,1

⋮
�̈�𝑣,𝑁

] (18) 

 
𝑿 = [

𝒓0

⋮
𝒓𝑁−1

] (19) 

Where �̈�𝑣,𝑗  is a vector whose size is 1 × 2  and it contains 

measured accelerations in 2DOF directions. 𝒓𝑗 is also a vector 

whose size is 1 × 2  and it contains road roughness profile 

under the front and rear tire of the measurement vehicle. As 

initial conditions, state vector values before 𝑗 = 1 are all 0. A 

relationship between 𝒀 and 𝑿 can be written as Eq.(20). 

 𝒀 = 𝑹𝑿 (20) 

Where 𝑹 is defined in Eq.(21). 

 𝑹 = 𝑹1 + 𝑹2 + 𝑹3 (21) 

Where, 

𝑹1 =

[
 
 
 
 

𝑸0𝑴𝑮1 𝑸0𝑮1 𝟎 ⋯ 𝟎

𝑸0𝑴
2𝑮1 𝑸0𝑴𝑮1 𝑸0𝑮1 ⋯ 𝟎

⋮ ⋮ ⋮ ⋱ ⋮
𝑸0𝑴

𝑁−1𝑮1 𝑸0𝑴
𝑁−2𝑮1 𝑸0𝑴

𝑁−3𝑮1 ⋯ 𝑸0𝑮1

𝑸0𝑴
𝑁𝑮1 𝑸0𝑴

𝑁−1𝑮1 𝑸0𝑴
𝑁−2𝑮1 ⋯ 𝑸0𝑴𝑮1]

 
 
 
 

 

(22) 

𝑹2 =

[
 
 
 
 
 

𝑸0𝑮2 𝟎 𝟎 ⋯ 𝟎
𝑸0𝑴𝑮2 𝑸0𝑮2 𝟎 ⋯ 𝟎

𝑸0𝑴
2𝑮2 𝑸0𝑴𝑮2 𝑸0𝑮2 ⋯ 𝟎

⋮ ⋮ ⋮ ⋱ ⋮
𝑸0𝑴

𝑁−2𝑮2 𝑸0𝑴
𝑁−3𝑮2 𝑸0𝑴

𝑁−4𝑮2 ⋯ 𝟎

𝑸0𝑴
𝑁−1𝑮2 𝑸0𝑴

𝑁−2𝑮2 𝑸0𝑴
𝑁−3𝑮2 ⋯ 𝑸0𝑮2]

 
 
 
 
 

 

(23) 

𝑹3 =

[
 
 
 
 
 
𝟎 𝑸2 𝑸1 𝟎 ⋯ 𝟎 𝟎
𝟎 𝟎 𝑸2 𝑸1 ⋯ 𝟎 𝟎
⋮ ⋮ ⋮ ⋮ ⋱ ⋮ ⋮
𝟎 𝟎 𝟎 𝟎 ⋯ 𝑸2 𝑸1

𝟎 𝟎 𝟎 𝟎 ⋯ 𝟎 𝑸2

𝟎 𝟎 𝟎 𝟎 ⋯ 𝟎 𝟎 ]
 
 
 
 
 

 (24) 

 

 Reduction of unknown parameter vector size 

In Eq.(20), unknown parameter matrix 𝑿  contains road 

roughness profile under the both front and rear axles as 

independent parameters from each other. However, the road 

roughness profiles under the both axles are basically same, 

while there is a little difference in the axles passing timing. 

 

Figure 1. schematic of 2DOF HC model. 
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Therefore the size of unknown parameter vector can be reduced 

as Eq.(25). 

 
�̂� = [

𝑟0
⋮

𝑟𝑁−1

] (25) 

Where 𝑟𝑗 is just a scalar variable and the size of �̂� is 𝑁 × 1. The 

relationship between measured and unknown parameters is 

shown in Eq.(26). 

 𝒀 = �̂��̂� (26) 

A new relation matrix �̂� is defined as Eq.(27). 

 �̂� = ⌈𝑹𝑒 𝟎⌉ + ⌈𝟎 𝑹𝑜⌉ (27) 

Where 𝑹𝑒  is a matrix which contains even columns of 𝑹 in 

order from the left. 𝑹𝑜 is a matrix which contains odd columns 

of 𝑹 in order from the left. 𝟎 denotes a null matrix whose size 

is 𝑁 × 𝑁𝑠 , 𝑁 = (A number of discrete time steps),  

𝑁𝑠 =(Sampling frequency) × (Distance between both axles) / 

(running speed). The size of  �̂� is reduced for 𝑁/2 − 𝑁𝑠 from 

𝑿. 

3 SIMULATION AND EXPERIMENT 

 Simulation  

In order to confirm the accuracy of the road roughness profile 

identification, simulated vehicle acceleration is examined 

firstly. In the simulation, a sampling frequency was 100Hz, 

vehicle running speed was 10.8m/s. Vehicle model properties 

are summarized in Table 1. The vehicle property is determined 

according to a preliminary model update utilizing vibration 

data from the experiment using “X-trail” by Nissan Motor Co., 

Ltd.. Road roughness profiles used in the simulation are 

randomly generated for 100 samples according to [9] and all 

“Rank A” roughness according to ISO 8608 [10]. A vehicle 

running distance is about 40m and simulated acceleration is 

calculated utilizing Wilson 𝜃  method [11]. Simulated 

accelerations are contaminated by noise whose SNR (Standard 

deviation of original / Standard deviation of noise) is 5. 

 

 Experiment 

The field experiment was conducted on a simply supported 

steel girder bridge whose length is about 40m. The test vehicle 

was “X-trail”, whose property is shown in Table 1. Two 

accelerometers are installed in the vehicle and they measured 

the acceleration in bounce and pitch directions at centroid of 

the vehicle. The accelerometers used in the experiment are “M-

A550AC2x” by SEIKO EPSON CORPORATION. In order to 

compare with identified road roughness profiles, the road 

roughness profile was also measured by a measurement car 

equipped with laser displacement sensors. The measured road 

roughness profile is called as “True” and compared with 

identified results. Measurements are conducted at three times 

and each run is called as T1, T2, and T3. The vehicle running 

speeds were about 3m/s. 

4 VERIFICATION OF IDENTIFIED RESULTS BY 

SIMULATION 

 Influence of unknown parameter condition 

Three patterns of unknown parameter in the inverse problem 

are defined as below. 

Pattern (a) : Unknown parameter is road roughness profile. 

Road roughness profiles under the front and rear 

tires are treated independently. 

Pattern (b) : Unknown parameter is vehicle dynamic force. 

Road roughness profile can be obtained by 

solving a differential equation utilizing the 

identified vehicle dynamic force. Road 

roughness profiles under the front and rear tires 

are treated independently. 

Pattern (c) : Unknown parameter is road roughness profile. 

Road roughness profiles under the front and rear 

tires are treated as same. 

Difference of pattern (a) and (c) is already explained in the 

chapter of 2.2. A relationship between measured and unknown 

parameters in pattern (b) can be derived by almost same process 

of derivation of pattern (a). 

Identified results of patterns (a) and (b) are compared to 

discuss that which parameter among vehicle dynamic force and 

road roughness profile is optimal for the inverse problem. 

In [2], [6], and [7], vehicle external force is identified by least 

square minimization, and next, road roughness profile is 

obtained. However there is possibility that the method which 

identifies road roughness profile directly by least square 

minimization has higher accuracy. Therefore, pattern (a) and 

(c) are compared as it is predicted that pattern (c) has higher 

accuracy. Pattern (c) has less number of unknown parameters 

than pattern (a) and may alleviate the ill-posed condition in the 

inverse problem.  

In pattern (a) and (b), unknown parameters can be obtained 

by solving the inverse matrix as Eq.(28). 

 𝑿𝑒𝑠𝑡 = 𝑹−1𝒀 (28) 

Where 𝑿𝑒𝑠𝑡  is estimated an unknown parameter vector. On the 

other hand, patter © needs to solve the least square 

minimization and obtain the solution as Eq.(29), since the 

numbers of unknown parameters and measured parameters are 

different.  

 𝑿𝑒𝑠𝑡 = (�̂�𝑇�̂�)
−1

�̂�𝑇𝒀 (29) 

For comparison of identified results, Root Mean Squared Error 

(RMSE) defined in Eq.(30) is examined. 

 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑(𝑟𝑡𝑟𝑢𝑒,𝑗 − 𝑟𝑖𝑑𝑒,𝑗)

2
𝑁

𝑗=1

 (30) 

Where 𝑟𝑡𝑟𝑢𝑒,𝑗 is true value of road roughness profile, and 𝑟𝑖𝑑𝑒,𝑗 

is identified road roughness profile. 

 

 

Table 1. Vehicle model property. 

Dimension (𝑚) 

Front - Rear 2.72 

Front - Centroid 0.8225 

Rear - Centroid 1.898 

Moment of inertia 

(𝑘𝑔 ∙ 𝑚2) 
- 3954 

Mass (𝑘𝑔) 

Total 1994 

Front 1391 

Rear 603 

Suspension stiffness matrix 

(𝑁/𝑚) 

Front 75739 

Rear 99646 

Suspension damping matrix 

(𝑁 ∙ 𝑠/𝑚) 

Front 12535 

Rear 3602 
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5 types of identified results are obtained as follows. 

⚫ Pattern (a) front axle  

⚫ Pattern (a) rear axle 

⚫ Pattern (b) front axle 

⚫ Pattern (b) rear axle 

⚫ Pattern (c) 

RMSE value of the identified results are summarized in Table 

2 and Figure 2. RMSEs shown in Table 2 and Figure 2 are the 

average values of 100 identified roughness profiles. When 

comparing identified results of pattern (a), (b), and (c), the 

RMSE is larger in the order of pattern (b), (c), and (a). An  

identified road roughness profile of pattern (a), which has the 

least RMSE among all patterns, is shown in Figure 3. Also an 

identified road roughness profile of pattern (b) is shown in 

Figure 4. In the identified road roughness profiles of pattern (b), 

many results showed increasing trend of the difference from the 

true value along the distance, as shown in Figure 4. When 

comparing the pattern (a) and (c), small difference in RMSE 

was observed.  Both in pattern (a) and (b), identified roughness 

profile at front axle resulted less RMSE than rear axle. 

The front axle of the vehicle has a heavier load and less spring 

stiffness than the rear axle. It is predicted that there is a 

relationship between the vehicle property and identification 

accuracy, and further investigation is needed. 

5 VERIFICATION OF IDENTIFIED RESULTS BY 

EXPERIMENT 

 Identification by least square minimization 

Examples of the identified road roughness profiles in pattern 

(a), (b), and (c) are shown in Figure 5. The deviation of the 

identified results from the true value is increased along the 

distance in pattern (b). Even in pattern (a) and (c), a large error 

was observed at the middle of the road. The identification 

accuracy of the experiment is much less than the simulation, 

which may be caused by measurement noise. If the 

measurement noise is too large, it may increase the ill-posed 

condition of the inverse problem. Therefore, in order to avoid 

the ill-posed problem as much as possible, Tikhonov 

regularization is introduced to the least square minimization, 

and this method is verified in the next chapter. The data from 

three runs are investigated, and each run is denoted as T1, T2, 

and T3. 

 Identification by regularized least square minimization 

While the usual least square solution is shown in Eq.(29), the 

least square solution by Tikhonov regularization [12] is 

expressed as Eq.(31). 

 𝑿𝑒𝑠𝑡 = (�̂�𝑇�̂� + 𝜆𝑰)
−1

�̂�𝑇𝒀 (31) 

Where 𝜆 is a regularization parameter which plays a major role 

in weighting the magnitude of the L2 norm of the unknown 

parameter in the cost function. 

The optimal regularization parameter is determined by means 

of L-curve method [13]. In the L-curve method, candidate 𝜆 

values are prepared in advance, and for each 𝜆 values we solve 

the regularized least square minimization problem and obtain 

L2 norms of error and unknown parameter. The points 

corresponding to each 𝜆 are plotted on a log-log graph with the 

L2 norm of the error on the horizontal axis and the L2 norm of 

the unknown parameter on the vertical axis. Since the points 

are plotted in a curved shape that is convex toward the origin, 

the point with the largest curvature is taken and the 

corresponding 𝜆 is obtained as the optimal value. This method 

is called as Maximum Curvature Method (MCM) in this paper. 

Obtained 𝜆s by MCM in pattern (a), (b), and (c) are shown in 

Table 3. For the regularization parameter 𝜆, some candidates 

were prepared by changing the value of 𝛼 in Eq.(32), and the 

 

Table 2. Average RMSE of identified results from 

simulated acceleration. 
Pattern RMSE(× 10−4) 

(a)  front axle 22 

(a)  rear axle 28 

(b)  front axle 80 

(b)  rear axle 217 

(c) 28 

 

 

Figure 2. Average RMSE of identified results from simulated 

acceleration. 

 

 

Figure 3. Identified road roughness profile of pattern (a) front 

axle. 

 

Figure 4. Identified road roughness profile of pattern (b) rear 

axle. 
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optimal value was obtained from the candidate values by 

MCM.  

 𝜆 = 10𝛼 (32) 

The candidate values for α were set as shown in Table 4. 

In order to evaluate the identification accuracy quantitively, 

identified road roughness profile is converted into PSD and 

then Root Mean Squared Logarithmic Error (RMSLE) of PSD 

is calculated. The PSD in the special frequency range under 1 

(cycle/m) is used for RMSLE calculation. 

RMSLEs of PSD of identified road roughness profiles by 

MCM are shown in Table 5. Pattern (a) has less RMSLE than 

other patterns in Table 5. An example of identified road 

roughness profile in pattern (a) front axle is shown in Figure 6. 

Also an example of identified road roughness profile in pattern 

(c) is shown in Figure 7. In the experimental results, pattern (a) 

has obviously higher identification accuracy than pattern (c), 

while there was small difference in simulation results. One of 

the reasons for the difference in accuracy between the 

experiment and the simulation is that the optimal 𝜆 may not be 

obtained successfully in pattern (c). In order to find the 

maximum curvature point of the L-curve in MCM, the 

circumscribed circles of three neighboring points are found, 

and the reciprocal of the radius is calculated as the curvature. 

In this study, I propose a new method to obtain the optimal 𝜆, 

in which the point that has the minimum distance from the 

origin is chosen as the optimal point. In other words, the point 

where the sum of the square of error norm and unknown 

parameter norm is the minimum is chosen. This method is 

called as Minimum Distance Method (MDM) in this paper. 

Obtained 𝜆s by MDM in pattern (a), (b), and (c) are shown in 

Table 6. When comparing Table 6 with Table 3, the variation 

in the obtained 𝜆 from T1 to T3 in MDM is less than that of 

MCM. RMSLE of PSD of identified road roughness profile by 

MDM is shown in Table 7. When comparing Table 7 with 

Table 5, RMSLE in pattern (c) by MDM is less than that of 

MCM. In case of identification by MDM, pattern (c) showed 

 

Figure 5. Examples of identified road roughness profiles by 

using measured acceleration in experiment. 

 

Table 3. Obtained optimal 𝜆 by MCM. 
 (a) (b) (c) 

T1 10−1 10−13.5 103 

T2 100 10−13 103 

T3 102 10−11 102.5 

 

Table 4. Range of candidate 𝜆. 
 Lower edge Upper edge Interval 

(a) -5 5 0.5 

(b) -15 -5 0.5 

(c) -5 5 0.5 

 
Table 5 RMSLE of PSD of identified road roughness 

profile by MCM. 
 T1 T2 T3 

(a) front  2.7 2.8 3.0 

(a) rear 2.8 2.5 3.4 

(b) front 3.8 4.1 3.1 

(b) rear 3.8 3.4 2.6 

(c) 3.9 3.9 3.4 

 

 

Figure 6. Identified road roughness profile by MCM  

in pattern (a) T1. 

 

 

Figure 7. Identified road roughness profile by MCM  

in pattern (c) T1. 

 

Table 6. Obtained optimal 𝜆 by MDM. 
 (a) (b) (c) 

T1 10−1  10−5 100  

T2 100  10−5 100  

T3 100  10−5 100  

     

 

Table 7.  RMSLE of PSD of identified road roughness profile by 

MDM. 

 T1 T2 T3 

(a) front  2.63 2.83 3.16 

(a) rear 2.78 2.48 2.41 

(b) front 10.3 9.90 10.3 

(b) rear 11.3 11.7 11.8 

(c) 2.33 2.50 2.50 
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the highest identification accuracy. An example of identified 

road roughness profile in pattern (c) by MDM is shown in 

Figure 8. When comparing with Figure 7 which is same case 

by MCM, the identification accuracy in pattern (c) was clearly 

improved by the MDM. In order to investigate the accuracy of 

identified result further, PSDs of the road roughness profiles 

shown in Figure 8 are investigated as Figure 9. Seven straight 

lines in Figure 9 are borders of road roughness rank specified 

in ISO 8608. In PSD of road roughness profile, the PSD value 

where spatial frequency is 0.1(cycle/m) is especially focused 

on for evaluation of riding comfortability. The PSD curve is 

approximated as Eq.(33), and coefficients of a，β，𝑛  are 

obtained by the least square minimization.  
 Sr(Ω) = a/(Ωn + βn) (33) 

Where Ω is a spatial frequency and Sr is the approximated 

PSD curve. Approximated PSD curves are shown in Figure 

10, which demonstrated that the approximated PSDs of 

identified results and true value at spatial frequency is 0.1 

(cycle/m) can be categorized as same ISO rank. Therefore, it 

was confirmed that identification in pattern (c) by MDM has 

high enough accuracy. On the other hand, in pattern (b)  high 

accuracy of identification was not obtained by MDM. 

 Influence of unknown parameter condition 

In this chapter, relationship between the difference of unknown 

parameters and identification accuracy is investigated by the 

experiment. However in pattern (b) it was difficult to obtain the 

optimal 𝜆 by MDM, therefore we use another method which 

used in [7] instead of pattern (b), and this method is called as 

pattern (d). In pattern (d), vehicle dynamic force is firstly 

identified by least square minimization and then road 

roughness profile is obtained by means of dynamic 

programming in the process of least square minimization. The 

best parameter for the inverse problem is examined by 

comparing pattern (a), (c), and (d). In pattern (a) and (c), the 

values shown in Table 7 are used for optimal 𝜆s, which are 

obtained by MDM. On the other hand, 𝜆 value in pattern (d) is 

obtained by MCM. 

Identified results in pattern (a) and (d) are shown in Figure 11 

and Figure 12, respectively. The identified result in pattern (c) 

by MDM is already shown in Figure 8. Unlike pattern (a), 

pattern (d) has significantly different identification accuracy 

between front and rear axles. In order to quantitatively evaluate 

the identification accuracy, the identified road roughness 

profile is converted to PSD, and the RMSLE is calculated for 

the range where the spatial frequency is 1 (cycle / m) or less. 

The PSD identified by MDM in pattern (a), (c), and (d) are 

shown in Figure 13, Figure 14, and Figure 15, respectively. In 

the all patterns, there is a tendency that the identified and true 

PSD have large difference in the range where spatial frequency 

is 0.1(cycle/m) or less. This tendency is especially large in 

pattern (d) front axles, and is obvious also both in Figure 12 

and Figure 15. 

RMSLE of PSD is also calculated and shown in Table 8.  

According to Table 8, the average of RMSLE of PSD for 3 runs 

was the smallest in pattern (c). In the verification using 

simulated acceleration, the accuracy of pattern (a) was higher 

than that of pattern (c), but the tendency was different in the 

experiment. This is probably due to the influence of larger noise 

in the experiment than the simulation.  

 

Figure 8. Identified road roughness profile by MDM  

in pattern (c) T1. 

 

Figure 9. Identified PSD by MDM in pattern (c) T1. 

 

Figure 10. Approximated PSD line by MDM in pattern (c) T1. 

 

Figure 11. Identified road roughness profile by MDM  

in pattern (a) T1. 

 

Figure 12. Identified road roughness profile by MCM  

in pattern (d) T1. 
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6 CONCLUSION 

In this study, the accuracy of the road roughness profile 

identification is investigated both by simulation and 

experiment.  

Identification utilizing simulated acceleration showed that 

the identification of road roughness profile directly by the least 

square minimization resulted in higher accuracy than the 

method identifying the road roughness profile indirectly from 

vehicle dynamic force identification. In case of identifying road 

roughness profile directly, there are two identification methods. 

The one is to treat the road roughness profile under the front 

and rear tires of the moving vehicle independently, and the 

other one is to treat those two parameters as same parameter. In 

the verification by simulation, small difference in identification 

accuracy between those two methods was observed.  

In the experimental verification, it is found that the normal 

least square minimization is not effective for identification of 

road roughness profile. Therefore the regularized least square 

minimization should be applied. When identifying road 

roughness profile directly by regularized least square 

minimization, there are two methods to obtain the optimal 

regularization parameter values. The one is to select the 

maximum curvature points (MCM), and the other one is to 

select the closest point from the origin (MDM) in the plotted L-

curve. In the experimental verification, MCM failed to identify 

in some cases, however MDM was effective in all identification 

cases, if identifying road roughness profile directly by the 

regularized least square minimization. In case of the method 

indirectly identifying road roughness profile from vehicle 

dynamic force, MDM failed to successfully identify road 

roughness profile in the experimental verification. The 

identification method which obtains road roughness profile 

directly by the least square minimization has higher accuracy 

than the indirect method which identifies vehicle dynamic force 

firstly by dynamic programming and then obtain the road 

roughness profile. One reason for less accuracy of the indirect 

road roughness identification is that the error is amplified in the 

process of obtaining the road roughness profile by numerical 

integration from the vehicle dynamic force. Another possible 

reason is that it is desirable to use the road roughness profile 

itself in the regularization term of the least square 

minimization, in case of road roughness profile identification. 

This study showed that the method of directly identifying the 

road roughness profile in the regularized least squares method 

is effective. In addition, in the case of the method of directly 

identifying the road roughness profile, it was found that the 

method of selecting the point which is closest to the origin 

(MDM) in L-curve is effective as a method of determining the 

optimal regularization parameter. 
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Figure 14. Identified PSD by MDM in pattern (c) T1. 
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ABSTRACT: Usually, fatigue cracks in steel structures are inspected by visual inspection, and non-destructive inspection is 
executed as needed. However, it is known that there are still some problems in the scope of application and detection accuracy in 
the commonly used non-destructive inspection. In this study, in order to enable simpler and more reliable detection of fatigue 
damage, we examined based on the data of the vibration fatigue test for out-of-plane gusset weld joint conducted in the previous 
study. In addition, we conducted FEM analysis on steel structures. The stress amplitude ratio (Y/X) in the longitudinal direction 
(X-axis) and the right-angle direction (Y-axis) was examined to judge the presence or absence of cracks. We examined based on 
the vibration fatigue test in the previous study, it was confirmed that the stress amplitude in each axial direction fluctuated when 
cracks occurred around the weld. It was also shown that the stress amplitude ratio increased at the weld toe. In the FEM analysis, 
direct load was applied to the I-girder with an out-of-plane gusset weld joint. As a result, as in the vibration fatigue test, it was 
confirmed that the stress amplitude ratio increased with the progress of cracks. It is considered possible to judge the presence or 
absence of cracks when the stress amplitude ratio at the weld toe is confirmed in the I-girder with the out-of-plane gusset weld 
joint. 
 
KEY WORDS: Stress amplitude; Fatigue; FEM analysis. 

 

1 INTRODUCTION 

Deterioration problems of steel structures, which constitute the 
social infrastructure, can be broadly divided into corrosion, 
cracks and fractures1). Corrosion is phenomenon in which steel 
materials are oxidized and deteriorated due to deterioration of 
the anticorrosion function of steel structures. Corrosion is 
occurred by aging-deterioration of the anticorrosion function 
and exogenous factors such as sea salt particle and antifreeze. 
However, corrosion is damage that can be dealt with 
systematically if regular inspections are carried out because it 
progresses slowly. On the other hand, most of the cracks occur 
mainly around the weld. Cracks that occur in secondary 
members, and are unlikely to immediately reach the main 
member, or cracks that don’t progress, are unlikely to cause 
immediate problems. However, inspectors must be careful 
about such judgments. In addition, cracks in the main material 
or cracks that show progression are damage that must be 
addressed immediately. When cracks are found, it is necessary 
to make a correct judgment and then take countermeasures. 
Although, it is difficult to inspect on weld in steel structure 
because it is the joint of member. In addition, it is difficult to 
find cracks under the coating, because corrosion prevention is 
often applied by coating. Fracture can be occurred by corrosion, 
cracks progression, or external forces such as collision. Even 
when a fracture is found, it is necessary to immediately make a 
correct judgment and take countermeasures.   

Focusing on cracks among these damages. Usually, 
inspection for cracks damage is often executed with visual 
inspection. If necessary, non-destructive testing such as 
magnetic particle testing or penetrant testing is combined with 
the inspection. Nevertheless, visual inspection is dependent on 
the inspector’s knowledge and skills. Magnetic particle testing 
and penetrant testing are also unable to detect cracks if they are 

not on or near the surface. These inspections cannot deal with 
cracks and defects inside the structures.  

In a previous study conducted by Horiai et al. (A. Horiai et 
al. 2017) 2) at Iwate University, they carried out vibration 
fatigue test and FEM analysis using out-of-plane gusset weld 
joint. In that study, focusing on the axial stress ratio, which is 
the ratio of the absolute value of stress in two directions. It 
showed that the presence or absence of cracks can be judged by 
confirming this ratio. The two directions are the longitudinal 
direction (X-axis), which is the direction of crack progression, 
and the right-angle direction (Y-axis).  

On the other hand, fatigue problems are usually organized 
using stress amplitude rather than actual stress value. 

Therefore, in this study, based on the data from previous 
study, we examined whether it is possible to detect cracks 
quantitatively by confirming the stress amplitude ratio in two 
directions around fatigue cracks. In FEM analysis, direct 
loading was applied to the I-girder with out-of-plane gusset 
weld joint. Additionally, we confirmed the fluctuation in the 
stress amplitude and its ratio at the weld toe due to the presence 
or absence of cracks in the gusset plate weld. These differences 
were compared with the result of vibration fatigue test.  

 

2 VIBRATION FATIGUE TEST OF OUT-OF-PLANE 
GUSSET WELD JOINT 

This chapter shows an overview of the vibration fatigue test 
using out-of-plane gusset weld joint, which was a previous 
study conducted at Iwate University. 

 Test overview 

Fig.1 and Fig.2 show an overview of the vibration fatigue tester 
used in the previous study and a photo of the test situation, 
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respectively. This tester was designed to vibrate specimens by 
rotating an eccentric motor put in the cantilever and installed 
on the free end side, and generate bending stress in the 
specimens. By changing the mounting position and the 
rotational speed of the eccentric motor, the magnitude of the 
stress and the vibration frequency can be calibrated. In the 
previous study, the load magnitude was calibrated by 
calibrating the frequency so that the stress range obtained from 
the strain obtained from the trial test in advance was the 
candidate nominal stress range. In addition, only the rotational 
vibration of the motor results in a fatigue test in which the stress 
ratio was alternating (R= -1). In the previous study, a coil spring 
was installed at the tip of the specimen, and the specimen was 
pushed down by this coil spring. The fatigue test was carried 
out with the stress ratio applied to the specimen being pulsated 
(R> 0). 

 Test specimen 

Fig.3 shows the test specimens used in the previous study. The 
material of the test specimen was SS400, and a gusset plate of 
12 mm thick, 100 mm high, and 340 mm long was welded to 
the base metal of 12 mm thick, 300 mm wide, and 700 mm long 
at right angles to the base metal with a 10 mm-leg-length fillet 
weld. A hole with a diameter of 24 mm is for installation in a 
vibration fatigue testing machine, and a hole with a diameter of 
14 mm is for installing an eccentric motor. 

 Attached Strain gauge situation 

The strain gauges were attached at eight positions from G1 to 
G8. Fig.4 shows the positions of the strain gauges on the 
specimen. G3 gauge was attached at a distance of 5 mm in the 
longitudinal direction from the weld toe to measure the stress 
including the effect of stress concentration. The nominal stress 
range was obtained from the proportional relationship using the 
strain results measured by the G6, G7 and G8 gauges3)4)5). G1 
to G5 triaxial gauges were FRA-1-11, and G6 to G8 uniaxial 
gauges were FLA-1-11. 

 Test termination conditions 

As shown in Fig.5, enameled wire for cracks detection was 
attached at the position where a=21mm from the center of the 
gusset and 2a=42mm on both sides. The test was set to end 
when the fatigue cracks occurring from the weld toe reached 
this position and the enameled wire broke. 
 
 

Fig 1. Overview of Vibration fatigue tester 
 

Fig 2. Vibration fatigue tester of  
out-of-plane gusset weld joint 

 

Fig 3. Specimen dimensions 
 

Fig 4. Attached gauge situation 
 

Fig 5. Fatigue Cracks Progress 
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 Status at the end of the test 

Table.1 shows the nominal stress range at the start of the test 
and the number of cycles at the end of the test. Fig. 6 shows the 
results of the magnetic particle testing executed around the 
weld. Cracks progression satisfying the test termination 
conditions was confirmed in all test specimens.  

3 CONSIDERATION BASED ON TEST RESULTS OF 
PREVIOUS STUDY 

In this chapter, based on the data from the previous study in 
Chapter 2, we examined whether it is possible to judge the 
presence or absence of cracks by confirming the stress 
amplitude and stress amplitude ratio. 

 How to calculate stress amplitude and stress amplitude 
ratio 

In this consideration, strains measured by triaxial strain gauges 
are used to calculate the stress amplitude．The first axis of the 
triaxial gauge is the longitudinal direction (X-axis) and the 
second axis is the right-angle direction (Y-axis). From the 
strains in each of these two directions, the stress amplitude in 
the longitudinal direction (X-axis) and the right-angle direction 
(Y-axis) were calculated, respectively, using following 
equation (1). 

 
                    ∆𝜎 = {(𝜀 − 𝜀 ) × 𝐸}/2           (1)                                   

   
∆𝜎 : Stress amplitude (MPa) 
𝜀  : Maximum Strain (µ) 
𝜀  : Minimum Strain (µ) 

𝐸 : Young's modulus (2.1×105N/mm²). 

 

The stress amplitude ratio was calculated by referring to the 
method used by Horiai et al. In this study, since the principal 
stress were oriented is the longitudinal direction (X-axis), the 
stress amplitude ratio was calculated using the following 
equation (2). 

 
 

                     Stress amplitude ratio=∆𝜎 ∆𝜎⁄            (2) 
   

∆𝜎  : Stress amplitude (MPa) in longitudinal direction (X-axis) 
∆𝜎  : Stress amplitude (MPa) in the right-angle direction (Y-
axis). 
 

 Fluctuation of stress amplitude ratio around cracks 

When considering the presence or absence of cracks, it is 
difficult to judge by stress amplitude in one direction only. 
Because it must be judged including the load (external force) 
applied to the candidate structure at that time. Therefore, in the 
study conducted by Horiai et al., the stress in each axial 
direction is nondimensionalized by taking the ratio of the stress, 
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Fig 7. Stress amplitude ratio 
 

(c) No.3 

Fig 6. Status of Magnetic Particle Testing 

Table 1.   Nominal stress range and Number of cycles 

Specimen Nominal stress range (MPa) Number of cycles

No.1 119.8 154,800

No.2 100.3 370,400

No.3 101.5 240,300
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which makes it possible to judge the presence or absence of 
cracks more easily. Using this method as a reference, the 
fluctuation of stress amplitude with cracks occurrence and 
progress in each specimen was examined. 

Fig.7 shows the fluctuation of the stress amplitude ratio for 
specimens No.1, No.2 and No.3. For all specimens, the stress 
amplitude ratio at the G3 gauge position tended to increase as 
the cracks progressed. In contrast, the stress amplitude ratio 
showed no-change much at gauge positions expect G3 gauge. 
The stress amplitude ratio fluctuated on the out-of-plane gusset 
weld joint near the cracks at the weld toe with the cracks 
occurrence and progress. However, the stress amplitude ratio 
hardly fluctuates at positions away from the cracks. 

 Fluctuation of stress amplitude around cracks 

Fig.8 shows the fluctuation in stress amplitude in specimen 
No.1 in two directions for the G3 gauge with increased stress 
amplitude ratio and the G1 and G2 gauges with unchanged 
stress amplitude ratio. 

The stress amplitude on X-axis of the G3 gauge, where an 
increase in the stress amplitude ratio was confirmed, started to 
decrease soon after the start of the test and decreased 
significantly. On the other hand, the stress amplitude in the 
right-angle direction (Y-axis) increased slowly. Then it 
exceeded the stress amplitude in the longitudinal direction(X-
axis) at around 80,000 times, and the increase was confirmed 
thereafter. The reason for this fluctuation may be as follows. If 
fatigue cracks occur near the position where the strain gauge is 
attached, the amount of stress transfer in that area decreased. 
Therefore, the stress amplitude in the longitudinal direction(X-
axis) at the attachment position decreases. When the cracks 
occur, the direction of the principal stress is to avoid the cracks. 
Therefore, the stress amplitude on Y-axis tended to increase 
with the cracks progress. 

The stress amplitude in the longitudinal direction (X-axis) 
increased slightly from the beginning to the end of the test for 
the G1 and G2 gauges, where the stress amplitude ratio did not 
fluctuate. The stress amplitude in the longitudinal direction (Y-
axis) did not change much from the beginning to the end of the 
test. The stress amplitude in the longitudinal direction (Y-axis) 
showed no-change much from the beginning to the end of the 
test. It is considered that the stress amplitude ratio shows no-
change at the G1 and G2 gauge positions away from the cracks, 
as shown in 3.2. 

4 FEM ANALYSIS 

 FEM Analysis Overview 

Based on the result of the vibration fatigue test, the analysis 
model was examined. The analysis was performed using three-
dimensional FEM general-purpose analysis software (Sofistik). 
The material properties of the analysis model were set to be the 
same as those of the test specimen, with Young's modulus of 
steel E = 2.1×105 N/mm2 and Poisson's ratio ν = 0.3. 

 Analysis model 

The analysis model is an I-girder with out-of-plane gusset joint 
as shown in Fig. 9. Table 2 shows the details of the dimensions 
of the I-girder and the gusset plate. The bearing condition is 
pin-roller. Based on the result of the vibration fatigue test, the 
cracks progression process was assumed to be from the weld 

toe at the tip of the gusset plate. The crack lengths were set as 
0mm, 2 mm, 10 mm, 20 mm, 32 mm, 36 mm, and 42 mm. 
Crack length 42mm is the longest length under the end 
condition of the vibration fatigue test. Since the crack depth 
was not measured during the vibration fatigue test, the crack 
depth was assumed to be about (crack depth/crack length = 
1/2~1/3)6). We checked the stress status around the cracks in 
each model. The mesh size of the area around the weld to be 
verified is basically 1 mm. Fig.10 shows the details of the crack 
area for each analysis model. In this figure, cracks are indicated 
by red bold lines. Cracks were created in the base metal along 
the weld line based on the vibration fatigue test result.  
 

Fig 8. Stress amplitude 
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 Analysis Result and comparing with result of vibration 
fatigue test 

We analyzed the crack length of each analysis model. 
Fluctuation of the stress amplitude ratio at each gauge position 
shown in Fig. 4 is shown in Fig. 11 for G3 gauge position and 
Fig. 12 for the other gauge positions. Table.3 shows the crack 
length at each gauge position and the amplitude stress ratio at 
that time. The stress amplitude ratio at each gauge position at 2 
mm crack length were compared with those of the no-crack 
case. As a result, no- change was confirmed at all gauge 
positions, including G3, which is closest to the gusset weld. For 
a crack length of 10 mm, an increase in the stress amplitude 

ratio was confirmed at the G3 gauge position. The stress 
amplitude ratio increased similarly for crack length of 20 mm 
and 32 mm. The stress amplitude ratio for the 36mm crack 
length and the 42mm crack length models were greater than 1 
and 2, respectively. The reason for this tendency for the stress 
amplitude ratio to increase at the G3 gauge position may be as 
follows. As shown in 3.3, the principal stress direction in the  

Fig 10. Detail of the cracks 
(g) 42mm 

(c) 10mm 

(a) 0mm (b) 2mm 

(e) 32mm (f) 36m
m 

(d) 20mm 

Fig 9. Analysis model 

5000

2000

Width 600

Thickness 22

Web Thickness 12

Width 600

Thickness 22

Length 300

Width 100

Thickness 12

Upper Frange

Lower Frange

Analysis model

Length

Girder Depth

Gusset

Table 2. I-girder and Gusset dimension 
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no-crack state is considered to be in the longitudinal direction 
(X-axis). However, as the cracks occurrence and progress, the  
principal stress transmitted across the surface of the base 
material (web) become oriented to avoid the cracks. Then, the 
stress amplitude in the longitudinal direction (X-axis) 
decreased and the stress amplitude in the right-angle direction 
(Y-axis) increased. Therefore, the stress amplitude ratio (Y/X) 
is considered to increase. 

The stress amplitude ratio at each gauge position except G3 
showed no-change at any crack length, as in the vibration 
fatigue test result, when compared to the no-crack case. 
Therefore, all gauge positions except G3 are considered to be 
unaffected by the cracks.  

From the above, it is considered possible to judge the 
presence or absence of cracks when the stress amplitude ratio 
at the G3 gauge position is confirmed in the I-girder with the 
out-of-plane gusset weld joint. 

5 CONCLUSION 

In this study, in the fatigue damage of steel structures, we 
focused on cracks in out-of-plane gusset weld joint. We 
examined whether the presence or absence of cracks could be 
determined by confirming the stress amplitude ratio around the 
cracks.  The findings of this paper are shown below.  
 

(1) By vibration fatigue test using specimens with gusset 
plate, with occurrence and progress of cracks, the stress 
amplitude in the longitudinal direction (X-axis) decreased. 
Then the stress amplitude in the right-angle direction (Y-
axis) increased slowly. 

(2) Due to the fluctuation of stress amplitude in each axial 
direction with occurrence and progress of cracks, it was 
found that the stress amplitude ratio increased in the 
affected region of cracks occurrence.  

(3) In the FEM analysis, the stress amplitude ratio at the same 
gauge positions as in the vibration fatigue test were 
confirmed, and the stress amplitude ratio showed the same 
fluctuation as in the test. 

(4) It is considered possible to judge the presence or absence 
of cracks when the stress amplitude ratio at the G3 gauge 
position is confirmed in the I-girder with the out-of-plane 
gusset weld joint. 
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Fig 11. Stress amplitude ratio (G3) 
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Fig 12. Stress amplitude ratio  
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Table 3. Stress amplitude ratio at gauge position for 
each analysis model 

Crack Length G1 G2 G3 G4 G5

0mm 0.275 0.074 0.071 0.146 0.185

2mm 0.274 0.075 0.072 0.147 0.185

10mm 0.265 0.063 0.148 0.134 0.184

20mm 0.254 0.051 0.282 0.120 0.190

32mm 0.225 0.159 0.500 0.147 0.193

36mm 0.217 0.174 1.000 0.156 0.192

42mm 0.178 0.288 2.091 0.188 0.205
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ABSTRACT: There are approximately 720,000 road bridges in Japan, and more than 70% of them are on municipal roads. In 

Japan, many road bridges constructed during the high economic growth period. The number of bridges over 50 years will increase 

rapidly. Against this background, efficient maintenance of aged bridges is required. Therefore, it is important to make periodic 

inspections of bridges and formulate appropriate repair plans. It is also important to accumulate inspection data. The major part 

of the serious damage of the road bridge is occupied with the deterioration of the fatigue dam-age of decks and corrosion damages. 

Currently, regular inspections by visual inspection are common in Japan. However, the visual inspection depends on the skill of 

the inspector. Therefore, we focused on the impact vibration test for the RC decks, etc., and focused on the portable FWD test as 

a simple one. In this study, the target was a small bridge used in Japan. We conducted an impact vibration test using a portable 

FWD test on the target bridge. We also used the servo type acceleration sensors in order to measure the acceleration of the decks. 

After that, amplitude spectrums and phase difference spectrums were obtained by Fast Fourier Transform (FFT). With this way, 

we can find out the actual vibration mode and the basic natural frequency. After this investigation, we carried out the numerical 

analysis with 3D finite element models to compare the measured values and the analytical values. From the results, we aimed to 

understand the effect of floor slab replacement on vibration characteristics. Furthermore, we examined whether the small FWD 

test can be applied as an efficient maintenance method. 

KEY WORDS: Deck slab replacement, impact vibration test, eigenvalue analysis, portable FWD test. 

1. INTRODUCTION 

At present, there are about 720,000 road bridges in Japan. More 

than 70 percent of them are on municipal roads [1]. The number 

of road bridges in Japan is characterized by a rapid increase in 

the number of construction during the high economic growth 

period. Due to these trends, the number of aging bridges after 

50 years of construction is increasing rapidly these days. 

Therefore, the periodic inspection of bridges and the 

formulation of repair plans based on the inspection are 

important. In addition, it is important to accumulate data of 

bridge repair and reinforcement for future effective 

maintenance. 

In recent years, a visual inspection of road bridges has been 

carried out as a periodic inspection of road bridges by close 

observation in Japan. And vehicle running test and loading test 

are conducted to check the detailed damages of the bridge and 

to confirm the reinforcement effect of the repairs. However, in 

a visual inspection, the results of the inspection depend on the 

skill of the inspector. In addition, vehicle running test and 

loading test involve extensive traffic control and require a great 

deal of labor, money and time. From these backgrounds, a 

simpler and more quantitative bridge inspection and survey 

method is needed. 

In this study, we focused on impact vibration test using a 

portable Falling Weight Deflectometer (FWD) as a simple 

method to investigate and inspect bridge. It is a device that 

attempts to evaluate the structure from deflections. In recent 

years, various studies have been conducted for impact vibration 

test of bridges [2] , [3]. The portable FWD is particularly portable 

due to its small size. So it is possible to measure at a large 

number of measurement points in a short time. However, most 

of the previous studies are related to the evaluation of bridge 

soundness. Since there have been few attempts to apply it to the 

evaluation of repair/reinforcement effects, it was included in 

this study. 

In this study, Impact vibration tests were conducted using a 

portable FWD before and after the replacement of the deck slab 

on a small bridge. And the overall vibration characteristics of 

the bridge were compared and investigated based on the results. 

The reinforcing effect of the replacement of the deck slab was 

also studied based on the results of eigenvalue analysis using a 

three-dimensional finite element model. 

 

2. STUDY OVERVIEW 

2.1 Target Bridge 

The bridge in this study is the Akayama Bridge in the 

Kaminoyama City, Yamagata Prefecture. 

The Akayama Bridge is a steel composite simple H-girder 

bridge with a length of 16.0 m, width of 8.2 m, girder height of 

700 mm, and RC slabs (slab thickness 160 mm). 

The target bridge has been in service for more than 40 years 

since 1974, and regular inspections were conducted in 2015. 

Then the corrosion due to ageing and deterioration of the 

anticorrosion function were observed at the main girder and 

cross girder. Although the deck slab was reinforced by bonding 

steel plates, they showed corrosion and deterioration of 

anticorrosion function due to aging. The overhang showed 

cracks due to drying shrinkage and Water leakage and 

delamination due to ageing. Therefore, the bridge was 
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reinforced in spring 2019, including the replacement of the 

deck slab. The replaced deck slab is a precast slab of RC 

structure [4]. Before the deck slab replacement, the thickness of 

the concrete pavement was 50 mm, and the thickness of the 

asphalt pavement was 30 mm. After replacement, the thickness 

of the asphalt pavement is 50 mm. The target bridge is a skewed 

bridge with a slant angle of 83°. Cross-sectional and plan views 

of the bridge after the replacement of the deck slab are shown 

in Figures 1 and 2, respectively. A full view of the bridge before 

the replacement of the deck slabs is shown in Figure 3. The 

specifications of the bridges are shown in Table 1.  

 

2.2 Portable FWD Testing 

The tester used in this study was a portable TML-type FWD 

system, FWD-Light [5]. This test machine applies impact force 

by letting the weight fall freely onto the bridge slab, and 

measures the displacement at that time. In this study, the 

vertical acceleration was measured using an accelerometer as 

an external sensor to measure the impact force from the 

portable FWD. The servo-type accelerometer used is shown in 

Figure 5. 

 

3 TEST RESULTS AND DISCUSSION 

3.1 Test Methods 

3.1.1 Whole bridge measurement 

In this test, we dropped a 25kg weight onto the RC slabs of a 

bridge from a height of 1m by portable FWD. The 

accelerometers were placed at the same locations as the impact 

points, and the accelerometers were measured at nine points in 

total. After the deck slab replacement, due to a malfunction in 

the measuring equipment, six accelerometers were used. So 

measurements were made in two patterns, accelerometers 

placed at 1/4 and 1/2 points and at 1/2 and 3/4 points on 3 main 

Figure 1. Cross-sectional view (unit: mm) 

Figure 2. Plan view (unit: mm) 

Figure 5. Portable FWD system 

(a)Portable FWD (b)Servo accelerometer 

Figure 3. A full view of Akayama bridge 

Table 1. Akayama bridge specifications 

Figure 4. The condition of the bridge top before slab 

replacement 
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girders. The arrangement of the impact points and 

accelerometers before and after deck slab replacement are 

shown in Figures 6. 

In this study, the natural frequencies of the bridge were 

calculated by the Fast Fourier Transform (FFT) in order to 

estimate the vibration characteristics of the entire bridge. The 

number of FFT data was set to 32768 and the sampling interval 

was 0.0001 seconds. 

3.1.2 Deck Slab Panel System measurement 

The area surrounded by the main girder and cross beams of the 

deck slab is considered as one measurement area, and 

measurements were made at four locations. The panel 

arrangement of the slab is shown in Figure 7. The point of 

impact was set at the center of the panel.  

Before the deck slab replacement, three accelerometers were 

used, and the measurements were taken at six different 

positions as shown in Table 2. Three or more blows were 

administered in each panel. The cross beam in the center of the 

span is in contact with the deck slab. 

Five accelerometers are used after the deck slab replacement. 

Accelerometers of CH1, 2, 3, 4, and 5 were used in the 

transverse direction of the bridge axis (pattern 1). The axial 

direction of the bridge was measured with CH6, 7, 3, 8 and 9 

accelerometers (pattern 2). 1/4 point and 3/4 point cross beam 

don’t touch the deck slabs. Therefore, panels 1 and 2, 3 and 4 

are considered to behave in unison, respectively. 

3.2 Whole system measurement results 

3.2.1 Hitting point of 1/2 of girder 

Figure 10(a) shows the acceleration waveforms at the point of 

impact obtained by a single blow. In this test, multiple blows 

and vibration waveform recordings were made at the same 

point. After the test, the obtained acceleration data were stacked 

[6]. An example of stacked waveform after the maximum value 

of the hitting point is shown in Figure 10(b). Figure 11(a) 

shows the amplitude spectrum without the stacking process 

before the deck slab replacement. On the other hand, Figure 

11(b) shows the amplitude spectrum with the stacking process 

before the deck slab replacement. It can be seen that the 

amplitude spectrum of (b) with the stacking process has less 

variation in the amplitude spectrum. The peak of the amplitude 

Figure 7. Panel diagram (unit: mm) 

Figure 8. Arrangement of Accelerometer 

before deck slab replacement 

Figure 9. Arrangement of Accelerometer after 

deck slab replacement 

Table 2. Accelerometer use pattern of panel-

system measurement (before replacement) 

(a) Before replacing the slab 

(b) After replacing the slab 

Figure 6. Arrangement of impact points and accelerometers 
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spectrum can be clearly identified by this process. As a result, 

it becomes relatively easy to identify the dominant frequency. 

Figures 12 and 13 show the amplitude and phase difference 

spectrums of hitting the center of the G2 girder span of the 

target bridge before and after slab replacement. Multiple peaks 

were found in the amplitude spectrum. Therefore, we extracted 

the frequencies whose phase difference spectrum were around 

270° (-90°) as the dominant frequency [6]. As a result, 7.32 Hz 

appeared as the predominant frequency before the slabs 

replacement and 7.94 Hz after the deck slab replacement. 

Figures 14 and 15 show the amplitude and phase difference 

spectrum of hitting the center of the G1 girder span before and 

after the deck slab replacement, respectively. The results 

showed that 8.55 Hz appeared as the predominant frequency 

(a) Original acceleration wave 

Figure 10. Accelerogram on CH4  

Unit (Horizontal axis: s, Vertical axis: m/s2) 

(b) Stacked acceleration wave 

(a)Amplitude spectrum without stacking process 

(b)Amplitude spectrum with stacking process 

Figure 11. Fourier amplitude spectrum with and 

without stacking process (before replacement) 

(b) Phase difference spectrum 

(a) Fourier amplitude spectrum 

Figure 12. Each spectrum when hitting the center 

of G2 girder (CH5) (before replacement) 

7.32Hz 

7.94Hz 

(b) Phase difference spectrum 

(a) Fourier amplitude spectrum 

Figure 13. Each spectrum when hitting the center 

of G2 girder (CH5) (after replacement) 

(b) Phase difference spectrum 

(a) Fourier amplitude spectrum 

Figure 14. Each spectrum when hitting the center 

of G1 girder (CH4) (before replacement) 

8.55Hz 
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before the slab replacement and 8.85Hz after the deck slab 

replacement. 

3.2.2 Hitting point of 1/4 of girder 

Figure 16 shows the spectrum of striking a quarter of a point 

between the G1 girders before the deck slab replacement. As a 

result, 21.1 Hz appeared as the predominant frequency before 

the deck slab replacement and 22.9Hz after the slab 

replacement. 

In addition, Figure.17 shows the amplitude and phase 

difference spectrums of hitting the 1/4 point between the G2 

girder supports before and after the slab replacement. As a 

result, after replacing the deck slab, 21.1Hz appeared as the 

predominant frequency. But it was not clearly confirmed before 

the replacement of the deck slab. 

3.3.3  Measured vibration mode 

We draw measured vibration modes by dominant frequencies 

obtained from each impact points. First, we show the phase 

difference spectrum around -90° at the excitation position and 

read the frequencies where the amplitude is dominant. We then 

read the amplitude an and phase difference bn at the other 

measurement points for that frequency. The values obtained 

from the following equation (1) were drawn with the ratio of 

1.00 for the impact point. 

 a1sinb1:a2sinb2:・・・: ansinbn （n: channel number） (1) 

Figure 19 shows the measured vibration modes of the G1 and 

G2 girders at each 1/2 point before and after the deck slab 

replacement. The red circles in the figure represent the impact 

points. From these results, the 1st bending mode appeared when 

striking the 1/2 point of the G2 girder. It was also found that 

the 1st torsional vibration mode was excited when striking the 

1/2 point of the G1 girder. Although abbreviated for the sake of 

space, a 2nd vibration mode was observed when a 1/4 point was 

struck. However, the 2nd bending vibration modes before the 

deck slab replacement were not clearly identified. 

(a) Fourier amplitude spectrum 

(b) Phase difference spectrum 

8.85Hz 

Figure 15. Each spectrum when hitting the center 

of G1 girder (CH4) (after replacement) 

Figure 16. Each spectrum when hitting the 1/4 of 

G1 girder (CH1) (before replacement) 

(b) Phase difference spectrum 

(a) Fourier amplitude spectrum 

Figure 17. Each spectrum when hitting the 1/4 

of G1 girder (CH1) (after 

replacement) 

(b) Phase difference spectrum 

(a) Fourier amplitude spectrum 

Figure 18. Each spectrum when hitting the 1/4 of 

G2 girder (CH2) (after replacement) 

(b) Phase difference spectrum 

(a) Fourier amplitude spectrum 
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From these results, the relationship between natural 

frequencies and vibration modes is shown in Table 3. Table 3 

shows that the natural frequencies after the deck slab 

replacement increased by about 8% in the 1st bending 

frequency and about 4% in the 1st torsional frequency 

compared. An increase of about 9% in 2nd torsional frequency 

was observed. 

This increase in the natural frequency was confirmed by 

Equation (2) for the basic natural frequency of bending of a 

steel two-main I-girder bridge, as shown below [7]. 

 𝑓𝜂 =
1

2𝜋
(
𝜋

𝐿
)
2
√
𝐸𝑠𝐼𝑠𝑧

𝑚
 (2) 

Here, 𝑓𝜂is the basic natural frequency of bending, L is the 

maximum span length, 𝑚 is the mass per unit length. 𝐸𝑠 is the 

Young's modulus of steel, and 𝐼𝑠𝑧  is the steel-converted cross-

sectional second moment about the figure-centered axis of the 

cross-section. Table 4 shows the physical properties substituted 

into Equation (2) and the natural frequencies derived from the 

Equation (2). In order to simplify the calculations, the cross-

sections of the RC slab, ground cover, and main girder were 

calculated. And only the increase or decrease of the Young's 

modulus of the RC slab was considered. The Young's modulus 

before the replacement of the deck slab was determined based 

on the lowest value of the core-extraction test. Table 5 shows 

the values of the core-extraction test. The Young's modulus 

after replacement of the deck slab was 40N/mm2 as a reference. 

This result suggests that the increase in Young's modulus due 

(a) 1st bending mode 

(7.32Hz before replacement) 

(d) 1st torsional mode 

(8.85Hz after replacement) 

(c) 1st torsional mode 

(8.55Hz before replacement) 

(b) 1st bending mode 

(7.94Hz after replacement) 

Figure 19. Measured vibration mode 

   Natural frequency(Hz) 

Vibration 

mode 

Before 

replacement 

After 

replacement 

1st bending 7.32 7.94 

1st torsional 8.55 8.85 

2nd bending - 21.1 

2nd torsional 21.1 22.9 

 

Table 3. Vibration mode and natural frequency 

Table 4. Physical properties for equation (2) 

  
Before  

replacement 

After  

replacement 

Es(N/mm2) 2.00E+05 2.00E+05 

m(kg/mm) 3.75 3.75 

Isz(mm4) 1.34E+10 1.58E+10 

𝑓𝜂 (Hz) 5.24  5.70  

 
Table 5. Results of core-extraction test of floor slab 

before replacement 
Number of times 1 2 3 

Compressive strength 
28.2 31.4 15.7 

(N/mm2) 

Static modulus of elasticity 
18.6 18.7 14.6 

(KN/mm2) 
 

Figure 20. Each spectrum of the center of panel 

(b) After replacement 

(a) Before replacement 
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to the replacement of the deck slab affects the steel-converted 

sectional secondary moment.  

3.3 Panel system measurement results 

Figure 20 shows the amplitude spectrum for each panel 

obtained from the portable FWD. Figure 20 (a) shows the 

spectrum of panels 1 to 4 of pattern 3-3 before the slab 

replacement. Figure.20 (b) shows the spectrum of each panel in 

pattern 2-3 after the deck slab replacement.  

From Figure.20 (a), before the replacement of the deck slab, 

there are dispersion around 40Hz. It can be seen that there is a 

difference between p1,2 and p3,4 in the high-order dominant 

frequencies around 90-95 Hz. Therefore, p1,2 and p3,4 are 

considered to show different behaviors. The relatively low 

dominant frequency suggests that the stiffness of the deck slab 

was reduced in panels 1 and 2. However, the degree of stiffness 

reduction could not be determined, so further study is needed. 

On the other hand, after replacing the deck slab, all panels 

show almost the same behavior. The dominant frequencies 

were almost identical at most of the frequencies, confirming 

that there was no localized stiffness change between panels. 

From the comparison of the spectra, the peaks did not appear 

clearly at frequencies above 100 Hz before the replacement. 

However, after the replacement, the peak of the amplitude 

spectrum clearly appeared at high frequencies. This result can 

be attributed to the increase in the higher frequency 

components due to the increase in stiffness caused by the 

replacement of the deck slab. 

 

4. FEM EIGENVALUE ANALYSIS TO STUDY THE 

EFFECT OF DECK SLAB REPLACEMENT 

4.1 Overview of three-dimensional FEM analysis 

In this study, a three-dimensional FEM model of the subject 

bridge was created using Hyper mesh and Solid works, and 

analyzed using ANSYS analysis software. Shell elements were 

used for the main and transverse girders, and Solid elements 

were used for the deck slab and pavement. Figure 21 shows the 

three-dimensional FEM model. The total number of nodes is 

73077 and the total number of elements is 88482. The Young's 

modulus of each material of the bridge is given in Table 4. In 

this paper, the effect of deck slab replacement is taken into 

account by increasing or decreasing the Young's modulus. The 

Young's modulus of the RC slab before replacement is based 

on the lowest value of the core-extraction test before the deck 

slab replacement. The Young's modulus of the RC slab after 

replacement is based on the concrete design strength of 40 

N/mm2. The unit volume weight of each material was 77kN/m3 

for steel and 22.5kN/m3 for asphalt pavement. 

The support conditions were analyzed for pin-roller bearing 

and pin-pin bearing. Figure 22 shows the 1st bending vibration 

mode shapes of the pin-roller bearing obtained by FEM 

analysis before the slab replacement. Figure 23 shows the 1st 

torsional vibration mode shapes. 

4.2 Comparison of FEM analysis results with measurements  

Table 6 shows the results of eigenvalue analysis of the three-

dimensional models before and after the deck slab replacement. 

The 1st bending frequencies of the pin-roller bearing and the 

pin-pin bearing increased by about 9.4% and 14%, respectively, 

after the deck slab replacement. The analysis value showed a 

larger increase rate than the measured value. The measured 

values of the bending primary frequency are between the pin-

roller bearing and the pin-pin bearing. So a translational spring 

was used to model the movable bearing. The optimum spring 

Figure.22 1st bending mode (before replacement) 

Figure 21. Overview of FEM model 

Figure 23. 1st torsional mode (before replacement) 

Table 6. Eigenvalue analysis results before and after deck 

slab replacement (Hz) 

  
Before 

replacement 
After replacement 

            Mode 

Bearing 

1st 

bending 

1st 

torsional 

1st 

bending 

1st 

torsional 

pin-roller 4.57  6.39  5.00  6.97  

pin-pin 7.61  7.93  8.72  8.97  

measurement 7.32  8.55  7.94  8.85  
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constant K was determined to be the spring constant that could 

approximate the 1st bending frequency in each model. Table 7 

shows the results actual measured value and FEM analysis 

using the optimum spring constants. 

As a result of using the spring model for the movable bearing, 

the analytical natural frequency increased by about 6% to 8%. 

However, there is a difference between the analyzed and 

measured values in the 2nd vibration mode. Therefore, it is 

necessary to consider the physical property values of the 

analysis model and the handling of details of model.  

5 CONCLUSION 

In this study, we conducted portable FWD tests on the deck 

slabs of a small-scale bridge. The overall vibration 

characteristics of the bridge before and after the replacement of 

the deck slab were compared. The findings of this paper are as 

follows. 

(1) From the portable FWD test, it was confirmed that it is 

possible to identify the fundamental natural frequencies of 

bending and torsion of small bridges. The acceleration 

waveforms obtained in this test were stacked on multiple 

data obtained by hitting the same point. By doing so, we 

were able to eliminate the noise in the amplitude spectrum, 

which had been a problem in the conventional test. It also 

made it easier to identify the dominant frequency. 

(2) The deck slab was divided into several panels, and a small 

FWD test was conducted on the deck slab panels. The 

amplitude spectrum of each panel obtained from the 

measured acceleration waveform was compared. From the 

results, it was confirmed that the deck slabs deteriorated 

between the panels before the slabs were replaced. 

Therefore, it may be possible to diagnose deterioration by 

comparing panels. 

(3) The results of the tests before and after the replacement of 

the deck slab showed that the natural frequency increased 

by about 8% in the first order of bending after the 

replacement compared to before the replacement. The 

same tendency was also observed from the beam theory. 

Although the change in the natural frequency due to the 

replacement of the deck slab is not large, it is possible to 

sufficiently capture the change by this test. 

(4) A three-dimensional FEM analysis was performed to 

model the movable bearing using a translational spring 

model. It is considered that it is possible to reproduce the 

degree of deterioration of the bearing using the spring 

model. 
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Table 7. Comparison of FEM Eigenvalue Analysis Results  

(Spring Bearing) and Measured Values (Hz). 

  Analysis values Measurement values 

    K(N/mm2) 
 

Mode 

before  

replacement 

after  

replacement 

before  

replacement 

after  

replacement 

105.60 105.23 - - 

1st bending 7.33 7.91 7.32 7.94 

1st torsional 7.68 8.29 8.55 8.85 

2nd bending 16.0 17.4 - 21.1 

2nd torsional 17.7 18.8 21.1 22.9 
 



ABSTRACT: The quality of the aftertreatment or curing of concrete contributes significantly to the lifetime of concrete structures. 
An inadequate aftertreatment or curing stops the hydration of concrete, which leads to reduction of the concrete strength and the 
resistance against several environmental actions like water penetration and chemical attacks, as well as to increasing of the 
cracking probability. Therefore, it is essential to protect concrete against premature drying out at a young age. Aftercare is often 
not given enough attention due to a lack of time and knowledge. In order to determine the quality of the aftertreatment during 
hydration and after the hardening of concrete, the method of hyperspectral imaging has been elaborated. It offers the possibility 
to identify properties of concrete as well as curing properties without destruction. The objective of this paper is to present whether 
the aftertreatment quality of concrete can be determined in situ by using reference samples from the laboratory based on 
hyperspectral analyses procedures. 
These investigations have been performed on concrete specimens with a good, no and bad aftertreatment during the hydration 
over the first 28 days. The samples were partly stored under laboratory and partly on site conditions, where the sample were 
exposed outdoors to the given environmental influences. The investigation showed that the aftertreatment of the samples stored 
in the laboratory as well as the samples stored outdoors could be clearly differentiated by hyperspectral imaging in terms of their 
aftertreatment quality. 

KEY WORDS: aftertreatment of concrete; quality assessment; hyperspectral imaging, non-destructive testing. 

1 INTRODUCTION 
Corresponding aftertreatment of concrete prevents the concrete 
surface from drying out prematurely, which leads to a porous 
structure and thus to the formation of cracks and consequently 
to lower strengths and chloride resistances or more pronounced 
carbonation processes. The concrete shows a lower resistance 
to physical and chemical attack from the environment [1], [2], 
[3]. 

Damage to the structure due to inadequate aftertreatment 
mostly becomes visible after years, as the quality of the 
concrete has a negative effect on environmental resistance. Due 
to the necessary construction processes to adhere to the 
construction schedule, a lack of knowledge and a lack of 
control options, the subsequent treatment of concrete is not 
always given the necessary attention. 

As part of the project “OptiNB - Optimal aftertreatment for 
Improved Quality in Construction”, suitable methods that can 
be carried out on site are being developed to provide evidence 
of adequate aftertreatment [4]. For this purpose, non-
destructive, sensor-based methods are being tested to obtain 
information about error-free hydration of the concrete. Test 
specimens made from infrastructure-relevant types of concrete 
are subjected to various after-treatments in the course of the 
project. Possibilities for evaluating the aftertreatment using 
methods such as water or gas permeability as well as new 
methods in concrete technology such as thermography, 
hyperspectral analyses, etc. were investigated. 

One of the most promising sensor-based methods 
investigated in this project is hyperspectral imaging. In this 
paper, the examinations and results of the hyperspectral 

examinations are presented and discussed and a 
recommendation for the use of the method for quality 
assessment of concrete is given. 

 
The human eye only reacts to electromagnetic wavelengths 

in the range from 380 nm to 740 nm. The human brain can only 
analyse the electromagnetic spectrum in this range in order to 
obtain information about chemical or physical material 
properties.  

With hyperspectral imaging, a larger range of the 
electromagnetic spectrum can be recorded and analysed. In this 
way, detailed information on material properties can be 
obtained. This technology is used in many fields such as 
agriculture, food processing, medicine, astronomy, etc. In 
addition, various studies have already been carried out to 
identify concrete properties using hyperspectral imaging. 

In [5], the concrete degradation due to carbonation effect was 
elaborated by investigating differences in hyperspectral 
signatures in a wavelength range between 400-2500 nm.  

The effects on hyperspectral characteristics in the 
wavelength range of 350-2500 or 400-970 nm depending on the 
strength of concrete was examined by [6].  

In [7] differences between the spectral signatures of concrete 
samples with different types of aftertreatment and different 
compositions were recognized in a wavelength range between 
350-2500 nm. 

The change in the spectral signatures due to the water and 
chlorine content of concrete was also investigated in [8]. The 
study of cement mortars with different types of cement and 
chloride content has shown that NIR (near infrared) spectra 
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contains information about various substances such as chloride 
content, moisture content, etc. 

In experiments done by [9] it was investigated whether it is 
possible to classify concretes based on their w/b (water/binder) 
value according to their spectral signatures (350-2500 nm). 
Samples with three different w/b values (0.50; 0.65 and 0.80) 
were prepared. In this test, an incorrect classification only 
occurred in concrete class w/b 0.65. Even with this 
misclassification, all sample groups could be distinguished 
from one another with an accuracy of 89%, the samples with 
w/b values of 0.50 and 0.80 were classified with 100% success. 

It can be concluded, that the aftertreatment quality and the 
water content have a major influence on the strength 
development of concrete and therefore on the hyperspectral 
signature. The objective of the hyperspectral examinations is to 
find, whether conclusions can be drawn about the quality of the 
aftertreatment based on the change in the degree of reflection 
over a certain wavelength range. 

 

2 MATERIALS AND METHODOLOGY 

 Sample preparation 
Three different concretes, a B3, a B5 and a BS1C Plus were 
examined. B3 is a frost-resistant concrete, which is used for 
structures that are not exposed to de-icing agents. B5 concrete 
is also frost-resistant and it is used for perpendicular 
components that are exposed to moderate water saturation with 
de icing agents. BS1C Plus is a waterproofed concrete. The 
concrete types B3, B5 and BS1C Plus are Austrian names and 
correspond to the following exposure classes listed in EN 206 
[10]: 
• B3: XC4 / XW1 / XD2 / XF3 / XA1L 
• B5: XC4 / XW1 / XD2 / XF2 / XF3 // XA2L 
• BS1C: XC2 / XW2 / XD / XF4 / XAT-B / XAL-B 
In the following, the concrete series are referred to as Concrete 
A (for B3), Concrete B (for B5) and Concrete C (for BS1C 
Plus). The composition and fresh concrete properties of all 
examined concretes are summarized in Table 1. The differences 
in the properties of the fresh concrete and the quantities of 
admixtures resulted from the fact that three to four concreting 
appointments were required for each type of concrete.  

 

Table 1. Recipe and fresh concrete properties of all concretes 
examined in the laboratory tests. 

Concrete name Concrete A 
(B3) 

Concrete B 
(B5) 

Concrete C 
(BS1C Plus) 

Strength class 
achieved C25/30 C30/37 C25/30 

Cement (Lafarge 
Perlmooser) [kg/m³]: 290 320 - 
CEM II/A-M (S-L) 
42,5 N 
Cement 2 (Lafarge 
Perlmooser) [kg/m³]: - - 258 
CEM I 42,5N SR0 
WT27 C3A-free 

 
 

Eligible additive 
[kg/m³]: 

40 40 103 Lafarge Fluamix C 
(AHWZ, k = 0,8) 

Total water [kg/m³] 171 170 165 

w/b-value 0.53 0.48 0.48 

Rock (Rohrdorfer, 
Bad Fischau) 
[kg/m³]: 

      

Gravel 16/32 RK 457 451 333 
Gravel 8/16 RK 292 289 333 
Gravel 4/8 RK 311 307 298 
Sand 0/4 RK 770 761 792 
Air-entraining agent  
[m%-Cement]:       

Mapei Mapeair LP 
100[1] 0.30 – 0.97 0.00 – 0.50 0.00 – 1.20 

Mapei Mapeair LP 
200 - 0.00 – 0.50 0.00 – 0.70 

Sika Addiment LPS 
A NEU - - 0.00 – 0.15 

Superplasticizer 
[m%-Cement]:       

Mapei Dynamon
LZF[2]

 
 0.00 – 0.31 0.20 – 0.39 0.28 – 0.64 

Sika VC4030Ultra - - 0.00 – 0.15 
Air content (fresh 
concrete) [%] 2.6 – 3.6 2.5 – 4.2 5.8 – 8.0 

Bulk density (fresh 
concrete) [kg/m³] 2379 – 2431 2362 – 

2442 2224 – 2313 

Fresh concrete 
temperature [°C] 21.5 – 22.9 21.8 – 24.1 19.8 – 23.3 

[1] Either the LP100, the LP200 or the Sika Addiment LPS A New 
was used as an air entraining agent.-  
[2] Either the Mapei Dynamon LZF or the Sika VC4030 Ultra was 
used as a superplasticizer.

 
 

 
A total of three different aftertreatments, NB2 (“good” 

aftertreatment), WITHOUT NB (no aftertreatment) and NB3 
(“bad” aftertreatment) were compared for all types of concrete. 
Table 2 summarizes the storage conditions for the various 
aftertreatments, depending on the age of the sample.  

For instance, the samples NB2 were stored under optimal 
conditions. The aftertreatment took place over a period of 7 
days, during which the samples were stored at 20 ° C, 60% 
relative humidity and packed in foil. The same storage 
conditions applied to the samples WITHOUT NB, only the 
samples were stored without foil, which means, without 
additional aftertreatment. Samples with the aftertreatment NB3 
had poor curing conditions with a storage temperature of 30 °C 
and a relative humidity of 40% over a period of 7 days. These 
samples were not covered with foil. All samples were stored 
from day 7 under the same conditions, at a temperature of 20 
°C, 60% humidity and without a foil. 
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Table 2. Curing conditions of the aftertreatments NB2, 
WITHOUT NB and NB3. 

Sample 
Curing conditions until day 7 

Storage Temperature Relative Humidity 
NB2 in foil  20 °C 60% 

WITHOUT 
NB without foil 20 °C 60% 

NB3 without foil 30 °C 40% 

  Curing conditions from day 7 

all samples without foil 20 °C 60% 
 
The size of the concrete samples for the hyperspectral 

analyses was 10x10x10 cm. For each concrete series (Concrete 
A, B and C) and each aftertreatment (NB2, WITHOUT NB and 
NB3), four samples were prepared, therefore a total of twelve 
samples for each concrete series was measured and evaluated. 

 

 Methodology 
The hyperspectral analyses were carried out on five faces of 
each of the concrete samples. For each face, an image was taken 
with the hyperspectral system, which was processed and 
evaluated for further interpretations. The results of the samples 
were then compared and analysed. The analyses were 
performed on days 1, 2, 4, 7, 9, 11, 15, 21 and 28 after 
concreting. Thus the development of the reflection intensity 
over the measured wavelength range could be observed during 
the development of the strength of the concrete. 

The measuring system, provided by the Institute of Wood 
Research at the University of Life Sciences in Vienna, consists 
of a Xenics NIR (near infrared) camera, a Specim N17E 
spectrograph operated in the wavelength range between 900 
and 1700 nm, lighting made of halogen lamps and a support 
table operated by a stepper motor. The system is shown in 
Figure 1. Since the size of the test body is limited by the 
dimensions of the system structure, a size of 10x10x10 cm was 
chosen for the samples. 

 

 
Figure 1. Hyperspectral imaging setup 

The system was controlled by the ARGUS data software.[11] 
The faces of the samples were scanned in about 342 rows with 
320 pixels per row. A total of 20 faces per aftertreatment from 
each series were scanned and evaluated. The data was 
processed in Matlab with the PLS Toolbox. Afterwards the data 
was exported to MS Excel for further interpretation and 
evaluation. 

 

3 RESULTS 

 Laboratory tests 
The laboratory tests demonstrated significant correlations 
between material properties and spectral signatures of the 
concrete. Various chemical or physical properties could be 
examined using hyperspectral imaging technology. 

Spectral signatures taken from the same samples on different 
days after concreting showed that the reflectance increased 
with the hydration days. Figure 2 shows the average reflection 
over the whole measured wavelength range from a sample with 
aftertreatment NB2 from Concrete A from day 1 to day 28. It 
can be seen that the lowest reflection was measured on day one. 
The average reflection increases significantly until day 9 and 
increases slightly by day 28.  

 

 
Figure 2. Increase in the reflection of a measured sample 

(Concrete A, NB2) as a function of the hydration time from 
concrete age day 1 to day 28 

In addition, the quality of aftertreatment influences the rate 
of increase in average reflectance during hydration. The sample 
with the best aftertreatments had the highest rate of increase. 
The rate of increase is also related to the w/b value. The 
samples with the highest w/b value (series Concrete A) had the 
highest rate of increase in reflectance in all samples as can be 
seen in the following figures. Figure 3, 4 and 5 show the relative 
increase of the mean reflectance of all samples from series 
Concrete A, B and C compared to the average reflectance at 
day 1. 

In general, the NB2 shows the greatest increase in reflection 
in the first 7 days after concreting and increases up to the age 
of 15 days even further on. The values then remain more or less 
constant up to the 28th day. In the case of WITHOUT NB, the 
values also increase up to the 7th day, but the slope is less 
pronounced than in the case of NB2. From the 7th day onwards, 
there is hardly any increase. The reflection of the samples from 
NB3 shows a slight increase and also remains relatively 
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constant. The reflection curve of NB3 differs significantly from 
the other two aftertreatments. 
 

 
Figure 3. Relative increase of the average reflectance of the 

samples from Concrete A for various aftertreatments 
compared to the concrete age of one day 

The results of series Concrete A show that the increase in the 
average reflection in relation to day 1 for the samples 
WITHOUT NB compared to NB2 is even higher in the first 4 
days, but is relatively constant from day 7 onwards. The 
relative reflection of NB2, on the other hand, increases very 
strongly up to day 9 and still shows a slight increase up to day 
28. The reflection of the samples WITHOUT NB hardly 
changes from day 15. Compared to the other samples, the 
poorly aftertreated NB3 samples by far have the flattest 
reflection slope in relation to day 1 and show only a very slight 
increase up to day 28. 
 

 
Figure 4. Relative increase of the average reflectance of the 

samples from Concrete B for various aftertreatments 
compared to the concrete age of one day 

In the Concrete B series, the results of the three types of 
aftertreatment can be clearly distinguished from one another, as 
can be seen in Figure 4. The increase in reflection of samples 
NB2 is significantly higher than that of the other samples 
WITHOUT NB and NB3. From day 11 the increase in samples 
NB2 remains constant and from day 21 it is even slightly lower 
again. The curve from the samples WITHOUT NB increases 
slightly up to day 9 and then remains more or less constant. 
NB3 has the lowest rate of rise. A slight increase occurs up to 
day 9 and then decreases again slightly. 

 
Figure 5. Relative increase of the average reflectance of the 

samples from Concrete C for various aftertreatments 
compared to the concrete age of one day 

Figure 5 shows the results of Concrete C. The curves for the 
aftertreatments NB2 and WITHOUT NB have approximately 
the same rate of increase up to day 7 (annotation: no 
measurements were performed on the Concrete C series on day 
4.). Then the curve WITHOUT NB drops slightly and becomes 
relatively constant. The relative reflection of samples NB2 
continues to increase after day 7. The curve then remains more 
or less constant from day 15. Samples NB3 show only a very 
small increase in reflectance with respect to day 1. The increase 
hardly changes until day 28. 

These results show that the type of aftertreatment has a major 
influence on the measured light reflection. In the event of 
insufficient aftertreatment, hydration is stopped, which can be 
observed with the results of NB3. With “poor” aftertreatment, 
there is hardly any development in the measured reflection. In 
return, NB2 has enough moisture to ensure good conditions for 
adequate hydration. For this reason, the reflection increases the 
most with this “good” aftertreatment. The development of the 
reflection curve thus reflects the strength development of 
concrete. 

 

 Long-term measurements 
In order to be able to assess the effects of the environmental 

influences and the sample age on the measurement results, 3 
out of 4 samples per aftertreatment of Concrete C were stored 
outside from day 56 to 115. In this period the samples stored 
outside were exposed to environmental influences. The 
samples stored in the laboratory had the same conditions as 
from curing day 7.  

All samples (laboratory and outside stored samples) were 
measured at the age of 115 days. The results for the internally 
and externally stored samples are shown in Figure 6 and Figure 
7. 
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Figure 6. Relative increase of the average reflectance of the 

indoor stored samples from Concrete C for various 
aftertreatments compared to the concrete age of one day until 

day 115 

 
Figure 7. Relative increase of the average reflectance of the 
partly outdoor stored samples from Concrete C for various 

aftertreatments compared to the concrete age of one day until 
day 115 

The reflectance of the samples stored inside changes only 
slightly after one month of age (see Figure 6). The samples NB2 
and WITHOUT NB show a slight decrease in relative 
reflection, while samples NB3 show a very slight increase from 
day 28 to day 115.  

Due to the outdoor storage (Figure 7), the relative increase in 
reflection of the samples has decreased significantly. The 
reason for this strong change occurs due to the environmental 
influences. Especially the influence of moisture can cause 
changes in the results. For this reason, it is quite possible that 
the increase in reflection compared to day 1 e.g. in the samples 
the NB3 sinks into the negative range. 

Nevertheless, the samples can still be clearly distinguished 
from one another with the different aftertreatments. The 
increase in reflection has shifted downwards parallel to one 
another (NB, WITHOUT NB and NB3). NB3 differs more 
clearly from the other two aftertreatments in the outdoor 
storage than in the samples stored inside.  

The differences between the aftertreatments can be clearly 
seen in both indoor and outdoor storage. 

 

4 IN SITU TESTS 

 Preparation and test situation 
In the course of this research, in situ tests were accomplished 
to test the practicality of this method on the construction site. 
The tests were carried out on construction site on an approx. 11 
m long and approx. 4 m high reinforced concrete wall. It was a 
waterproof structure produced with Concrete C. 

The west-facing side of the wall was divided into three areas, 
each approx. 3-4 m wide. Measurements were taken in the 
lower and upper area of the wall as can be seen in Figure 8. 

 
Figure 8. Measurement areas “good”, “middle” and “bad” 

on the examined concrete wall 

Each of the three areas had a different duration of 
aftertreatment. The "bad" area was stripped out after one day 
and was not treated afterwards. The “medium” area was 
stripped out after four days and was then treated for three days 
by enclosing it with fleece and sprinkling it with water each 
day. The “good” area was stripped out after seven days and was 
afterwards treated as the “medium” area.  

The average temperature during the hydration phase from 
concreting to the test day was 22,5°C. The average air humidity 
was 67,3%.  

The concrete wall was produced on July 16, the tests on site 
were carried out around two weeks later at the lower and upper 
area of the wall. 

Reference cubes with an edge length of 10 cm were made 
from the same concrete mix at the same time as the wall 
component was concreted. After production on the construction 
site, the reference samples were transported to the laboratory, 
stripped out after one day and then stored in water for seven 
days. Afterwards they were stored in a temperature-controlled 
room at 20 °C and 60% relative humidity. 

 

 Results 
The hyperspectral analyses on site were carried out with a 

portable camera (Specim IQ), which measures reflections in the 
wavelength range from 400 to 1000 nm. Since the results are 
strongly dependent on the prevailing light, a reference sample 
was measured at the same time as the measurements in the 
lower wall area. The reference sample represents a good 
aftertreatment. Six pictures were taken per aftertreatment area 
(3 measurements in the upper wall area und 3 measurements in 
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the lower wall area for each afertreatment). The graphs below 
show the mean values of the measurements for all areas as well 
as the result of the reference sample. 
Figure 9 shows the results from all aftertreatment areas in the 
lower wall area. From the wavelength range of approximately 
600 nm to 1000 nm, the three aftertreatments can be clearly 
distinguished from one another. The measured reference 
sample agrees with the course of the good aftertreatment area. 
The results show that the reference sample can be used to 
clearly characterize the aftertreatment quality: the mean 
aftertreatment is above the reference range and the poor 
aftertreatment is correspondingly higher. 
 

 
Figure 9. Reflection of the three aftertreatments and the 

reference sample in the wavelength range from 400 to 1000 
nm in the lower wall area 

In the upper area of the wall, as shown in Figure 10 , the 
results are inconclusive due to the wall's greater exposure to 
solar radiation and wind. The results of the three aftertreatment 
areas are closer to each other compared to the results from the 
lower wall area. The reference sample stands out clearly. This 
can be explained by the fact that the sample was imaged in the 
light conditions of the lower wall area.  

For this reason, it is advisable to take the reference recordings 
in the immediate vicinity of the measurement area in order to 
obtain comparable results. Nevertheless, a similar trend as in 
the lower area can be seen - in the wavelength range from 700 
to 900 nm the good aftertreatment shows less reflection than 
the middle and poor aftertreatment area. 

 
 
 
 
 

 
Figure 10. Reflection of the three aftertreatments and the 

reference sample in the wavelength range from 400 to 1000 
nm in the upper wall area 

 Comparison of laboratory and in situ results 
This chapter compares the results of the laboratory and 
construction site tests. The laboratory measurements on 
Concrete C were used to compare the measurement results, as 
this concrete was also used on the construction site. 

The hyperspectral analyses allow to clearly distinguished all 
types of aftertreatment from one another, both based on the 
laboratory measurements and the measurements on the 
construction site. In the laboratory evaluations of Concrete C 
according to Figure 5, the increase in the average reflection was 
shown in a wavelength range between 900 and 1600 nm over 
the first 28 days after concreting. The types of aftertreatment 
are clearly delimited, the NB3 (the worst NB) has the lowest 
reflection. The results of the laboratory samples cannot be 
compared directly with the construction site results. A portable 
camera was used on the construction site to measure the 
reflection in a wavelength range of 400-1000 nm (see Figure 9 
and Figure 10). This explains why the results are exactly the 
opposite, namely the poor aftertreatment as the one with the 
greatest reflection. In addition, the lighting conditions under 
which the recordings are made play a major role; these differ 
greatly between the laboratory and outside on the construction 
site. For this reason, a reference sample with good 
aftertreatment was measured directly on the concrete wall 
during the construction site measurements and compared with 
the results. The result is consistent with the good aftertreatment 
of the concrete wall. 

 

5 CONCLUSION 
Hyperspectral imaging proves to be a reliable method to 

clearly determine the quality of the aftertreatment with a very 
high degree of probability. The evaluations provide 
information on the development of compressive strength, the 
development of water content and the quality of the 
aftertreatment.  

The measuring method is easy to use, but data evaluation is 
more complex. Appropriate evaluation software is also 
required and the statistical analyses require appropriate 
expertise. Moreover, spectral data need to be calibrated using 
data from accepted reference methods. Also for a reliable 
determination of the aftertreatment quality, reference samples 
are necessary in order to be able to classify the results correctly.  
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Environmental influences such as humidity, temperature and 
incidence of light are reflected in the results of the 
hyperspectral recordings. The incidence of light in particular is 
a major influencing factor. This makes it difficult to compare 
laboratory results with in situ results. It is therefore essential to 
make a comparison with a reference sample that is recorded 
under the same conditions. Calibration of the hyperspectral 
imaging system using a reflection standard is needed before 
each measurement. 

The implementation of reference measurements enables a 
reliable evaluation of the concrete quality with hyperspectral 
imaging. 
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ABSTRACT: Structural Health Monitoring (SHM) systems using vibration-based, signal processing and pattern recognition 

methods have been a significant area of research. Acceleration sensors or displacement sensors are installed on the structure to 

capture the vibration response to a known force, and the vibration is analyzed. Adapting the sensors to the structures (e.g. 

bridges, buildings) can be costly, labor intensive and time consuming. In this paper we propose a low cost SHM system which 

uses video-camera and deep learning. The proposed method acquires structural displacement, not from sensors, but from the 

video footage, and consists of two techniques. First, Phase Only Correlation (POC) is used to calculate the vertical displacement 

between video frames. The second technique is Variational Auto Encoder (VAE), which is an unsupervised learning technique. 

VAE is suitable because there are multitudes of anomaly patterns and training data. We evaluated the proposed method on a 

scaled model of a real bridge. We artificially reinforced a structure on the bridge using a steel plate and successfully 

distinguished changes in the bridge’s structural characteristics solely from video footage. The proposed method successfully 

distinguished test scenarios consisting of large or small vehicle traversing the bridge combined with the steel reinforcement with 

an accuracy of 78%, and a precision of 82%. 

KEY WORDS: Structural Health Monitoring; Deep Learning. 

1 INTRODUCTION 

1.1 Background 

Infrastructure such as roads, bridges and tunnels deteriorate 

with age. Measures to reduce such deterioration, and the 

maintenance costs are urgent challenges which need to be 

addressed. 

In Japan, much of the infrastructure has been built during the 

1950s, a period of high economic growth, and are still in 

service. The maintenance and their costs are a critical issue 

today. Research on applying new technologies to reduce 

infrastructure maintenance costs are being conducted. By 

providing more meaningful sensor based information to the 

infrastructure managers, it is hoped that the efficiency and 

quality of infrastructure management will be improved. 

Various non-destructive inspection methods are applied to 

the structure at the time of manufacturing for quality control. 

These methods are also used during the structure’s service life 

to detect structural abnormality, Radio graphic tests and 

ultrasonic tests are widely used to inspect structures for any 

internal abnormalities, which are hardly visible from the 

outside. 

Among various infrastructure types, bridges are regularly 

inspected with close-up visual inspection to ensure safety and 

security. However, the visual inspection often depends on the 

experience and skill of the engineer, although highly skilled 

engineers are in short supply. A quantitative inspection index 

or measure would be effective in improving efficiency and 

quality of the safety inspections, and reducing dependence on 

highly skilled engineers. Such monitoring technologies [11] 

using sensors is a research area that is gaining much interest. 

While sensors provide an advantage of high resolution and , 

they can only take measurements of the location they are 

installed, and with limited distance and range. Furthermore, 

sensors can be expensive to install on the structure if access to 

the structure is difficult, or when it is difficult to provide 

electric power. 

1.2 Related Works 

The use of video data has given much attention to reduce the 

cost of quantitative infrastructure inspection is an area of 

research that has gained attention. For example, [10] detects 

cracks and rust in the structure using machine learning and 

video analysis techniques. However, these are studies that 

detect abnormalities in the surface condition of the inspection 

target (cracks, corrosion, etc.). 

There are other studies [11] that measure minute behavior of 

structures from images taken by high frame-rate cameras. 

However, since the inspection of the bridge is performed 

outdoors, there are challenges when using a camera to 

measure bridge vibration and displacement. For example, 

there are many disturbances such light intensity, camera 

location, and even the vibration from the camera itself which 

affect the accuracy of the displacement measurement. Highly 

specialized cameras with high-frame-rate uncompressed video 

combined with elaborate pre-processing to remove the effects 

of disturbances are available, and these are costly. Therefore, 

there is a need for an abnormality detection method that can 

maintain robustness against disturbances even when a 

common off-the-shelf consumer camera is used. 
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Figure 1. Overview of Anomaly detection 

 

2 ANOMALY DETECTION UTILIZIING VIDEO 

FOOTAGE 

To address the major problems with related works, we 

propose anomaly detection in bridges utilizing video footage 

with the Variational AutoEncoder  (VAE)[1]. The scheme of 

the proposed anomaly detection of bridge is shown in Fig.1. A 

model vehicle run on the model bridge experiment was 

conducted to record video clips of the bridge responses, and 

we estimate the displacement in the vertical direction, and  

Flownet[8,9], a movement estimation technology which uses 

deep learning, is adapted to estimate the displacement of the 

model bridge. We train two model VAE, and k-Nearest 

Neighbors (KNN).VAE will compresses the displacements to 

a lower dimension, and then KNN will cluster low-

dimensionally compressed displacements. 

2.1 Displacement estimation 

We use Flownet[8,9] for estimating displacement by means of 

deep learning. Flownet is an optical movement estimation 

model that can calculate the movement between video frames 

in a specified area. Specifically, the target Region Of Interest 

(ROI) is set in the moving image of the bridge captured by a 

consumer single-lens reflex camera. The amount of optical 

movement between each frame in the ROI is calculated by 

applying Flownet. Only the vertical movement of the 

calculated movement is treated as the bridge deflection. 

By combining Flownet with Fine Tuning the accuracy of 

small displacement estimates and robustness against noise can 

be improved. 

2.2 Preprocessing 

2.2.1  Variable length data  

The displacement data used for detecting abnormality of 

variable length data corresponds to the displacement of the 

physical bridge during vehicle traffic. Both VAE and NN 

models often assume fixed-length inputs. However, in using 

the bridge displacement during a vehicle traverses the bridge, 

the length of the input data will vary, which is a problem for 

fixed-length NN models as the displacement during vehicle 

travel is time series data in which the data length changes by 

each time of the experiment and by each bridge. Although 

zero-padding is a well-known preprocessing method for 

matching data length, the data length is not adjusted by 

adding, but by truncating the excess data in this experiment. 

The reason is that the time required for vehicles to travel on 

model bridges and actual bridges is equal to some extent due 

to the restriction of data acquisition experiments, and that 

zero-padding is artificial data that can cause adverse effects 

to the estimation outcomes. 

Therefore, focusing on the timing at which the peak of the 

vertical displacement occurs when a vehicle passes near the 

ROI of each sensor and camera, we cut off N frames before 

and after the peak value (Fig.2). 

To detect the peak timing of the vertical displacement, a 

simple method focusing on the increase and decrease of the 

value in one frame before and after time t was adopted. 

Algorithm 1 shows the pseudo code for the peak search. In 

this study, we manually set N, which is the frame length 

enough to visually separate data when passing. (N = 1025) 

 

2.2.2  Reducing the effect of noise  

Since clustering is extremely difficult to apply for noisy data, 

noise countermeasures are essential. We applied Low Pass 

Filter(LPF) to cut off the frequency bands that are considered 

noise. This time, we focused on primary mode and secondary 

mode, and experimentally applied four types of LPFs: 0 Hz, 

1 Hz, 5 Hz, and 10 Hz. 
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Algorithm 1 Search Peak 

 
1: Max Value := 0 2: Max Id := 0 

3: Peak List := [] 

4: for each index∈Input do 

5: if ( Input[index] ≥Input[index−1] and 

Input[index] ≥Input[index+1] ) or 

( Input[index] ≤Input[index−1] and 

Input[index] ≤Input[index+1] ) then 

6:  Peak List.append(index) 

7: else 

8:  pass 

9: end if 

10: end for 

11: for each index∈Peak List do 

12: if Input[index] > Max Value) then 

13: Max Value = Input[index] 

14: Max Id = index 

15: else 

16: pass 

17: end if 

18: end for 

19: return Max Id =0 

 
 

 
Figure 2. Overview of Search Peak 

 

2.2.3 Amplitude differences for different bridges and ROIs 

The displacement amplitudes uniquely vary from bridge to 

bridge, between ROI and are affected by characteristics of the 

bridge length, material, and bearing position. Considering the 

cost of machine-learning the distribution of data with different 

amplitudes and the risk that learning calculations do not 

converge, it is desirable to eliminate the difference of 

amplitudes beforehand. Therefore, all waveforms are 

normalized between 0 and 1. 

2.3 Anomaly Detection 

The VAE and its characteristics will be explained based on 

general machine learning knowledge. In addition, the 

validity of using VAE for the girder abnormality detection 

is also explained. 

2.3.1 Supervised and unsupervised machine learning  

Machine learning is roughly divided into two types: 

supervised learning and unsupervised learning. In 

supervised learning, for each data, there is a label showing 

the class which is a correct value. The model constructed by 

supervised learning is also called discrimination model, and 

it judges which cluster the unknown data belongs to. On the 

other hand, in unsupervised learning, there is a method of 

estimating the probability distribution for each data 

generated without the use of labelling. The model obtained 

by this unsupervised learning is called a generative model. 

By extracting data from the probability distribution of each 

cluster, it is also possible to grasp what data is included in 

the cluster. All of the anomaly detection models used in this 

study were performed using unsupervised learning. 

It should be noted that unsupervised learning is considered 

to be a highly scalable and practical method for detecting 

abnormalities in other structures as well, because it is often 

difficult to annotate structures as healthy or deteriorating. 

2.3.2 Overview of AutoEncoder (AE)  

AE[2] is one of the well-known unsupervised learning 

methods. The AE is Neural Network (NN) that maps the input 

M-dimension to a space whose dimension is the number of 

units in the hidden layer (N is M > N), and learns parameters 

to restore the original input. 

The value of the hidden layer maps the high-dimensional 

input to the M-dimensional low-dimensional space. From this 

fact, it can be said that AE has the function of nonlinear 

dimensional compression. It is possible to model data with 

complicated generation distribution which cannot be grasped 

only by linearity of images and signals. 

Other methods of dimensional compression are Principal 

Components Analysis (PCA) and t-distributed Stochastic 

Neighbor Embedding (t-SNE). Both of these two methods 

using linear mapping have multiple hyper parameters, and 

although users can understand the result of each parameter, 

it is difficult to obtain good results because tuning is 

difficult. It has been verified by experiments using the 

datasets Modified National Institute of Standards and 

Technology (MNIST) [2] that AE has a better dimensional 

compression performance than PCA.  

2.3.3 Overview of Variational AutoEncoder (VAE) 

VAE[1] is an AE[2] that incorporates Bayesian inference. 

One of the advantages of Bayesian inference is low possibility 

of overfitting, as prior hypotheses are updated based on 

observed data. Therefore, it is effective when the number of 

samples is small, or the number of dimensions is large. A 

procedure of VAE is  as follows. 

Firstly, like AE, nonlinear transformation by NN is 

introduced into the linear dimension reduction model. 

Assume that observation data X = x1,,,xN is generated by 

 

Here, λ means the reciprocal of variance σ2. A priori 

distribution for unobserved variable, z is given by Eq.(2). 

 

 

 

We call Eq.(1) ”Decoder”, in which f(zN;W) means a forward 

propagation Feed Forward NN composed of multiple layers. 

Here,zN means an input vector to the NN and is called an 
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unobserved latent variable (latent value). W refers to the 

weight parameter of NN. 

Then, Maximum likelihood estimation is applied for the 

purpose of optimizing parameter(θ,ϕ). 

 

where, qϕ(z|X) is an ”Encoder”. 

 

We get Evidence Lower Bound (ELBO) from Eq.(3) as 

follows. 

 

From the above equation, maximizing Eq.(5) is equivalent to 

minimize the Kullback-Leibler divergence KL[q(z|X) ∥ p(z|X)] 

because logp(X) is a constant value.  

Therefore, 

 

 

 

 

 

 

 

 

 

 

We get KL[q(z|X)∥p(z|X)], then substitute into Eq.( 5 ) 

 

 

 

 

 

 

 

 

This model does not use networks with a recursive structure 

that is said to be effective for time series data such as Long 

short-term memory (LSTM)[3][4][5]. A model using a 

Convolutional Neural Network (CNN)[6] and a fully 

connected layer[7] was constructed. 

The calculation will be very large as it takes into account 

thousands of dimensions of input and output, taking into 

account the ROI and the data length of the time series. 

Therefore, there is a risk that learning will not converge when 

using recursive networks. To avoid this, we constructed a 

model using CNN instead of LSTM. The model overview is 

shown in Fig.3 for encoder model and Fig.4 for decoder 

model. The learning rate was 0.001 and the activation function 

was hyperbolic tangent functions. 

In both cases, parameter studies were performed and the best 

one was adopted. Since KNN is also an unsupervised model, 

it is considered to be effective when it is difficult to assign an 

annotation label (as to whether the bridge is abnormal or not). 

However, any other unsupervised model may be effective as 

well. 

The number of dimensions N to be compressed is set to 2, 3, 

8, and 32. Although 2 and 3 dimensions are effective for 

visualization purposes, it is generally known that eigenvalue 

calculations are not stable when the compression dimension N 

is quite small for the input dimension d (d >> N). 

 

 

Figure 3. encoder model. 

 

 

 

Figure 4. decoder model. 
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3 EXPERIMENTS 

3.1 Goal and Setup 

To confirm the effectiveness of the proposed anomaly 

detection with VAE, a laboratory experiment on a model 

bridge under a moving vehicle is conducted. The goal of the 

experiment is to investigate performance and accuracy of the 

proposed method in damage detection. Table 1 summarizes 

the hardware and software environments in processing 

experimental data. 

 

Table 1. Experimental setup. 

 

3.2 Methodology 

The entire model bridge was photographed using a 4K 

camera. The deflection of the model bridge triggered by 

vehicle traversing over the bridge was estimated using the 

Flownet. The model bridge is shown in Fig.5 and Fig.6. The 

model bridge has a length of 5.6m, a span of 5.4m, and a mass 

of 307.5kg. ROIs are set at five locations at 0.9m intervals on 

the model bridge, which are called CH1, CH2, CH3, CH4, and 

CH5, respectively. The vertical displacement of each channel 

was estimated from the moving image using Flownet. 

The distance between the front and rear wheels of the model 

car is 400mm, and its mass is 22.0kg. Model vehicles be 

loaded on the rear axle. The weight of the loaded model 

vehicle was 29.0kg. For the variables of model bridge 

experiment, the vehicle weight was varied, and the 

reinforcement of the bridge was set and removed.  

 

 
Figure 5. Detail of model bridge 

 

There was no change in the vehicle running speed, and the 

vehicle traversed the bridge at a constant speed. A 

reinforcement by steel plate was applied only on CH2. Table.2 

shows the data of the model bridge experiment.  

Table 2. Detail of Data. 

Setting 1st day 2nd day 

without reinforcement  

light vehicle 
40samples 40samples 

without reinforcement 

heavy vehicle 

40samples 40samples 

with reinforcement 

 light vehicle 
40samples 40samples 

 

With / without reinforcement means whether or not there is 

steel plate reinforcement at CH2 on the model bridge. “Light 

vehicle” means a 12kg model vehicle, and “heavy vehicle” 

means a 25kg model vehicle. 

Video data was collected over 2 days. The first day data were 

used for learning and the second day data were used for 

testing. The reason for separating the data on day 1 and day 2 

is case of health monitoring real bridges. In the case of 

monitoring real bridges, it is assumed that data up to N days 

are learned and data after N + 1 days are tested. 

 

 
Figure 7. A learning model constructed for each channel 

 

3.3 Results 

First, the displacement was used as the input for the model to 

detect the abnormality, and it was verified whether the 

reinforcement of the model bridge could be detected. The 

inputs are the ROIs set near CH1, CH2, CH3, CH4, and CH5, 

and the vertical displacements are estimated using POC as the 

displacements perpendicular to the girder. 

As shown in Fig.7, an individual abnormality detection 

model was implemented for each CH. The displacement at the 

time of reinforcement with the above setting was defined as 

abnormal data, and the other data was defined as normal data. 

The error detection accuracy at that time is obtained, and the 

confusion matrix of the displacement calculated from each 

CH is shown in Table3.  

Classification could be performed with high accuracy on 

both sides (CH1, CH3) of the reinforced CH2. This indicates 

that the similarity of displacement patterns with and without 

reinforcement is low because the model cannot be 

compressed. On the other hand, the classification accuracy of 

CH4 and CH5 located far from CH2 was lower than that of 

CH1, CH2  

Hardware/Software Spec/Version 

OS ubuntu 16.04 LTS 

CPU Intel Xeon E5 − 2695*72 

GPU NVIDIA P100(16GB)*4 

RAM 504GB 

Cuda V8.0.61 

Tensorflow gpu 1.4.0 

Keras 2.1.3 
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Figure 6. Photograph of model bridge experiment. 

and CH3. Using these 5models, the accuracy of detecting the 

abnormality of the whole model bridge by the voting type was 

78%. 

 

Table 3. Confusion Matrix of each channel 

CH GT\PD positive negative 

1 True 76 4- 

False 0 40 

2 True 74 6 

False 1 39 

3 True 80 0 

False 0 40 

4 True 39 41 

False 40 0 

5 True 60 20 

False 21 19 

GT: Ground Truth 

PD: Predicted mask 

 

 

4 CONCLUSION AND FUTURE WORK 

While the demand for infrastructure inspections is increasing, 

the issue of inspection costs has grown to a level that cannot 

be ignored. The structural health monitoring with the sensing 

device can provide quantitative information, which is an 

advantage over the conventional inspection method. However, 

despite their usefulness, inspection costs remain an unresolved 

issue.  

The recently proposed research that uses a high frame rate 

camera to detect abnormalities in inspection objects from 

minute vibrations is more promising than sensing devices in 

terms of cost. However, the cost is still high even for high 

frame rate cameras, and further cost reduction is preferable. 

To address this issue, this study proposes an anomaly 

detection method utilizing a commercially available 4K 

camera. The proposed approach estimates the vertical 

displacement of a bridge during vehicle traffic using deep 

learning techniques from the first captured video. Then, the 

displacement is learned using VAE, the dimension is reduced, 

and clustering is performed. It can be said that our method is a 

lower cost method that does not use special equipment. In 

addition, it is a method that ensures robustness against 

disturbances and noise caused by shooting outdoors. The 

results of the experiment using the model bridge were able to 

detect anomalies with an accuracy of 78%, and a precision of 

82%. 

The next step for this study is to find better inputs, better 

hyper parameters and to establish a more sophisticated VAE 

model to extract features so that it can achieve higher 

accuracy. Applicability to actual bridge is another future task 

of this study. 
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ABSTRACT: Dynamic structural monitoring of bridges using ambient vibrations, called Operational Modal Analysis (OMA), is 

a powerful yet simple method to monitor dynamic changes in structures with low intrusiveness. Yet, several barriers hinder its 

adoption for real world applications, such as a lack of adequate sensors or industrial sensor networks and more generally, a lack 

of integrated solutions that answer asset owners’ real question: Is my structure in good health condition? In this paper, we 
present the development of an integrated SHM framework based on a novel wireless sensing system for dynamic structural 

monitoring of bridges using ambient vibrations. The core enabler of this SHM solution named S-lynks is the use of a novel 

ultra-low noise seismic MEMS accelerometer, QuietSeisTM, which makes it possible to envision a true industrial wireless sensor 

network for OMA. We developed a bespoke wireless sensing system composed of Wireless Sensor Nodes (WSN) and Gateways 

(WSG) and combining Low Power Wide Area Network (LPWAN) and Wireless Local Area Network (WLAN) technologies to 

manage the WSN wake up, synchronization and data transmission to WSG. The ambient vibration data is then transmitted to a 

dedicated Cloud for automated OMA, using the WSG integrated LTE-M connectivity. The first field trial conducted in 2020 on 

a very quiet decommissioned bridge using 9 WSN and 1 WSG demonstrated the main functionalities of the wireless sensing 

system, such as WSN wake up and synchronization, data acquisition and wireless transfer to WSG. The latest field trial 

consisted in a detailed OMA using roving WSN to achieve a fine spatial sampling with a limited number of WSN. The first 

results showed that the solution developed is fully fit for permanent monitoring of structures using ambient vibration. 

KEY WORDS: Structural Health Monitoring ; Ambient vibrations; Structural identification; Bridge dynamics; Operational 

Modal Analysis; Wireless sensor network; Ultra-low noise MEMS accelerometer. 

1 INTRODUCTION 

Despite intense research activity, Structural Health 

Monitoring (SHM) has not yet been widely embraced by asset 

owners and authorities, which is likely due to a mismatch 

between real-world requirements and SHM offering. 

Dynamic monitoring of structures is usually performed using 
vibration sensors, such as PZT accelerometers, Force Balance 

Accelerometers or Geophones, connected to acquisition units 

using cables which are laid down on the structure. Although 

wired SHM systems provide the required synchronization and 

power to the sensors, they are very intrusive, not reliable on 

the long term and very costly. 

Over the years, Wireless Sensor Networks have emerged as a 

better alternative for SHM by lowering the cost of ownership, 

decreasing installation and maintenance cost and complexity 

while simplifying the use and increasing the reliability [2]. 

Several wireless sensor networks have been developed and 
experimentally tested by academics on various structures 

around the world but these systems are often merely Proof-Of-

Concept and none of them have been truly developed for mass 

deployment and scalability. 

2 REQUIREMENTS FOR INDUSTRIAL 

OPERATIONAL MODAL ANALYSIS 

Dynamic structural monitoring of structures using ambient 

(hence free) vibrations, called Operational Modal Analysis 

(OMA), is a particularly powerful yet simple method to 

monitor global dynamic changes in structures with low 

intrusiveness [1]. Yet, OMA-based SHM is not as widespread 

as it deserves to be. The main output parameters of the OMA, 

called modal parameters, are the frequency, damping and 

associated modal shapes of the various vibration modes of the 

structure. Evolution with time of these modal parameters may 

indicate structural change. Modal shapes variations are a good 

indicator of structural changes, provided that seasonal and 

temperature effects on the structure have been removed. 

The rationale behind this approach is the assumption that the 

sensors characteristics don’t change with temperature and 
aging and that the uncertainties in the modal parameters 

estimation are small compared to the change of modal 

parameters due to structural change. 

A computationally efficient algorithm for the estimation of the 

uncertainties in modal parameters using Stochastic Subspace-

based method has been proposed by Döhler and Mevel [12]. 

Combined with a fast Stochastic Subspace Identification 

algorithm [13], these methods pave the way to the 

development of an industrial Operational Modal Analysis 

system, which could be largely automated and implemented 

either on a Cloud or even on the structure itself using Edge 
computing. 

From the asset owner’s perspective, there are several 

operational constraints to address in order to facilitate the 

adoption of OMA. The system shall be easy to install, operate 

and maintain: The sensors shall not require any leveling 

during installation and they shall not experience any drift or 

aging, so as to avoid costly recurrent calibrations. The system 

Development of an integrated SHM framework based on a novel wireless sensing 

system for dynamic structural monitoring of bridges using ambient vibrations 

Laurent Guérineau1, Loic Mathé1, Arnaud Le Roy1 

1Sercel, 16 rue du Bel air, 44470 Carquefou, France 

email: laurent.guerineau@sercel.com, loic.mathe@sercel.com, arnaud.leroy@sercel.com 

                          Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure
                                                                                                                                      Porto, Portugal, 30 June - 2 July 2021 
                                                                                                                                                                       ISSN 2564-3738

1017



has to be self-powered and extremely reliable over long 

periods of time. It has to be able to self-test and report its own 

State of Health. In order to decrease the cost of ownership and 

enable a mass spreading of an OMA-based system, a standard 

and scalable solution needs to be devised, which should 

simply answer asset owners’ real question rather than 

accumulate huge quantity of useless raw data: Is my structure 

in good health condition? 

From the structural engineer’s perspective, there are several 

constraints put on the sensor characteristics to enable a proper 
Operational Modal Analysis: The vibration sensor self-noise 

level shall be very low, typically below the New High Noise 

Model (NHNM) from Peterson [11]. The sensor shall be able 

to measure very low frequency ambient vibrations, typically 

between 0.1Hz and 30Hz for civil engineering structures. The 

sensor frequency response shall be flat and stable, both in 

amplitude and in phase in the frequency band of interest, so as 

to avoid distortion of the ambient vibration data. 

3 LEGACY SHM SYSTEMS 

3.1 Sensor 

One of the most cost effective high sensitivity sensor used for 

SHM is the geophone, a velocimeter that is limited to 

frequencies above its natural resonance frequency, typically 
around 4-12Hz [1]. Geophones are readily available and have 

been the sensor of choice for seismic exploration for decades. 

Despite their popularity, geophones have some drawbacks, 

especially for long term structural monitoring where we want 

to track the evolution of the structure, not the evolution of the 

sensor itself. Geophones suffer from wide manufacturing 

tolerances and a poor frequency response below their natural 

frequency [8][9],which makes them not so adequate for civil 

engineering structures, usually having their main vibration 

modes in the frequency range 0.1 to 30Hz. 

The manufacturing dispersion of geophone parameters 

(sensitivity, natural frequency and damping) have an influence 
on the phase dispersion of the geophones [8][9]. This 

dispersion is further magnified by temperature dependence of 

the geophone parameters [10] and by the aging of the sensors. 

To make things worse, geophones exhibit a tilt dependence 

[10] which can affect the sensor’s response by a few percent if 

the sensor is not properly leveled during installation. 

Their limited sensitivity at low frequency, where it matters the 

most to detect the first vibration modes of civil engineering 

structures, may be compensated by inverse filtering, which 

also amplifies the self-noise of the geophones below their 

natural frequency [1]. However, the frequency response 
compensation of geophones based on nominal values is not 

accurate enough and may lead to residual phase dispersion 

around +/-2% for 5Hz geophones in frequency band 1-10Hz, 

not even taking any aging or temperature dependence into 

account [8][9]. This short term phase error based on catalogue 

values may easily reach +/-14.4° as shown on table 1. 

Compensation of geophone response after individual 

calibration is not realistic as it would incur high costs due to 

the frequent factory recalibrations, which is not compatible 

with long term installation on civil engineering structures. 

3.2 Sensor network 

Many SHM systems are based on wired sensor networks. 

However, they proved to be intrusive, expensive and not 

reliable on the long term, although they do offer a simple way 

to synchronize and power the sensors. However, thanks to the 

IoT boom, recent progress made on radio synchronization for 
indoor environment and on low power wireless data 

transmission make wireless sensor networks very attractive 

for long term structural monitoring [2]. 

3.3 Impact of sensor quality on mode shapes 

Evolution of mode shapes with time is thought to be a relevant 

indicator of structural changes occurring in the structure. The 

ability to track subtle changes in mode shapes is therefore 

crucial to the development of effective OMA-based SHM 
systems. The synchronization accuracy between sensors has 

been shown to have an effect on the accuracy of mode shapes 

[2][3]. It is shown that mode shape error is proportional to: 

e     (1) 

where ω is the structure’s angular frequency and  is the time 

synchronization error. 

 

Assuming perfectly synchronized sensors, phase dispersion 
between geophones can also lead to significant errors in mode 

shapes. 

   e  = e    (2) 

where  is the phase error in radian. 

 

Using real data from [9] obtained on one hundred 5Hz 

geophones, phase dispersion of up to 4% in the 1-10Hz 
frequency range leads to mode shape errors up to 28%. 

Compensation of geophone parameter dispersion using 

catalogue (theoretical) values would lead to residual mode 

shape errors reaching 13% which is not acceptable for 

tracking structural changes (Figure 1 and Table 1). 

 

Table 1. Mode shape error vs. geophone phase dispersion. 

Phase 

dispersion 

(%) 

Phase 

dispersion 

(°) 

Mode 

shape error 

(%) 

0 0 0 

1 3.6 6.5 

2 7.2 13.4 

3 10.8 20.7 
4 14.4 28.6 

 

 

 

Figure 1. Mode shape error vs. geophone phase error.(red: 

mode shape error using catalogue geophone values; black: 

mode shape error using real geophone values). 
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4 DESCRIPTION OF THE PROPOSED SOLUTION 

4.1 Overall description 

The proposed solution, called S-lynks, has been designed to 

overcome all the limitations of the current SHM systems 

described previously. It is an industrial centralized solution for 

structural monitoring of civil engineering structures using 
automated Operational Modal Analysis. It consists in a 

platform allowing an easy access to the processed data. This 

platform, either implemented on a Cloud or on premise,. 

offers a high level of reliability and security. It has been 

designed to address real world issues such as the reliability 

and availability of the connectivity, the management of 

cybersecurity threats, the scalability of the solution, the 

regionalization of data and openness to outside world via 

secured Application Programming Interface (API) calls. 

Various user profiles with specific user privileges have been 

created for a more intuitive and secured operation of the 

platform (Field installer, asset administrator, etc..). For 
example, field technicians are guided during installation and 

configuration of the equipment on the structure for 

compliance with the required sensor layout and HSE rules. 

The field equipment installed on the structure is then remotely 

operated by the platform. All the communications are 

encrypted with specific security codes for each installation so 

that each structure is fully isolated from the others on the 

platform (Figure 2). Data stored on the platform is 

regionalized according to asset owner’s requirements. The 

field equipment is composed of Wireless Sensor Nodes 

(WSN) and Wireless Sensor Gateways (WSG) disposed on 
any type of indoor or outdoor structure. These devices can be 

operated remotely and updated by FOTA (Firmware Over-the-

Air). Reliability and proper operation of these devices is 

controlled regularly and reported to the platform using State-

Of-Health status. 

 
Figure 2. Encrypted communications from WSN to end-users. 

 

4.2 Ultra-low noise MEMS accelerometer 

A new MEMS accelerometer (Micro Electro Mechanical 

System) optimized for seismic exploration has been 

demonstrated [4][5]. This MEMS exhibits outstanding noise 

performances (typically 15 ng/√Hz @ 10Hz and above), while 

preserving a large full scale of 5m/s². This MEMS has been 

evaluated for seismology and achieved a very low noise level 

at low frequency: down to 100ng/√Hz @ 0.1Hz and 40ng/√Hz 

@ 1Hz for horizontal components [6][7]. This noise level is 

significantly lower than the New High Noise Model (NHNM) 

above 0.1Hz, which makes this MEMS more than suitable for 

OMA [11]. A digital closed-loop architecture allows this 

MEMS to exhibit a completely flat frequency response, both 

in amplitude and in phase, from DC (i.e. 0Hz) up to Nyquist 

frequency, with very tight and stable specifications: Gain 

accuracy is better than 0.25% while phase accuracy is better 

that 20µs, which translates to a phase error below 0.2° at 

25Hz. Such digital closed-loop MEMS accelerometers do not 

age or drift, nor do they need calibrations. They are able to 

measure and automatically compensate their own tilt, which 
eliminates the need to level the sensor during installation. 

Using such mass-produced MEMS provides a cost-effective, 

industrial and rugged solution while meeting real world 

requirements for long term monitoring of structures in terms 

of compactness, low power consumption, stability and ease of 

use. A triaxial accelerometer board based on this MEMS has 

been designed to answer the need of a compact low power 3 

components accelerometer for OMA (Figure 3). 

 

 
Figure 3. Triaxial QuietSeisTM MEMS accelerometer. 

 

4.3 Wireless sensor network 

A very low power hardware design combined with a clever 

sleep mode strategy make it possible to monitor a structure for 

several years on a single WSN battery pack. To optimize the 

power consumption, we designed a solution combining Low 

Power Wide Area Network (LPWAN) and Wireless Local 

Area Network (WLAN) to manage the WSN wake up, 

synchronization and data transmission to WSG, all these 

actions being orchestrated by the WSG. The WSN contains all 
the electronics, sensors, battery pack and internal radio 

antennas in a simple yet robust and waterproof enclosure 

(Figure 4). 

 

 
Figure 4. Wireless Sensor Node (WSN). 

 

The WSG and WSN share exactly the same electronic design, 

except for the added IoT LTE-M cellular connectivity of the 

WSG. For improved ruggedness, all the radio antennas are 

integrated in the enclosures. However, for improved 
connectivity in difficult environments, the WSG can be fitted 

with external antennas (Figure 5). 

 

                          Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure

1019



 
Figure 5. Wireless Sensor Gateway (left picture) and 

Wireless Sensor Node (right picture). 

 

After installation on or inside the structures, the WSN are 

orchestrated by one or several WSG depending on the size of 
the structure (Figure 6). The role of the WSG is to: 

-wake up the WSN using a radio LoRa command, 

-synchronize all the WSN together using a robust proprietary 

radio synchronization based on LoRa modulation, for indoor 

application, 

-trigger the data acquisition on the WSN, either on a regular 

basis (acquisition slot configured on the Cloud) or on-demand 

with minimal latency, for urgent assessment of structural 

health following an unexpected event on the structure (bridge 

strike, earthquake, etc..), 

-automatically collect the data from the WSN upon 
completion of the acquisition, using a mesh Wifi network, 

which makes it possible to monitor large structures, 

-transfer all the raw data to the Cloud platform using LTE-M 

cellular communication, which offers a great outdoor and 

indoor coverage. 

 

GPS

Figure 6. Wireless Sensor Network. 

 

4.4 Cloud computing 

A dedicated SHM Cloud solution has been implemented to 

allow the management of the monitored structures, the 

interaction with the wireless sensing systems (upload of 

configuration files and software updates, download of 

hardware State-Of-Health) and the downloading of the raw 

data from the WSG. Using state-of-the-art OMA algorithms, 

such as the SSI algorithms described in [12][13], an 
automated OMA processing has been implemented on the 

Cloud. Such computationally efficient algorithm is also 

optimized for edge computing and could be executed directly 

on a WSG for real-time on-site modal identifications. Edge 

processing of data drastically reduces the quantity of data to 

transmit and store to the Cloud, while converting raw data into 

useful information for asset owners, directly on the structure. 

Modal parameters determined by the algorithms (Modal 

frequencies, damping, mode shapes and associated 

uncertainties, among other parameters) are then made 

available on the Cloud and can be shared securely with third 
parties or asset owners for further structural analysis and 

interpretation (Figure 2). Contrary to most SHM systems, only 

useful data for structural interpretation of bridge dynamics 

over time is provided by default to third parties and asset 

owners, which significantly reduces the amount of data to 

review and the level of effort required to process the data and 

extract valuable information about the health of the structure. 

However, the raw data remains accessible on the Cloud for 

further processing if necessary. 

4.5 Sensor synchronization 

For outdoor environment, the synchronization of all the WSN 

is provided by an internal GNSS chipset and antenna (Global 

Navigation Satellite System) with an accuracy typically better 

than 50ns. In indoor environment, the sensor network 

achieves a synchronization accuracy during data acquisitions 

better than 100µs at all time, thanks to a bespoke radio 

synchronization scheme initiated on a regular basis by the 

WSG and leveraging the highly efficient LoRa modulation 

(Figure 6). 

4.6 Mode shape accuracy 

For GNSS synchronized acquisitions, the data phase error is 

limited only by the phase error of the MEMS accelerometer, 

typically below 0.2° at 25Hz, which translates to mode shape 

errors below 0.3% as illustrated on Figure 7. Using radio 

synchronization, the data phase error is mainly driven by the 

radio synchronization accuracy, which induces a maximum 

error shape below 2% at 25Hz. Smaller mode shape errors 
could be achieved at the cost of higher power consumption, by 

changing the synchronization duty cycle. 

 

 
Figure 7. Maximum mode shape error using MEMS with 

GNSS synchronization (lower curve) or radio synchronization 

(upper curve). 
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5 FIRST RESULTS FROM FIELD TRIALS 

The proposed SHM solution has been tested twice in 2020 on 

the South Brivet Bridge, a reinforced concrete bridge built 

between 1939 and 1950 in the city of Saint Nazaire, France. 

This beam bridge, composed of 7 spans is 75 m long and 9m 

wide and is now decommissioned (Figure 8). 
 

 
Figure 8. South Brivet Bridge, Saint Nazaire, France. 

 

The first field trial consisted in a sparse spatial sampling of 

the structure with only 9 WSN, 8 of them being disposed in 

the middle of the 7 spans as represented on Figure 9. Several 

data acquisitions, ranging from 10 to 20 minutes in duration, 
have been run. The main purpose of this field trial was to 

demonstrate the system ability to: 

-remotely wake up all the WSN using the bespoke LoRa radio 

command from the WSG, 

- synchronize all the WSN using their embedded GNSS, 

- remotely trigger the synchronized acquisitions of the WSN 

from the WSG with a latency below 1 minute, 

- run 10-20 minutes ambient vibration data acquisitions at 4ms 

and 2ms sampling rate,  

- automatically harvest the data from the WSN to the WSG 

using star topology Wifi upon completion of each acquisition, 
at a maximal range of 70 meters.  

All these objectives have been successfully validated. 

 

 
Figure 9. Sensor layout on South Brivet bridge. 

 

From the data quality standpoint, we deployed 2 co-located 

WSN (N4 and N5) to check the correct synchronization and 

mechanical coupling between the 2 WSN. Coherence plots 

between the 2 WSN showed a very good similarity of the 

signals, with coherence values ranging from 0.8 to 1 in the full 

frequency band (0Hz to Nyquist frequency) and closer to 1 in 

the lower frequency band. 

The ambient vibration level on this quiet bridge was very low 

(around 0.5mm/s² rms) but was sufficient to excite several 
vibration modes of the structure as shown on Figure 10 and 

Figure 11. 

 

 
Figure 10. Ambient acceleration in crossline direction (X). 

 

 
Figure 11. Bridge acceleration Power Spectral Density in X, 

Y and Z directions. 

 

A Covariance driven Stochastic Subspace Identification  

algorithm has been applied to the data in order to perform a 

structural identification of the bridge dynamics. Modal 

frequencies and damping, along with their uncertainties have 

been obtained, as well as the modal shapes of the various 
modes. The stabilization diagram obtained have been filtered 

to remove non-physical modes having either non-realistic 

damping values (>10%) or having too much frequency 

uncertainties (Figure 12). 

 

 
Figure 12. Filtered stabilization diagram showing frequency 

uncertainties. 

 

Due to its multi-span nature, this bridge exhibits a high 

stiffness in the vertical direction. The first physical mode 

detected is a lateral mode at 2.97 Hz +/-0.01Hz with a 

damping of 1.8% +/-0.2% as shown on Figure 13. 
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Figure 13. Modal parameters of first lateral vibration mode. 

 

The second field trial consisted in a detailed Operational 

Modal Analysis using roving WSN to achieve a fine spatial 

sampling with a limited number of WSN. One reference WSN 

was positioned in the middle of the bridge while the 7 

remaining WSN were moved along 2 lines on the structure 

during the 12 different setups, which generated 84 

measurement data sets. The data has then been processed 
using the commercially available ARTeMIS modal software 

from Danish company Structural Vibration Solution to 

produce modal data such as the modal shape of the first lateral 

mode at 2.97Hz, displayed on Figure 14. On the picture, we 

can clearly see the individual behavior of each of the 7 spans. 

 

 
Figure 14. Modal shape of first lateral vibration mode using 

ARTeMIS software (green: undeformed structure; blue: 

modal shape). 

 

 
Figure 15. South Brivet bridge, Saint Nazaire, France. 

 

6 CONCLUSION 

Up to now, SHM systems have not really delivered on the 

promise of offering an efficient, industrial, scalable and cost-

effective solution to asset owners to help them evaluate the 

health condition of their structures. 

In this paper, we presented an integrated SHM framework for 
dynamic structural monitoring of bridges using ambient 

vibrations that represents a true industrial solution, from the 

high-performing yet rugged wireless sensor nodes deployed 

on the structure to the high quality modal data made available 

automatically on a Cloud. This solution has been designed to 

be simple to install, operate and maintain. It overcomes the 

main limitations of legacy SHM systems while addressing the 

real world requirements of asset owners. 

The first field trials demonstrated the main functionalities of 

this wireless sensing system, such as nodes wake up and time 

synchronization, data acquisition and wireless transfer to a 

gateway, while achieving the high quality of data necessary 
for automated OMA processing. 
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ABSTRACT: In countries with low seismic hazard vibration-based monitoring methods usually are not expected. Especially it 

holds for the structures that cannot be excited by the wind. A potential application of these methods could be to monitor 

vibration characteristics of mass house buildings to detect illegal removal of walls or widening of existing openings during flat 

renovation works or to monitor an effect on the structural integrity of building to such structural changes. Mainly it is vital for 

buildings close or even beyond their intended design life. 

This research studies appropriate ambient vibration sources other than seismic that could be useful for structural health 

monitoring purposes of medium-rise buildings.  It includes the experimental study of normal-traffic induced ground vibration 

spectral characteristics, vibration amplitude dissipation for different soil conditions in real applications. The vibration response 

levels of medium-rise buildings are studied to define reference requirements for Micro Electromechanical Systems (MEMS) 

accelerometer sensor parameters. Use of the MEMS sensors in structural health monitoring is a possibility to reduce the overall 

cost of the vibration sensing system. It is found that currently ambient vibration testing of medium-rise buildings can be done 

only by conventional seismometers due to the very low vibration amplitudes, but the development of MEMS technologies for 

this application is just in the beginning phase. In this work, experimental data from several other studies were compiled to 

extract typical fundamental frequency ranges for buildings of up to 16 floors. It was found that the typical range of fundamental 

frequencies for buildings less than 16 stories is approximately 0.7Hz -12.5Hz.  

  

KEY WORDS: Structural health monitoring (SHM); Vibration-based methods (VBM); Medium-rise buildings; Normal-traffic 

spectra; MEMS; Modal data. 

1 INTRODUCTION 

More than 15 years ago, researchers Carden E. Peter and 

Fanning Paul hinted at civil engineering community 

infrastructure monitoring as a vibrant area of research [1]. 

Analysis of structural health monitoring (SHM) topics in 

scientific databases indicates a growing interest in the 

community of infrastructure monitoring ever since. According 

to Scopus data, the leading country in SHM research area at 

the beginning of 2020 was the United States, followed by 

China, the United Kingdom, and Italy. One of the triggers for 

those countries to lead research in SHM area is the seismicity 

of the regions and, therefore, a challenge to develop robust 

and reliable methods to detect and locate damages 

automatically after hazardous and extreme events. 

Damage identification based upon changes in vibration 

characteristics (vibration-based monitoring (VBM)) is one of 

the few methods that monitor changes in the structure 

globally. The theory for forced vibration tests of large 

structures is well developed and is almost a natural extension 

of the techniques used in forced vibration tests of mechanical 

systems. In contrast, the theory of ambient vibration tests is 

still under development [2].  

VBM methods employ kinematic sensors that measure the 

motion induced by external forces: moderate or strong winds, 

seismic waves, traffic, and human-induced vibrations [3]. 

Therefore, typical vibration characteristics, their variability, 

and vibration amplitudes of an object under consideration are 

essential to estimate before choosing sensing devices.  

Experimental determination of vibration characteristics is 

usually done by the Operational Modal Analysis technique 

(OMA). The core idea of OMA testing is that the structure to 

be tested is excited by some excitation with white noise 

characteristics. The excitation has energy distributed over a 

wide frequency range that covers the frequency range of the 

modal characteristics of the structure. However, the 

processing of data in OMA is challenging because sometimes 

it is hard to distinguish between vibration modes that belong 

to the structural system, modes that describe the coloring of 

the loading, and modes that are just noise modes and doe not 

have any physical meaning [4].  

Although for low and medium-rise buildings, identifying 

dynamic characteristics is even more challenging due to low 

vibration levels under ambient conditions and possible closely 

spaced modes, VBM has the potential for applications also in 

non-seismic areas. For example, VBM methods could be 

applied to monitor vibration characteristics of mass house 

buildings for detection of illegal removal of walls or widening 

of existing openings during flat renovation works or to 

monitor the effect such changes have on the structural 

integrity of the building. It is vital for buildings close to or 

even beyond their intended design life for which structural 

materials’ properties and structural scheme details cannot be 

established.  
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For successful global monitoring of medium-rise building 

structural health, high-quality data of operational conditions is 

an essential requirement. Therefore, sensors that are 

specifically intended for SHM applications to sense low 

frequency and low amplitude accelerations with high 

resolution are essential. Review article [5] covers the different 

sensors used to determine acceleration for health diagnosis of 

civil engineering structures, while [6] is devoted to an in-

depth review of monolithic multi-axis capacitive Micro 

Electromechanical Systems (MEMS) accelerometers. It 

includes a detailed analysis of recent advancements and a 

comparison with other types of accelerometers.  

High-quality data comes with an additional cost. Thus, a 

successful transfer of research to a widespread practice of 

monitoring mass housing buildings requires reducing these 

costs. One way to achieve it is the use of high sensitivity, low 

g range MEMS accelerometers that are specifically suited for 

the specified bandwidth of frequencies and are appropriate for 

the specific building sites. The requirements for sensor 

parameters could be different if a building is located near a 

source of ambient vibration (e.g., traffic or railway).  

Vibration amplitudes of building structures are correlated to 

ground vibration amplitudes and frequency content. 

Therefore, it is useful to compare the fundamental frequencies 

of the object under consideration to the frequency spectrum of 

ambient vibration sources.  

In this work, experimental data from several other studies 

were compiled to extract typical fundamental frequency 

ranges for buildings up to 16 floors. The experimental study 

of ambient vibration source was performed - normal traffic 

and its spectral characteristics, dissipation of vibration 

amplitude for different soil conditions was studied in real 

applications. Additionally, it was found that the vibration 

response level of two medium-rise buildings with similar 

structural configuration but different vibration source 

distances. It is found that currently, ambient vibration testing 

of medium-rise buildings can be done only by conventional 

seismometers due to the very low vibration amplitudes, but 

the development of MEMS technologies for this application is 

just at the beginning phase. 

2 VIBRATION CHARACTERISTICS OF MEDIUM-

RISE BUILDINGS 

In the following sections typical fundamental frequencies and 

damping ratios of low and medium-rise buildings are 

discussed. Mode shapes are not analyzed in the current paper.  

2.1 Frequency/period of buildings 

Several experimental studies have been conducted on a large 

set of databases to obtain empirical formulas of fundamental 

frequency or period of buildings. All those studies indicate a 

close correlation between natural vibration periods and 

building height as well as different code provisions that allow 

the use of the linear relationship in the design of buildings. 

This article highlights studies where fundamental 

frequency/period is experimentally measured for low or 

medium-rise buildings.  

The M.R. Gallipoli et al. [7] performed ambient noise 

measurements over a period of three years of reinforced 

concrete (RC) buildings with height in the range 1–20 floors 

in four European countries: Italy (65 buildings), Slovenia (47 

buildings), Croatia (62 buildings) and Republic of Macedonia 

(70 buildings). They found no significant correlation with 

other variables than height-period relationships. C. S. Oliveira 

and M. Navarro published results in [8] from extensive 

experimental research (197 buildings). Since the early 

nineteen seventies, they have measured the in-situ dynamic 

characteristics of the different structures built in Portugal 

based on ambient vibration testing (AVT). The database of 

this research contains not only the fundamental dynamic 

characteristics of those structures but also their most 

important geometric and structural properties. A.K. Chopra et 

al. performed extensive experimental research on the period of 

vibration for steel and concrete moment resisting frames in the 

US [9]. C. S. Oliveira and M. Navarro concluded that 

dispersion of frequencies is still substantial and challenging to 

reduce significantly. It depends very much on the type of 

building and the type of soil underneath, and the foundation.  

Figure 1 merges the obtained experimental fundamental 

frequencies from published data in [7]–[9] for building with 

no more than 16 floors. To highlight the dispersion of data in 

Figure 1, a boxplot graph is given in Figure 2 (steel buildings 

are excluded as they have considerably lower fundamental 

frequencies) corresponding to the number of building floors 

and also summarized in Table 1, where outliers are excluded.  

 

 

Figure 1. Fundamental frequencies of buildings according to 

different publications. 

 

 

Figure 2. Fundamental frequency ranges of buildings. 
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Data clearly show that using the linear relationship between 

building height and fundamental frequency for medium-raised 

buildings gives a very coarse approximation.  

In published data where only the building’s height is given, 

story height is taken 4m to obtain the number of floors. As 

expected, the highest scatter of the fundamental frequencies is 

for buildings of up to three floors due to considerable 

variations in their geometries. Already for buildings with 4-5 

floors, the standard deviation from the mean value of 

fundamental frequency is reduced 2.3 times. It was concluded 

that the main parameters influencing the fundamental 

frequency of medium-rise buildings are: 

- geometry and material of building; 

- soil underneath the building; 

- type of foundation; 

- presence of building frame "infills" or shear walls; 

Table 1. Fundamental frequency ranges of buildings. 

Number of 

storeys 

(number of 

assessed 

buildings) 

Typical 

fundamental 

frequency range, 

Hz 

Mean  

(standard 

deviation), Hz 

1 – 3 (63) 1.2 …12.5 6.1 (2.8) 

4 – 5 (108) 0.7 … 6.5 3.8 (1.2) 

6 – 7 (91) 0.8 … 4.8 2.8 (0.8) 

8 – 9 (71) 0.7 … 3.3 2.1 (0.6) 

10 – 12 (86) 0.7 … 3.5 1.9 (0.6) 

13 – 16 (53) 0.4 … 2.2 1.3 (0.4) 

 

Structural health monitoring from ambient vibrations is 

usually a long-term process. As ambient vibrations of 

structures have very low amplitudes, it is good to know not 

only the dynamic parameters of structures but also the spectral 

characteristics of vibration sources. Therefore, in section three 

one of the ambient vibration sources – normal traffic – is more 

closely discussed. 

2.2 Damping ratios of buildings 

In an extensive study on 162 buildings in Japan [10] 

researchers concluded that a significant portion of overall 

damping in RC buildings in the small amplitude region is 

frequency-dependent material damping, and the effect of soil-

structure interaction is more significant for low-rise buildings. 

Steel-framed buildings in the low amplitude region do not 

exhibit profound frequency-dependent material damping. 

Interestingly, the first-mode damping ratios seem to be 

affected by building use. 

Damping is much more sensitive to proper field 

measurements and feature extraction procedure quality than 

natural frequencies or mode shapes. Low-quality damping 

data results in significant errors (even more than 100%). 

Although an increase in internal friction (for example, due to 

cracks) raises the value of the section’s damping and damping 

is also affected by corrosion processes, it will not be suitable 

when low-cost MEMS are used due to the high signal-to-noise 

ratio as well as noisy low amplitude data of medium-rise 

buildings. Discussions on damping identification and its use 

as a damage sensitive feature may be found in [11]–[14]. 

 

3 AMBIENT VIBRATION SOURCES AND THEIR 

EFFECTS ON MEDIUM - RISE BUILDINGS 

3.1 Ambient vibration sources 

The surface of the Earth is always in motion at seismic 

frequencies, even without earthquakes. These constant 

vibrations of the Earth’s surface are in the order of 10−4 to 

10−2 mm. The microtremors that originate from human 

activities are dominated by the components with a frequency 

higher than 1 Hz as opposed to natural phenomenon (e.g., 

wind) [15]. Therefore, the most suitable ambient vibration 

sources for medium-rise building continuous SHM seem to be 

normal-traffic and trains due to similar frequency bandwidth.  

Erkal evaluated and quantified the adverse impact of traffic-

induced vibrations on residential buildings’ structural systems 

and their occupants [16]. The author compared different train-

induced vibrations at the same measurement location and 

observed that each train passage’s frequency content was 

quite similar. They found that amplitudes varied mainly due to 

train features and that the frequency content of ground 

vibrations is mainly governed by the properties of soil around 

that point.  

Hao et al. measured horizontal ground accelerations at 20 m 

from the road center and found that they are induced by 

normal traffic conditions at the four sites [17]. Authors 

concluded that although site power spectrum contains more 

considerable energy input in frequencies 10-15 Hz the 

dynamic responses of numerically assessed structures (5 

buildings of 2 to 24 floors) are still primarily dominated by 

low vibration modes. 

3.2 Experimental research on ambient vibration amplitude 

levels from normal- traffic in the city – test setup 

The field tests were carried out in the city of Riga in Latvia. 

Test point locations to assess ground-borne vibrations from 

normal-traffic were selected based on the different ground 

conditions (three different locations in the city per similar soil 

layer composition, nine test setups in total).  

All sites are near the city's main streets with similar 

moderate traffic flow (Figure 3). Records are done under 

similar weather conditions (temperature around 15 C0, wind 2-

5 m/s). Almost all sites had nearby buildings 40 to 100m from 

the street. Figure 4 shows Riga geological map with the field 

test locations, while Table 2 gives more detailed information 

about the site.  

 

 

Figure 3. Example of the test setup. 
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Figure 4. Geotechnological map of Riga with test site locations.  

 

During each test setup, six channels simultaneously 

recorded ground ambient vibrations for 17min at a sample rate 

400Hz (three sensors recorded vertical vibrations; three 

sensors recorded horizontal and perpendicular to the street 

vibrations).  

The dynamic acquisition system was composed of six 

calibrated high sensitivity uniaxial IEPE shear design 

accelerometers, with a bandwidth ranging from 0.08Hz to 

1000Hz (+/-5%), a dynamic range of ±1 g, a sensitivity of 10 

V/g and 775 g of weight, connected by coaxial polyurethane 

cables to a data acquisition system with a 24-bit A/D 

converter per analogue input channel. Sensor and ground 

coupling was performed through heavy composite material 

(Figure 3). Three pairs of a vertical and horizontal sensor were 

placed near the driving lane, approx. 15m from driving lane 

and approx. 30m from the driving lane accordingly (see 

Figure 3).  

A low pass filter was applied to time series measurements to 

remove all frequencies above 35Hz, and a high pass filter was 

applied to remove noise from measurements below 0.8Hz. 

Limit of bandwidth 0.8 - 35Hz was selected to coincide with a 

typical bandwidth of medium-rise building frequency 

spectrum. Power spectral density (PSD) was calculated using 

a rectangular window and linear spectrum averaging with a 

spectrum block size of 1024 and overlap to eliminate sensor 

self-noise level maximally. 

3.3 Results of experimental research  

The obtained experimental data was used to answer the 

following research questions: 

- Do site locations correspond to the soil condition "very 

good", "somewhat challenging," and "challenging" (see 

Table 2) correlate with the vertical and horizontal 

ground vibration amplitudes? 
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- What are vertical and horizontal ground vibration 

amplitudes and their dissipation characteristics, 

including changes in the PSD spectrum by looking at 

vibrations simultaneously at three different distances 

from the source of vibration? 

- May normal-traffic be an appropriate vibration source 

for the SHM of medium-rise buildings in non-seismic 

areas utilizing MEMS technology?  

Figure 5 gives an example of the obtained time series and 

PSD spectrum for Test setup Nr. 1. Figure 6 summarizes root 

mean square (RMS) values of recorded, cleaned, and filtered 

time series.  

For all sites near streets, the order of vertical acceleration 

RMS amplitude is 10-4 m/s2, while for the horizontal direction, 

it is as low as 10-5 m/s2. 

  

Table 2. Test site description. 

Test 

setup Nr. 

Coordinates 

of the test 

site 

Soil condition description 

Situation and traffic description 

Lanes 
Passing 

cars/min 

Max traffic 

speed km/h 

Tramline 

or lorries 

1 
56.956670, 

24.069751 
Embankment – 2 m, dune sand  - 7-8 m 4 26 50  Yes 

2 
56.971088, 

24.099006 

Embankment – 2 m, sand and sludge 

layer, sandstone – 30 m 
2 25 50 Yes 

3 
56.979607, 

24.115622 

Embankment – 2 m, sand and sludge 

layer, sandstone – 30 m 
4 36 50 Yes 

4 
56.973692, 

24.189976 

Embankment – 1 m, sandy soil-10 m, 

moraine 
4 25 50 No 

5 
56.936742, 

24.181179 

Embankment – 1-2 m, sand– 8-10 m, 

moraine and bedrock – 10- 5 m 
4 25 50 No 

6 
56.931921, 

24.193494 

Embankment – 1-2 m, sand– 8-10 m, 

moraine and bedrock – 10- 5 m 
4 60 50 Yes 

7 
57.018729, 

24.131756 

Dune sand – 5 m, sand – 10 m, dusty 

sand and clay layers – 30 m 
4 40 50 No 

8 
56.989154, 

24.237008 

Quartz sandstone, clay interlayers, 

devon rock 
4 45 50 Yes 

9 
56.965397, 

24.208832 

Sandstone, dolomite with clay 

interlayers 
2 30 50 No 

 

 

Approximately 30m away from the traffic lane, the vertical 

acceleration amplitude also reduces to the order of 10-5  m/s2. 

These data indicate that the amplitude reduction has a non-

linear characteristic. However, three simultaneously recorded 

acceleration records at a time are not enough to conclude what 

kind of non-linear function it might be.  

 

 

 
Figure 5a. Example of obtained time series for Test setup 

Nr.1. 

The obtained results suggest that the ground vibration 

amplitudes induced by normal-traffic do not seem to be 

correlated with the overall geotechnical area. 

 
 

Figure 5b. Example of obtained PSD spectrum for Test setup 

Nr. 1.  

Authors propose to verify amplitude dependency on the 

composition of the upper layer of soil and its topping (e.g., 

street asphalt cover with preparation layers or grass cover). 

Possibly, buildings that have strip shallow foundations and 

grass cover, which is the primary material that separates the 

building from the street traffic flow, could experience higher 

vibration amplitudes and be better candidates for obtaining 

less noisy vibration time series data for global monitoring. 

In some cases, vibration amplitudes were obtained the same 

or even higher 30m from the street than 15m as shown in 
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Fig.6. At these cases were noticed considerable traffic activity 

in parking lots of residential houses. It implies that buildings 

further from primary traffic roots may be monitored based on 

vibration methods for SHM. 

 

 

Figure 6b. Measured ground accelerations nearby street for 

vertical vibration direction (STD - standard deviation) 

 

Figure 6b. Measured ground accelerations nearby street for 

horizontal vibration direction  

Table 3. Frequency spectrum bandwidth obtained nearby 

street. 

Test setup Nr. Frequency bandwidth, Hz 

(filtered and denoised data, amplitudes 

normalized [0…1]) (peak, Hz) 

Vertical  Horizontal  

1  5.0 … 16.2 (7.9) 1.5…27.7 (11.4) 

2 7.2 ... 33.8 (15.2) 6.6 ... 34.0 (11.2) 

3 2.7 ... 19.3 (11.1) 1.4 ... 25.6 (13.9) 

   

4 9.0 ...22.5 (11.5) 8.6 ... 29.8 (11.9) 

5 8.2 ...31.5 (11.5)   9.2 ... 35* (24.2**) 

6 7.2 ... 34.4 (12.3) 7.2 ... 35*(12.1) 

   

7 7.6…26.4 (10.3) 7.2…24.1 (10.1) 

8 NA NA 

9 7.8 ...35*(10.6) 8.4 ... 35* (12.3) 

   

Minimum 2.7 1.4 

Maximum 35* 35* 

Peak frequency 

range 
7.9 … 15.2 10.1 … 13.9 

 

To define frequency bandwidth excited by normal traffic, 

normalized amplitude values in each PSD were divided into 

ten bins. 10% of the maximum amplitude was regarded as 

noise. Table 3 and 4 summarize the obtained bandwidth of 

frequency spectrum for all test setups. The excited frequency 

with the highest energy input in bandwidth is shown in 

parenthesis.  

Although well-excited frequency spectrum bandwidth is 

very much site dependant, frequencies with the highest energy 

input were 7.9 to 15.2 Hz for vertical vibrations and from 10.1 

to 13.9 Hz for horizontal ground vibrations. These are typical 

fundamental frequencies of separate building elements like 

slabs when they are designed to avoid building vibrations 

[18]. Therefore, often unpleasant vibrations from traffic flow 

were found in buildings up to 5 stories when also the 

fundamental frequency of building (according to Figure 1) is 

close to this range.  

Overall, it is found that the excited horizontal ground 

frequency bandwidth is wider than the vertical one at the same 

event. It is one reason why global modes of buildings could 

also be excited and used for AVT. Amplitudes of the higher 

frequencies reduce faster by moving away from the vibration 

source.  

Table 4. Frequency spectrum bandwidth obtained aprox.30m 

from the street. 

Test setup Nr. Frequency bandwidth, Hz 

(filtered and denoised data, amplitudes 

normalized [0...1]) (peak, Hz) 

Vertical  Horizontal  

1  5.0…17.2 (9.5) 1.54…17.0 (9.3) 

2 6.8 ...16.6 (11.5) 6.3 ... 20.7 (10.7) 

3 2.5 ...17.2 (10.2) 1.4 ... 18.6 (9.8) 

   

4 9.0 ... 25.4 (11.9) 8.0 ... 22.5 (11.7) 

5 8.0 ... 24.8 (11.3) 8.6 ... 32.0 (15.0) 

6 8.0 ... 23.0 (11.7) 7.5 ... 35.0* (10.9) 

   

7 7.4…16.5 (10.1)) 7.1…16.7 (10.3) 

8 NA NA 

9 8.0 ... 25.4 (12.1) 8.0 ... 27.3 (12.5) 

   

Minimum 2.5 1.4 

Maximum 25.4 35* 

 Peak frequency 

range 
9.5 … 12.1 9.3 … 15.0 

* - 35Hz is an upper cut off frequency; NA – not calculated 

due to vibration amplitude distribution different from other 

setups.  

3.4 Case study – five-story brick building response to 

ambient vibration   

Site Nr. 2 (see Table 2 for coordinates) was chosen for 

additional analysis. With equipment described in section 3.1. 

AVT measurements of two similar 5-story brick apartment 

houses were taken to obtain the dynamic response building to 

traffic excitation. One of the houses is located 60 m from the 

main road (Building Nr.1.), but the other behind it is located 

100 m (Building Nr.2.) from the road (see Figure 7).  

Outer bearing walls of buildings are mixed silicate and clay 

brick masonry with a thickness of 510mm. Slabs are precast 

hollow core panels 220mm deep. The roof slab is composed 
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of timber joists and tin covering. Buildings have a shallow 

strip foundation. The buildings' overall stability is ensured by 

the stiffness of walls of four staircases and outer bearing 

walls. 

 

 

Figure 7. Buildings for case study.  

 

Four of the sensors are located in the first staircase of the 

building and attached to the wall’s lower part (sensor 

placement in Figure 8). Two of the sensors are located outside 

the building coupled with the ground through composite 

material, therefore during each test setup six channels 

simultaneously recorded vibrations for 34 min at a sample rate 

400Hz. After filtering and cleaning data, power spectral 

density was calculated using a rectangular window and linear 

spectrum averaging with a spectrum block size of 1024 and 

overlap to eliminate sensor self-noise level maximally. 

 

 

Figure 8. Test setup for a case study. 

 

The fundamental frequency of Building #1 obtained 2.54Hz 

but for Building #2 – 2.93Hz. Comparing the PSD of both 

buildings from AVT, similarities appear (Figure 9). For 

example, both buildings are excited with higher energy input 

into modes that correspond to the typical bandwidth of normal 

traffic. Magnitudes of energy inputs in fundamental mode and 

strongest excited mode are close even though one of the 

buildings is approximately 40m further from the vibration 

source. For Building #1, the maximum RMS vibration 

amplitude registered by sensor #1 is 4.6 ∙ 10-5 m/s2, but for 

Building #2 in the same location registered 4.4 ∙ 10-5 m/s2. 

 

 

Figure 9. Power spectrum density of building vibration 

under ambient conditions (sensor Nr. 1,3 and 4). 

 

By plotting together, the PSD of the building vibration and 

the PSD of ground vibration (Figure 10) shows that even 

though soil vibrates in higher frequencies, the fundamental 

frequency of the building is also well excited. The same effect 

was observed in previous work [17].  

 

 

 

Figure 10. Power spectrum density of building vibration and 

ground vibration under ambient conditions.  

 

Records of building vibrations were done in a weekend. 

Therefore, low traffic intensity was observed (approx. 10 

cars/min). Nevertheless, the PSD spectrum indicates that 

modal identification from those records, especially of the 

fundamental mode, is possible.  

4 MICRO-ELECTROMECHANICAL SYSTEM (MEMS) 

ACCELEROMETERS FOR AMBIENT VIBRATION 

MEASUREMENTS OF MEDIUM - RISE BUILDINGS 

A recognized way to reduce the cost of AVT is to look at the 

implementation of currently evolving sensing technologies, 

namely MEMS capacitive accelerometers for SHM purposes. 

Among other benefits of MEMS significant ones are the small 

size of sensors, relatively accurate measurements over a broad 

frequency range, ease of installation, and the possibility to 

integrate multiple sensing elements on the same device and 

on-chip electronics [19] as well as possibilities of designing 

wireless sensor networks suited for the purpose [20]. 
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Analysis of the experimental data gives the possibility to 

define MEMS requirements for ambient vibration monitoring 

of medium-rise buildings in proximity of the normal-traffic 

vibration source (Table 5). 

Table 5. Typical minimum requirements to MEMS parameters 

for AVT of medium-rise buildings. 

Description of the parameter Requirement* 

Spectral noise at 1Hz  (RMS) <0,3 µg/√Hz 

The sensitivity (ratio between physical 

input and electrical output)  
≥10V/g 

Amplitude range ≤±0.5g 

Bandwidth 0.5 ... 100 Hz 

 * - if geology of the site is comparable with the description 

given in Table 2 and building foundation is a strip foundation.  

 

Currently, to the best of the authors' knowledge, cutting -

edge low-cost, low g MEMS for the required frequency range 

is achieved with getter-less ceramic packages and has a 

spectral noise floor as low as 60 ng/√Hz at 1 Hz [21]. 

Nevertheless, the next-generation MEMS seismometers could 

reach the required parameters according to the conclusions 

drawn in the state-of-the-art literature review (reference [22]).     

5 CONCLUSION 

This paper compiles experimental data from several authors 

that performed full-scale experiments to extract typical 

fundamental frequency ranges for buildings of up to 16 floors. 

Data are analyzed together with experimentally obtained 

normal-traffic-induced ground vibration spectra from nine 

sites scattered in a wide area of Latvia's capital. 

It is found that for buildings with less than four floors, 

fundamental frequencies often coincide with frequencies of 

separate building elements (e.g., slabs, walls). By considering 

the typical bandwidth of the normal-traffic induced ground 

vibration, the global monitoring of vibrations would be 

feasible only for buildings starting from 4-5 floors where the 

typical fundamental frequency is less than 6.5 Hz. Then 

successful identification of lower global vibration modes is 

relatively easily made, and the case study of two 5-story 

masonry buildings in section 3.4 reinforces it. 

Even though sites for the normal-traffic induced ground 

vibration measurements were chosen in a wide area of Riga 

city with very different geotechnical conditions, in all cases, it 

was found that ground vibration RMS vertical and horizontal 

amplitude approximately 30m from the traffic lane is in order 

of magnitude 10-5 m/s2. Experimental data reveal that, in 

general, horizontal ground RMS acceleration amplitudes is 

40%-50% of vertical ones. Although amplitudes of the higher 

frequencies dissipate faster by moving away from the 

vibration source, 30m from the traffic lane ground vibration 

can still be regarded as multidirectional and random in the 

frequency band of interest. 

Currently, AVT of medium-rise buildings can be done only 

by conventional seismometers due to the very low vibration 

amplitudes, but the development of MEMS technologies for 

this application is just at the beginning phase. 
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ABSTRACT: The estimation of bridge performance and damage based on the response measured by a moving vehicle is called 

drive-by bridge inspection. In this study, a new drive-by method using the measured responses of a train running at high speed is 

used to detect resonance, which is a problem specific to high-speed railway bridges. Resonance may cause large-amplitude bridge 

vibrations. The proposed method uses the carbody vertical acceleration measured on the first and last vehicles composing a train. 

To detect resonance, the carbody vertical acceleration of the first vehicle is subtracted from that of the last vehicle at the same 

passing position, thereby eliminating components due to track irregularities and the quasi-static deformation, which are commonly 

mixed with the vibrations of the first and last vehicles. Alternatively, the amplification of dynamic response due to resonance 

greatly excites bridge vibration when the last vehicle passes. Thus, this subtraction process can extract resonant-bridge-induced 

carbody acceleration of the last vehicle. In addition to subtraction, our method also includes an envelope process and a filtering 

process based on theoretical derivation. These processes highlight the vehicle-vibration component related to the bridge resonance 

to improve the detection accuracy of the bridge when resonance occurs. The proposed method is validated by numerical 

simulations considering vehicle–bridge interactions. The results show that a resonant bridge can be accurately detected even in 

the presence of track irregularities, position-synchronization errors of the first and last vehicles, and measurement noise.  

KEY WORDS: Drive-by bridge inspection; High-speed railway; Bridge; Resonance; Carbody acceleration. 

1 INTRODUCTION 

Maintenance of the enormous number of existing civil 

structures is a major concern for managers around the world. 

Improving efficiency via condition-based maintenance is one 

solution; for that purpose, structural health monitoring (SHM), 

which quantifies the structural performance and damage using 

sensors, has been widely studied [1,2]. In recent years, to 

achieve cost-effective SHM, methods for indirectly estimating 

bridge structural performance characteristics such as frequency 

[3,4], modal shape [5], and damage [6,7] have been developed 

using data measured by traveling vehicles; these are often 

referred to as drive-by bridge inspections. In this research, the 

authors focus upon high-speed railway bridges, which have 

been excluded from the scope or applications due to the 

difficulty of drive-by bridge inspection [6]. In this research, a 

new method is proposed to detect a bridge’s resonance state 

(which is one of the points of focus in maintenance practice) 

based on the acceleration responses measured by vehicles 

traveling at high speed. 

Resonance occurs in high-speed railway bridges when the 

excitation frequency related to the regular axle arrangement of 

a traveling train and the bridge frequency are too close to each 

other [8]. Considering the traveling speeds of high-speed 

railways, resonance phenomena in current railway bridges with 

longer and lower rigidity, tend to be unavoidable. In Japan, a 

design method has already been constructed to enable safe and 

comfortable bridge design in the resonance region; hence, 

resonance itself is not a problem for most bridges [8]. However, 

in some high-speed railways constructed in the past, it has been 

reported that the ride quality deteriorates due to the resonance 

of the bridge, damaging the bridge’s catenary [9]. Thus, bridge 

resonance must be considered in catenary inspection and 

countermeasures. However, to detect a resonant bridge, 

measuring its deflection from the ground as a train crosses is 

necessary, which requires a great deal of labor, time, and cost. 

If resonant bridges could be comprehensively detected using 

on-board measurement data based on drive-by bridge 

inspection, the need for these in situ measurements could be 

significantly reduced. However, the staying time of running 

trains on bridges is very short for high-speed railways; 

therefore, applicable signal-processing methods are 

significantly limited. Hence, drive-by bridge inspection on 

high-speed railways is not easy.  

In this study, a unique methodology characterized by two 

points is proposed. The first is identification of vibration 

components mixed only in the response of the tail vehicle 

passing over the resonant bridge, and the other is utilization of 

two carbody vertical accelerations, as measured by the first and 

last vehicles. Additionally, numerical verification is performed 

using a vehicle–bridge interaction (VBI) model for high-speed 

railway bridges with a 30-m span, for which large-amplitude 

vibrations due to resonance have been observed in the past [9]. 

The results show the feasibility of drive-by bridge detection 

based on on-board measurement data for high-speed railways.  

Drive-by resonant-railway-bridge detection method using carbody vertical 

acceleration of the first and last vehicles 
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Figure 1. Bridge mid-span vertical displacement for trains passing at various speeds. 

 

 

Figure 2. Bridge mid-span maximum vertical displacement. 

 
Figure 3. Theoretical model for resonant-bridge analysis. 

 

2 DRIVE-BY RESONANT-BRIDGE DETECTION 

METHOD 

 Resonance of high-speed railway bridges 

Figures 1 and 2 show the displacement response and maximum 

displacements of the bridge’s mid-span as the train passes at 

several speeds. These figures were calculated by the VBI model 

[10] described later. The bridge has a span length of 30 m, a 

frequency of 2.8 Hz, a modal-damping ratio of 2%, and a unit-

length mass of 24,000 kg/m. The vehicle has a length of 25 m, 

bogie center spacing of 17.5 m, bogie axle spacing of 2.5 m, 

axle load of 120 kN, and 8 train cars. Train speeds of 200, 230, 

250, 270, and 300 km/h correspond to A, B, C, D, and E in the 

figure, respectively. As is well known, resonance causes 

dynamic-response amplification of the bridge when the 

vibration frequency determined by the axle spacing of the 

traveling vehicle matches the resonance frequency of the bridge 

(Fig. 1C) [10]. For bridges with a span length greater than 25 

m, the main excitation period is determined by the vehicle 

length (which is 25 m here). If the train speed is 𝑣 [m/s], the 

vehicle length is 𝐿𝑐 [m], and the frequency of the bridge is 𝑛 

[Hz], then the resonance condition is 𝑣/𝐿𝑐  = 𝑛 . The train 

speed satisfying this is called the resonance speed and is 

calculated using Eq. (1) [11]. Under the conditions of Fig. 1C 

(where 2.8 [Hz] x 25 [m] = 70 [m/s] ≒ 250 [km/h] is in the 

resonance state), we have: 

𝑣𝑟𝑒𝑠 = 𝑛 ∙ 𝐿𝑐 . (1) 

In this study, states C are called resonances, states B and D 

are called weak resonances, and states A and E are called non-

resonances. The detection targets in this study are the resonance 

state C and the weak resonance states B and D. 

 Formulation of the dynamic component of the resonant 

bridge, as seen from moving vehicles 

Figure 3 presents a theoretical model for analyzing the dynamic 

component of a resonant bridge, as seen from a moving vehicle. 

The bridge is a simply supported beam, the external force is 

concentrated in moving loads at vehicle-length intervals, and 

the moving speed is the resonance speed. The bridge is assumed 

to be in a steady state. Let 𝑧𝑏(𝑥, 𝑡) be the vertical displacement 

at position 𝑥 and time 𝑡 of the simply supported beam with the 

fundamental frequency 𝑛 and span length 𝐿𝑏 . If 𝑡𝑝  is set the 

local time when entering a certain moving load to the beam is 

0 and 𝑥𝑝 is the position on the beam on which this moving load 

acts, Eq. (2) holds based on the resonance generation condition: 

𝑛 =
𝑣𝑟𝑒𝑠

𝐿𝑐

=
𝑥𝑝

𝐿𝑐 ∙ 𝑡𝑝

. 

（0 < 𝑥𝑝 ≤ 𝐿𝑏） 

(2) 

The displacement 𝑧𝑏(𝑥, 𝑡)  is the sum of the quasi-static 

component 𝑧𝑏,𝑠  generated in response to the moving load 

position and the dynamic component 𝑧𝑏,𝑑  caused by eigen 

vibration of the beam, i.e., 𝑧𝑏 = 𝑧𝑏,𝑠 + 𝑧𝑏,𝑑 . Here, for the 

modal-decomposed dynamic component of 𝑧𝑏,𝑑, the following 

approximation can be obtained by considering only the primary 

bending mode, which is the main bridge-resonance component: 

𝑧𝑏,𝑑 ≈ 𝜉1,𝑑(𝑡)sin (
𝜋𝑥

𝐿𝑏

). (3) 

Here, 𝜉1,𝑑(𝑡)  and sin(𝜋𝑥/𝐿𝑏)  are the modal displacement 

and modal shape of the beam primary mode, respectively. From 

the steady-state assumption, 𝜉1,𝑑  is expressed using the 

following Eq. (4): 

𝜉1,𝑑(𝑡) = 𝐴𝑟𝑒𝑠sin(2𝜋𝑛𝑡 + 𝜃𝑟𝑒𝑠), (4) 

where 𝐴𝑟𝑒𝑠 is the dynamic-response amplitude of the beam at 

resonance and 𝜃𝑟𝑒𝑠 = 𝜋(1 − 𝐿𝑏/𝐿𝑐 ). Substituting Eq. (4) into 

Eq. (3) and converting it into a function at position 𝑥𝑝 using Eq. 

(2) in the domain 0 < 𝑥𝑝 ≤ 𝐿𝑏 yields Eq. (5): 

𝑧𝑏,𝑑(𝑥𝑝) ≈ 𝐴𝑟𝑒𝑠sin (2𝜋
𝑥𝑝

𝐿𝑐

+ 𝜃𝑟𝑒𝑠) sin (2𝜋
𝑥𝑝

2𝐿𝑏

). 

（0 < 𝑥𝑝 ≤ 𝐿𝑏） 
(5) 
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Figure 4. Theoretical displacement of the dynamic component 

of the resonant bridge, as seen from moving vehicles. 

 

Equation (5) indicates that the dynamic response of the 

resonant bridge when viewed from the moving load position is 

the product of a wave with a wavelength equal to the vehicle 

length and one with a wavelength equal to twice the bridge span. 

Here, the former is called the resonance component and the 

latter is called the bridge-span component.  

Figure 4 shows the dynamic-response component 𝑧𝑏,𝑑(𝑥𝑝) at 

the moving load position of the resonant bridge, as calculated 

by substituting the span length 𝐿𝑏 =  50 m and the vehicle 

length 𝐿𝑐 = 25 m into Eq. (5). The maximum amplitude of the 

wave (black dotted line) corresponding to the vehicle length 

fluctuates according to the semi-sine wave (blue dashed line) 

corresponding to the span length.  

The main component of this wave is the resonance that is 

characterized by the vehicle length, and the spectrum shows a 

peak at 25 m when the horizontal axis is the wavelength. The 

bridge displacement, including this resonance component, acts 

as a forced displacement to the axle of the vehicle, and the 

vehicle responses are produced by this input. In this study, 

authors focus upon the carbody vertical acceleration in the 

vehicle response. In recent years, the frequency of the carbody 

vertical vibration mode for high-speed vehicles is around 1 Hz 

in most cases; therefore, the components over 1 Hz of the 

bridge vibrations input to the axle as forced displacement are 

mainly output as the vertical acceleration of the carbody.  

Assuming that the train speed of the vehicle is over 200 km/h, 

the frequency of the resonance component of a vehicle of 

length 25 m is over 2.2 Hz. Therefore, even if the vibration 

characteristics of the vehicle are considered, the vibration 

component of the resonant bridge with a wavelength of 25 m 

should be observed by carbody acceleration. In addition, to 

detect resonant bridges based on carbody acceleration with 

various components being mixed, a key point is to focus upon 

vibration around the wavelength of 25 m (vehicle length). 

Hence, the authors propose a method for detecting resonant 

bridges by carbody acceleration that consists of three 

processes: i) bandpass-filter (BPF) processing, ii) envelope 

processing, and iii) difference processing between the first and 

last vehicles.  

 
Figure 5. First sample figure. 

 Resonant-bridge detection method based on carbody 

acceleration I: signal processing 

BPF processing is performed for a wavelength of around 25 m 

to extract the vehicle-length component mixed in the response 

of the last vehicle when passing through a resonant bridge (i.e., 

the red line in Fig. 4). In this study, the BPF was designed to be 

approximately 1 at wavelengths of 24–26 m, and approximately 

0 at wavelengths of less than 15 m and more than 50 m. An 

8,191-order FIR filter was used. 

Next, envelope processing is performed on the filtered 

carbody acceleration response. This means estimating the blue 

line which is amplitude of the red-line in Fig. 4 extracted by the 

filtering process. Since this blue dotted line corresponds to the 

bridge-span length, the correspondence between the span of the 

dominant component and that of the bridge (which will be 

shown later) can be used as a detection criterion.  

The Hilbert transform is generally used to calculate the 

envelope; however, in this research, the proposed method is 

finally planned for implementation in the track maintenance 

management database system (LABOCS) [12], which is widely 

used in practice and exhibits only simple arithmetic functions, 

so peak value detection by differentiation and envelope 

processing by linear interpolation between peaks can be 

performed.  

Envelope processing also plays a role in lengthening the 

wave used for the following difference processing. In the 

difference processing between waves that have phase 

difference, an apparently new wave is generated after the 

difference. Additionally, this effect is more pronounced when 

the wave period is short. Therefore, a long period of envelope 

processing can reduce the influence of position-

synchronization error between the first and last vehicles. 

Additionally, the evaluation index is converted from 

wavelength to amplitude by envelope processing. If the 

observed noise is independently generated according to the 

same probability distribution at the first and last vehicles, the 

standard deviation of the noise distribution after the difference 

processing as a wave is double that prior to difference 

processing. On the other hand, since such errors are canceled 

by performing envelope processing, random noise, such as 

observational noise, can be significantly reduced. 
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Table 1. Frequencies of the vehicle. 

Vibration mode Frequency [Hz] 

Carbody vertical 1.01 

Carbody pitching 1.18 

Bogie vertical 5.45 

Bogie pitching 7.16 

 

 Resonant-bridge detection method based on carbody 

acceleration I: difference processing 

Using BPF and envelope processing, the vehicle-length 

component of a resonant bridge included in the carbody 

acceleration is converted into a semi-sinusoidal dominant 

component that corresponds with the bridge’s span length. 

However, besides bridge resonance, if there is a track 

irregularity whose wavelength approaches the vehicle length or 

a quasi-static deformation of the bridge, its influence is also 

included. Therefore, even if there is a predominant component 

corresponding to the bridge-span length in the wave after 

filtering and envelope processing, we cannot determine 

whether it is due to the resonance of the bridge or to other 

factors. 

Therefore, after performing the above processing on the two 

carbody accelerations measured by the first and last vehicles, 

the vibration components other than resonance are removed by 

difference processing that subtracts the response of the first 

vehicle from that of the last. Since the dynamic-response 

amplitude of the bridge at resonance is amplified as the train 

passes, the vehicle-length component due to the predominant 

resonance observed by the last vehicle passes has hardly yet 

been generated when the first vehicle passes. On the other hand, 

since track irregularities such as quasi-static deformation of the 

bridge, track alignment, and rail unevenness do not change 

between the first and last vehicles, the carbody acceleration due 

to these components at the first vehicle is almost equal to that 

at the last vehicle. Therefore, difference processing can extract 

only the predominant components corresponding with the 

bridge-span length generated by the resonant bridge while 

eliminating the influence of various factors. In this study, the 

difference-processed envelope is called the envelope 

difference; when the passing bridge resonates, the envelope 

difference forms a peak with a span corresponding to the 

bridge’s span length; therefore, the resonance bridge can be 

detected using this as an index. Figure 5 shows the concept of 

the resonant-bridge detection method based on carbody 

acceleration proposed in this study. 

Nagayama et al. [13] previously proposed a similar concept 

for road bridges; however, they used the cross spectrum to 

extract the vibration components commonly observed in 

different vehicles [13]. In this study, the authors focus upon the 

amplitude (envelope) of the vibration component peculiar to 

the resonant bridge and extract it via difference processing in 

the time (distance) domain. Our method avoids the problem of 

frequency resolution due to the short stay time above, which 

was a bottleneck for utilizing on-board measurement data in a 

high-speed railway. Finally, this method detects bridge 

resonance based on the following two conditions.  

• The presence of peaks in the envelope difference,  

• A rough match between the peak span of the envelope 

difference and the bridge-span length. 

 
Figure 6. Vehicle–bridge interaction (VBI) model. 

3 VERIFICATION BY NUMERICAL SIMULATION 

 Numerical simulation method 

The accuracy of the proposed resonant-bridge detection method 

is verified by dynamic interaction analysis between the vehicle 

and the bridge. Figure 6 shows the 2D VBI model [10] used in 

this study. The traveling train is modeled as a multi-body 

structure with 6 degrees of freedom per vehicle traveling at a 

constant speed. The bridge is a simply supported Euler beam, 

and the theoretical solution up to the third-order bending mode 

is used following modal decomposition. The contact spring 

between the wheel and the rail is not considered, and the 

wheelset displacement is assumed to be equal to the bridge 

displacement at the contact point. The track irregularity is 

considered as the forced displacement of the wheelset; here, if 

the displacement vector of the vehicle is 𝐙𝑐  and the 

displacement vector of the bridge is 𝐙𝑏 , the simultaneous 

equations of the vehicle and the bridge are given by Eq. (6): 

[
𝐌𝑐

𝐌𝒃
∗ ] [

�̈�𝑐

�̈�𝑏

] + [
𝐂𝑐 𝐂𝑐,𝑏

𝐂𝑏,𝑐 𝐂𝑏
∗ ] [

�̇�𝑐

�̇�𝑏

]

+ [
𝐊𝑐 𝐊𝑐,𝑏

𝐊𝑏,𝑐 𝐊𝑏
∗ ] [

𝐙𝑐

𝐙𝑏
] = [

𝐅𝑐

𝐅b
]. 

(6) 

Here, 𝐌𝑐, 𝐂𝑐, and 𝐊𝑐 are the mass matrix, damping matrix, 

and stiffness matrix of the vehicle, respectively, and 𝐌𝒃
∗ , 𝐂𝑏

∗ , 

and 𝐊𝑏
∗  are those of the bridge considering the wheelset mass 

and the primary spring/damper of the vehicle. 𝐅𝑐 is the external 

force acting upon the vehicle due to track irregularity and 𝐅𝑏 is 

that on the bridge due both to track irregularity and to the 

wheelset and primary spring/damper due to the vehicle’s static 

and dynamic responses. Additionally, 𝐂𝑐,𝑏, 𝐂𝑏,𝑐, 𝐊𝑐,𝑏, and 𝐊𝑏,𝑐 

are the coupled terms of vehicles and bridges. For detail, refer 

to Reference [10]. The equation of motion of Eq. (6) is 

converted into a state space model, and time integration is 

performed based on a time step of 0.001 s using the explicit 

Runge–Kutta (4,5) method [14]. 

The target bridge has a span length of 𝐿𝑏 = 30 m, frequency 

of 𝑛 = 2.8 Hz (secondary, 11.2 Hz; tertiary, 25.2 Hz), unit-

length mass of �̅� = 24,000 kg/m, and modal-damping ratio of 

𝜉 = 2%. The train has a vehicle length of 𝐿𝑐 = 25 m, a bogie 

center spacing of 𝑎 = 17.5 m, an axle spacing in a bogie of 𝑏 = 

2.5 m, axle loads of 150 kN (assuming an occupancy rate of 

about 100%), and 8 vehicles. Table 1 presents the natural 

frequencies of the main modes of the vehicle model. The 

resonance speed is about 250 km/h. The train speeds are 200, 

230, 250, 270, and 300 km/h, centered on the resonance speed. 

The above settings are basic cases. In the basic case, the track 

irregularity is not introduced. Figures 1 and 2 are the results 
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calculated in the basic case, and A to E in the figures 

correspond to 200, 230, 250, 270, and 300 km/h in the basic 

case. Since the carbody accelerometers for comfort 

management in the actual train are installed on the carbody 

floor above the first/second bogies of the first/last vehicles, 

these two carbody acceleration responses are the focus of this 

study. 

 Basic case 

From the simulation results, let us confirm the characteristics 

of the bridge and carbody responses at the wheelset position of 

a vehicle traveling on the resonant bridge. 

Figure 7(a) shows the vertical displacement of the first and 

last wheelsets when passing through the bridge; (b) shows the 

carbody acceleration of the first and last vehicles. Additionally, 

as the application results of the proposed method, the BPF and 

envelope processing acceleration results for the first and last 

cars are shown in (c); (d) shows the envelope differences as a 

resonant-bridge detection index. Since the vertical 

displacement time series at the bridge’s mid-span in the basic 

case is the same as that in Fig. 1, let us refer to Fig. 1 for the 

resonant state. 

The vertical displacement of the first vehicle and the carbody 

acceleration shown in Figs. 8(a) and (b) hardly change 

regardless of train speed. On the other hand, the vertical 

displacement amplitude of the last vehicle and the carbody 

acceleration change according to the resonance state, as seen in 

the vertical displacement in Fig. 1C. The amplitude becomes 

maximal in the resonant state of C (250 km/h). Additionally, 

the vertical displacement of the wheelset and the carbody 

acceleration show almost similar waveforms; however, the 

carbody acceleration tends to be amplified when exiting the 

bridge. 

Figure 7(c) shows the BPF and enveloped carbody 

acceleration responses (dotted and solid lines, respectively) of 

the first and last vehicles. Using BPF processing, the low-

frequency components are mostly removed from all carbody 

accelerations and the amplitudes are reduced. However, the 

carbody accelerations of the last vehicle in the resonance and 

near-resonance states from B (230 km/h) to D (270 km/h) 

exhibit relatively large amplitudes even after processing. This 

tendency is more pronounced in the responses following 

envelope processing. A convex component is formed on the 

bridge section’s upper side. 

 

(a)  

(b)  

(c)  

(d)  

Figure 7. Applied results (30-m span length): (a) first and last wheelset vertical displacements, (b) carbody accelerations of the 

first and last vehicles, (c) BPF and envelope-processed carbody accelerations of the first and last vehicles, (d) envelope difference 

as a resonant-bridge detection index.
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Figure 7(d) shows the result (envelope difference) of the 

difference processing of the envelope-processed responses of 

the first and last vehicles in Fig. 7(c). The envelope difference 

is almost 0 for non-resonant bridges such as A (200 km/h) and 

E (300 km/h); however, a convex-dominant component is 

formed at the upper side of the bridge section from B (230 

km/h) to D (270 km/h) (which are the resonance or near-

resonance states). Therefore, it is highly possible that resonant 

bridges can be detected based on the presence of this 

predominant component in the bridge section. Additionally, the 

maximum value of the predominant component generated in 

the bridge section increases as the state of the bridge 

approaches resonance; therefore, the larger the dynamic-

response amplification due to resonance (such as C (250 

km/h)), the easier it is to detect, and grasping the degree of 

resonance from the magnitude of the maximum value of the 

predominant component may be possible. The position at 

which the maximum value of the envelope difference occurs 

tends to deviate from the bridge mid-span depending on the 

train speed. If this speed is slower than the resonance speed, it 

shifts toward the exit side; if it is faster than the resonance 

speed, it shifts toward the entry side. In addition, the carbody 

acceleration is amplified on the exit side of the bridge due to 

the effect of the carbody’s residual vibration after exiting the 

bridge, such that the base of the peak caused by the resonance 

tends to slightly extend toward the exit side.  

 Effect of track irregularity 

The effects of track irregularities such as distortion and rail 

unevenness upon the resonance-detection accuracy are 

investigated. Track irregularity is characterized by the one-

sided power-spectral density function (PFD) 𝑆𝑟𝑟(Ω) , where 

Ω = 2𝜋/𝐿𝑟  rad/m is the wavenumber or spatial frequency as 

explained by Wiriyachai et al. [15] and 𝐿𝑟 is the wavelength of 

the track irregularity. In this study, track irregularity is 

generated by Eq. (12), which was used by Lei and Noda [16]: 

𝑆𝑟𝑟(Ω) = 𝑘𝐴
Ω𝑐

2

(Ω2 + Ω𝑐
2)Ω

; (7) 

where 𝑘 =0.25 and Ωc =0.8245 rad/m. The value of the 

coefficient A is given in six steps according to the condition of 

the railway. For high-speed railways, it corresponds to grade 6, 

which is in the best maintenance condition, and A = 3.39 [16]; 

however, this is significantly higher than the actual 

management level of high-speed railways in Japan. The track 

irregularity of Japanese high-speed railways is approximately 

±3 mm, as evaluated by the 40-m chord versine (i.e., the 

relative displacement from the average values of points situated 

20 m before and after the evaluation-target point) [17]. 

Therefore, when the coefficient A is calculated such that the 

99% confidence interval of the evaluation value of the 40-m 

chord versine is ± 5 mm, A = 0.96. In this study, A = 0.96 and 

grade 6 (A = 3.39) from Ref. [16] are targeted as track 

irregularities according to the actual state of management of 

Japanese high-speed railways. To consider the uncertainty of 

the track irregularity, 10 such irregularities are randomly 

generated from Eq. (7) in the cases of A = 0.96 and A = 3.39. 

Figure 8 shows the track irregularities created for A = 0.96 

and A = 3.39, respectively. The irregularity created with A = 

0.96, which is close to the actual state, is approximately ±2.5 

mm in the bridge section, and the track irregularity created with 

A = 3.39, which is larger than the actual state, is approximately 

±6 mm. The bridges and vehicles are the same as the basic case. 

In addition, the range of 0–30 m in Fig. 8 corresponds to the 

bridge section. Track irregularity is created in the section from 

−1,000 to +1,000 m, and the vehicle is started from the position 

at which its first wheelset is −500 m, such that the vehicle 

would be in a steady state when passing through the bridge. The 

proposed method is applied to the obtained carbody 

accelerations of the first and last vehicles when passing through 

the bridge. 

 

 

 

Figure 8. Examples of simulated track irregularities; (a) A = 

0.96, (b) A = 3.39. 

 

Figure 9 shows the effect of track irregularity. The red line 

results when the track irregularity is not considered. When the 

track irregularity shown in Fig. 9(a) is close to the actual 

condition, A = 0.96, the variation of the envelope difference due 

to this irregularity is less than approximately 0.1 m/s2. This 

variation is small compared with the maximum value of the 

predominant component in the bridge section at resonance. 

Additionally, since there is no large deviation in the position 

where the local envelope difference is distorted or where the 

maximum value occurs, the non-resonant bridge (A or E) and 

the resonant bridge (C) can be judged.  

When the track irregularity of A = 3.39 (which is larger than 

the actual condition shown in Fig. 9(b)) is used, the variation of 

the envelope difference also increases, especially in the 

resonance (C (250 km/h)) and near-resonance (B (230 km/h), 

D (270 km/h)) states, where a maximum variation above 0.35 

m/s2 occurs. This is equivalent to the maximum value of the 

dominant component due to resonance, and in some cases, the 

dominant component due to resonance disappears. Therefore, 

although the track irregularity of A = 3.39 does not exist in 

reality under the control of high-speed railways in Japan, 

detection accuracy may decrease on routes where the maximum 

value exceeds ±10 mm in the evaluation with 40-m strings. 

 Effect of measurement error 

The effects of measurement noise (measurement error) of 

accelerometers are investigated. For the basic case, a number 
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randomly generated from a normal distribution with an average 

of 0 and a standard deviation of 0.2 m/s2 is added to the carbody 

accelerations as a measurement error. From previous data for 

actual measurements, the accelerometer error is about 0.05–

0.001 m/s2 at maximum. Here, the above setting is used as an 

extreme example, with a view to using an inexpensive 

acceleration sensor without accuracy compensation. 

Figure 10 shows the carbody acceleration of the first and last 

vehicles, including the measurement error at each train speed. 

Since the standard deviation of the added error is large, the 

effect is also noticeable in the acceleration responses. 

Figure 11 shows the envelope difference at each train speed 

obtained as a result of applying the proposed method. The 

difference caused by the presence or absence of measurement 

error is about 0.01 m/s2 at maximum, and it can be seen that 

even with the addition of a significant measurement noise, there 

is almost no effect upon the detection accuracy. 

(a)  

(b)  

Figure 9. Effect of track irregularities for resonant-bridge detection (span = 30 m); (a) A = 0.96, (b) A = 3.39. 

 

Figure 10. Carbody accelerations with measurement error (span = 30 m). 

 

Figure 11. Effect of measurement error upon resonant-bridge detection (span = 30 m). 

 

Figure 12. Effect of position-synchronization error (span = 30 m). 
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 Effect of position-synchronization error 

The actual on-board recorded data has some position 

identification error. In addition, the relative positions of the 

vehicle bodies in the rail direction fluctuate to some extent. 

Thus, the effect of the position-synchronization error of the first 

and last vehicles is verified. For the basic case, the position 

coordinates of the last vehicle with respect to the first are 

changed from −1.0 to +1.0 m. Since the error of the existing 

position-synchronization method generally falls within 0.25 m 

[18], the setting range introduces the position-synchronization 

error of the first and last vehicles, which is slightly larger than 

the actual one. 

Figure 12 shows the envelope difference at each train speed 

when position-synchronization error is introduced in the last 

car. Even if the position-synchronization error of the first and 

last vehicles is about ±1.0 m, the envelope difference barely 

changes. Therefore, if the position-synchronization error falls 

within a realistic range, the effect upon the detection accuracy 

of the resonance bridge is almost nonexistent using the 

proposed method. 

4 CONCLUDING REMARKS 

In this study, a drive-by resonant-bridge detection method was 

proposed. After explaining the theoretical background of the 

proposed method, the authors proposed their method, which 

made use of BPF processing, envelope processing, and 

difference processing between the first and last vehicles. 

The feasibility of the proposed method was numerically 

verified using a VBI model for a typical high-speed railway 

bridge with a span of 30 m. The influences of track irregularity, 

measurement error, and position-synchronization error upon 

the detection accuracy were found to be small. Currently, this 

method is being applied to actual railways and its applicability 

to various span lengths is being verified. Further results will be 

published at another opportunity. 
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ABSTRACT: The integral application of robust and reliable SHM systems requires the performance evaluation of damage 

detection techniques, both for real field data and for realistic damage cases, which are rarely possible to obtain in full-scale 

bridges. In this context, the use of laboratorial models is essential. This paper presents the design of a reduced-scale laboratorial 

model of a metallic structure that simulates the deck of a bridge bearing in mind the implementation of a smart SHM system. 

The main objectives of this model are the development and validation of damage detection methods by inducing practical 

damages under controlled, although realistic, conditions. 

The design of this bridge model was supported by both CAD and finite element model software that allowed to conceive in 

detail its various components as well as a complete and extensive loading system that include permanent loads, thermal loads, 

and live loads. The small-scale model, conceived to accurately simulate a real-world bridge, was also designed from the ground-

up with the concept of damage scenarios and its control and monitoring in mind. 

This work presents in detail this laboratorial model that is being developed and discusses the preliminary experimental results 

achieved during a loading test. 

KEY WORDS: Structural health monitoring; reduced-scale laboratorial model; metallic structure; static load; moving load; 

thermal load; numerical analysis; damage detection. 

1 INTRODUCTION 

Structural health monitoring (SHM) consists of an in-depth 

analysis of a structure over a determined period of time, in 

which the structure will be monitored, allowing the user to 

collect reliable data in real-time, and to determine the current 

health state of the system 1 The on-demand screening of the 

structure may grant the possibility of an effective maintenance 

plan or, in more extreme cases, a window to prevent potential 

catastrophes. Therefore, the spread of SHM systems in civil 

engineering structures around the world is indeed important, 

especially in the long-term.  

In fact, bridges represent a key component in any nation´s 

transportation system [2]. Their nature and importance made 

them primary targets in sceneries of war [3]. Naturally, and 

considering the variety of infrastructures present in the 

universe of civil engineering, SHM has particularly been 

drawn to bridges. When applied on bridges, SHM is defined 

as direct bridge monitoring [4]. Considering the fact that the 

majority of bridge failures occurs without any external action 

[5], SHM is, undoubtedly, part of the road to ensure the safety 

of its users, as an incorrect assessment of a bridge structural 

health status may lead to the loss of human lives. 

Unfortunately, and as a result of the considerable costs 

required to implement such systems in the totality of 

structures spread throughout the world, economic obstacles 

are still a decisive factor why most structures are still stripped 

of any kind of instrumenting [4]. Regardless, SHM 

importance is being increasingly recognized and motivated the 

creation of a comprehensive research on the possible 

implementation of such systems on real-world bridges, subject 

which will be explored in the present document. 

Metallic bridges first appeared between the end of the 

eighteenth century and the beginning of the nineteenth 

century, largely due to the demands generated by the 

industrial revolution. During this period of time, the 

increasing requirements both for roads / highways, as well as 

railroads, consequences of the new necessities of the general 

population and industry, resulted in a significant surge 

regarding bridge construction.  

Despite their age, many of these bridges still play a crucial 

role in the infrastructure systems. In addition, these structures 

are items of great historic and heritage value for the cities. In 

this context, along with the fact the authors have previous 

experience in old metallic bridges (Trezoi [6], Eiffel [7], 

Pinhão bridge [8], to name a few), this paper will focus on the 

implementation of a SHM system on a reduced-scale, yet 

realistic, steel truss bridge. The model was designed from the 

ground-up to withstand a set of planned damage cases in a 

reversible way, making the structure a very versatile prototype 

for the development of damage detection methodologies. The 

possibility of inducing damage under controlled conditions in 

an accurate real-world scale model, deemed itself invaluable. 

This article emphasizes the study of thermal, static, and 

moving loads on a reduced-scale laboratorial model and its 

development, while making references to similar case studies 

and their importance.  

The paper is sub divided into four main sections. Firstly, 

similar articles regarding SHM applications on bridges, 

results, and their respective motivation are concisely 

presented. Secondly, a thorough description of the reduced-

scale laboratorial model is provided, including the different 

components and loads to be applied, followed by several 
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results. Subsequently, several results, obtained during the 

design phase and preliminary testing, are presented and 

analysed. Lastly, conclusions and follow up studies are 

summarized. 

2 REDUCED-SCALE LABORATORIAL MODELS 

SHM has long been implemented in reduced-scale laboratorial 

models. Inducing damage on a controlled environment has 

revealed itself a vital part of structural research. The 

possibility of studying damage effects on representations of 

real-world scenarios considering different materials and 

shape, has been extensively studied in previous researches [9]. 

Among others, due to its importance, it is worth mentioning 

the laboratory model of a suspension bridge [10], with a total 

length of 2.13 m, designed to simulate different loading cases, 

perform rational damage scenarios, and receive a different 

type of sensors. The main objective is to develop and validate 

in a controlled environment many damage detection 

algorithms. 

Other laboratory models used to explore damage detection 

algorithms, smaller in dimensions but also important, deserve 

to be highlighted. Among them, the development of a moving 

vehicle with an array of sensors which would then travel 

across a metallic bridge proved to be of interest, as it allowed 

the authors to indirectly monitored the health of the structure 

[4]. Numerous tests were performed, considering different 

vehicle speeds, as well as reversible damage configurations 

with different degrees of severity. Another paper worth 

mentioning involves the thermal effect on metallic bridges 

[11], where a reduced model was submitted to accelerated 

daily heating and cooling cycles, as well as load cycles 

(simulating traffic´s effects) in the form of nodal forces. 

Damage cases were also applied, mainly the removal of bars 

or weakening a connection. 

SHM is also versatile in a way that empowers its users to 

choose from different methods of data-processing for 

knowledge extraction. This was demonstrated in-depth in 

prior master thesis, where the authors were able to obtain 

reliable outcomes, avoiding false detections of damage both 

through machine learning algorithms, as well as time series 

analysis [12]. 

As such, the extensive study of previous SHM systems 

allowed us to create a reduced-scale model, which is a 

realistic simulation of real-life bridges, that combines many of 

the features mentioned above. The ability to generate thermal, 

moving, and live loads, both individually or simultaneously in 

the developed model, as well as inducing different kinds of 

damage, represents, to the best knowledge of the authors, a 

pioneer accomplishment and was the main motivation for the 

present document. Fully automatic and extensively used SHM 

systems, due to their complexity, need to be studied and 

verified in-depth before being implemented in real world 

structures. Therefore, SHM have long been implemented in 

reduced-scale laboratorial models. The experience and results 

gained from simpler SHM systems may lead to the creation of 

an automated method of data collection, equipped with alarms 

in case abnormal values were detected, which included all the 

loads considered in the model (detailed explanation of the 

loads can be found in the following pages). 

3 DEVELOPED REDUCED-SCALE MODEL 

Following the experience of the authors on monitoring old 

metallic truss bridges, the laboratorial model is composed by a 

pair of Pratt truss girders, simply supported, with a total of six 

(0,5m) continuous modules, totalizing a span length of 3,0m 

(see Figure 1). Both truss girders are parallel and include top 

and bottom chords, verticals, and diagonals, 0,5m apart and 

0,4m high. The top and bottom chords consist of, respectively, 

L20×20×3 and L40×40×3 angle profiles (details concerning 

the selection of different cross-sections are given below). The 

verticals and diagonals are formed by L20×20×3 angle 

profiles.  

 

Figure 1. General view of the reduced-scale laboratorial 

model. 

Transverse beams, materialised by “U” profiles 

(U30×15×3), are applied at the nodes’ alignment at both the 

upper and lower-chord levels. In addition, the structure is 

laterally braced by 20×3mm² rectangular bars, arranged in 

“X”, not only on the bottom, but also across all the modules 

(vertically). At the top, the structure is endowed with a 

floor-system (described in detail below). 

 

Figure 2. Connection between bars using gusset plates. 

The connection between bars is assumed rigid and is 

achieved by M5 bolts of class 8.8 using 3mm thick gusset 

plates (visible in Figure 2). The adoption of similar gusset 

plates at every node (see Figure 3) enables the adding of new 

diagonals, that allowed to simulate one of the damage 

scenarios considered in this work, as detailed below.  
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Figure 3. Steel plates with holes for installing extra bars. 

In order to allow the passage of a moving load (described in 

detail below), the structure was endowed with a floor system 

constituted by a steel plate, 2mm thick and 0.46m wide, which 

is welded to two longitudinal “U” profiles that transfer the 

loads to the upper-chord at the nodes. As the goal of this floor 

system is only to withstand the moving load, it was detailed in 

such a way to avoid the increase of the bending stiffness of 

the structure. First, the floor system (including both the steel 

plates and the “U” profiles) is separated along the modules, 

i.e., it comprises an expansion joint at each vertical alignment. 

Second, the loads are transferred from the “U” profiles to the 

transverse beams (at the upper-chords level) through a 

specifically designed system (see Figure 4). The “U” profiles 

are attached to this system by bolted connections on both 

normal and slotted holes in each end, thereby allowing 

rotations at both ends and relative longitudinal movements 

between the floor system and the upper-chords. This way, 

under either differential thermal loading or bending of the 

structure, the floor system may deform separately and, thus, 

does not increase the stiffness of the structure. 

 

Figure 4. Support of the floor on the transverse beams. 

The structure was made of steel (ST 37), with the exception 

of the bottom chord, which was made of aluminum (EN AW-

5083). The choice of a different material for the lower chord 

aimed at trying to replicate on the laboratorial model the 

effect of the thermal loading, including the effect of radiation 

due to sun exposure, on a real bridge. The purpose was to take 

advantage of the differences in thermal expansion coefficient 

of the materials (0,000023 /ºC for aluminum and 0,000012 /ºC 

for steel). In general, the floor systems are placed at the upper-

chords level, which prevents the incidence of the sunlight on 

these structural elements. Conversely, the remaining elements 

may be exposed for most of the day, thus generating a 

substantial difference concerning the thermal deformation of 

both the top and bottom chords, regardless of the ambient 

temperature, which would be uniform for both. Therefore, in 

the laboratorial model, instead of inducing different 

temperature variations over the different structural elements, a 

similar effect may be achieved, under the same temperature 

variation over all the structural elements, by adopting 

materials with different thermal expansion coefficients. 

In comparison with steel, the aluminum has lower values for 

both the Young’s modulus and the yield strength. Therefore, 

to ensure appropriate resistance and stiffness of the bottom 

chord, a larger cross-section was needed. As mentioned 

above, the upper-chords, materialized with steel, consist in 

L20×20×3 angle profiles, whereas the lower-chords, 

materialized with aluminum, consist in L40×40×3 angle 

profiles. 

As aforementioned, the structure is simply supported. It 

rests over two pairs of roller supports allowing the 

longitudinal rotation at both ends (see Figure 5). The 

longitudinal displacement is blocked and allowed at, 

respectively, the right and left ends. At the right end, the 

rollers are welded to the structure, while at the left end it may 

displace over the rollers. The rollers are supported by two 

secondary structures (the pillars) materialized by an assembly 

of HEB160 profiles, which are fixed to the floor. 

 

Figure 5. Support conditions on the right end. 

Auxiliary structures, also endowed with a floor system, 

were placed at the ends of the structure (also visible in Figure 

1) with the solely purpose of allowing the moving vehicle to 

make the U-turn, and, in addition, to enable a recharging dock 

for it. It is worth mentioning that these structures are 

completely independent of the main structure. 

A complete loading system, which was conceived to operate 

autonomously, includes various types of loads with adequate 

proportion when in comparison to a real size bridge. The 

laboratorial model will be subject, in addition to permanent 

loads, both to operational (namely the effect of traffic 

conditions and the effect of a moving load crossing the 

structure) and environmental effects (namely temperature 

variations). Besides the self-weight of the structure, in order to 

reproduce other permanent loads, a set of six steel bars, of 

20kg each, were distributed along the structure on the 

transverse beams at the lower-chords level (see Figure 6). 
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Figure 6. Steel bars distributed along the beam. 

To simulate the effect of traffic conditions on the 

measurements collected along the continuous monitoring of 

the structure for temperature variations, two water tanks of 20l 

each, suspended on pre-determined transverse bars, can be 

automatically filled at different levels, simulating fluid or 

slow traffic situations on the bridge. A hydraulic circuit 

allows completely automatic loading and unloading cycles. 

In addition, an autonomous four wheels’ robot (see Figure 

7), with a maximum weight of 100kg, is used to reproduce the 

effects of vehicles crossing a bridge, allowing, as well, to 

obtain experimental influence-lines of critical quantities being 

measured. 

 

Figure 7. Robot on the bridge. 

Finally, the bridge will be subject to thermal variations with 

the objective of simulating environmental effects. In 

laboratory conditions, the use of infrared lamps connected to a 

programmable autonomous system enables the simulation of 

the daily and seasonal temperature cycles as well as their 

effects on the laboratorial model, although in a more 

accelerated way. 

To aid the design and the layout of the reduced-scale model, 

Autodesk Advance Steel® and Fusion 360® were used to 

generate accurate 3D renders. These virtual models have 

proven to be very useful to develop an extremely detailed 

model and to adopt the best solutions for the geometry, the 

steel profiles, the layout of both the connections and the 

supports, the auxiliary structures, the loading systems, etc., as 

well as the overall aesthetics of the structure (see Figure 8). 

 

Figure 8. Render of the reduced-scale model. 

In addition, to validate the solutions, a finite element model 

of the structure was created in Autodesk Robot Structural 

Analysis®. The numerical model, depicted in Figure 9, proved 

extremely useful, not only for the design of the structural 

elements, but also to analyse the structural behaviour both for 

the baseline and the damage scenarios. It is noteworthy to 

mention that neither the auxiliary structures nor the pillars 

were included in the numerical model. As regards the former, 

the auxiliary structures placed at the end of the main structure 

were not considered in the numerical model, as they do not 

impact the structural behaviour of the laboratorial model. As 

regards the latter, as the vertical deformability does not seem 

to be relevant, and taking into account the main structure is 

simply supported, the boundary conditions were assumed 

accordingly. However, these structures were analysed through 

a separate finite element model in order to determine their 

horizontal stiffness under lateral loads (in correspondence 

with the longitudinal loads induced by the structure under the 

case of a restraint for the longitudinal displacement of the 

supports, which is another damage scenario considered in this 

work that is carefully addressed below). Therefore, for the 

analysis of the behaviour of the main structure on this 

damaged condition, the horizontal stiffness determined herein 

was converted into an elastic support the numerical model. 

 

Figure 9. Numerical model. 

As previously mentioned, this reduced-scale model was 

conceived with the goal of implementing a smart SHM 

system, which might be readily applicable to real world 

bridges. Therefore, the structure was designed to accurately 

simulate the deck of a bridge, bearing in mind, as well, the 

simulation of damages, under controlled, although realistic 

conditions. Therefore, first, the laboratorial model described 

above is thoroughly analysed and taken as a baseline. Then, 

based on this as a reference condition, the damage scenarios 

are introduced and the effects on the structural response are 

carefully analysed. 
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Although these structures may be subject to many different 

types of damage, three main scenarios were selected: 

• Losses in the cross-section of critical bars; 

• Loss of structural elements; 

• Restraints of the longitudinal displacements at the 

support bearings. 

The first scenario intends to analyse the loss of rigidity of 

critical bars due to losses in their cross-sections, which may 

be associated with a corrosion phenomena and ageing of 

structures. In this model, this scenario can be easily managed 

by replacing bars with different geometrical and mechanical 

properties. 

The second scenario aims at simulating the total loss of 

structural elements (i.e., the inability of these elements of 

carrying forces), which may be due to either the total loss of 

their cross-sections or the failure of the connections. 

However, as the baseline model is statically determinate, both 

externally and internally, the loss of structural elements would 

lead to the failure of the structure. Therefore, this damage 

scenario may be “artificially” managed by adding instead of 

removing bars from the structure. 

In the third scenario, to restrain the longitudinal 

displacements (with the objective of simulating the 

degradation of the support bearings), a device was designed to 

be added to the left end of the model (in which, in the baseline 

scenario, the horizontal displacements are allowed). In this 

support (see Figure 10), longitudinal displacements are 

restrained by the bending of a cantilever bar, which connects 

the roller supports to the pillars, through a pair of stretchers. 

Therefore, the horizontal displacement of the end of the model 

is controlled by the inertia of the cantilever bar. Once this bar 

was designed to be easily changed (a steel rectangular hollow 

section of 20×30×3 is displayed in Figure 10), it is possible to 

simulate different levels of restrains which means different 

levels of damage applied to the support. Besides, the 

conversion of the model to a simply supported structure can 

be effortlessly handled by disconnecting the stretchers to the 

cantilever bar. 

 

Figure 10. Support conditions on the left end. 

 

4 RESULTS 

4.1 Baseline scenario results 

This section presents the structural behaviour of the 

laboratorial model in the baseline scenario, as previously 

described, estimated with the finite element model. 

The structural response was evaluated under the following 

loads: the self-weight of all the elements of the structure; 

other permanent loads (corresponding to the steel bars placed 

over the transverse beams at the lower-chords level), uniform 

variations of temperature of +10ºC and -10ºC; and two live 

loads: (i) two water tanks of 20l each, one located at mid-span 

and the other at the adjacent module; (ii) and the 100kg 

weight robot located at mid-span. 

Although a considerable number of structural parameters 

were collected and analysed, only a few were selected to 

present in this paper. Therefore, Table 1 presents the 

horizontal (h,M) and vertical (v,M) displacements at the mid-

span of the bridge and the maximum axial force of the 

lower-chord (NLC) while Table 2 displays the horizontal 

displacements for the left (h,L) and right (h,R) ends of the 

model, as well as the corresponding rotations (L and R). It is 

worth mentioning that horizontal displacements to the left, 

vertically upwards displacements and counterclockwise 

rotations are considered positive. 

In addition to the results presented in the tables, Figure 11 

to Figure 13 depict the deflected shape of the laboratorial 

model under the loads mentioned above. 

Table 1. Results for the baseline model (1/2). 

 
h,M 

[mm] 

v,M 

[mm] 

NLC 

[N] 

Self-weight 0.022 -0.102 261.9 

Other permanent loads 0.038 -0.154 416.5 

Thermal load (+10ºC) 0.322 -0.209 -397.4 

Thermal load (-10ºC) -0.322 0.209 397.4 

Live load (water tanks) 0.015 -0.077 267.7 

Live load (robot) 0.036 -0.182 449.2 

 

Table 2. Results for the baseline model (2/2). 

 
h,L 

[mm] 

L 

[º] 

h,R 

[mm] 

R 

[º] 

Self-weight 0.038 -0.004 0.006 0.004 

Other permanent loads 0.064 -0.007 0.011 0.008 

Thermal load (+10ºC) 0.641 -0.003 0.004 0.003 

Thermal load (-10ºC) -0.641 0.003 -0.004 -0.003 

Live load (water tanks) 0.030 -0.003 0.004 0.003 

Live load (robot) 0.063 -0.006 0.010 0.007 

 

 (a) 

 (b) 

Figure 11. Deflected shape of the structure due to the self-

weight (a) and other permanent loads (b). 
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 (a) 

 (b) 

Figure 12. Deflected shape of the structure due to the thermal 

load +10ºC (a) and -10ºC (b). 

 

 (a) 

 (b) 

Figure 13. Deflected shape of the structure due to the live 

loads: filled water tanks (a) and moving load at mid-span (b). 

As the verticals and the diagonals are connected to the 

gusset plates through a single bolt at each end, by adjusting 

the tightening of the bolts, the connection type ranges between 

rigid (assuming that slip does not occur) and hinged. 

However, the results of the numerical analysis of the structure 

assuming hinged connections at both ends of the truss girders 

verticals and diagonals have shown that the global behaviour 

of the structure does not change significantly. The comparison 

of the numerical models estimates between the scenario in 

which the connections are assumed rigid (corresponding to the 

baseline condition) and a scenario in which the connections 

are assumed hinged is presented in Table 3 and Table 4. The 

loading cases selected were: a uniform variation of 

temperature of +10ºC, the two water tanks of 20l each, 

positioned as described before, and the 100kg weight robot 

located at the mid-span of the bridge. 

Table 3. Results for the loss of rigidity of the connections 

(1/2). 

Load Model 
h,M 

[mm] 

v,M 

[mm] 

NLC 

[N] 

T 
(+10ºC) 

Baseline 0.322 -0.209 -397.4 

Released 0.312 -0.209 -394.9 

Water 

tanks 

Baseline 0.015 -0.077 267.7 

Released 0.014 -0.078 267.3 

Robot 
Baseline 0.036 -0.182 449.2 

Released 0.035 -0.184 448.6 

 

 

Table 4. Results for the loss of rigidity of the connections 

(2/2). 

Load Model 
h,L 

[mm] 

L 

[º] 

h,R 

[mm] 

R 

[º] 

T 
(+10ºC) 

Baseline 0.641 -0.003 0.004 0.003 

Released 0.632 0.005 -0.006 -0.004 

Water 

tanks 

Baseline 0.030 -0.003 0.004 0.003 

Released 0.030 -0.003 0.004 0.003 

Robot 
Baseline 0.063 -0.006 0.010 0.007 

Released 0.062 -0.006 0.009 0.006 

 

4.2 Damage scenarios results 

The damage scenarios considered for this laboratorial model, 

as described above, were selected and applied in the structure 

with the objective of being representative of some typical 

problems observed in this type of metallic bridges. The effects 

on the structural response (observed over the different 

structural parameters measured) depend not only on the type 

of structural modification, but also on its severity. 

As an example, Table 5 and Table 6 present the effects on 

the structural response, estimated with the finite element 

model, of restraining the horizontal displacement at the 

support bearings of the left end of the structure. In addition to 

the baseline scenario, these tables also include two levels of 

severity, in which a 20×30×3 and a 50×30×3 RHS tubular 

profiles, respectively, were applied in the cantilever bar to 

restrain the longitudinal displacement (as carefully described 

above). 

Table 5. Results for the restraints of the longitudinal 

displacements on the left end (1/2). 

Load Model 
h,M 

[mm] 

v,M 

[mm] 

NLC 

[N] 

T 
(+10ºC) 

Baseline 0.322 -0.209 -397.4 

20×30×3 0.090 -0.118 -944.6 

50×30×3 -0.084 -0.050 -1357.8 

Water 

tanks 

Baseline 0.015 -0.077 267.7 

20×30×3 0.003 -0.073 240.9 

50×30×3 -0.005 -0.070 220.7 

Robot 

Baseline 0.036 -0.182 449.2 

20×30×3 0.012 -0.173 393.0 

50×30×3 -0.006 -0.166 350.7 

 

Table 6. Results for the restraints of the longitudinal 

displacements on the left end (2/2). 

Load Model 
h,L 

[mm] 

L 

[º] 

h,R 

[mm] 

R 

[º] 

T 
(+10ºC) 

Baseline 0.641 -0.003 0.004 0.003 

20×30×3 0.363 0.061 -0.182 -0.115 

50×30×3 0.153 0.108 -0.323 -0.203 

Water 

tanks 

Baseline 0.030 -0.003 0.004 0.003 

20×30×3 0.017 0.000 -0.005 -0.003 

50×30×3 0.006 0.003 -0.012 -0.007 

Robot 

Baseline 0.063 -0.006 0.010 0.007 

20×30×3 0.035 0.000 -0.009 -0.005 

50×30×3 0.013 0.005 -0.024 -0.014 
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The structural parameters were analysed for: a uniform 

thermal load of +10ºC; the action of the water tanks of 20l 

each, positioned as described before; and the effect of the 

100kg weight robot located at the mid-span of the bridge. 

In addition, Figure 14 to Figure 16 depict the deflected 

shape of the laboratorial model for both levels of severity for 

the restraint of the longitudinal displacements. 

(a) 

(b) 

Figure 14. Deflected shape of the structure for the restraints of 

the longitudinal displacements on the left end due to the 

thermal load +10ºC: 20×30×3 (a) and 50×30×3 (b). 

(a) 

(b) 

Figure 15. Deflected shape of the structure for the restraints of 

the longitudinal displacements on the left end due to the filled 

water tanks: 20×30×3 (a) and 50×30×3 (b). 

(a) 

(b) 

Figure 16. Deflected shape of the structure for the restraints of 

the longitudinal displacements on the left end due to the robot 

placed at mid-span: 20×30×3 (a) and 50×30×3 (b). 

 

As expected, the deformation of the structure decreases as 

the severity of the restraint increases. In addition, increasing 

compression forces are added at the lower-chords as the 

severity of the restraint increases. 

In addition, it should be emphasized that, due to the 

horizontal flexibility of the pillars, the structure also displaces 

towards the “fixed” supports (placed at the right end). 

Moreover, due to the eccentricity of the supports in relation to 

the lower chords’ axis, the horizontal forces that arise from 

restraining the horizontal movements induce, locally, a 

rotation in the opposite direction at the end of the lower-

chords. Furthermore, it should be noted that, due to slight 

differences in the layout of the support bearings, the deflected 

shape of the structure is not symmetrical. 

4.3 Experimental results 

In order to achieve a preliminary validation of the numerical 

model with experimental results, the robot, with a different 

level of loading, is being utilized to cross the model´s deck. 

Vertical displacement values have been obtained by placing a 

displacement transducer (LVDT) on the middle span of the 

model (see Figure 17). On the other hand, the rotation data 

was gathered using electronic inclinometers, placed on both 

the right and left edge. During one of the loading tests, the 

vehicle stopped at each half meter position, which results can 

be observed by the levels displayed in Figure 18 for vertical 

displacements, and in Figure 19 for rotations. 

 

 (a)  (b) 

Figure 17. Instrumentation of the model during a loading test: 

(a) LVDT at mid-span; (b) Inclinometer at support. 

 

 

Figure 18. Vertical displacements registered at the middle 

span for the moving load in each position. 

 

 

Figure 19. Rotations registered at both edges for the moving 

load in each position. 
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Even though the experimental campaign is still in a 

preliminary stage, it has already produced some rather 

interesting results that have enabled the authors to gather 

information on the real behaviour of the reduced-scale model. 

The expectation is that in the near future the bridge will have 

been submitted to all the damage scenarios, with the 

respective extraction of results, which will then be compared 

to the previously presented numerical model. This exercise 

represents a key part of the conception of a SHM system to be 

applied to this structure. 

5 SUMMARY AND CONCLUSIONS 

The present paper presents the procedures that led to the 

project of a laboratorial model to be used in the 

implementation of a SHM system. In this process, the study of 

previous experiences and reports was of a major importance in 

order to understand the current state of the art, enabling the 

authors to advance to a more complex and robust solution. For 

the conception of the reduced-scale model, both the CAD 

project and numerical study were a key part of its 

development. The structure was therefore designed from an 

early stage to withstand the damage scenarios detailed and 

studied in this document. An autonomous system responsible 

for the application of the loads was also engineered to be fully 

automated and accelerated, yet always truthful to reality. 

Although it is still in its implementation stage, it will 

significantly complement the laboratorial model with a high 

level of autonomy. The preliminary experimental results 

presented, as well as the ones that have been gathered in the 

meantime, will allow to anticipate an answer from the 

structure in line with those collected from the numerical 

models. 

The detailed knowledge gained from the behaviour of the 

structure, along with the control regarding the loads and the 

damages applied, will allow the construction of a data base of 

essential information for the elaboration and development of 

sharper and more accurate damage detections models, thus 

representing a significant contribution to SHM systems. 

Although this kind of techniques has already been applied 

to a number of structures, the lack of an efficient algorithm 

able to process the data gathered by the sensors spread 

throughout the structure and respective warnings when values 

are detected outside the acceptable limits, in addition to the 

economic impact associated, still represent a significant 

obstacle to the implementation of SHM systems. 
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ABSTRACT: Wheel defects on railway vehicles are documented as a critical source of damage to railway infrastructure. Recently, 

the condition monitoring of railway infrastructure has become particularly important and has led the railway companies to apply 

artificial intelligence (AI) techniques to evaluate the railway wheel condition in operation, by monitoring and categorizing its 

severity. The process of implementing a wheel railway condition monitoring strategy involves the observation of the infrastructure 

over a period using frequently spaced measurements, the extraction of features from these measurements, and the analysis of these 

features to determine the current health state of the system. This research study mainly focuses on the feature extraction, feature 

normalization and the sensitivity of these features to signal's polluted with different noise intensities. The time series of 

accelerations recorded from the rail are used as input for the feature extraction techniques. An extensive study is performed in 

order to select the more adequate features, particularly those obtained from autoregressive (AR) models. The efficiency of a latent-

variable method implemented for feature normalization is successfully demonstrated. The effectiveness of the proposed approach 

is validated through the simulation of several structural conditions based on passing trains with and without wheel defects. Two 

types of trains were considered, namely the Alfa Pendular passenger train and a freight train. 

KEY WORDS: wheel flat detection, condition monitoring, feature extraction, autoregressive model, noise influence, feature 

normalization.   

1 INTRODUCTION 

Smart railway maintenance is crucial for the safety and 

efficiency of railway operations. Successful deployment of 

technologies, such as condition monitoring, enables railway 

companies to perform proactive maintenance before severe 

defects, to improve safety and operational efficiency. Wheel 

profiles have a considerable effect on the vehicle's safety and 

dynamic performance, e.g., vehicle dynamic stability, 

wheel-rail contact stability, and ride comfort. 

Wheel flats are formed when a wheelset is locked and slides 

along the rail due to brakes poorly adjusted, frozen or defective. 

The friction between wheel and rail causes the surface of the 

wheel to become flat instead of round. Wheel flats induce high 

dynamic impact loads on the railway infrastructure which 

causes significant damage on both vehicles and track, such as, 

broken axles, hot axle boxes, damaged rolling bearings, cracks 

on the wheels, rails and sleepers [1].  
During the last decades, several researches have proposed 

different methods for in-service measuring wheel defects, 

namely onboard [2, 3] and wayside [4-7] measurements. 

Recently, condition monitoring of railway infrastructure has 

become more significant, leading railway companies to take 

advantage of AI technologies.  Krummenacher et al. [8] have 

proposed two machine learning methods that automatically 

learn different types of wheel defects and predict during 

operation whether the wheel is defective or not. The methods 

detect wheel defects, based on the wheel vertical force 

measured by sensors installed on the railway network. A 

Bayesian probabilistic method was developed by Ni and Zhang 

[9] for online and quantitative assessment of railway wheel 

conditions using track-side strain-monitoring data. The 

proposed method is verified by using real-world monitoring 

data acquired by a distributed fiber Bragg grating-based 

track-side monitoring system and comparing it with the offline 

inspection results.  

Although research has been performed on machine learning 

methods for railway track inspection [10] and condition-based 

maintenance [11], according to the authors’ knowledge, only a 

few investigations have been conducted so far regarding the 

machine learning methods for diagnosing railway wheel 

defects. The previous study shows that, time-domain data is not 

enough to identify a wheel defect, because when the 

acceleration signal of the rail is contaminated by noise, the 

repetitive pattern in the evaluated signal resulting from the 

passage of the defected wheel could be drowned by that noise 

[1].  

The present study aims at extracting damage-sensitive 

features by fitting an autoregressive model to the track 

acceleration responses, which are used as input for a machine 

learning approach to evaluate the railway wheel condition in 

operation. Afterwards, the features are normalized to remove 

environmental and operational effects. The main contribution 

of this research study is to extract wheel flat from the raw data, 

even when the data is contaminated by noise. For this purpose, 

a 3D vehicle-track system coupling numerical dynamic model 

was implemented and the sensitivity of the AR parameters was 

tested for different noise intensity.  

2 DESCRIPTION OF THE NUMERICAL MODEL 

To develop the parametric study performed in the present 

paper, two different vehicles have been modelled, namely a 

passenger car belonging to the Alfa Pendular train and a 
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Laagrss container freight wagon. Figure 1 and Figure 2 show 

the dynamic multibody model of these vehicles. A 3D 

numerical simulation based on a train-track interaction model 

is performed. In this study, only a passage of one vehicle of 

Alfa Pendular and freight wagon along a track, is investigated. 

 

 
(a) 

 
(b) 

Figure 1. Dynamic model of the Alfa Pendular vehicle: 

(a) lateral and (b) front views. 

 

 
(a) 

 
(b) 

Figure 2. Dynamic model of the Freight wagon: (a) lateral and 

(b) front views. 

Both models are developed in ANSYS® [12] using rigid 

beam finite elements to model the several components of the 

car, namely the carbody, the bogies and the wheelsets, mass 

elements to simulate the properties of those components in 

terms of mass and rotary inertia and spring-dampers to model 

the suspensions. The mechanical properties of those 

components (mass and rotary inertia) are considered through 

mass point elements MASS21. Figure 1and Figure 2 depicts the 

dynamic models adopted for each train, in which k, c, m and I 

denoted stiffness, damping, concentrated mass and rotary 

inertia, respectively, and the subscripts cb, b and w refer to the 

carbody, bogies and wheelsets, respectively. Finally, the 

longitudinal, transversal and vertical distances are denoted by 

a, b and h, respectively, while s indicates the gauge and R0 is 

the nominal wheel radius. 

The numerical model of the track has also been developed in 

ANSYS® [12], and it consists of a three-layer model composed 

by the ballast and sleepers, modeled with mass point elements 

MASS21, and the rails, modeled with beam elements 

BEAM181. These three layers are connected through linear 

spring-damper elements COMBIN14, which simulate the 

foundation, ballast and pad/fastener, by the subscripts f, b and 

p, respectively. 

The dynamic train-track interaction coupling system is solved 

by using the numerical tool “VSI - Vehicle-Structure 

Interaction Dynamic Analysis”. This tool is based on the 

Lagrange multipliers method, in which the constraint 

equations, that relate the displacements of the train with the 

nodal displacements of the track, including the track 

irregularities, are added to the equilibrium equations, forming 

a single system that defines the coupling between the two sub-

structures. The dynamic coupling formulation, used in this 

work has been programmed in MATLAB® [13], which imports 

the structural matrices of the track and the train modeled in the 

FEM package ANSYS® [12]. A detailed description of the 

interaction model can be found in Montenegro et al. [14].   

To obtain a comprehensive picture of the system's response, 

three-dimensional numerical simulations are performed to 

reproduce a set of data. For this purpose, 12 positions 

distributed along the length of the equivalent perimeter of the 

wheel are considered in the rail track. Therefore, the 

accelerations are evaluated for 12 positions of the track 

representing the positions where the sensors would be installed 

in a real wayside system. The schematic of a vehicle containing 

a defective wheel passing through virtual sensors is presented 

in Figure 3. 

 

Figure 3. Schematic of a vehicle containing a defective wheel. 

In this study, the front wheel of the vehicle is considered as a 

defective wheel. Several combinations of wheel flat length (L) 

and wheel flat depth (D) are implemented in the present study. 

The range of 50-150 mm is defined for flat length, and the 

identified range for flat depth is found between 0.5-50 mm. The 

vertical profile deviation of the wheel flat is defined as: 
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𝑍 = −
𝐷

2
(1 − 𝑐𝑜𝑠

2𝜋𝑥

𝐿
) . 𝐻(𝑥 − (2𝜋𝑅𝑤 − 𝐿))   (1) 

          

where, D is the flat depth, L is the flat length, RW is the radius 

of the wheel. When a defective wheel rotates, the wheel flat 

causes a periodic impulse imposed by the wheel on the track 

with a specific frequency. 

3 STRATEGY FOR WHEEL FLAT DETECTION 

 Overview 

The time-series data obtained by the sensors installed in the rail 

track, is transformed into damage sensitive features that can 

represent the condition of the measured data. Based on the 

labelled features, a classification model can be trained to 

predict the class of unlabeled data. There could be two classes 

in the context of wheel flat detection, i.e., healthy or defective 

wheel. Figure 4 presents a framework of the wheel flat 

detection strategy mainly based on three steps: a. feature 

extraction, b. feature normalization, and c. feature 

classification. This research study is mainly focused on the 

steps of feature extraction and feature normalization of the 

mentioned framework. 

 

Figure 4. Framework of the wheel flat detection strategy 

 

 Feature extraction 

For feature extraction, an AR model with 30 parameters is 

defined by:  

 

𝑋𝑖 = ∑ 𝑎𝑖𝑋𝑗−𝑖 + 𝑒𝑗

𝑝

𝑖=1

 

 

(2) 

Xi is defined as a linear combination of the P previous response 

values based on the parameters ai; P is the order of the model; 

ej is an unobservable random error at discrete time index j [15]. 

The assumptions for damage and baseline scenarios, 

including the total number of analyses for each group, are 

summarized in Table 1. Initially, 100 analyses are performed 

for the baseline scenario due to the Alfa Pendular and freight 

vehicle passages. For the Alfa Pendular vehicle three types of 

loading schemes are considered: (a) full passengers trains, (b) 

half passengers trains, and (c) train without passengers. The 

vehicle speed varies between 20-60 m/s, and ten unevenness 

profile are considered for the rail irregularity. In addition, for 

damaged scenarios, 49 analyses are conducted for defective 

wheels with respect to the one vehicle of Alfa Pendular vehicle 

at 60 m/s, and 49 analyses are performed for a freight wagon at 

20 m/s.  Several wheel flat properties are considered for all 98 

damaged scenarios (49 for Alfa Pendular and 49 for Freight). 

To estimate the sensitivity of the AR parameters to the intensity 

of the noise, an artificial noise based on the maximum 

acceleration of the signal is generated and added to the main 

signal. Hence, new signals are generated considering different 

noise levels as 2.5%, 5% and 10% of the maximum acceleration 

of the initial signal.  

Table 1. Baseline and damage scenarios. 

 Baseline scenario Damage scenario 

Train Alfa Pendular 

Freight  

Alfa Pendular 

Freight  

Number of 

Loading 

schemes 

3 types per train 1 type per train 

Unevenness 

profile 

10  1 profile for each 

train 

Speeds 20-60 m/s 60 m/s for Alfa 

Pendular 

20 m/s for freight  

Noise ratio 2.5% 

5% 

10% 

2.5% 

5% 

10% 

Flat 

characteristics 

 Lengths: 50-

150mm 

  Depths: 0.5-1.5mm 

Total 

analysis 

100 98 

 

One of the challenging parts of this research study is 

distinguishing the defect when the signal is perturbed by noise. 

Although conventional signal analysis techniques, such as 

moving RMS and moving kurtosis, can identify defects, these 

methods are not ideal when the signal-to-noise ratio is low [4]. 

Figure 5 presents the filtered acceleration signal from 

accelerometer 1, considering different noise levels. All time-

series used in this work are filtered based on a low-pass digital 

filter with a cut-off frequency equal to 500 Hz. In this figure, 

the front wheel of the wagon has an 82.2 mm flat length and a 

0.83 mm flat depth.  

 

Figure 5. Acceleration signal from accelerometer 1 considering 

different noise levels. 

As shown in the previous figure, by increasing the noise level 

the repetitive pattern in the acceleration signal resulting from 

the passage of the defected wheel could be drowned by that 
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noise especially when the defect properties are small. 

Autoregressive models are also an essential tool of data fusion 

since it allows converting the matrix with more than 13000 

points of each measurement into 30 features. For each one of 

the 12 acceleration positions (presented in Figure 3), 30 AR 

parameters are extracted. Figure 6 and Figure 7 illustrate the 

autoregressive parameters for baseline and damage scenarios 

for features 3 and 7, for accelerometer 9. 

Moreover, the influence of the signal's noise in AR 

parameters for different noise intensity for healthy and 

defective wheels is also presented for all train passages. The 

vertical line shows the threshold between the passage of a 

healthy and a defective wheel. As shown in these figures, when 

the signal-to-noise ratio is high, the difference between healthy 

and damage scenarios is quite clear because the amplitude does 

not change much in the first 100 passes that belong to the 

healthy wheel passes. Afterward, the amplitude variation of the 

AR parameters increases, which indicates a defect in the wheel. 

When the signal-to-noise ratio is low, it is challenging to 

distinguish between defective and healthy wheels due to the 

noise. 

 
Figure 6. AR parameter 3 for healthy and defective wheels for 

signals with and without noise from accelerometer 9. 

 
Figure 7. AR parameter 7 for healthy and defective wheel for 

signals with and without noise from accelerometer 9. 

 Feature normalization 

In addition to the AR-based feature extraction computed for 

each one of the 12 sensors positions, the AR parameters are 

normalized to remove the operational effects and increase the 

sensitivity to damage. The feature normalization is addressed 

by implementing the latent-variable method called Principal 

Component Analysis (PCA). A thorough theoretical 

background regarding this method can be found in Ribeiro et 

al. [15]. Figure 8and Figure 9 show the feature normalization 

of parameters 3 and 7, respectively, for all structural conditions 

simulated, using the responses from accelerometer 9 with and 

without noise. As shown in these figures, two different damage 

behaviors are presented between passages 100 to 149 and 149 

to 198. The first behavior is related to the passage of one 

vehicle of Alfa Pendular train (100 to 149) at a speed of 60 m/s, 

while the second behavior between the passages 149 to 198 

belongs to the passage of a freight wagon with a lower speed of 

20 m/s. Therefore, the different damage behavior in the 

following figures is due to the passage of two types of vehicles 

with different speeds. 

 After data normalization, the variations caused by 

operational actions are efficiently removed from the features, 

but the influence of the damage remains unchanged. This step 
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of the wheel flat detection strategy reveals the utmost 

importance of distinguishing the defective wheel from the 

healthy one.  

 
Figure 8. Feature normalization for healthy and defective wheel 

for signal with and without noise for acceleration 9 and 

feature3. 

 
Figure 9. Feature normalization for healthy and defective wheel 

for signal with and without noise for acceleration 9 and feature 

7. 

4 CONCLUSIONS 

This research focuses on implementing the first two steps of a 

strategy to detect wheel flats. These steps include i) the feature 

extraction from acceleration responses and ii) the feature 

normalization of the parameters extracted. To prove the 

importance and efficiency of removing the operational effects 

from damage-sensitive features, sensitivity analyses of the 

features due to the different noise intensity of the signal are 

conducted. From the results, it is possible to infer that, the noise 

has a significant influence on the parameters, but its 

consideration is essential to obtain the most truthful 

representation of records measured in situ.  

The preliminary results obtained, attested the ability of the 

autoregressive models to extract damage-sensitive features 

using track accelerations for the passage of a vehicle with a 

defective wheel. Also, the normalization of the features proved 

to be crucial to remove the operational effects, such as noise, 

and increase the sensitivity to damage. After the feature 

normalization, in the presence of a defective wheel, there is a 

significant variation in the amplitude of the AR parameters.   

Moreover, future developments of this research aim to define 

a single indicator based on data mining, capable of 

autonomously distinguishing a healthy wheel from a defective 

one.  
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ABSTRACT: Traffic-induced stress cycles cause fatigue in steel bridges. The fatigue limit state assessment for critical details of 

steel bridges is dominated by several uncertainties about the load model and the structural performance. Especially for vehicular 

traffic, the high spatial and temporal randomness of the vehicle transit frequency and the axle weights require a probabilistic 

evaluation of the expected fatigue damage. It follows that the assessment of structural reliability of bridges with respect to fatigue 

through the load models described by technical standards can produce a rather conservative design due to the lack of site-specific 

traffic parameters. The use of integrated Weigh-In-Motion (WIM) permits a precise evaluation of the probability of fatigue failure, 

which may improve scheduling of maintenance and repair activities, thus improving safety and ensuring economic savings. The 

present paper aims at demonstrating and quantifying such economic gains enabled by WIM systems. Results have shown that, by 

utilizing data from WIM to obtain accurate knowledge of the major variables that define the traffic model, the expected decrease 

of structural reliability over time can be lower. In fact, in conducting predictions, the use of time-dependent prediction models 

requires the introduction of an additional random variable in the limit state function, mainly to take into account the uncertainties 

regarding the reliability of the traffic data to be representative of future conditions. The computation of the periodically updated 

reliability index, and then the probability of failure, by the collected WIM data also yields accurate assessment of the fatigue Life 

Cycle Cost (LCC). The yearly comparison of the expected LCC of different monitored period duration scenarios allows the 

identification of the payback time of the WIM system. 

KEY WORDS: Fatigue; WIM data; Reliability Index; Life Cycle Cost Analysis. 

1 INTRODUCTION 

In the last decade, several efforts were made in WIM 

technology developments for road bridges [1][2] for 

overweight truck recording [3], evaluation of strength 

performance of the bridge girders and traffic [4], and to monitor 

fatigue damage of steel components [4]. WIM systems in 

roadway bridges allow to collect all the necessary information 

to track the actual traffic conditions over the monitored bridge. 

In particular, WIM systems provide vehicle classification, such 

as traffic composition, the average daily traffic (ADT), the 

gross vehicle weight (GVW), the axles weight (AW), the axles 

spacing (AP) and the speed, and give valuable information for 

estimating future trends.  

The use of real traffic models instead of traffic loads defined 

by the standards yields less conservative traffic evaluations [6] 

and a more realistic and reliable fatigue damage assessment. An 

accurate analysis of fatigue damage allows a more precise 

assessment of the bridge's fatigue performance, through 

reliability analysis. Thus, more efficient operation and 

maintenance plans may be set up and economic savings can be 

made [7]. Although the benefits of the availability of 

monitoring data for reliability assessments are clearly stated, 

the implementation of monitoring systems, such as WIM 

systems, are limited to short duration campaigns [8] in order to 

reduce costs associated with system management. 

In the present paper, the effect of WIM data availability on 

life cycle cost estimation of roadway bridges is investigated. 

The use of Life Cycle Cost Analysis (LCCA) is gaining 

popularity due to its capability to take into account the 

uncertainty sources on the performance assessment [10][11] of 

the structures and proved to be a valuable optimisation tool 

[12].  

At first, a procedure for fatigue reliability index computation 

based on WIM data is proposed. During the monitored period, 

the quantities evaluated from the experimental data are 

assumed to be deterministic, whereas in the prediction periods 

of future damage, the same quantities are assumed to be random 

variables in order to take into account the uncertainties 

associated to the representativeness of future conditions by data 

collected at different times. This procedure has been applied to 

a steel-concrete composite roadway bridge and different 

scenarios of duration of the monitored period, including a 

continuous monitoring case, have been considered for the 

reliability index and failure probability assessments. Based on 

these results, the expected total costs of the different scenarios 

have been calculated over the years and compared with each 

other, allowing to identify the payback time of the system.   

2 FATIGUE DAMAGE BASED ON WIM DATA 

Two main methods to assess the fatigue damage of steel 

components of structures under periodic motions may be 

performed using the S-N approach based on the Miner’s Rule 

[13] and on the crack growth model. Under Miner’s Rule, the 

cumulative damage equation is used as follows: 

 Dn = ∑
n𝑖

N𝑖
𝑖

 (1) 

where ni is the number of cycles associated with the i-th stress 

range Δσi to which the analyzed detail is subjected, and Ni is 
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the number of stress cycles to failure at the same constant 

amplitude stress range. The Ni term can be taken from the 

relation between the stress range, under constant amplitude 

loading, and the number of stress cycles to failure for a specific 

metal detail, called S-N curve and defined by the following 

equation: 

 N∆σ𝑖
m = K (2) 

where K and m are the material parameters. According to this 

rule, all stress cycles lead to proportional fatigue damage, 

which is linearly additive. Therefore the Equation (1) becomes: 

 
Dn = ∑

n𝑖|∆σ𝑖

K
∆σ𝑖

m𝑖

 
(3) 

The corresponding fatigue limit state equation at time t is 

defined as [14]: 

 𝑔(𝐗, 𝑡) = Dcr − Dn (4) 

where X is the vector of random variables, Dcr is the critical 

value of Miner damage: since the failure occurs nominally 

when Dn achieves the unity, Dcr will be equal to 1. 

Under the crack growth model, the crack propagation rate, 

da/dN, of an analyzed metal detail, where a represents the crack 

depth, is computed by the following bi-linear equation: 

 d𝑎

dN
= A1(∆K)m1  for ∆K0 < ∆K ≤ ∆Ktr

d𝑎

dN
= A2(∆K)m2  for ∆Ktr < ∆K

 (5) 

 

where ΔK is the stress intensity factor range, ΔK0 is the cut-off 

value under which crack is assumed as non propagating and 

ΔKtr is the value at the transition point between the two lines, 

and Ai and mi are experimental material constants.  

In this paper, the probabilistic fatigue limit state assessment 

through WIM data is carried out in accordance with Miner’s 

Rule. The collection of the consecutive vehicle passages by the 

monitoring system allows the stress ranges spectrum to be 

extracted. The main steps to be achieved are explained below. 

The first step consists of the WIM data processing. A single 

record consists of an ID, recording time (or passage), vehicle 

class, vehicle axle number, total GVW, single AW and AP and 

vehicle transit speed. With a periodic processing of this 

information, it is possible to calibrate and control the traffic 

pattern of the monitoring site. The distributions of the number 

of daily passages, axle weights and wheelbases of the main 

recorded vehicles and the traffic composition can be updated 

on the basis of the collected site data and used to estimate the 

future evolution of the traffic load. 

The next step is the computation of the influence line of the 

tension state for the components of interest for the section of 

the bridge affected by the monitored traffic. Due to the linearity 

of the fatigue process, from the knowledge of the response of 

the bridge to a running unit load and from the monitoring data 

described above, it is possible to obtain the oscillogram relative 

to the analyzed member using the superposition principle as 

follows: 

 

η
j
(x)= ∑ AWnj

Na

n=1

η(x- ∑ APmj

n-1

m=1

) 

for 0≤x≤L+ ∑ APmj

Na-1

m=1

 

(6) 

where ηj(x) is the influence line at the section x for the j-th WIM 

record, Na is the total number of axles, AWnj is the weight of 

the n-th axle, APmj is the m-th axles spacing of the j-th passage, 

and L is the length of the bridge. 

Then, the detection of stress ranges and construction of the 

actual load spectrum at time t can be carried out. Stress ranges 

are obtained from the influence line obtained above through the 

application of the rain flow method [15].  Only stress ranges 

contributing to crack propagation, i.e. higher than the cut-off 

value for the class of components under examination, are used 

in the construction of the relative frequency plot. In this way, 

the actual load spectrum of the site for the selected monitoring 

period is obtained, which can be regularly updated by the new 

data provided by the monitoring system in the subsequent 

periods.  

Finally, the fatigue damage computation at time t is achieved. 

The following approximation is assumed in the calculation of 

Dn(t): the total number of cycles contributing to crack 

propagation due to the j-th vehicle, nj, is associated with the 

mean value of the load spectrum,  Δσmean,j. The value of the 

cumulative damage due to the j-th vehicle is obtained from the 

ratio between nj and the number of stress cycles to failure at the 

mean stress range Nj(Δσmean,j), as follows: 

 D𝑛,𝑗(t)=
nj 

Nj(Δσmean,j)
 (7) 

The sum of the contributions to the fatigue damage of the V 

vehicles recorded by the system provides the estimated value 

of the fatigue damage: 

 De= ∑ 𝐷𝑛,𝑗 

V

j

 (8) 

3 FATIGUE LIMIT STATE FUNCTION FOR 

MONITORED AND PREDICTION PERIODS  

The monitoring of heavy traffic through the collection of all 

passages on the studied road section allows to obtain the actual 

spectrum of stress ranges contributing to crack propagation. 

This spectrum is used to calculate the value of the cumulative 

fatigue damage according to Miner's rule, as discussed in the 

previous section. The obtained data can be assumed as 

representative of the future traffic conditions on the 

investigated bridge. However, due to the highly random nature 

that governs the acting load, i.e. the total number of daily 

passages and their distribution among different vehicles as well 

as the distributions of single axle weights and wheelbases, the 

obtained load spectra are strongly dependent on the monitoring 

period. Therefore, their use to estimate the damage in the post-

monitoring period, i.e. in the prediction period, must take into 

account in some measure the uncertainties about their capacity 

to represent future traffic conditions.  

For this reason, in the assessment of the fatigue limit state 

function, the time evolution of the cumulative damage is 

described by means of two complementary terms with respect 

to the lifetime, tL, of the structure: D1, represents the value of 

the accumulated fatigue damage during the monitoring period 

(0<t1<=tmon) and calculated according to the procedure 

described in the section above, D2 represents the expected value 

of the fatigue damage from the end of the monitoring period 

(tmon<t2<tL), based on the WIM data accumulated at the 
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previous instants t1. Therefore, the limit state function in 

Equation (4) becomes: 

𝑔(𝐗𝟏, 𝐗𝟐, 𝑡) = 1 − ∑ D1(𝑿𝟏, 𝑡1)

tmon

𝑡1=0

− ∑ D2(𝐗𝟐, 𝑡2)

tL

𝑡2=tmon+1

  

 

for 0 < 𝑡 ≤ tL 

(9) 

where X1 is the vector of random variables assumed in the 

monitored period and X2 the vector of random variables in the 

prediction period, while D1 and D2 are defined as follows: 

 D1(em, ed, 𝑡1) = ∑ ∑
n𝑗(𝑡1)

Nj(Δσmean,j(𝑡1))

em

1 − ed

V

𝑗=1

tmon

𝑡1=0

 (10) 

D2(em, ed, Δσj(tmon), 𝑡2)

= ∑ ∑
𝑡2 ∗ n𝑗(tmon)

Nj(Δσj(tmon))

em

1 − ed

V

𝑗=1

tL

𝑡2=𝑡𝑚𝑜𝑛+1

 
(11) 

where: 

• the random variable em is used to represent the 

measurement error of the WIM system in the GVW 

recording and then, given the linearity of the problem, 

in the stress ranges assessment; 

• ed represents the error committed in calculating the 

cumulative damage according to Equation (7). The 

actual value of the fatigue damage, Da, may be 

obtained by integrating the product of the 

experimental stress range spectrum from the cut-off 

value, ΔσL, to the maximum stress range value 

obtained by the rainflow method for the inverse 

function of the S-N curves. Since the use of Equation 

(7) in the definition of g involves a systematic error 

due to the actual shape of the distribution of Δσj, the 

introduction of the parameter ed allows to correct the 

estimated value of the damage index and it is defined 

as follows: 

 
ed= 

Da-De

Da

 
(12) 

Data from an initial monitoring phase is used to 

calibrate the ed error (therefore both estimated and 

actual values must be calculated), which is then 

assumed to be constant. Subsequent re-calibrations of 

ed may be made whenever significant changes in the 

traffic pattern are observed from data provided by the 

monitoring system; 

• Δσj(tmon) are the stress ranges of the vehicles updated 

to the last monitoring period, taken as random 

variables described by the pair mean and coefficient 

of variation (Δσmean,j(tmon), COVΔσj(tmon)) of the j-th 

stress ranges population obtained before.   

Once the limit state equation g has been defined, the 

probability of fatigue failure at the x position at time t, pf(x,t), 

can be obtained by the reliability index assessment, β(x,t). 

Since g is a non-linear function and the random variables are 

assumed to be uncorrelated, β is computed through the iterative 

Hasofer-Lind method [16]. 

 

4 FATIGUE-LCCA AND PAYBACK TIME 

EVALUATION 

In this paper, the benefits described above are quantified in 

terms of economic gain over the life cycle of the bridge. The 

probability of failure for a limit state, pf, is directly associated 

with the expected value of the failure cost, E[Cf], at time t, by 

the relation: 

 E[Cf(t)] = pf(t)cf (13) 

where cf is the cost of the consequences associated with the 

achievement of the limit state, namely the achievement of the 

threshold value of the failure probability. 

Hereafter, the probability of fatigue failure is used to 

compute the expected value of the repair cost E[CR(t)]. The 

repair cost relative to a section s of the bridge is split into a 

progressively increasing term, defined as a percentage of the 

unit failure cost by pf, and a unit repair cost, cr, assumed as a 

fraction of the failure cost [17] and which is activated when the 

assumed limit condition is reached, described by p
f̅
, as follows: 

 E[CR(t)]= {
∑ p

f
(s,t)cf

S

s=1

 if  p
f
(s,t) < p

f̅

cr  &if  p
f
(s,t) = p

f̅

 (14) 

where S is the total number of studied cross-sections of the 

bridge and the unit costs refer to the repair and/or replacement 

operations of the deck segment represented by the s-th section. 

Therefore, the presence of the monitoring system and the 

availability of the WIM data are included in the cost term 

through the failure probability. Also, in the evaluation of the 

total life cycle cost of the instrumented bridge, the monitoring 

system extra-costs for the whole monitored period must also be 

taken into account. The expected value of the total life cycle 

cost of a bridge with WIM system is defined in accordance with 

Equations (9)(10)(11) as:  

E[C(Lt)]=CI+CWIM,I+ ∑
CWIM,M(𝑡1)

(1+r)
𝑡1

+

tmon

𝑡1=1

∑
E[CR(t)]

(1+r)
t

Lt

t=1

 (15) 

where CI and CWIM,I are the initial cost of the bridge and the 

initial installation cost of the WIM system, including the 

purchase cost of the sensors, the cost of data collection and 

calibration of WIM system, computed at t=0, CWIM,M is the 

maintenance cost of the WIM system, such as the recalibration, 

on-situ maintenance and sensors replacement costs, computed 

at t1 instants, and r is the discount rate.  

In terms of life cycle cost analysis, the longer is the 

monitored period, the higher are the WIM system operating 

costs and the lower the expected repair costs, allowing the 

investment of the installed monitoring system to be recovered. 

Conversely, the shorter is the monitored period, the lower is the 

total CWIM,M but the higher the expected repair costs. By 

comparison of scenarios with different monitored periods, the 

potential payback tPB time can be identified, defined as the 

break-even point between costs and benefits of an SHM 

system. 

5 CASE STUDY APPLICATION 

 Case study bridge 

The described procedure is applied to the following case study. 

The investigated bridge is a highway steel-concrete composite 
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and multi-span viaduct located in central Italy. The cross-

section consists of two main double-T girders made of S355 

steel, 2.3 m high and spaced at 7 m, with a concrete slab 0.32 

m thick and having a 12.55 m transversal width. The adopted 

WIM system, based on piezoelectric transducers, is assumed to 

be located close to a highway entry in the heavy traffic lane. 

Taking into account the load footprint and the thickness of the 

slab and the road pavement, the resistant section considered in 

the analyses refers to a single girder, aligned with the heavy 

traffic lane, with equivalent slab of 5.54 m width. The analyzed 

segment is 570 m long and includes the longest possible portion 

of the bridge without exits, ensuring the consistency and 

suitability of the system data on all sections and maximizing 

the economic benefit by analyzing as many sections as 

possible. The number of analyzed sections is 57, assuming that 

each section is representative of a 10 m roadway length. The 

influence lines of the individual sections were obtained from a 

finite element model of the composite beam constructed in 

Matlab. The analyzed detail category is 125 in accordance with 

Eurocode 3 [18] and refers to the bottom continuous 

longitudinal welds. 

 WIM data 

The following reliability and cost analyses have been carried 

out starting from a WIM dataset provided by the Iowa 

Department of Transportation. The available data refers to a 

monitoring campaign carried out from July 1, 2009 to March 

31, 2011 on a heavy traffic road section in a section of the 

interstate I-80. The total dataset has been divided into 7 

quarters. The discretization period has been chosen in order to 

guarantee an appropriate representation of the traffic pattern of 

the monitoring site in the period unit. The given data are 

processed according to [19], and have highlighted the transit of 

all 34 vehicle categories. On the monitored road, most of the 

recorded passages refer to the 13-th category, that is the 9-th 

vehicle class with 5 axles. The term T-WIMq is used to indicate 

the scenario where the monitoring system is temporarily 

present on the bridge for q quarters, while C-WIM is used to 

denote the limit case of continuous monitoring, where the 

current WIM data are available over the whole lifetime. The 

processing of the collected data at the end of each monitored 

period, i.e. quarter, allowed to extract the stress range spectrum 

of the V=34 vehicles j for all the S=57 sections s of the bridge, 

according to the procedure described in Section 2. For each T-

WIMq scenario, where q=1,…,7, and for the C-WIM scenario, 

the terms D1 and D2 are derived according to the procedure 

described in Section 3. It is worth noting that in the C-WIM 

case, D2 term in Equation (9) disappears. The updating of the 

variables with the latest data are obtained by assembling the 

data of the successive monitored periods, according to the 

classical definition of probability. Figure 1 shows the stress 

range spectrum associated with the 13-th vehicle for the 37-th 

section located at the longest span of the bridge, for T-WIM1, 

T-WIM3, T-WIM5 and T-WIM7 scenarios. The number of total 

passages, n13, and the mean value used in Equations (10)(11), 

and the coefficient of variation used to compute β at instants t2, 

are updated each time a new monitored period is acquired. The 

stress range spectra calculated for the vehicle categories allow 

to calibrate the error parameter ed, whose mean and standard 

deviation are reported in The WIM data processing and the 

information on the performance of the applied monitoring 

system allow to obtain random variable parameters to calculate 

the reliability index. The use of Equations (9)(10)(11) to 

compute the fatigue reliability index entails that the time-

history of β, marked by a negative slope due to the 

accumulation of damage, presents a clear drop at the end of the 

monitored period due to the introduction of the additional group 

of variables Δσj(tmon), used to describe uncertainties related to 

the use of data collected at previous periods. It follows that the 

greater the extension of the monitored period, the greater the 

benefits in terms of fatigue reliability index and then in terms 

of failure probability of the monitored sections.  

Table 1 shows the mean and coefficient of variation of the 

error parameters em and ed, which are assumed constant for each 

t>0 and for all sections.  

Table 1. Mean and coefficient of variation of error parameters. 

V.A. Mean COV 

em 1 0.15 

ed 0.06 0.13 

 

The coefficient of variation of parameter em is equal to the 

precision of the monitoring system, therefore the mean is 

assumed to be equal to 1, as provided by the supplier of the 

system [19][22]. Instead, the parameters of random variables 

Δσj(tmon), where tmon is equal to q, change for the single sections 

and for the different considered T-WIMq scenarios. and are 

assumed to be constant for all instants t.  

 

 

Figure 1. Stress range spectrum per 13-th vehicle for T-WIM1 

(a), T-WIM3 (b), T-WIM5 (c) and T-WIM7 (d) scenarios. 

 Reliability index analyses  

The WIM data processing and the information on the 

performance of the applied monitoring system allow to obtain 

random variable parameters to calculate the reliability index. 

The use of Equations (9)(10)(11) to compute the fatigue 

reliability index entails that the time-history of β, marked by a 
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negative slope due to the accumulation of damage, presents a 

clear drop at the end of the monitored period due to the 

introduction of the additional group of variables Δσj(tmon), used 

to describe uncertainties related to the use of data collected at 

previous periods. It follows that the greater the extension of the 

monitored period, the greater the benefits in terms of fatigue 

reliability index and then in terms of failure probability of the 

monitored sections.  

Table 1 shows the mean and coefficient of variation of the 

error parameters em and ed, which are assumed constant for each 

t>0 and for all sections.  

Table 1. Mean and coefficient of variation of error parameters. 

V.A. Mean COV 

em 1 0.15 

ed 0.06 0.13 

 

The coefficient of variation of parameter em is equal to the 

precision of the monitoring system, therefore the mean is 

assumed to be equal to 1, as provided by the supplier of the 

system [19][22]. Instead, the parameters of random variables 

Δσj(tmon), where tmon is equal to q, change for the single sections 

and for the different considered T-WIMq scenarios. 

Figure 2 shows the values of the reliability index, evaluated 

through the Hasofer-Lind method starting from Equation (9) at 

instants t1=1:7 quarter for the most stressed section. 

  

 

Figure 2. Reliability index at t1 instants. 

Figure 3 shows the reliability index trend for the 37-th cross-

section for the T-WIM1, T-WIM5 and T-WIM7 and C-WIM 

scenarios. For the T-WIMq scenarios, β is characterized by a 

strong drop at the instant tmon, that is the end of the monitored 

period. This decrease is slightly smaller as the duration of the 

monitored period increases.  

By extrapolation of the available WIM data for the whole 

lifetime of the bridge, i.e. by extending D1 also to the instants 

t2 with the data from the last update, tmon=7 quarters, it was 

possible to derive a forecast of the fatigue reliability index trend 

in the limit case of continuous monitoring, as shown in Figure 

3 by the C-WIM curve. The proposed forecast is affected by the 

benefits of removing the D2 term in the limit state equation, 

since no updated data are available. However, the β-curve in 

the C-WIM scenario remains always higher than the T-WIMq 

cases, leading to benefits in terms of failure probability and 

then in economic terms, according to Equations (14)(15). 

 

 

 

Figure 3. Reliability index for T-WIM1, T-WIM5 and T-WIM7 

and C-WIM scenarios. 

 LCC analyses 

The economic benefit of the WIM system for fatigue 

monitoring of metal components of the bridges is now 

demonstrated by the comparison of the results of the cost 

analyses between the continuous monitoring and the temporary 

case T-WIM7. The results of the following cost analyses are 

provided in terms of total cost, obtained by normalising the 

individual cost terms of Equation (15) with respect to the initial 

cost of the bridge CI [21]. 

Table 2. Cost items used for LCCA [22][23]. 

Cost item Cost (€) 

CI 4.084.801 

CWIM,I 20.000 

cr 200.000 

cf 2.000.000 

CWIM,M - WIM maintenance 4.000/year 

CWIM,M - Sensors replacement 8.000/20 years 

 

Table 2 summarises the cost items involved in the analyses. 

The maintenance cost of the monitoring system has been split 

into a periodic management cost and a sensors replacement 

cost, applied every 20 years.  

The expected normalized cost for the two scenarios, shown 

in Figure 4(a), can be obtained by extending the reliability 

analysis up to the bridge lifetime tL=50 years and for all the 

bridge’s sections. Figure 4(b) depicts the time trend of the 

failure probability of all sections for the two scenarios. When a 

section reached the threshold probability value, assumed equal 

to 10-2 [14][20], the repair costs have been activated. The 
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number of sections that reached the threshold value dictates the 

magnitude of the cost and, therefore, of the leaps in Figure 4(a). 

In particular, the repair costs are triggered in the year after the 

threshold condition is reached, as it can be seen from the graph; 

in addition, the cost leaps due to sensor replacement at years 

t=20 and t=40 are highlighted in the figure. Despite the 

additional costs due to the maintenance of the monitoring 

system that the C-WIM case must count for all years, the high 

reduction of the failure probability is able to guarantee an 

economic gain over time. By annual comparison of the 

expected costs for the two scenarios, the payback time of the 

adopted WIM system could be estimated to be close to the 8th 

years, as shown in Figure 4(a). 

 

Figure 4. Total expected life cycle cost (a) and total probability 

of failure (b) for T-WIM7 and C-WIM scenarios. 

6 CONCLUSION 

In this paper, a procedure for fatigue reliability index 

assessment of metal components of bridges based on the use of 

WIM data is proposed. The reliability index is calculated in 

order to take into account the accuracy of the data as a function 

of the duration of the monitored period. Data acquired in the 

monitored period are assumed to be deterministic in the 

calculation of the index during the monitored period, and are 

assumed to be random during the prediction period. Therefore, 

the increase of the monitored period duration allows to delay 

the reliability index drop, and the failure probability increases 

due to the introduction of an additional group of random 

variables in the prediction period that is the stress ranges of the 

recorded vehicles. The described procedure has been applied to 

a multi-span composite bridge using available field WIM data 

obtained from an 18-month monitoring campaign. From the 

results, a smaller reduction in the reliability index could be 

observed as an additional benefit of a longer monitored period.  

The procedure highlights the economic benefits of continuous 

WIM system in a life cycle cost perspective. The proposed cost 

model takes into account both the extra costs due to the 

presence of the WIM system over time, such as maintenance 

and sensors replacement, and the failure probability benefits 

through the repair cost term. The comparison of the cost 

analysis between the continuous and temporary monitoring 

cases allows to both evaluate the possible presence of an 

economic benefit due to the reduction of the probability of 

fatigue failure and calculate the consequent payback time, due 

to the break-even point between costs and benefits of an SHM 

system. 
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ABSTRACT: Structural health monitoring (SHM) is being widely used for the safety assessment and management of existing 

bridges and structures. One of the objectives related to SHM is to maximize the information gained from the structural testing, 

while keeping the number of sensors and consequently the cost of the sensor system to a minimum. The current work 

investigates four of the most influential optimal sensor placement (OSP) methods: the modal kinetic energy (MKE) method, the 

effective independence (EFI) method, the information entropy index (IEI) method and the MinMAC method. The methods were 

developed in MATLAB and used as input data the modal analysis results of a finite element model built in ANSYS of the 

Streicker Bridge, a pedestrian bridge located on the Princeton University Campus. The resulting sensor positions were estimated 

for a configuration with 14 sensors, and the four OSP methods were evaluated for different numbers of target sensors in terms of 

different OSP criteria: the determinant (DET) of the Fisher information matrix, the information entropy index (IEI) and the root 

mean square (RMS) of the off-diagonal entries of the MAC matrix. The study indicates that the EFI method should be chosen to 

estimate the optimal sensor positions as it provides the largest amount of information with a relatively low computation time. 

KEYWORDS: Optimal sensor placement; Structural dynamics; Dynamic testing; Modal analysis; Pedestrian bridge. 

 

1 INTRODUCTION 

Bridges play a crucial role in the social and economic 

development of cities. The safety assessment and 

management of this type of structures is also particularly 

important and it can be carried out through different 

structural health monitoring (SHM) systems. 

SHM systems are expected to obtain the maximum 

amount of information from structural testing. Generally, the 

higher number of sensors are placed, the more detailed 

information of the structure can be obtained. However, the 

number of sensors is in many cases constrained by high 

costs of data acquisition systems and accessibility 

limitations. The main challenge related to SHM is to 

optimize the trade-off between the maximal information 

obtained by the sensor system and the material costs for the 

experimental set-up. 

The optimal sensor placement (OSP) has been a subject of 

important international research in the recent years. This 

paper investigates some of the most influential OSP 

methods and criteria and presents the implementation of the 

methods on a pedestrian bridge for the identification of five 

mode shapes.  

2 OPTIMAL SENSOR PLACEMENT CRITERIA 

It should be noted that the suitability of a sensor 

configuration depends on the evaluation criteria considered. 

In this paper, four influential criteria in dynamic testing 

(presented by Yi and Li [1]) are discussed: the measured 

energy per mode, the Fisher information matrix (FIM), the 

information entropy (IE) and modal assurance criterion 

(MAC). 

2.1  Measured energy per mode 

The kinetic energy is not evenly distributed into the natural 

modes of a structure. Therefore, the measured degrees of 

freedom (DOFs) of the structure are expected to capture a 

large part of the total kinetic energy of the structure. This 

criterion is based on the traditional heuristic visual 

inspection that consists in the visual inspection of the 

structure response, examination of the mode shapes of 

interest and selection of locations with high amplitude of 

responses  [1]. 

2.2  Fisher information matrix (FIM) 

This criterion results from minimizing the covariance matrix 

of the estimate error for an efficient unbiased estimator from 

the perspective of statistics [1]. The FIM is defined as 

follows: 

𝑸(𝑳) = (𝑳𝝓)𝑻(𝑳𝝓) (1) 

where, 𝝓 is the matrix of mode shapes (dimensions [n x n], 

or [n x m] if m target modes are considered), L is the 

Boolean [n x n] matrix that maps the sensor locations to the 

n DOFs. Thus, the Fisher information matrix 𝑸 is a [n x n] 

matrix, or a [m x m] matrix if m target modes are considered. 

In practice, three variants of the FIM are used: the minimum 

singular value, the determinant (DET) and the trace, which 
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are maximized to increase the information acquired and to 

decrease the uncertainties of the estimated parameters [1]. 

2.3  Information entropy (IE) 

The information entropy (IE) is the measure of uncertainty 

contained in the system parameters 𝜽. A minimal 

information entropy corresponds to a minimal uncertainty in 

the system parameters and to a maximal amount of useful 

information contained in the measured data. Hence, the 

sensor set should minimize the information entropy. The IE 

(scalar) of a sensor configuration L is given by: 

𝐼𝐸(𝑳, 𝜽𝒐) =
1

2
𝑁𝜃 ln(2𝜋) −

1

2
ln[det{𝑸(𝑳, 𝜽𝒐)}] (2) 

where, 𝜽𝒐 is the optimal value of the parameter set 𝜽 of 

length 𝑁𝜃 (number of parameters) that minimizes the IE, and 

𝑸(𝑳, 𝜽𝒐) is the [𝑁𝜃 x 𝑁𝜃] FIM. For the case of modal 

identification, the parameters that are of interest are the 

modal coordinates. Hence, the parameter set 𝜽 becomes a [m 

x 1] vector for m target modes and 𝑸(𝑳, 𝜽𝒐) becomes a [m x 

m] matrix. 

2.4  Modal assurance criterion (MAC) 

The modal assurance criterion (MAC) index is an indicator 

of the degree of correlation between two mode shapes. The 

function of MAC index is to provide a measure of 

consistency (degree of linearity) between estimates of a 

modal vector. Usually, the MAC index is used to compare 

an experimental mode shape with a numerical mode shape. 

Nevertheless, mode shapes from two finite element (FE) 

models and from the same FE model (self-MAC) can be 

also compared. 

The MAC index for a couple of [n x 1] column vectors 𝝓𝒊 

and 𝝓𝒋 of the mode shape matrix of a structure is defined as 

a scalar constant relating the degree of consistency 

(linearity) between one modal vector and another reference 

modal vector: 

𝑀𝐴𝐶𝑖𝑗 =
(𝝓𝒊

𝑻𝝓𝒋)
2

(𝝓𝒊
𝑻𝝓𝒊)(𝝓𝒋

𝑻𝝓𝒋)
 

(3) 

 

The MAC is a value that ranges between 0 and 1. A high 

value of MAC indicates a strong correlation between the 

two modes in comparison, while a low value indicates that 

the correlation between the two modes is weak. Usually, 

modes are regarded as correlated for MAC values larger 

than 0.8-0.9 [2]. 

MAC values can be represented in a MAC matrix. In the 

MAC matrix, diagonal elements are expected to be close to 

1 whereas off-diagonal elements are expected to be close to 

0. Therefore, the size of the off-diagonal elements could be 

an indication of optimal result [1]. 

Sensor configurations can be compared based on the root 

mean square (RMS) of the off-diagonal entries of the MAC 

matrix (see Equation (4)). The lower the RMS, the higher 

independence and distinguishability of the m target mode 

vectors. 

𝑅𝑀𝑆 = √
1

𝑚(𝑚 − 1)
∑ ∑ 𝑀𝐴𝐶𝑖𝑗

2

𝑚

𝑗=1
𝑗≠𝑖

𝑚

𝑖=1

        

𝑖 = 1, … , 𝑚 ;  𝑗 = 1, … , 𝑚 

(4) 

 

Another criterion related to the MAC is the maximum in 

the off-diagonal entries (MOD) of the MAC matrix. 

Similarly, MOD should be as low as possible. However, 

RMS is a more general measurement than MOD [3]. 

3 OPTIMAL SENSOR PLACEMENT METHODS 

Many methods have been developed for the obtention of 

optimal sensor placement configurations in the framework 

of structural health monitoring. These methods range from 

applying constraints on the objective function (deterministic 

methods) to sequentially find the sensors position 

(sequential methods) and to applying advanced artificial 

analysis techniques such as the genetic algorithms 

(combinatorial approaches) [1]. 

In this section, four well-known and widely used optimal 

sensor placement (OSP) methods are investigated: the modal 

kinetic energy (MKE) method, the effective independence 

(EFI) method, the information entropy index (IEI) method 

and the MinMAC method. These four methods consider 

uniaxial sensors and are based on the optimization of 

different criteria previously defined. 

3.1 Modal kinetic energy (MKE) method 

The modal kinetic energy (MKE) method, adopted by 

Krammer [4], is related to the measured energy per mode 

criterion and formulates the kinetic energy distribution as 

follows: 

𝑴𝑲𝑬 = diag(𝑴𝝓𝝓𝑻) (5) 

 

For m target mode shapes and n DOFs, 𝝓 is the [n x m] 

mode shape matrix and M is the [n x n] mass matrix. 

Therefore, 𝑴𝑲𝑬 is a [n x 1] vector whose elements 

correspond to the kinetic energy associated to each DOF 

considering multiple mode shapes. 

The DOFs are ranked according to their kinetic energy 

value and the N0 DOFs with the highest values are retained 

as the optimal sensor locations, with N0 being the number of 

target sensors. This method is not iterative. 

3.2  Effective independence (EFI) method 

The effective independence (EFI) method, proposed by 

Krammer [4], is an iterative method based on the backward 

sequential sensor placement (BSSP) algorithm and the 

Fisher Information Matrix (FIM). 

The backward sequential sensor placement (BSSP) 

algorithm works as follows: BSSP starts with all the DOFs 

of the structure monitored and sensors are removed, one by 

one, from the position that results in the smallest increase of 

the objective function. This procedure is continued up to the 

number of target sensors N0 is reached. 

The EFI method aims to maximize the linear 

independence between the m target mode shapes throughout 

the following [n x 1] vector: 
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𝑬𝑫 = [𝑳𝝓𝝍] ∘ [𝑳𝝓𝝍]diag(𝜦)−1 (6) 

 

where, the operator ∘ denotes the Hadamar product 

(element-wise multiplication), L is the Boolean [n x n] 

matrix that maps the sensor locations to the DOFs, 𝝓 is the 

[n x m] matrix of mode shapes, 𝜦 and 𝝍 are the [m x m] 

matrices of eigenvalues and eigenvectors, respectively, of 

the following eigenvalue problem: 

𝑸(𝑳)𝝍 = 𝝍𝜦 (7) 

 

𝑸 is the [m x m] Fisher Information Matrix (FIM) defined in 

Equation (1). According to Krammer [4], the independence 

distribution vector 𝑬𝑫, defined in Equation (6), can be 

alternatively formulated as follows: 

𝑬𝑫 = diag((𝑳𝝓)[(𝑳𝝓)𝑻(𝑳𝝓)]−𝟏(𝑳𝝓)𝑻) (8) 

 

Before applying the method, L equals to the identity 

matrix because the procedure starts with all the DOFs 

instrumented. In every iteration, the DOF with the lowest 

value in vector 𝑬𝑫 is removed from the sensor set and the 

mapping matrix L is updated. The procedure is continued up 

to the number of target sensors N0 is reached. 

3.3  Information entropy index (IEI) method 

The information entropy index (IEI) method, adopted by 

Papadimitriou and Lombaert [5], is an iterative method 

which aims to find a sensor set that minimizes the 

information entropy (IE) defined in Equation (2). The 

information entropy index (IEI), defined in Equation (9), is a 

normalized version of the information entropy [5]. 

𝐼𝐸𝐼(𝑳, 𝜽𝒐) = √
det𝑸(𝑳𝒓𝒆𝒇, 𝜽𝟎)

det𝑸(𝑳, 𝜽𝟎)
 (9) 

 

where, 𝜽𝒐 is the optimal value of the parameters set 𝜽 of 

length 𝑁𝜃 (number of parameters), and 𝑸(𝑳, 𝜽𝒐) is the 

[𝑁𝜃  x 𝑁𝜃] FIM. 𝑳𝒓𝒆𝒇 is the reference sensor configuration 

matrix, which equals to the identity matrix if all the DOFs 

are monitored. 

The IEI method can be used in combination with the 

backward sequential sensor placement (BSSP) algorithm: 

initially, the full configuration (n DOFs monitored) is 

assumed as a reference and then it is compared to all the 

possible configurations with one sensor less (n-1). The 

configuration with the lowest IEI is chosen and used in the 

following iteration. The procedure is continued up to the 

number of target sensors N0 is reached. 

3.4  MinMAC method 

The MinMAC method, proposed by Carne and Dohrmann 

[6], is an iterative method based on the forward sequential 

sensor placement (FSSP) algorithm and the modal assurance 

criterion (MAC). 

The basic steps of the forward sequential sensor 

placement (FSSP) algorithm are: being N0 the number of 

target sensors, the position of the first sensor is chosen as 

the one that gives the highest reduction of the objective 

function. Similarly, the second sensor is located in the 

position that gives the highest reduction of the objective 

function by assuming that the first sensor was already 

located at its optimal position. This procedure is continued 

up to the number of target sensors N0 is reached. 

The MinMAC method consists in minimizing the 

maximum of the off-diagonal terms (MOD) of the MAC 

matrix (see Equation (3)) in order to determine an optimal 

sensor set. The basic steps of the MinMAC method are the 

following: 

i. Choose N sensor locations (less than the required 

number of sensors N0) on intuition based on a 

visual inspection of the structure response.  

ii. The self-MAC matrix of the FEM modes is 

calculated for the initial sensor configuration plus 

one sensor (N+1). The diagonal elements of the 

self-MAC matrices are unity, in contrast to a cross-

MAC matrix between FEM modes and test modes 

[6]. The configuration that minimizes the MOD is 

chosen and used in the following iteration. 

iii. The procedure is continued up to the number of 

target sensors N0 is reached. 

As an alternative to the intuition set, an initial sensor 

configuration can be selected using another OSP method 

(e.g. the EFI method). 

4 PEDESTRIAN BRIDGE 

The different optimal sensor placement (OSP) methods were 

tested on a real scale structure: the Streicker Bridge. This 

pedestrian bridge, located on the Princeton University 

Campus (New Jersey, USA), was chosen as a test bed 

because it is actually instrumented with two fiber-optic-

based monitoring systems: a discrete fiber Bragg-grating 

(FBG) monitoring system and a distributed sensing using 

Brillouin optical time domain analysis (BOTDA) 

monitoring system. 

The footbridge is 104 meters long and consists of a main 

span and four legs (see Figure 1).  
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Figure 1. Plan and elevation drawings of the Streicker Bridge (PU & HNTB). 

The deck, made of post-tensioned high-performance 

concrete, is connected through six spandrels to a steel arch 

in the main span (deck-stiffened arch) and is supported by 

eight Y-shaped piers in the lateral legs (see Figure 2). Arch, 

spandrels and piers are made of weathering steel tubes filled 

with self-consolidating concrete. 

At the four abutments, the deck rests on elastomeric 

neoprene bearings. Both piers and arch are supported on 

concrete footings. The deck is connected to piers and 

spandrels through fixed connections. 

 

Figure 2. Detail of one pier, left, and one spandrel, right (PU 

& HNTB). 

In order to provide input data for the OSP methods a 

three-dimensional finite element (FE) model of the 

footbridge built by Lizana [7] was used (see Figure 3). The 

FE model, built in ANSYS Mechanical APDL, contains 97 

nodes and 83 Timoshenko beam elements with 6 DOFs at 

each node named BEAM188 in ANSYS. 

 

Figure 3. View of Model B in ANSYS [7]. 

The deck is connected to piers and spandrels through rigid 

body constraints, named CERIG in ANSYS, which link the 

centroid of the deck to the two upper nodes of the of every 

Y-shaped pier and spandrel and constrain the 6 DOFs. 

The boundary conditions are an idealization of the 

drawings’ representations. The bases of the piers and of the 

arch are fixed, while the supports at the four abutments are 

simple supports where all translations are constrained, 

whereas all rotations are allowed. 

The first five eigenmodes, reported in Table 1, were used 

as input to the OSP analysis (m=5). The mode shapes related 

to the first five eigenmodes can be considered flexural 

(vertical displacements are dominant) according to the 

modal deformations in the FE model and the modal 

participation mass. 

 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure  

1069 

Table 1. Modal frequencies calculated using FE model [7]. 

Mode N. Mode shape fFEM (Hz) 

1 Flexural 3.12 

2 Flexural 3.22 

3 Flexural 3.60 

4 Flexural 3.76 

5 Flexural 4.19 

 

The eigenfrequencies from modal analysis were compared 

to two natural frequencies experimentally determined by 

Sigurdardottir and Glisic [8] with the SHM systems installed 

in the Streicker Bridge. The experimental mode shapes were 

not obtained. Table 2 shows that there is an excellent match 

between the first numerical and experimental frequencies. 

However, the second experimental frequency matches the 

fourth numerical frequency. Relative errors 𝜀 are below 2%. 

Table 2. Comparison between experimental and numerical 

frequencies [7]. 

fEXP (Hz) 

Sigurdardottir and Glisic [8]  
fFEM (Hz) 𝛆 (%) 

3.11 3.12 0.32 

3.72 3.76 1.08 

5 OPTIMAL SENSOR PLACEMENT RESULTS AND 

EVALUATION 

The goal of the analysis is to determine the best OSP 

method for the identification of the first five modes of the 

structure. The methods, developed in MATLAB, use the 

modal analysis results of the FE model of the Streicker 

Bridge as input data. The resulting sensor positions are 

estimated for a configuration with 14 sensors, and the four 

methods are evaluated in terms of different OSP criteria for 

different numbers of target sensors (ranging from N0 = 5 to 

166). 

For the identification of the first five modes, the minimum 

number of sensors is 5 since it is known that the number of 

sensors should not be less than the number of mode shapes 

to be identified [1]. 

5.1  Resulting sensor positions (14 sensors) 

Considering that translations in the longitudinal direction 

(Y-direction) of the footbridge are almost null for the first 

five mode shapes, only two DOFs per node, corresponding 

to the vertical translation (Z-direction) and the lateral 

translation (X-direction), are considered in the analysis. 

Therefore, assuming that translations are constrained in 14 

nodes due to the boundary conditions, 166 DOFs are 

candidate to be monitored with the 14 available sensors. 

Figure 4 shows the sensor distribution estimated by the 

different OSP methods. The vertical sensors are represented 

by red triangles and the lateral sensors are represented by 

green squares.  

 

 

  

MKE method 

     = Vertical sensors 

     = Lateral sensors 
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Figure 4. Positions of the DOFs to be monitored for the MKE, EFI, IEI and MinMAC methods (14 sensors). 

Since the first five modes are flexural, all the sensors were 

expected to be placed measuring in the vertical direction. 

The MinMAC method, whose initial sensor set is formed by 

a single sensor located in the midspan of the longest span of 

the bridge, leads to a sensor set less likely to capture the five 

flexural modes as it places two sensors in the lateral 

direction. Conversely, the MKE, EFI and IEI methods place 

all the sensors measuring in the vertical direction. The EFI 

and IEI methods give the same sensor positions. None of the 

four methods place sensors on the northwest leg, which is 

the leg with the shortest longest span (abutment to pier span) 

compared to the other legs. 

It must be remarked that the flexural deflection in the 

bridge deck induces some torsional deformation due to the 

complex geometry of the structure. The EFI and IEI 

methods would be capable of identifying torsion in the main 

EFI method / IEI method 

MinMAC method 

     = Vertical sensors 

     = Lateral sensors 

     = Vertical sensors 

     = Lateral sensors 
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span deck since they place vertical sensors on 5 upper nodes 

of main span spandrels. The MKE method, on the other 

hand, places all the sensors on deck nodes and then it would 

not be able to capture torsion in any part of the deck. 

5.2  Evaluation of the OSP methods in terms of different 

OSP criteria 

Table 3 summarizes the values of the OSP criteria for the 

sensor configurations with 14 sensors. The EFI and IEI 

methods are the finest methods in terms of the determinant 

(DET) of the Fisher information matrix and the information 

entropy index (IEI), whereas the MinMAC method gives the 

best results in terms of the root mean square (RMS) of the 

off-diagonal entries of the MAC matrix. 

Table 3. Values of the OSP criteria for 14-sensors 

configurations. 

Method  DET IEI RMS 

MKE   8.21E-23 9.25 0.062 

EFI   1.14E-22 8.02 0.026 

IEI   1.14E-22 8.02 0.026 

MinMAC   4.57E-24 40.08 0.006 

All DOFs  7.34E-21 1.00 0.075 

 

For a range of 5 to 166 sensors, the EFI and IEI methods 

obtain the highest DET and the lowest IEI (see Figure 5 and 

Figure 6, respectively). Consequently, the optimization of 

these two methods leads to the largest volume of 

information and the minimal uncertainty in the system 

parameters for any number of sensors. Their equivalence in 

terms of the resulting sensors positions for any number of 

sensors implies that their optimization criteria are 

analogous. 

 

Figure 5. Determinant of the FIM (DET) as a function of the 

number of monitored DOFs. 

 

Figure 6. Information entropy index (IEI) as a function of 

the number of monitored DOFs. 

Figure 7 illustrates the evolution of the RMS for a range 

of 5 to 166 sensors. The MinMAC method performs best for 

any number of monitored DOFs. This was expected since 

the MinMAC method minimizes the maximum in the off-

diagonal entries (MOD) of the MAC matrix during the 

optimization process. In the range of 19 to 79 sensors, the 

MKE method obtains lower values of the RMS than the EFI 

and IEI methods. 

 

Figure 7. Root mean square (RMS) of the off-diagonal 

entries of the MAC matrix as a function of the number of 

monitored DOFs. 

The computation time was not defined as an OSP 

criterion. However, it can be evaluated with the aim of 

comparing the computational efficiency of the methods. 

Figure 8 shows the evolution of the computation time for a 

range of 5 to 166 sensors. The MKE method presents the 

lowest computation time for any total number of sensors, 

closely followed by the EFI method. It must be remarked 

that even though the EFI and IEI methods give the same 

sensor positions, the computation time of the EFI method is 

significantly lower. 
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Figure 8. Computation time as a function of the number of 

monitored DOFs. 

6 CONCLUSIONS 

In this paper, four of the most influential OSP methods were 

evaluated in terms of different OSP criteria for the 

identification of the first five mode shapes of a pedestrian 

bridge. 

The EFI and IEI methods are equivalent methods in terms 

of the resulting sensor positions and obtain the highest DET 

(largest volume of information) and the lowest IEI (minimal 

uncertainty in the system parameters). However, the 

computation time of the EFI method is significantly lower. 

The MinMAC method procures the lowest RMS values 

(highest independence and distinguishability of the target 

mode vectors), but its performance in terms of the DET and 

the IEI is not satisfactory. 

The MKE method presents the lowest computation time 

for any total number of sensors. In the range of 19 to 79 

sensors, the MKE method obtains lower values of the RMS 

than the EFI and IEI methods. 

According to the results, in a dynamic testing of a 

pedestrian bridge, the EFI method should be chosen to 

estimate the optimal sensor positions as it provides the 

largest amount of information with a relatively low 

computation time. 
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ABSTRACT: A structural health monitoring system was installed on the 60-year-old Diefenbaker Bridge, located in Prince 
Albert, Saskatchewan, Canada, to investigate in-situ bridge behaviours such as the degree of composite action, lateral load 
distribution, and dynamic load influence. With an enhanced understanding of the bridge’s behaviour, an estimate of the 
remaining fatigue life was refined. The 304 metre long, seven span bridge consists of two separate fracture critical 
superstructures, each comprising a cast-in-place concrete deck supported by two non-composite welded wide flange girders. The 
bridge is of vital importance to the economy of the province of Saskatchewan, as it lies along a major corridor that services the 
northern half of the province. Previous studies, based solely on a structural analysis, concluded that the connection of the lateral 
bracing to the girder web had less than five years of remaining fatigue life. Due to the uncertainty involved in this calculation, 
the data acquired from six months of field monitoring were used to define the structure’s response to live loading, and to 
calibrate a finite element model that was used to characterize the three-dimensional stress state at that connection. It was found 
that unexpected composite action, increased load sharing between the girders, and minimal dynamic load influence exist on the 
bridge. Results were compared with those obtained using the Canadian Highway Bridge Design Code (CAN/CSA S6-14) and it 
was concluded that costly improvements to the connection detail were not required since the remaining fatigue life was 
estimated to be at least 52 years. In addition, it was found that the exterior girders are more heavily loaded than the interior 
girders, and the northbound structure is more heavily loaded that the southbound, permitting the location of the most critical 
connection for fatigue life to be identified. 

KEY WORDS: Structural Health Monitoring; Bridge Evaluation; Bridge Inspection; Fatigue Life Evaluation; Bridge Dynamics; 
Finite Element Modelling.

1 INTRODUCTION
The Diefenbaker Bridge over the North Saskatchewan River 

is a vital river crossing that connects the southern region of 
Saskatchewan with the north. Its importance to the provincial 
economy is well documented, making every decision 
regarding its maintenance a high priority. An evaluation and 
assessment of the bridge that were completed in November 
2016 [1] indicated that the fatigue life remaining at the 
connection of the lateral bracing to the girder web was nearly
exhausted. Given the social, political, and economic impacts 
of this assessment, and the inherent uncertainty involved in 
the analysis, it was recommended that a structural health 
monitoring (SHM) system be implemented and used to refine 
the fatigue life estimate.

2 BRIDGE DESCRIPTION
Constructed in 1959, the bridge consists of two fracture 

critical superstructures on a shared substructure. As shown in 
Figure 1, each structure carries two lanes of traffic for a total 
travelled width of 7.3 metres per superstructure, and features 
seven spans for a total length of 304.4 metres. The bridge 
deck, piers, and abutments are built with cast-in-place 
concrete, while the girders are welded wide flange sections.

Figure 1. Overview of the Diefenbaker Bridge.

2.1 Condition of Bridge and Characterization of Fatigue 
Detail

The structural detail being investigated is the welded 
connection between the longitudinal girder web and the 
horizontal and transverse bracing. Seen in Figure 2, this 
connection is considered a Category E detail according to 
CSA S6-14 [2].

Use of Structural Health Monitoring to Extend the Service Life of the Diefenbaker 
Bridge 

Morgan, C.J.1,2, Sparling, B.F.1, Wegner, L.D.1
1College of Engineering, University of Saskatchewan, Saskatoon, Saskatchewan, Canada

2WSP Canada Inc., Saskatoon, Saskatchewan, Canada
email: Christopher.Morgan@wsp.com, Bruce.Sparling@usask.ca, Leon.Wegner@usask.ca

                          Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure 
                                                                                                                                      Porto, Portugal, 30 June - 2 July 2021 
                                                                                                                                                                       ISSN 2564-3738

1073



Figure 2. Fatigue detail being investigated.

The lateral bracing and bottom chords of the transverse 
bracing are bolted to a gusset plate, with the plate welded to 
the girder web. As cracks typically initiate in areas of small 
flaws or imperfections, such as bolt holes, welds or changes in 
cross sections, the termination of the gusset plate weld, as 
highlighted in Figure 2, was determined to be the probable 
initiation point of a crack.

Bracing connections to girder webs can be susceptible to 
distortion induced fatigue. Distortion induced fatigue occurs 
at this type of detail when out-of-plane web distortions in the 
gaps between gusset plates occur, causing bending stresses. In 
the case of the Diefenbaker Bridge, since the transverse 
stiffener is connected to the gusset plate and the transverse 
bracing, this detail is much less susceptible to the distortion 
induced situation [3].

The critical location at the termination of the gusset plate 
weld is subjected to a complex stress state generated by 
partially correlated effects due to bending in the girder and 
axial forces in the bracing members. To relate this three-
dimensional stress state to the uniaxial fatigue behaviour 
assumed by CSA S6-14 provisions, the von Mises stress was 
calculated [4]. The maximum distortional energy theory (i.e., 
von Mises) applies to ductile, isotropic materials, such as 
steel, that are subjected to complex stress states, and works
well with any complex three-dimensional loading condition 
[5].

3 STRUCTURAL HEALTH MONITORING SYSTEM
The primary objective of the monitoring plan was to refine 

the fatigue life estimate for the bracing connection to the 
girder web. By instrumenting the bridge as shown in Figure 3,
important data could be collected, including the following:

• Stress Magnitudes – the stress history, and therefore the 
fatigue life, are highly dependent on the traffic volume and the 
weight of trucks that cross the bridge. From a historical 
perspective, this information is very difficult to quantify; 
however, an understanding of current loading conditions and 
their associated stress ranges increases the accuracy of the 
analysis, with the possible outcome of reducing the potential
for unnecessary repairs and improvements; and

• Stress Distribution and Cycles – in addition to the 
magnitude of the stresses, the locations of high stress and the 

number of cycles that occur were established. This narrowed 
the scope of weld improvements that had to be considered, as 
the measured data identified which of the two superstructures 
and which particular connection locations were more heavily 
loaded. This information was also important when 
determining service life estimates and maintenance plans, as it 
can be used to avoid over-investment in non-essential repairs 
by allowing a more targeted approach to be taken.

Figure 3. Instrumentation plan.

Sensors were strategically placed along Span Four (i.e., the 
central span) such that equipment and installation effort was 
minimized without compromising the quality of data. For 
simplicity, the instrumentation plan can be broken down into 
two categories that include: girder instrumentation and 
connection instrumentation. The purpose of the girder 
instrumentation was to provide insight into the global 
behaviour (degree of composite action, dynamic load 
allowance, lateral load distribution, etc.) of the bridge so that a 
finite element model could be calibrated. Uniaxial strain 
gauges were installed in the longitudinal direction on the top 
and bottom of all four girder webs at Cross Sections A, B, and 
C, as seen in Figure 3, to monitor the peak positive and 
negative bending moment regions. All sensors were 
strategically located away from the anticipated neutral axis of 
the girders to maximize the strain measurements, and 
therefore, the signal-to-noise ratios.

The purpose of the connection instrumentation was to 
acquire data that could be used to determine the stress 
distribution and magnitudes within the critical fatigue detail. 
Uniaxial strain gauges were installed on the lateral and 
transverse horizontal bracing members connected to the gusset 
plate.

3.1 Data Acquisition

3.1.1 Calibration Data
Calibration data were acquired by removing all traffic from 

the structure and driving a truck of known weight across in a 
controlled manner. The truck shown in Figures 4 and 5 was 
supplied by the Saskatchewan Ministry of Highways and 
Infrastructure, and was used to perform the calibration 
loading. A minimum of two trials per lane with controlled 
speeds were completed, with one additional slow median lane 
trial completed per direction. Completing at least two trials 
per test allowed the team to validate the quality of the data.
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Data were acquired during the slow speed passes (10 km/hr) 
at 50 Hz and at 100 Hz for the high speed passes (50 km/hr). 
By performing multiple passes in each lane and at each speed, 
the quality of the data could be verified. Data quality 
indicators include reproducibility, elastic behaviour (i.e. 
strains returning to zero after trial), symmetry of responses, 
and lack of noise.

Figure 4. Calibration vehicle.

Figure 5. Calibration vehicle and axle load distribution.

3.1.2 Rainflow Data
The cycle counting algorithm used to acquire uncontrolled 

traffic data was set up according to the rainflow counting 
method described in ASTM E1049 [6]. This method is well 
suited for variable amplitude fatigue loading since it identifies 
stress ranges associated with closed-loop hysteresis. The 
selected ranges of stress were based on the maximum values 
experienced during the calibration loading. Recognizing that 
larger stress ranges may be experienced, the ranges were set 
up in 5 MPa increments up to 30 MPa. Small ranges of less 
than 2.5 MPa were omitted as this range would experience a 
large number of cycles due to the presence of noise and would 
contribute minimally to fatigue damage.

4 ANALYSIS METHODS

4.1 Finite Element Analysis
The gusset plate connection to the girder web experiences 

forces applied from varying directions, causing a three-
dimensional stress state. As seen in Figure 6, the potential 
sources of the stress include the bottom leg of the lateral 
bracing, the bottom and top legs of the transverse bracing, as 
well as flexural and shear stresses in the girder. 

Since the point of interest (POI) at the weld termination on 
the gusset plate could not be instrumented directly, its stress 
state was estimated based the measured responses in the 
members to which it was connected.

Figure 6. Forces causing three-dimensional stress state.

Adding to the challenge, the number of cycles in each stress 
range at the POI had to be inferred based on the stress 
variations and load cycles being applied from these various 
sources that were not necessarily acting in perfect unison. 
However, a statistical comparison between calibration test 
data sets comparing the load cycles measured in the girder at 
Cross Section B and those observed in the bracing in that 
vicinity revealed a correlation coefficient (R2) of 0.99, 
indicating that there was a very strong correlation in the 
number of load cycles from the two data sets. This result is 
reasonable since a particular load cycle experienced on the 
girder at Cross Section B is typically caused by the same load 
event that induces a load cycle in the bracing at the POI. 
Therefore, for the fatigue evaluation, the number of load 
cycles experienced at the POI for the various connection 
locations was assumed to be identical to the number of cycles 
measured by the bottom strain gauge at Cross Section B.

Since the instrumented connections were located at some 
distance away from the instrumented girder locations (see Fig. 
3), stresses in the girder at the POI could not be determined 
directly from test data. As a result, two separate finite element 
models were developed to provide more detailed information 
on stress distributions in the various bridge components. First, 
a comprehensive finite element model of one of the two 
bridge superstructures was generated to investigate girder 
flexural and shear stresses in the vicinity of the POI. 
Subsequently, a detailed finite element model of an isolated 
connection was used to determine the contribution that forces 
in the lateral and transverse bracing had on the stress state at 
the POI.

The comprehensive superstructure model was developed 
using the commercial software SAP 2000 [7] as part of a
parallel research project investigating the application of 
vibration-based damage detection to this bridge [8]. The 
comprehensive model was calibrated against measured 
calibration test data by adjusting model parameters including 
the degree of composite action between the girders and deck, 
interaction of the barrier with the deck, support conditions, 
and the elastic modulus of concrete, until satisfactory 
agreement was obtained. Using the calibrated finite element 
model, simulated truck loading events with live load 
amplitudes scaled to produce responses matching the levels 

                          Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure

1075



associated with each of the predefined “rainflow bins” used in 
the fatigue analysis were then applied to extract the 
corresponding girder flexural and shear stress at the POI 
location.

The isolated connection finite element model was created 
based on as-built drawings and field-tested material properties 
using ANSYS Simulation Software [9]. The connection model 
featured a 2 metre long segment of the bridge girder with an 
attached gusset plate that was loaded by concentrated axial 
forces from the various bracing members at their connection 
points. Rainflow data collected from the connection 
instrumentation was used to define stress ranges in each 
bracing member associated with each of the predefined 
“rainflow bins”. Since the distribution of stress cycles in the 
lateral and transverse bracing elements at a given connection 
was found to be very similar (with a correlation coefficient of 
0.99), it was assumed that peak stresses within each stress 
range occurred simultaneously in all bracing elements (i.e., 
when a 15 MPa stress was induced in the lateral brace, the 
same 15 MPa stress was induced at the transverse brace). 
Based on that assumption, stress components at the POI 
associated with each applied stress range could be extracted.

Since the transverse and lateral bracing cycles correlated 
closely with the girder cycles for each stress range, they were 
assumed to act simultaneously for the purposes of the fatigue
analysis. The three-dimensional stress state was then deduced 
from the stress components extracted from the two finite 
element models, allowing the von Mises stress at the POI to 
be calculated for each stress range.

4.2 Degree of Composite Action
The steel girder sections of Diefenbaker Bridge were 

designed without shear studs to connect the girders to the deck 
slab. Since there is no mechanical connection between the 
steel girders and the concrete deck, the structural behaviour is 
considered to be non-composite. It is recognized that 
composite action is possible through the development of 
interface shear friction, but it is a conservative approach to 
neglect this action, since it is challenging to quantify without 
the benefit of instrumentation. In addition, any composite 
action due to friction that is observed under service loading 
may not be effective at ultimate conditions.

Before analyzing the degree of composite action, the 
behaviours of the northbound and southbound structures were 
investigated and compared, since they are designed as two 
independent systems. A statistical comparison of the response 
of the structures under identical loading conditions (i.e., the 
calibration vehicle travelling down the same lane on both 
structures) was conducted and it was found that the 
northbound structure performed in a manner that was nearly 
identical to the southbound structure. Comparisons of the 
bending strains at Cross-section B between the exterior and 
interior girders showed that the responses of the two bridges
to same loading generated a 0.99 Pearson Correlation 
Coefficient. Therefore, the structural behaviour of each bridge 
was considered to be symmetrical for subsequent analysis.

According to the Ontario Structure Inspection Manual 
(OSIM), the standard inspection methodology adopted in 
Saskatchewan, girders are labelled from left to right when 
looking north from the south abutment. Following this 
convention, Girder 1 refers to the western-most exterior 
girder, with Girder 4 being the eastern-most girder. Due to the 
symmetry of the structures, in discussions to follow, Girder 1 
refers to the exterior girders (i.e., Girders 1 and 4) and Girder 
2 refers to the interior girders (i.e., Girders 2 and 3).

The behaviour of each structure is compared in Figures 7
and 8. These charts show the response of the bottom strain 
gauge at Cross Section B of each corresponding girder under 
the same loading conditions (i.e., Girders 1 and 4 are loaded 
in the barriers lanes, Girders 2 and 3 are loaded in the median 
lanes as described in Section 3.1.1). By overlaying the 
girders’ responses in this manner, it becomes clear that the 
structures responded in nearly identical manners.

Figure 7. Comparison of the measured strain response at 
Cross-section B in the bottom of the exterior girders’ webs 

under calibration loading.

Figure 8. Comparison of the measured strain response at 
Cross-section B in the bottom of the interior girders’ webs 

under calibration loading.

Because strain gauges were located near the top and bottom 
flanges of the girders, it was possible to determine where the 
neutral axis fell on each girder under live load. If the structure 
was entirely non-composite, the neutral axis would fall at the 
centroid of the steel girder. Since the girder is symmetric, this 
would be at the mid-height of the web. Figure 9 shows the 
strain response of the interior girders at midspan when a truck 
was driven across the bridge in the barrier lane. The orange 
line represents the bottom strain gauge, while the blue line 
represents the top strain gauge, and positive strain represents 
tension.
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Figure 9. Response of the top and bottom strain gauges on the 
interior girder due to barrier lane calibration loading.

From this figure it is evident that bottom strain gauge 
(orange line) peaks in tension as the truck passes over 
midspan. The top strain gauge (blue line) peaks at the same 
time in compression. This response is to be expected. 
However, the different magnitudes of peak strains show that 
the neutral axis was not at the mid-height of the web, as would 
be expected if it were non-composite. The neutral axis was 
much closer to the top flange, which indicates that a degree of 
composite action was occurring between the concrete bridge 
deck and the girder.

To quantify the degree of composite action, a transformed 
section analysis was completed, in which the area of concrete 
included in the transformed section was varied until the 
theoretical neutral axis aligned with the measured location, as 
shown in Figure 10.

Figure 10. Typical measured strain distribution for an exterior 
and interior girder under live load.

4.3 Lateral Load Distribution
With the section properties calculated and correlated with 

the in-situ behaviour, nominal moments (Mi) were calculated 
from the strain using Young’s Modulus and the section 
modulus as shown in Equation 1:

Mi = Es Str (1)

where:
= measured strain;

Es = Young’s Modulus (200,000 MPa); and
Str = transformed section modulus.

These values were then used to determine the lateral load 
distribution between girders. From the strain data gathered 
from each calibration trial, the lateral moment distribution was 
found using Equation 2:

Lateral Distribution Factor = Mi / Mi (2)

4.4 Dynamic Load Allowance
Chapter Three of CSA S6-14 recommends that a dynamic 

load influence factor of 1.25 be applied to the factored live 
load effect if more than three axles govern the load response 
(CSA, 2014), as would be the case for the Diefenbaker Bridge 
given the length of the spans.

However, it has been observed by Feldman et al. (2011) on 
the Red Deer River Bridge that the dynamic influence of 
moving loads can be substantially less than what is prescribed 
by the standard. To evaluate the dynamic load effect on the 
Diefenbaker bridge, the peak strain responses from the full 
speed calibration loading ( dynamic) were compared with the 
peak strain response from the slow speed calibration loading 
( static) as described in Section 3.1.1 based on the following 
expression:

Dynamic Load Allowance dynamic / static (3)

4.5 Fatigue Life Evaluation
Since the stress on bridge structures is variable, a 

cumulative damage rule is required to relate this variable 
amplitude stress to the constant amplitude fatigue data used to 
derive commonly used design specifications. The stress-based 
approach to fatigue utilizes a relationship between constant
amplitude stress (S) and the number of stress cycles (N). Many 
specifications have adopted this approach, including CSA S6-
14 [2]. The Palmgren-Miner linear damage hypothesis, also 
called Miner’s Rule, relates the variable amplitude loading 
commonly found on bridge structures to the S-N relationships 
derived from the fatigue experiments. Miner’s rule is one of 
the most widely used damage accumulation rules [10].

Multiple stress ranges can be converted into a single, 
equivalent stress range using Miner’s Rule and the concept of 
effective stress. This is done because a bridge component 
experiences many different stress ranges, making a 
summation of the damage contributions impractical [11].

Using the effective stress, the fatigue lives of different 
details may be compared using a single stress range. This is 
useful for infrastructure owners because it allows the 
identification of problems within a single bridge or across an 
entire bridge inventory.

NCHRP Project 12-15(4) explored fatigue behaviour if the 
majority of cycles were less than the constant amplitude 
fatigue limit (CAFL) [12]. This study revealed a few 
important phenomena, such as (a) if any portion of the applied 
stress was above the CAFL, fatigue cracking would occur, and 
(b) if no cycles were observed above the CAFL then fatigue 
cracking did not occur. It was also found that the fatigue life 
of the detail could be calculated using a straight-line extension 
of the S-N curve, which suggests that all stress cycles 
contributed to the damage.
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The remaining fatigue life was evaluated using three 
different approaches, as described below.

4.5.1 Deterministic Method of Fatigue Life Evaluation
In the deterministic approach to fatigue life evaluation, the 

damage from specific monitoring periods is used to estimate 
damage in the past, and to forecast damage in the future. A 
traffic growth rate is assumed, and damage is accumulated 
over the service life of the bridge until failure occurs.

If the mean value for the fatigue constant is used in place of 
the design value (A), the mean fatigue life can be calculated. 
The design value will produce a probability of failure of 5% 
(95% confidence interval), whereas the mean value will 
correspond to a probability of failure of 50%. Since the stress 
range and traffic volume correspond to the current year, the 
effective stress range can be used along with the 
corresponding number of cycles.

4.5.2 AASHTO Method of Fatigue Life Evaluation
The remaining fatigue life can also be calculated using the 

method outlined in AASHTO’s Manual for Bridge Evaluation 
[13]. To provide a consistent level of reliability, different 
partial load factors are recommended based on how the 
effective stress range was calculated. 

4.5.3 Probabilistic Method of Fatigue Life Evaluation
Uncertainty in material strength, section dimensions, 

loading, bridge response, and many other sources, make 
estimating the remaining fatigue life of a detail on a bridge 
very challenging. Structural reliability is a method that can
characterize the probability of failure with consideration of 
the uncertainty involved. The NCHRP Project 12-28(03) by 
Moses et al. [14] developed an approach that provided a 
consistent level of reliability for typical of bridge types under 
certain conditions. The methodology outlined in Fasl et al. 
[11] was followed to perform the probabilistic evaluation of 
the remaining fatigue life.

5 RESULTS

5.1 Degree of Composite Action
It was determined that approximately one-half of the deck 

and the barrier was likely acting compositely with Girder 1. 
While it is not known with certainty that the entire barrier and 
half deck portion was acting compositely, it can be concluded 
that, at the very least, some portion of the barrier, and perhaps 
some portion of the sidewalk was contributing to the 
composite action (stiffness) of the section. Girder 2 (interior 
girders) was assessed in the same manner as Girder 1. Using 
the same methodology as was used for Girder 1, it was 
determined that Girder 2 was acting compositely with the
deck, with the neutral axis being located approximately 
400 mm higher than it would be in a non-composite system.

The 375 mm difference between the location of the neutral 
axis of the interior and exterior girders is challenging to 
explain with certainty. It is hypothesized that the presence of 
the barrier is responsible for the neutral axis being higher in 
the exterior girder. The barriers are located very close to the 

exterior girders and it is probable that they contribute stiffness 
to the girder through composite action.

5.2 Lateral Load Distribution
Using Equation 2, the lateral load distribution was 

calculated. Since the bridge is a two-girder system, the static 
apportioning method of distributing load was employed to 
provide a comparison between the actual and theoretical load 
distribution. The static apportioning method treats the bridge 
deck like a simply supported beam supported on two girders 
[15]. The reactions from wheel point loads are then 
considered indicative of the load distribution. It was found 
that under all loading scenarios, approximately 20% - 30%
more load sharing occurred between girders than is typically 
represented by a simplified distribution. This can be partially 
attributed to the static apportioning method neglecting 
torsional rigidity of the bridge in both transverse and 
longitudinal directions, but also due to the increased 
composite action that was present between the girders and the 
deck.

It was also be noticed that the exterior girder attracted more 
load than the interior girder. This is logical, given the 
increased stiffness from composite action that the exterior
girder exhibited due to the participation of the barrier wall.

Additionally, it was observed on site that vibrations could 
be felt on one structure when trucks passed on the opposing 
structure. This observation is verified by the acceleration 
measurements on each girder. A response was measured on 
the northbound structure when the calibration loading was 
present only on the southbound structure. However, when the 
strain data were investigated for each structure, no response 
was registered on the structure that was not loaded. This 
means that, while vibrations are likely transmitted through the 
median and/or the shared substructure, there is no load 
transferred from one structure to the other (i.e., movement but 
little deformation).

5.3 Dynamic Load Allowance
The average dynamic allowance among the girders was 

found to be 1.0057. This is substantially less than the value of 
1.25 prescribed in CSA S6-14 and indicates that there was not 
a significant dynamic effect present.

It should be noted that dynamic impact is influenced by 
several factors including riding surface roughness, vehicle 
weight, axle arrangement, speed, and suspension 
characteristics [16]. This means that, while the calibration 
loading used for this study did not produce significant 
dynamic effects, situations may exist where the dynamic load 
amplification is significant.

5.4 Fatigue Analysis

5.4.1 Fatigue Damage Accumulation
The amount of damage per day, per month, per connection, 

and per direction of travel was characterized and compared. 
The total damage could be divided by the fatigue detail 
constant (A) to calculate the damage accumulation index, but 
since all details being compared belonged to the same 
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category, the result of the comparison would be the same –
just at a different scale.

While only Girders 2, 3 and 4 had instrumented 
connections, the behaviour of Girders 1 and 4 (i.e., exterior 
girders) and Girders 2 and 3 (i.e., interior girders) were found 
to behave with near symmetry. Therefore, using the calibrated 
finite element model, the connection on Girder 1 was also 
evaluated since strain data at midspan on the girder were 
available. This allowed the comparison of behaviour between 
the northbound structure (Girders 3 and 4) and the southbound 
structure (Girders 1 and 2).

The connection on Girder 4 (exterior girder on northbound 
superstructure) experienced the most fatigue damage with the 
connection on Girders 1, 2 and 3 receiving 54%, 32%, and 
47% of the damage on Girder 4, respectively. The northbound 
structure experienced 38% more damage than the southbound 
structure. Wednesday contributed the most damage on 
average, with the daily contributions progressively lessening 
as the day nears the weekend. By normalizing the data by the 
number of days per month, the relative amounts of damage 
per month were also explored.

The exterior girders sustained more damage than the interior 
girders, with Girder 4 being the most damaged. May was the 
most heavily loaded month, with the remaining months 
contributing similar amounts of damage.

5.4.2 Fatigue Life Evaluation
Using the stress components obtained from the finite 

element models, the equivalent von Mises stresses at specified 
connections were calculated, based on the rainflow data 
acquired at Cross Section B, and used to calculate the 
remaining fatigue life. Results are summarized in Morgan et 
al. [4]. The annual growth rates shown in this table were the 
assumed rates of increase in traffic volume.

The deterministic and AASHTO methods showed strong 
agreement, with the probabilistic method producing the
longest estimated remaining fatigue life. Under the most 
conservative (6%) traffic growth scenario and probability of 
failure (5%), these results suggest that at least 52 years of 
fatigue life remain on this detail.

6 SUMMARY AND CONCLUSIONS
Based on the structural health monitoring results from the 

Diefenbaker Bridge, the following significant conclusions can 
be made:

1. The remaining fatigue life estimate was increased 
from five years (based on structural analysis only), to 
at least 52 years. Since fatigue of the critical detail is 
therefore unlikely to govern the service life of the 
structure, this conclusion saved the owner from a 
costly investment in fatigue detail improvement.

2. Understanding how the structure is loaded (i.e., the 
northbound structure experiences more damage than 
southbound, exterior girders experience more 

damage than interior, etc.) will allow the owner to 
target maintenance plans and inspections effectively. 
These damage trends also indicate that the structure’s 
loading is commercially driven; therefore, permitting 
costs could be adjusted accordingly.

3. Full composite behaviour between the steel girders 
and concrete deck was found to occur, despite the 
absence of mechanical attachment between the deck 
and girder. In addition, insignificant dynamic load 
influence was found during the calibration loading 
and increased lateral live load distribution was found 
to exist. While these behavioural characteristics 
cannot be relied upon at ultimate limit states without 
further load testing, they provide an added level of 
comfort to existing load evaluations.

These conclusions support the concept that structural health 
monitoring is a more advanced form of inspection. While 
visual inspections can identify and quantify perceptible
defects such as settlement, deformation and deterioration, they
do not provide the inspector with any information regarding 
the structure’s in-situ behaviour. Structural health monitoring 
enables the inspector to understand how the structure is 
behaving in-situ. This behaviour (i.e. load distribution, 
dynamic load influence, stress levels, etc.) includes all factors 
specific to the bridge’s environment, including load patterns, 
deterioration level, deformation, cracking, and movement. 

The data that structural health monitoring provide can
reduce the uncertainty during a load evaluation and therefore 
can result in more targeted and rational recommendations.
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ABSTRACT: SHM for deteriorating bridges is generally performed for timely damage detection and efficient maintenance 
application. This results in preventing unexpected loss of serviceability of a deteriorating bridge. In order to maximize the benefit 
from SHM, optimum SHM planning should be performed considering damage propagation under uncertainty. The accuracy and 
reliability of SHM planning can be improved by using the monitoring information appropriately. This paper presents a probabilistic 
approach for effective optimum SHM planning with updating based on monitoring information. This approach includes damage 
propagation, multi-objective optimization and updating processes. The multi-objective optimization process can be formulated 
with the objectives of minimizing the expected damage detection delay, minimizing the probability of failure, minimizing the 
expected maintenance delay, maximizing the extended service life, and minimizing the expected life-cycle cost with monitoring. 
Through the multi-objective optimization process, the monitoring starting times and number of monitorings are determined. The 
information obtained during monitoring is used to update the damage propagation prediction. The processes for damage 
propagation, multi-objective optimization and updating are repeated until rehabilitating or replacing a deteriorating bridge. The 
proposed approach can be applied to deteriorating civil infrastructure systems subject to multiple stressors including corrosion 
and fatigue.  

KEY WORDS: Damage detection; Maintenance Delay; Multi-objective Optimization; SHM planning; Updating. 

1 INTRODUCTION 
Deteriorating bridges require structural health monitoring 
(SHM) to identify critical damages resulting in a significant 
reduction of bridge performance and structural failure, to apply 
effective maintenance interventions, and to predict the bridge 
performance under uncertainty [1][2][3][4]. In order to 
maximize the benefit from SHM, optimum SHM planning 
should be performed considering damage propagation under 
uncertainty [5][6]. Since the accuracy of monitoring planning 
depends on the damage propagation, it is necessary to improve 
the accuracy of damage propagation using the monitoring 
information [1][7]. Since the last decade, several approaches 
for optimum SHM planning have been developed [8][9][10]. 
These approaches are based on various objectives considering 
availability of monitoring data, damage detection delay, 
appropriate maintenance application time, service life 
extension and life-cycle cost. However, in these approaches, 
there is no consideration of updating the damage propagation 
with monitoring information.  

In this paper, a probabilistic approach for effective optimum 
SHM planning with updating based on monitoring information 
is presented. As shown in Figure 1, this approach consists of 
three computational modules associated with probabilistic 
damage propagation prediction, multi-objective optimization 
and decision making, and updating damage propagation with 
monitoring information. The probabilistic damage propagation 
provides the probability density function (PDF) of degree of 
damage at a given time and PDF of time to reach a specific 
degree of damage. These PDFs are used to formulate the 
objectives of the optimization process. The objectives used for 
optimum SHM planning include minimizing the expected 

damage detection delay, minimizing the probability of failure, 
minimizing the expected maintenance delay, maximizing the 
extended service life, and minimizing the life-cycle cost with 
monitoring. Through the multi-objective optimization process, 
the monitoring starting times and durations, and number of 
monitorings are determined. The information obtained during 
monitoring is used to update the damage propagation prediction 
model through Bayesian inference with Markov Chain Monte 
Carlo (MCMC). Based on the updated damage propagation, the 
monitoring planning is re-conducted. The processes for damage 
propagation prediction, multi-objective optimization and 

 

Figure 1. Computational procedure for optimum SHM. 
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updating are repeated until rehabilitating or replacing a 
deteriorating bridge. The proposed approach results in effective 
optimum monitoring planning for deteriorating civil 
infrastructure systems subject to multiple stressors including 
corrosion and fatigue. 

2 REVIEW OF OBJECTIVE FORMULATIONS FOR 
SHM PLANNING 

The optimum SHM planning can be based on various 
objectives considering damage propagation. This section 
provides a brief review of the formulations of objectives for 
optimum SHM planning.  

If the information on damage propagation is available, the 
damage detection delay can be used as an objective for 
optimum SHM planning. The expected damage detection delay 
E(tdel_d) for Nmon monitorings is expressed as [6] 

      1

1

1

mon ms ,i

ms ,i md

N t

d el _ d ms ,i Tt t
i

E t t t f t dt







       (1)

where tms,i is the ith monitoring starting time, tmd is the 
monitoring duration, and fT(t) = PDF of the damage occurrence 
time t. Based on the relation between the damage detection 
delay tdel_d and time-based safety margin tmar, the state function 
g(t) can be formulated as [5] 

  mar del _ dg t t t  (2)

Considering the uncertainties associated with tdel_d and tmar, the 
probability of failure Pf and reliability index  are obtained, 
respectively, as 

  0fP P g t  (3a)

 1 1 fP     (3b)

where -1(·) is the inverse of the standard normal cumulative 
distribution function (CDF).  

If damage is detected by monitoring, appropriate 
maintenance action can be applied. As a result, the service life 
can be extended. The extended service life tlife_ex for 
deteriorating bridges can be expressed as [9]  

 0 1
1 1

mon m aN N

life _ ex life , ms ,i md life ,i ma , j ex , j
i j

t t P t t t P t
 

  
       

   
  (4)

where tlife,0 is the initial service life, tlife,i-1 is the service life 
before applying the ith monitoring, Pma,j is the probability of 
applying the jth maintenance type among Nma types, and tex,j is 
the service life extension associated with the jth maintenance. 
When the service life tlife,i-1 and service life extension tex,j in Eq. 
(4) are uncertain, the total service life extension texlife cannot be 
deterministic. The expected extended service life extension 
E(tlife_ex ) can be adopted as an objective for optimum SHM 
planning. Furthermore, when a single time monitoring is 
available to detect damage for a deteriorating bridge, the 
expected maintenance delay E(tdel_m) can be expressed as [9]  
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where d1 is the monitored degree of damage at time tms,1 + tmd, 
and dma is the degree of damage required to apply a 
maintenance action. Based on Eq. (5), the expected 
maintenance delay E(tdel_m) can be formulated for n-time 
monitorings [9]. The monitoring cost consists of costs for 
monitoring system installation and operation. The operating 
cost is affected by monitoring duration. For this reason, the 
expected life-cycle cost for monitoring cost E(Clcc) can be 
estimated as [1][11] 

       
1

monN

lcc mon _ i mon _ t md ma fail
i

E C C C t E C E C


      (6)

where Cmon_i is the initial cost to install the monitoring system; 
Cmon_t is the cost to operate and maintain the monitoring system, 
E(Cma) and E(Cfail) are the expected maintenance cost and 
failure cost, respectively.  

3 USE OF MONITORING DATA FOR UPDATING 
DAMAGE PROPAGATION 

The information collected during monitoring can be used for 
predicting damage propagation and updating the existing 
damage propagation. In general, the inspection and monitoring 
information contains an amount of data related to performance 
under uncertainty [12]. For this reason, probabilistic 
approaches have been developed to deal with monitoring data 
including updating the parameters for the damage propagation 
model effectively and efficiently. For example, the 
instantaneous rate of corrosion of the steel can be obtained from 
embedded corrosion rate sensors, and the corrosion damage 
occurrence and propagation can be predicted and updated 
[13][14]. For a steel structure, the strain gauges and load cells 
installed on the fatigue critical locations can provide the 
information on cumulative number of cycles associated with 
stress ranges. Finally, the fatigue crack initiation and 
propagation can be predicted and updated [15][16].  

The monitoring data can be incorporated with the existing 
information using the Bayesian approach. The general 
formulation of the Bayesian approach can be expressed as [17] 

" '( ) ( ) ( )det detf d k L d f       (7)

where " ( )detf d is the updated PDF of the parameter , 
conditional by a detected degree of damage ddet, k is a 
normalizing constant, and ' ( )f  is the initial PDF of the 
parameter . The likelihood function ( )detL d   can be 
estimated as [18][19] 

2
,

1

( )1 1( ) exp
22

monN
det i i

det
i ee

d d t
L d 

 

          
      

 (8)

where ddet,i and di(t) are the detected and predicted damage 
degrees associated with the ith monitoring data obtained at time 
t, respectively.  
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Through the Bayesian approach with the Markov Chain 
Monte Carlo (MCMC) simulation, a single and multiple 
parameters involved in the damage propagation model can be 
updated [8]. The MCMC can be simulated by using several 
sampling methods (e.g., Metropolis–Hastings sampling [20] 
and Componentwise Metropolis sampling [21]). The 
Metropolis–Hastings sampling method is appropriate to update 
a single parameter, where a symmetric proposal function and 
acceptance probabilities of the proposed samples associated 
with prior distribution and likelihood function are used. When 
the multiple parameters of damage propagation model are 
updated simultaneously, a high-dimensional proposal function 
is required. Furthermore, the probability of accepting the 
samples generated from the proposal distributions is generally 
low. These results in a high computational cost [21]. In order 
to improve the computational efficiency for updating the 
multiple parameters, several sampling methods such as 
blockwise sampling, Componentwise Metropolis sampling, 
and Gibbs sampling can be applied [22]. 

4 OPTIMUM SHM PLANNING WITH UPDATING 
BASED ON MONITORING INFORMATION 

 Formulation of multi-objective optimization 
The optimum SHM planning can be based on several objectives 
such as minimizing the expected damage detection delay 
E(tdel_d), minimizing the probability of failure Pf, maximizing 
the expected extended service life E(tlife_ex), minimizing the 
expected maintenance delay E(tdel_m), and minimizing expected 
life-cycle cost E(Clcc). These objectives can be integrated into 
bi-, tri-, quad- and five-objective optimizations. The genenral 
formulation of the multi-objective optimization is expressed as 
[1][9] 

Find tms = {tms,1, tms,2,…tms,Nmon}  
and/or tmd = {tmd,1, tmd,2,…tmd,Nmon} 

(9a)

which minimize (-) = {f1, f2,…, fn(-)} 
and/or maximize (+) = {f1, f2,…, fn(+)} 

(9b)

such that Nmon is given, i i if f f   , 
ms, j ms, j ms, jt t t   , and md , j md , j md , jt t t    

(9c)

where tms and tmd are the vectors of design variables 
representing monitoring starting time and monitoring duration, 
respectively. (-) and (+) are the objective sets to be minimized 
and to be maximized, respectively. fi

- and fi
+ are the lower and 

upper bounds of the ith objective, respectively. ms, jt and ms, jt  
are the lower and upper bounds of the jth monitoring starting 
time tms,j, and md , jt  and md , jt  are the lower and upper bounds of 
the monitoring duration of jth monitoring, respectively. The 
multi-objective optimization results in Pareto optimal solution 
set. 

 Pareto optimal solution for initial SHM planning 
The Pareto optimal sets of bi-objective optimization for SHM 
planning are provided in Figure 2, where the bi-objective 
optimizations are based on minimizing both E(tdel_d) and Pf (see 
Figure 2(a)), minimizing E(tdel_m) and maximizing E(tlife_ex) (see 
Figure 2(b)), and maximizing E(tlife_ex) and minimizing E(Clcc) 

(see Figure 2(c)). The number of monitoring Nmon and 
monitoring duration tmd are fixed as 2 and 0.3 years, 
respectively. Each Pareto optimal solution indicates the first 
and second monitoring starting times tms,1 and tms,2. Furthermore, 
the Pareto optimal sets of tri-, quad- and five-objective 
optimizations are shown in Figures 3(a), 3(b) and 3(c), 
respectively. Since the Pareto optimal solution sets of the quad- 
and five-objective optimizations require a four- and five-
dimensional space, the Pareto optimal sets of these 
optimization are illustrated in the parallel coordinate system 
with four and five vertical axes. Each Pareto optimal solution 
corresponds to the polyline connecting the objective values on 
the vertical axes.  

 
 

 

 
(a)  

(b) 

(c) 

 
Figure 2. Pareto optimal solution set of bi-objective 
optimization for SHM planning (adapted from [1]). 
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(a) 

(b) 

(c) 

 
Figure 3.  Pareto optimal solution sets for SHM planning: (a) 
tri-objective optimization; (b) quad-objective optimization; 

and (c) five-objective optimization (adapted from [1]). 
 

From the entire Pareto optimal solutions, the best solution 
can be selected through the multi-attribute decision making, 
which consists of two processes: determination of weight 
factors of objectives, and estimation of the overall assessment 
value of the Pareto optimal solutions. More details on 
computations and descriptions associated with the Pareto 

optimal solutions of Figures 2 and 3 and multi-attribute 
decision making can be found in [1]. The selected Pareto 
optimal solution can be used as an initial optimum SHM plan. 
 
(a)  

(b) 

(c) 

 
Figure 4. Updated PDFs of parameters for fatigue crack 

propagation model: (a) annual number of cycles; (b) effective 
stress range; and (c) material parameter (adapted from [22]).
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example, the updated PDFs of three representative parameters 
associated with fatigue crack propagation (i.e., annual number 
of cycles, effective stress range and material parameter) are 
shown in Figure 4.  

Figure 4 considers two cases: Case A represents the detected 
crack size less than the initially predicted crack size; and Case 
B is based on the detected crack size larger than the initially 
predicted crack. Case A results in the updated PDFs with lower 
mean values of annual number of cycles, effective stress range 
and material parameter than the initial mean values of these 
parameters. Further information related to updating can be 
found in [22]. Using the updated PDFs in Figure 4, the fatigue 
crack propagation can be predicted. The multi-objective 
optimization can be formulated for SHM planning after damage 
detection, as indicated in Figure 1.  

5 CONCLUSIONS 
This paper presents a probabilistic approach for optimum SHM 
planning considering use of monitoring data for damage 
propagation updating. The optimum SHM planning is based on 
multiple objectives based on damage detection delay, 
probability of failure, maintenance delay, extended service life, 
and life-cycle cost. The Pareto solution of the multi-objective 
optimization indicates the monitoring starting time, monitoring 
duration, and number of monitorings. This approach includes 
the updating process based on the detected damage, and finally 
results in more accurate and reliable SHM planning for 
deteriorating structures.  

Multiple types of SHM can be applied to a deteriorating 
structure to improve the accuracy of SHM. Therefore, further 
investigations are required to integrate various types of 
monitoring information (e.g., strain and deflection of a specific 
location, and vertical and horizontal displacement of an entire 
structure) in the optimum decision process.  
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ABSTRACT: A large number of concrete bridges show increasing damage due to corrosion and fatigue. The traditional visual 

inspection and subsequent assessment of concrete bridges is carried out regularly by an experienced engineer. This type of 

inspection can be time-consuming, costly and leading to errors. Hence, there is a great interest in complementary, alternative and 

easy-to-implement methods for condition monitoring of bridges. The University of Luxembourg tested different approaches on a 

part of a real bridge. Various tests were performed in the healthy reference state, e.g. loading tests with a movable test load 

according to today’s standards. The measurements in the reference state were repeated several times under outdoor conditions to 

monitor and document the real temperature influence. Displacement transducers were set up in the vertical and horizontal 

directions. Simultaneously, a new approach was used for determining the deflection with a laser-based system, that measured the 

displacements in the bridge’s longitudinal direction by an oblique reflector panel under a well-defined angle. The data gained from 

the laser-based measurement system were compared to the data from classical displacement transducers. In general, the 

comparison of the two measuring systems shows quite similar results. 

KEY WORDS: bridge inspection; reference state; laser-based measuring system; displacement transducer-based measuring 

system. 

1 INTRODUCTION 

Today, an increasing number of bridges are reaching the end of 

their lifetime. This is not solely a country-specific, but a 

worldwide problem. All over Europe, most bridges were built 

after the Second World War [1], [2]. In the past, the goal was 

to build new bridges and today it is to maintain them as long as 

possible and extend their lifetime. To be able to assess the 

condition of a bridge, it is important to uphold regular 

inspections. Visual inspections are widespread and performed 

at regular intervals by experienced engineers. The test intervals 

are regulated differently depending on the country (e.g. in 

Germany main inspection’s interval is every 6 years [3]). This 

type of inspection is usually time-consuming and costly as 

bridges are often difficult to access and large areas have to be 

inspected. Furthermore, results depend on the experience of the 

engineer. Additionally, visual inspections (e.g. searching for 

cracks) do not always correctly assess a bridge’s condition. 

Sometimes cracks can be hidden by coatings or in the special 

case of prestressed concrete bridges, the tendons are not 

accessible from the outside and cracks may not be visible even 

though the system is already internally damaged.  

In the recent years, a lot of research has been done in the field 

of bridge monitoring and damage detection. The goal of 

monitoring systems is to permanently record the bridge’s 

behavior and not to obtain snapshots like in visual inspection. 

Ideally, a permanent monitoring system should be coupled with 

an alarm system so that changes can be intervened promptly. If 

possible, a bridge should be monitored from the beginning of 

its life to detect changes as early as possible. However, the 

current discussion does not focus on new bridges but on the 

bridges that reach their end of lifetime. The question arises how 

these bridges can be monitored in addition to the visual 

inspection. A supplementary measuring system can assure 

diagnosis and thus allows extending the life of a bridge. There 

are different approaches concerning new inspection methods 

and tools [4, 5]. Therefore, it is necessary to know the healthy 

reference condition as well as to compare repeating subsequent 

measurements to it. In civil engineering, static load tests have a 

long tradition. However, they have the disadvantage that the 

bridge has to be loaded until a steady-state is reached. For the 

test period, the bridge has to be closed to traffic. In recent years, 

research has been increasingly focused on damage detection by 

dynamic measurements. For these, the bridge can be excited by 

an impact hammer, shaker, wind or traffic, knowing that the 

last two being more difficult to analyze as the excitation forces 

are not measured. Regardless of measurement type, the results 

can be compared with a Finite Element (FE) model. With 

Model Updating techniques, the FE-model is adapted to the 

measured data. The later damage analysis, is necessary to have 

a validated FE-model of the reference state. Such a model 

updating procedure is for instance detailed by Schommer [6]. 

The University of Luxembourg has been doing research in 

the field of damage detection of bridges for years. In the present 

study with a part of a real bridge, various tests were carried out 

in the healthy reference state, including static loading and 

quasi-static with a slow-moving load. The reference 

measurements were repeated several times to thoroughly check 

the bridge’s behavior, especially under different outdoor 

conditions and for different bearing types. 

This paper focuses on the comparison of two measurement 

systems during static and moving load tests. A conventional 

measurement system with displacement transducers is 

compared to a new approach based on a laser-based system 

provided by Lucks Technologies [7]. The system enables 

Repeatability and precision of different static deflection measurements on a real 

bridge-part under outdoor conditions in view of damage detection 
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monitoring the bridge remotely almost in real-time. The test-

setup and its instrumentation are presented in the following. 

2 TEST-SETUP  

The tested beam was part of a real bridge in 

Mersch / Luxembourg. It was built in 1957 and demolished in 

2016 due to safety concerns and replaced by a steel bridge. The 

initial bridge was 256 m long and consisted of nine fields with 

spans between 25.8 m and 47.5 m. During the old bridge’s 

demolition, one of the prestressed T-beams was transported to 

University of Luxembourg Campus Belval in Esch-sur-Alzette. 

It had a length of 25.7 m, a width of 1.9 m and a height of 

around 1.4 m. Due to the new casted foundations and bearings, 

bridge plate’s upper edge was approximately 2.1 m above 

ground. Figure 1 displays the whole test setup with the moving 

load.  

A fixed and a movable bearing supported the test beam. In a 

previous research project’s test setup, the movable bearing was 

designed by using grease between two steel plates [6]. During 

these tests, stick-slip effects occurred due to the friction 

between the steel plates. Here, the impact of the movable 

bearing type was tested with 3 different types of movable 

bearing: round bar, mageba Lasto® Flonpad and steel plates 

with grease. The different movable bearings were 

exchangeable at any time with little effort and so it was possible 

to assess the impact of the bearing type and its friction in 

different seasons. But here, the focus is on the comparison of 

different displacement measuring systems. Therefore, only the 

setup with the round bar, shown in Figure 2, is presented. 

 

 

 

Figure 1. Prestressed concrete beam with moving load. 

 

Figure 2. Movable bearing with a round bar. 

 Displacement transducer-based measurement system  

The recordings of temperatures and displacements in the 

healthy reference state started in May 2019. Both were 

measured continuously with a sampling rate of once per 

minute. For the temperature measurements, six PT100 were 

used at different positions. The ambient air temperature, the 

asphalt temperature and the concrete temperature were 

recorded. All temperature sensors were mounted in a hole with 

a depth of 100 mm, except the ambient air temperature sensor 

that was installed freely 1 m above the top of the bridge deck.  

During the different tests, vertical and horizontal displacements 

were measured with eight inductive standard displacement 

transducers (type WA20, HBM). Those have a measuring range 

of 20 mm and a characteristic tolerance of 1 %. 

Seven transducers measured the beam’s vertical deflections 

(SVi) and one the horizontal displacement of the beam at the 

movable bearing (SH8). The positions of the transducers are 

detailed in Figure 3. The distance between the displacement 

transducers (SV1-SV6) was set to 5.4 m. SV3 and SV4 were 

located in the middle of the beam to check the inclination 

during the tests. SV7 was an additional measurement point 

(2.3 m outside the center). Figure 4 shows the bridge in the 

reference state, which corresponds to the unloaded and 

undamaged state and is defined with the load above the fixed 

bearing.  

 

Figure 3. Displacement transducers SV1-SV7 and SH8 

(above), SV4 (bottom left), SH8 (bottom right). 
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Figure 4. Reference state of the bridge. 

 Laser-based measurement system 

In January 2020, an additional measurement system was 

installed on the beam, i.e. the laser-based measurement system 

supplied by Lucks Technologies [7]. The general setup is 

shown in Figure 5. This system aims to record the movements 

of the bridge via horizontal distance measurements. For this test 

setup, it consisted of two laser sensors (L1 and L2), two 

reflector panels (RPs), a central processing unit (CPU) and two 

temperature sensors. The two lasers (class 2) were mounted on 

the concrete foundation on the fixed bearing side (Figure 6). 

These laser locations were defined as fixed points.  

 

 

Figure 5. Laser-based measurement system of Lucks 

Technologies [7]. 

 

 

Figure 6. Position of two lasers on the concrete foundation at 

fixed bearing  

 

The reflector panels were installed on the beam, forming the 

movable part of the measuring system (target). The targets were 

mounted at different angles with respect to the laser beam 

(Figure 7). Whenever the bridge was moving up or down, the 

measuring distance changed due to the inclination of the RPs. 

The lasers can detect a measuring distance between 1 and 

100 m with a maximum sampling rate of 50 Hz [7]. For the test 

beam, the measured distances were between 11 and 14 m and 

the sample rate was set to 10 Hz. 

The reflector panel of laser 1 (RP1) was installed at an angle 

of 60° between the panel and the incident laser beam 

(Figure 7 a) and b)). Due to the inclined reflector panel, it was 

possible to measure the vertical deflection indirectly. The 

measured distance thus included a horizontal and vertical 

displacement component. Separation into the individual 

components was only possible by measuring a second purely 

horizontal measurement distance with L2, as shown in 

Figure 7c) and d). The calculated deflection of L1 is compared 

to the displacement transducer data of SV4.  

 

 

                    

Figure 7. (a), (b) Laser 1 with reflector panel of 60°, 

(c), (d) Laser 2 with reflector panel of 90°  

 Tests 

A load of approximately 8.8 t was used for the static loading 

tests. The load consisted of a trolley with nine steel beam blanks 

(see Figure 1). Figure 8 shows the two states of static tests: 

 

- Unloaded state → Trolley over fixed bearing                
- Loaded state    → Trolley in the middle of the beam  

 

These tests were carried out multiple times, so that 

measurement data were available at different temperatures. The 

beam remained in a loaded or unloaded state for several days. 

For comparing the two measurement systems, only the 

displacement transducers SV3, SV4 and SH8 were important. 

 

 

 

 

LASER 1

reflector 
panel 

measurement distance

60°

LASER 2

reflector 
panel 

measurement distance

90°

L1 L2 

a) 

d) 

RP1 
RP2 

b) c) 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure  

1090 

 

 

Figure 8. Static test – unloaded and loaded state. 

 

In addition to the static loading tests, moving load tests were 

performed. During the moving load test, the trolley moved 

slowly over the bridge at a speed of about 1 m/min, meaning 

that one crossing took about 20 minutes. Figure 9 shows an 

exemplary measurement procedure: 

 

- Trolley moves from fixed bearing to movable bearing  

- Trolley stops over movable bearing  

- Trolley moves from movable bearing to fixed bearing  

 

 

 

Figure 9. Moving load test with trolley. 

 

 Analysis of measurements 

The calculations below compare a contact-based traditional 

precise displacement transducer system with a new contactless 

laser-based measurement system. The classical inductive 

transducers provide only values in one direction, why it was 

easy to read directly the bridge’s deflection at the different 

measuring points. The measurement system was initialized at 

the beginning of each evaluation period and all sensors were set 

to zero.  

Due to the inclined panel, the distance measurement of L1 

contained a displacement component in both horizontal and 

vertical directions, as seen in Figure 11. In the first step, these 

measurement raw data had to be split into the two components. 

L0 was defined as the initial length and set the zero position of 

the measurements (Figure 10).  

 

 

Figure 10. Location of lasers, reflector panels and 

corresponding displacement transducers. 

 

 

Figure 11. Inclined reflector panel 1 – horizontal and vertical 

displacement component. 

To separate the vertical component (Lv(L1)*)  from the distance 

measurement of L1 (Lh+v(L1)), a second purely horizontal 

distance measurement was necessary. Therefore, L2 measured 

the horizontal movement with a vertically aligned reflector 

panel (Figure 12). Figure 10 shows that the two reflector panels 

were not installed at the same x-position. Hence, the pure 

horizontal measurement of L2 (Lh(L2)) was converted or 

corrected to the position of L1 (Lh(L1)*). Then it was possible 

to separate the vertical component from the horizontal 

component and calculate the pure vertical deflection H(L1)* . 

Equations 1-5 show the calculation steps. The displacement in 

the vertical direction was defined positively downwards. 

Therefore, a minus was placed before Lv(L1)* in Eq. (5). The 

‘*’ in the equations indicates calculated values. 

 

 

Figure 12. Vertical reflector panel 2 – initial situation (left), 

horizontal displacement (right). 

 

                         ∆𝐿ℎ(𝐿1)∗ = ∆𝐿ℎ(𝐿2)  ∙  
𝐿0(𝐿1)

𝐿0(𝐿2)
                      (1) 

 

   ∆𝐿ℎ(𝐿1) = ∆𝐿ℎ(𝐿1)∗                           (2) 

 

    ∆𝐿ℎ+𝑣(𝐿1) = ∆𝐿ℎ(𝐿1)∗ + ∆𝐿𝑣(𝐿1)∗                  (3) 

 

       ∆𝐿𝑣(𝐿1)∗ = ∆𝐿ℎ+𝑣(𝐿1) − ∆𝐿ℎ(𝐿1)∗            (4) 

 

             ∆H(L1)∗ =  −∆Lv(L1)∗  ∙  tan(60°)            (5) 
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3 RESULTS 

The first step was to refer the measured data to an initial start 

value. Therefore, only deviations from the start value 

(-values) are considered in the following figures. Figure 13 

shows the measured horizontal displacement of both lasers 

during two weeks in October 2020. The yellow raw data line 

shows the change of the measured distance of L1, containing 

both horizontal and vertical components. The red line shows 

the deviations of the measured distance of L2, which contains 

only the bridge’s pure horizontal displacement. From 

13/10/2020 to 23/10/2020, the bridge was in the loaded state. 

On 23/10/2020, the trolley was moved from the middle of the 

beam to the fixed bearing. Then, two moving load tests were 

performed. Afterward, the bridge was left in the unloaded state. 

The change from the loaded to unloaded state is clearly visible 

in Figure 13 by the big step on 23/10/2020. The remaining 

smaller fluctuations result from the temperature change during 

day and night. 

 

 

Figure 13. Laser-based measurement system – displacement 

L, round bar, 13/10-31/10/2020, sample rate 1/min. 

To compare the laser data, the measured values of L2 were 

converted to the measuring point of L1 with Eq. (1). 

Equation (1) is based on the assumption that the bridge moved 

linearly in the longitudinal horizontal direction starting from 0 

at the fixed bearing to a maximum at the movable bearing. The 

result of this calculation is shown in Figure 14 by the green line 

ΔLh(L1)*. The blue line shows the vertical displacement 

component ΔLv(L1)* calculated with Eq. (4). 

 

 

Figure 14. Different displacement components in the middle of 

the beam, 13/10-31/10/2020. 

Figure 15 is split into three parts. The upper part shows the 

horizontal displacement u or ΔLh in the middle of the beam. 

The laser measurement ΔLh(L1)* (green) is compared to the 

calculated horizontal displacement at position SV4 (orange). 

ΔLh(SV4)* is half of the horizontal displacement of SH8 (ΔLh(SH8) 

is not represented in the figure). The middle graph displays the 

deflection w or ΔH in the middle of the beam. H(L1)* was 

calculated with Eq. (5), whereas for reasons of comparison, 

H(SV4) shows directly the measured data of the displacement 

transducer SV4. In the vertical direction, the measurement 

signals deviate between -2.80 mm to +0.95 mm within two 

weeks. The lower part displays the different temperatures: T3 

(concrete temperature), T5 (asphalt temperature) and T6 

(ambient air temperature). Both measurement systems were 

exposed to the same temperature fluctuations. 

 

 

Figure 15. Laser vs. displacement transducer – deflection and 

displacement in the middle of the beam, 13/10-31/10/2020. 

 

Figure 16 shows a one-day measurement in detail. 

October 22, 2020, was a sunny day and the temperatures varied 

considerably. The measurements were set to zero at midnight. 

The deflection values of SV4 followed the concrete 
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temperature T3, while L1 was closer to the air temperature 

(T6). The largest deviations occurred between 11:00 to 19:00, 

where a deviation up to -1.63 mm was observed. The smallest 

difference during this day was +0.55 mm. 

 

 

Figure 16. Laser vs. displacement transducer – deflection and 

displacement in the middle of the beam, 22/10/2020. 

 

The bridge’s deformations during a moving load test are shown 

in Figure 17, where the different crossings are numbered in the 

middle chart. No.1 shows the first crossing of the bridge from 

fixed to movable bearing and no. 2 the crossing in the opposite 

direction. The temperatures during this test phase were quite 

constant. The deviation of the deflection w was from -0.35 to 

0.09 mm. Two additional measurement points were selected 

and evaluated. In the first crossing, the trolley reached the 

center of the bridge at 09:31 AM and in the second crossing at 

10:04 AM. The relative error for the horizontal displacement 

was -4.6 % [-12.0 %] and for the deflection -3.3 % [-2.8 %] at 

09:31 AM [at 10:04 AM]. 

 

 

Figure 17. Laser vs. displacement transducer – deflection and 

displacement in the middle of the beam, moving load test, 

23/10/2020. 

 

Table 1 summarizes the results of the measurement system 

comparison depending on the analyzed period. In the upper 

part, the horizontal displacement values are shown. Results of 

the deflection in the middle of the beam are presented below. 

The value max  shows the maximum deviation between both 

measurement systems of all delta values in the positive 

direction and min  the maximum deviation in the negative 

direction. The sum of both -values results in the deviation 

range value. The RMSE (Root Mean Square Error) for the 

horizontal displacement is 0.18, 0.11 or 0.06 mm depending on 

the observed measurement period. For the vertical deflection, 

the RMSE is between 0.83 and 0.11 mm.  

Table 1. Summary of measurement system comparison [mm]. 

 

 

4 CONCLUSIONS 

The laser-based measuring system achieves promising results 

for the vertical deflection w and for the horizontal displacement 

u. For the horizontal displacement, the deviation range was 

0.89 mm within 2 weeks with an RMSE of 0.18 mm. On a 

sunny day, the deviation range was 0.37 mm with an RMSE of 

0.11 mm. The deflection varied over a wider range. During the 

2 weeks, the deviation range was 3.76 mm (RMSE 0.83 mm) 

and for one day, the deviation range went up to 2.18 mm 

(RMSE 0.62 mm). The shorter the measurement period, the 

smaller the temperature influences and consequently the 

smaller the deviations (see results of moving load test). The 

deviation range of measurements can be influenced by the 

following factors: angle of the reflector panel, alignment of the 

lasers, mounting device of the reflector panel. For future 

experiments it is suggested that the pure horizontal 

displacement is measured at the same point as the deflection. 

This could improve the measurement accuracy.  

Special features of the laser-based measuring system are the 

wireless connection between the reflector panel (target) and the 

laser sensor. The lasers work with the constant speed of light. 

Since the measurement distance is permanently installed and 

contains no moving parts, there is no mechanical wear. If a laser 

sensor needs to be replaced, the old data can be read directly. 

The use of the contacting inductive displacement transducers is 

only possible in rare situations on existing bridges. On real 

sites, the free distance between ground and bridge is typically 

too high to allow their use. 

To detect, localize and quantify damage at an early stage, it 

is important to know the behavior of the bridge in a healthy 

reference state. This includes repeated dynamic and static 
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measurements and sagging, i.e. a long-term move down due to 

own weight. Here, the present paper’s focus is on recording 

static displacement using two different measurement 

approaches. It is well known that temperature induced 

displacement effects on real bridges can be in the magnitude of 

the damage induced effects. Therefore, temperature effects 

must be compensated before the measured data are finally 

assessed, e.g. by combining them with the computational 

models. Based on the measurements, comparative calculations 

are carried out using the FE-method. A model updating process 

can for instance adjust the stiffness matrix to the measured data 

and thus lay bare the locations and degree of stiffness loss, i.e. 

the positions of damage 
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ABSTRACT: The tension forces of cables are an important index in assessing the integrity and safety of a cable-stayed bridge. A 

variety of methodologies has been proposed to estimate the tensions of cables, and the vibration-based methodology is widely 

applied in the real world due to its simplicity, speed, and economy. However, defining the significant changes while periodically 

tracking the tensions of cables and investigating the ambient effects on the cable tension estimation have not been discussed in 

any studies to the best of the researchers’ knowledge. The Indian River Inlet bridge (IRIB) is a cable-stayed bridge in southern 

Delaware. A complicated structural health monitoring (SHM) system, which collects dynamic and semi-static responses, was 

installed on the bridge during construction. In this paper, the accelerations of eight cables during five storms and three regular 

ambient events from 2014 to 2020 are evaluated. During the events, ambient factors (i.e., wind speed, wind direction, wind gust, 

temperature, and gage perception) were collected in 5 minute intervals. The accelerations of cables were processed by Fast Fourier 

Transform (FFT) to identify natural frequencies of the cables. It was noticed that under certain ambient environments, some 

acceleration segments cannot be used to accurately identify natural frequencies. Decision tree (DT) models were built to identify 

the ambient factors that correspond to cable vibrations that can be used for accurate frequency identification. Two vibration-based 

methodologies, taut string theory (TST) and beam theory (BT) are applied to compute and track the tension of cables. A statistical 

analysis was performed on the estimated tensions of cables to understand the sensitivity of the methodology and its accuracy in 

tracking cable tensions over time, and it was found that changes of the IRIB can be detected by tracking the tensions of cables. 

Finally, the necessary ambient conditions for accurate frequency determination were identified using a DT model. 

KEY WORDS: Structural health monitoring; Fast fourier transform; Decision tree; Taut string theory; Beam theory; Cable tension. 

1 INTRODUCTION 

Bridges are a fundamental component of infrastructure 

systems. A large fraction of US bridges were built before the 

1950s and are reaching the end of their design service life. 

Transportation agencies assess bridge safety through visual 

inspection and the computation of bridge load ratings. The 

drawbacks of the visual inspections are cost, time, and the 

heavy reliance on qualitative information. The advent of robust 

SHM systems presents the opportunity to gain useful 

quantitative information in a relatively economic manner and 

use it to improve bridge evaluations. For a cable-stayed bridge, 

the stay cables are a critical structural component. Changes of 

the cable-stayed bridge conditions could cause the load 

redistribution. A change or redistribution of cable forces may 

signal a change in condition of the structure. These changes 

might be due to corrosion of stay cables, issues with the cable 

anchorages, or dead load distribution changes in the 

superstructure due to some other change in structural condition. 

Therefore, continuously monitoring the forces of cables can 

provide one efficient way to monitor a cable-stayed bridge’s 

“health.”  

A lot of research in the last decades has been devoted to 

estimating cable tensions. The vibration method was developed 

using simplified string theory without considering bending 

stiffness and sag extensibility, and it was applied by different 

researchers [1,5,7,16]. In 1994, Shimada proposed a more 

widely used vibration formula including bending stiffness. It 

makes use of a frequency formula for an axially loaded beam 

that considers the bending effect without sag-extensibility [2, 

10, 11, 15, 19]. A practical formula including sag effects and 

bending stiffness was proposed by Zui in 1996 [3]. The 

influence of cable sag is insignificant for the range of 

Indian river inlet bridge cable tension tracking and wind load effects investigation 
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Figure 1. IRIB SHM system overview. 
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parameters involved in most stay cables, however the cable 

bending stiffness can have a significant influence on the 

resulting cable damping ratios [4]. A different practical formula 

also considering bending stiffness and sag effects was 

developed by Ren [6]. Kim and Park proposed a method to 

simultaneously identify the horizontal component of tension 

force, flexural rigidity, and axial rigidity of a cable system by 

the frequency-based sensitivity-updating algorithm in a finite 

element model [8]. The effects of boundary conditions at the 

ends on the cable tensions were investigated [9, 18, 20]. Cable 

tensions of a cable-stayed bridge were estimated noninvasively 

from measured cable motion by multiple signal classification 

algorithm. The paper shows the algorithm is more powerful 

than the fourier-based frequency spectrum [15]. It was proved 

that the temperature is the major ambient factor that caused the 

variations of cable tensions. There is a strong negative 

correlation between temperature and cable tensions [12, 17]. 

Fang proposed another practical formula to estimate cable 

tension in a simple explicit form, in which the bending stiffness 

of the cable is included, and the sag effect is neglected for 

simplicity by using the frequencies relative to antisymmetric or 

higher vibration mode of cables [13]. Cho compared the tension 

measurements of direct methodology with indirect 

methodologies. Vibration methodologies, which are indirect 

methods, are the first choice in practical applications owing to 

their simplicity, speed, and economy [14]. 

In this paper, two vibration-based methodologies, namely 

taut string theory and beam theory, are implemented to estimate 

tensions of eight cables on the Indian River Inlet Bridge (IRIB). 

Taut string theory is a widely applied methodology in practical 

application, but the accuracy of this method is compromised as 

aforementioned. Beam theory improves the accuracy of 

estimated cable tensions by considering bending stiffness. 

Hence, both methods are used and compared to validate the 

cables’ tension results. Fast Fourier Transform (FFT) is used to 

extract the natural frequencies of cables by processing cable 

accelerations. It was noticed that some acceleration segments 

do not provide clear natural frequencies after processing by 

FFT. The objectives of this study are (1): track the tensions of 

cables over time and detect abnormal changes in cables forces; 

(2): identifying critical ambient conditions that lead to clear 

vibration signals for a cable.  

2 SHM SYSTEM ON IRIB 

The Indian River Inlet Bridge is a cable-stayed bridge in 

southern Delaware. It is supported by four pylons which are 73 

m in height, and 19 pairs of cables are attached to each pylon 

in a harped design supporting three spans (Fig. 1). The total 

length of the IRIB is 533.4 m.  The southern span and northern 

span are 121.9 m, and the main span is 289.6 m. The width of 

the bridge deck is 32.8 m. It is divided into four traffic lanes, 

one shoulder on each side, and one pedestrian walkway on the 

east side. 

A comprehensive SHM system was installed on the IRIB. 

The system, which collects data 24/7, includes 70 strain 

sensors, 44 accelerometers, 9 tiltmeters, 3 bearing displacement 

sensors, 2 anemometers and 16 chloride sensors. The different 

types of sensors are placed across the bridge and marked in 

specific shapes (Fig. 1).  The SHM system can collect static 

responses and dynamic responses of the IRIB at different 

sample  frequencies. For monitoring the tensions of the cables, 

11 accelerometers are installed on 11 cables to record 

accelerations of these cables, however three of them (419E, 

404E, and 310E) not operational. Hence, there are no estimated 

tensions for these cables. 

The properties of these cables are summarized in Table 1. 

The cables’ properties are substituted into taut string theory and 

beam theory to calculate cables’ tension.  These cables’ 

location is labeled in Fig 1. 

Table 1. Properties of cables. 

Stay Length (m) Linear Mass (kg/m) 

219E 153.9 70.6 

319E 153.9 70.6 

315E 124.2 48.3 

310E 87.5 42.4 

310W 87.5 42.4 

305E 52.3 29.4 

408E 75.2 38.8 

413E 112.0 44.7 

419E 139.9 71.8 

319W 153.9 70.6 

404E 47.2 28.3 

3. METHODOLOGY 

Flat taut string theory and beam theory are the most popular 

methods in practice to estimate cable tension. Both methods 

can be categorized as vibration-based methods. The foundation 

of vibration-based methods is estimating natural frequencies. 

In this study, the natural frequencies of each cable are obtained 

by FFT analysis. The equally distributed dominate frequencies 

in the FFT signal are the natural frequencies of the cable. 

Decision tree (DT) methodology is applied to identify the 

critical ambient factors for cable tension estimation. It is a 

machine learning algorithm that is very powerful for 

classification tasks. The basic concepts of these methodologies 

are briefly introduced in following section. 

3.1.  Vibration-based methodologies 

3.1.1. Taut string theory (TST) 

It treats the cables as ideal strings. This theory neglects both 

sag effects and bending stiffness. The formula is given as: 

𝑇 = 4𝑚𝐿2(𝑓𝑛/𝑛)2   (1) 

Where T, m, L, and f denote cable tension, mass density, 

length of cable, and the nth natural frequency respectively. This 

simple formula is most accurate for estimating long slender 

cable force, but due to its simplicity and relatively accuracy, it 

is widely applied in the real world. 

3.1.2. Beam theory (BT) 

The beam theory method developed by Shimada in 1994 is also 

widely applied in academy and industry due to its practicality 

and ease of use. The second method makes use of a frequency 

formula for an axially loaded beam that considers the bending 
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effects without sag effects. This method is derived from the 

equation of motion of a cable with bending rigidity as: 

𝑚
𝜕2𝑧

𝜕2𝑡2 + 𝐸𝐼
𝜕4𝑧

𝜕𝑥4 −  𝑇
𝜕2𝑧

𝜕𝑥2 = 0  (2) 

Where z is vertical displacement; x is longitudinal position; 

m is unit mass; EI and T denotes flexural stiffness and cable 

tension respectively. Presuming the flexural stiffness and cable 

tension are constant along the cable, and the boundary 

conditions of the cable are hinged at both ends, the cable 

tension is given as: 

𝑇 = 4𝑚𝐿2(𝑓𝑛/𝑛)2 − (EIπ2n2/L2)  (3) 

Where L, and fn denote length of cable and the nth natural 

frequency respectively. The equation (3) can be transformed to: 

(
𝑓𝑛

𝑛
)2 =

𝐸𝐼𝜋2

4𝑚𝐿4 𝑛2 +
𝑇

4𝑚𝐿2 = 𝑎𝑛2 + 𝑏  (4) 

The linear regression can be executed to estimate the slope 

and intercept of equation (4) when multiple natural frequencies 

of the cable are available. The intercept b and coefficient a can 

be utilized to estimate cable tension and bending stiffness 

respectively as: 

 𝐸𝐼 =
4𝑚𝐿4

𝜋2 𝑎           𝑇 = 4𝑚𝐿2𝑏  (5) 

 

This method provides a practical way to combine multiple 

natural frequencies to compensate for the error resulting from 

nonlinearity and contaminated responses. However, obtaining 

multiple natural frequencies is not always available. This 

requirement limits the application and accuracy of the BT 

methodology. 

Flat taut string theory and beam theory are both applied to 

compute the force of cables. The first reason for using both 

methods is identifying the better method to estimate the tension 

of cables. The IRIB cable tensions were measured in 2012 by 

the contractor shortly before it was opened to traffic. The more 

accurate methodology can be identified by comparing the 

results of both theories with the measured values. The second 

reason for using two theories is verifying the accuracy of the 

result.  

3.2. Decision tree methodology 

The decision tree is a powerful machine learning algorithm that 

is widely applied to solve classification problems. The primary 

steps in building a DT model are splitting, stopping, and 

pruning. The primary components of a DT are nodes and 

branches. DT classifies instances by sorting them down from 

the top root to some leaf nodes. Every node in the tree 

represents a test on one variable. Each branch represents a 

result for the attributes. Depending on the target variable types, 

there are different splitting criteria to build a DT. In this paper, 

the node splitting is based on the Logworth Statistic. The details 

of the procedures are: 

• Assess all possible partitions for each attribute and 

select the optimal split point by using maximum 

Logworth 

• Compare the Logworth of each attribute and choose 

the attribute that has the largest Logworth value as 

partition rule 

• Repeat the same process to find the best splitting 

criteria for each attribute until every node cannot be 

split. 

• Pruning is an important procedure to avoid overfitting. 

Prune the DT model for each node until the simplest 

DT model with the best performance on validation 

dataset achieved. 

The Logworth equation is : 

𝐿𝑜𝑔𝑤𝑜𝑟𝑡ℎ =  −l𝑜𝑔10(𝑝 − 𝑣𝑎𝑙𝑢𝑒)  (6) 

Where the adjusted p-value is calculated in a complex 

manner that takes into account the number of different ways a 

split can occur. 

The continuous acceleration signals of cables are divided into 

10-mins segments. Each segment is processed by FFT to obtain 

natural frequencies. When there are more than 4 natural 

frequencies are recognized in FFT, the target attribute is labeled 

as 1 (i.e., good), and vice versa. The ambient factors that are 

input attributes of DT models include average wind speed, 

wind gust, wind direction, average temperature, and average 

perception. A DT model is trained and tested for each cable. 

4. ANALYSIS 

4.1. Cable tension monitoring and analyzing 

Acceleration data was collected by the IRIB SHM system 

between 2014 and 2020. It can be categorized into two types 

depending on the ambient condition at the time the data was 

collected. The first type of acceleration data is storm data, 

which was collected during a large wind event. During these 

large wind events (all having peak wind speeds greater than 

12.5 m/s), the cables of  

Table 2. Data Collection Events. 

Date Type Freq (HZ) 
Length 

(mins) 

07/04/2014 Storm 166 20 

01/23/2016 Strom 166 750 

10/09/2016 Strom 166 260 

01/04/2018 Storm 166 300 

04/13/2020 Storm 166 390 

10/30/2016 Regular 166 60 

01/02/2017 Regular 166 180 

03/05/2017 Regular 166 60 

the IRIB vibrated significantly. Five storms were recorded 

between 2014 and 2020. The storm acceleration data details are 

summarized in Table 2. The second type of acceleration data is  

regular acceleration data which is collected during typical 

ambient environments (calm weather, maximum peak wind of 

9.2 m/s). We will consider three “regular” events. It has been 

noticed that some acceleration signals do not provide clear 

enough results to identify the natural frequencies of the 

corresponding cables after processed by FFT. Both storm and 
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regular acceleration data are used to investigate the effects of 

ambient factors on cable vibration. The ambient effects on 

cable vibration are discussed in the next section. In this part, 

only storm acceleration data was used to estimate tension of 

cables. All acceleration data (storm and regular) are recorded at 

166HZ. Fig 2 is an example of the acceleration signal of cable 

319E during storm Jonas on January 23rd, 2016. The 

acceleration signal is about 13 hours in duration. The 

magnitude of the accelerations changed significantly over time. 

 

 

Figure 2. Acceleration of 319E on 01/23/2016. 

The first step in computing cable tension is to identify a 

cables’ natural frequencies of vibration. The acceleration data 

was processed by the Fast Fourier Transform (FFT) to produce 

the Power Spectral Density (PSD) to identify the natural 

frequencies of cables. The dominant frequencies in equal 

distance are natural frequencies of the cable. The Fig 3 is the 

PSD signal of cable 319E in the Jonas storm. While a few 

natural frequencies are missed in this FFT signal, multiple 

peaks that are distributed in equal distance can be recognized 

clearly. All the natural frequencies of cable 319E are marked 

by red crosses in Fig. 3. The peak selection algorithm was used 

to identify the peaks in the frequency domain signal. The height 

parameter was set to eliminate small peaks. For 319E, the 

height parameter is 0.0002. Only the peaks with equal distance 

were used to estimate the cable forces. The fundamental 

frequency is 0.933 Hz. The second mode is 1.844 Hz. There is 

one dominant peak at 7.81HZ, but it is not one of the natural 

frequencies of the cable 319E. The same frequency peak also 

appeared in other cables’ FFT signals. This phenomenon also 

indicates 7.81 Hz is not one of the cables’ natural frequencies. 

The possible explanation of this peak is that it is one of the 

natural frequencies of the entire structure.  

The next step is to calculate the corresponding cable tensions 

using taut string theory and beam theory. The taut string theory 

only requires one natural frequency to estimate the force of the 

cable. To reduce the effects of noisy responses and improve the 

accuracy of the taut string theory, the frequency substituted into 

equation (1) is the mean of the natural frequencies. Both 

methodologies are widely used in practice. The only difference 

between these two methodologies is that the beam theory 

includes bending stiffness. The results of both methods can be 

validated by comparing to the cable forces measured by the 

contractor using hydraulic jack in 2012. The complete cable 

tension results calculated by TST and BT are summarized in 

Table 3.1 and 3.2 respectively. The maximum difference 

between measured force and estimated force are 8.3 % and 

8.1% which both appeared in the short cable 413E. There are 

some missing points in both tables because some acceleration 

sensors did not function properly during some events. There are 

more missing forces in Table 3.2. The larger number of missing 

forces are due to limitations of the beam theory. The beam 

theory requires multiple natural frequencies (at least 5) to 

obtain accurate results. By using multiple natural frequencies, 

it provides a practical way to compensate for the error resulting 

from nonlinearity and contaminated responses. However, it is 

not always possible for every cable to yield clear multiple 

natural frequencies. With only a few natural frequencies 

available, the accuracy of the beam theory results are 

compromised. It is clear that the forces calculated by both 

methodologies are very similar. By comparing the results of 

both methodologies with the measured cable forces, one can 

conclude that the cable forces are very consistent over time and 

only fluctuate in a small range. There are no large jumps or 

consistent trends in the cable forces over the six years. This 

indicates that the global condition of the IRIB is stable and that 

the condition of the stays also appear to be stable (both of these 

would be expected for a new bridge).  

 

 

Figure 3. Natural frequencies of 319E. 

To demonstrate the variation in cable force over time, the 

tension computed for cable 319E during the six storms is 

plotted in Fig. 4. The circle points represent the forces 

calculated by TST. The crosses represent the forces calculated 

by BT. The difference between the TST and BT calculations 

are very small, and the cable forces are stable and consistent. 

The means and standard deviation of the cable forces, 

calculated by TST, are 5745.3 (kN) and 35.6 (kN) respectively. 

For the forces calculated by BT method, the mean and standard 

deviation are 5742.1 (kN) and 31.5 (kN). It is important to 

quantify what change in the cable force would be significant. 

Using the five forces calculated by TST for cable 319E, the 

double side 99% confidence intervals (CI) were calculated (and 

can be used for assessing the future cable forces). For cable 

319E, the lower CI is 5672 KN, and the upper CI is 5818 KN.  
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The dashed lines in Fig 4 are the 99% CI’s for 319E.For cable 

319E, the lower CI is 5672 KN, and the upper CI is 5818 KN.  

The dashed lines in Fig 4 are the 99% CI’s for 319E. If a 

future cable force for 319E is outside of the 99% CI, it indicates 

statistically significant change in condition. In that case, the 

owner of the IRIB should reevaluate the bridge condition. The 

99% CIs for all cables are listed at the bottom of Table 3.1 and 

3.2. Some cables do not have CI values because the number of 

cable forces found is less than 4 and that is too small a sample 

size to compute accurate CI values.  

 

Figure 4. Tensions of 319E. 

4.2. Ambient factor effects on cable vibration 

Having to solely rely on storm data will limit the value of cable 

force estimation by FFT. In the past 6 years, only 5 storms have 

impacted the IRIB, and during that time, there were large gaps 

between storms. It would be useful to analyze more datasets so 

the owners would be able to assess the bridge conditions more 

frequently.  

On most days, the conditions are such that the cables of the 

IRIB do not vibrate significantly and the signals produced 

during those “regular” ambient conditions cannot be used to 

accurately extract natural frequencies. The question therefore 

becomes, what is the threshold above which ambient conditions 

will produce useful datasets. If this can be established, data can 

be collected continuously, the data below the threshold values 

can be eliminated, and the remaining data can be evaluated. 

This will yield many more values for cable forces over time. 

Table 4. Accuracy of DT Model. 

Cable 
No. of 

Segments 

Accuracy Rate 

training validation test 

319E 164 96.4% 92.7% 92.7% 

 

The ambient factors considered in this study for establishing 

the threshold conditions include wind speed, wind gust, wind 

direction, temperature, and gage precipitation. The ambient 

Table 3. Cable Tensions (kN) by TST. 

Event 219E 319E 315E 310E 305E 408E 413E 310W 

201407 6074 5754 3378 3897 2370 2998 3624 - 

201601 6105 5686 3372 3910 2389 3030 3609 3648 

201610 6208 5744 3377 3897 2397 2988 3583 3662 

201801 6064 5760 3426 3962 2393 3036 3591 3664 

202004 - - 3332 3902 2414 3013 3634 3710 

Contractor Measured 6400 5827 3412 3981 2571 3225 3937 3879 

Average Diff (%) 4.5% 0.4% 1.0% 1.7% 6.9% 6.6% 8.3% 5.4% 

Lower C.I. 5920 5636 3308 3856 2359 2970 3563 3592 

Upper C.I. 6305 5836 3445 3970 2423 3054 3652 3749 

Table 3.2. Cable Tensions (kN) by BT 

Event 219E 319E 315E 310E 305E 408E 413E 310W 

201407 6078 5759 3386 3901 2370 - - - 

201601 6055 5687 3373 3915 2406 3007 3622 3656 

201610 - 5741 - 3898 2411 2999 3590 3676 

201801 - 5758 3435 3962 2393 - - 3686 

202004 - - 3339 3907 2430 3007 3645 3712 

Contractor Measured 6400 5827 3412 3981 2571 3225 3937 3879 

Average Diff (%) 5.2% 0.4% 0.8% 1.6% 6.6% 6.9% 8.1% 5.1% 

Lower C.I. - 5638 3267 3862 2355 - - 3615 

Upper C.I. - 5835 3498 3970 2448 - - 3749 
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factors were recorded by a weather station located beside the 

south pythons. To evaluate the effect of these conditions, the 

five storms, along with 3 regular events were used.  Together 

these were divided into 164 ten-minute segments for cable 

319E. The sensor on 319E was not working during the 2020 

storm, so there are no natural frequencies obtained in the storm.  

134 segments of the data are from storms, and 30 segments are 

from the regular ambient conditions. In these 164 segments, the 

range of the wind speed is 1.1 m/s to 19.3 m/s. The wind gust 

range is 1.3 m/s to 23.5 m/s. The temperatures fluctuate 

between -5.3 °C and 22.6 °C. However, the ambient factors are 

not continuous, and regular ambient condition data is only a 

small fraction of the data. 

 

 

Figure 5. DT Model of 319E. 

DT methodology was used to solve this classification 

problem. In doing so, the first step is to create a target variable. 

Acceleration segments that can be processed by FFT to obtain 

more than 4 natural frequencies are categorized as good, and 

labeled as 1 in the target variable. On the contrary, the 

acceleration segments that can only provide 4 or fewer natural 

frequencies are considered bad, and labeled as 0. Fifty percent 

of the data were randomly selected and used as the training 

dataset. Twenty-five percent of the data were used as the 

validation dataset, and the remaining data were used as the test 

dataset. The trained DT model can identify the critical ambient 

conditions and predict if the vibration signal is good or not 

depending on the corresponding ambient factors. The 

accuracies of DT model for cable 319E are summarized in 

Table 4.  As Table 4 shows, the accuracy of the DT model is 

92.7%, which is very accurate. The accuracies of the DT model 

were calculated by using the confusion matrix. 

Table 5. Leaf Report. 

Cable Leaf Label 0 1 

319E 

Wind Direction (NW) & Wind Gust 

(m/s) >= 13.45 0.12 0.88 

Wind Direction (NW) & Wind Gust 

(m/s) < 13.45 0.79 0.21 

Wind Direction (N, NE) 1.00 0.00 

 

Based on the DT analysis, wind gust and wind direction are 

the dominant factors. The remainder of the ambient factors 

were not found to be significant. Fig. 5 illustrates the DT model 

of cable 319E. The red bar represents bad segments, which are 

labeled as 0, and the blue bar represents good segments, which 

are labeled as 1. The first factor used to split the data (between 

good and bad) is wind direction. When the wind direction is 

north or northeast, there are no good segments as the DT model 

showed. The probability of getting good vibration data is 0. 

When the wind direction was northwest, the data is split again 

by wind gust. When the wind gust is larger than 13.45 m/s, all 

the obtained vibration signals are good. The probability of 

getting good vibration data was 0.88. When the wind gust is 

smaller than 13.45 m/s, only a small part of data is good 

vibration data. The chance of getting good vibration data is only 

0.21. In Table 5, the leaf reports summarize the DT results of 

319E. The probability of getting good vibration data is listed in 

the last column. By using the leaf report, it is easy to determine 

if the vibration signal will be good or bad under a specific 

ambient condition.  

By using DT methodology, the critical ambient conditions 

for cable 319E were identified, and the probability of getting 

good vibration data was calculated. If the SHM system is set to 

only collect cable acceleration data when the ambient condition 

are favorable, most of the data collected will be useful in 

computing cable forces, and more data than that from the five 

storm events will be available. 

5 CONCLUSION 

This study has been divided into two primary parts. First, using 

five storm events over six years, both TST and BT methods 

were used to compute cable forces and their behavior compared 

to the contractor measured values at the time of tensioning and 

their values over time, was shown. Using the computed forces, 

99% CIs were set for each cable and these values can be used 

to indicate possible changes in condition of the IRIB during 

future monitoring. Second, the DT methodology was 

investigated in order to identify the critical ambient conditions 

that would produce useful vibration datasets for the cables. The 

data used in this part are 5 storm events and 3 regular ambient 

events. The results enable the bridge owner to collect more than 

simply storm data, but also to collect only valuable vibration 

data.  The research presented in this paper leads to the following 

conclusions: 

• There are only minor differences between estimated 

tensions and measured tensions. This indicates that 

the estimated cable tensions are accurate.  

• The cable tensions estimated by TST and BT are 

very similar, but the BT methodology requires more 

natural frequencies that caused missing results. 

• The 99% CIs are a valuable quantitative way to 

track the computed cable forces and signal 

meaningful changes in the behavior of the IRIB. For 

example, when an estimated tension of one cable is 

out of the corresponding CI, it means a significant 

change has occurred and further investigation is 

warranted.  

• The critical ambient conditions for cable 319E were 

established using the DT model. Only wind gust and 

wind direction were used in the DT model. The 

other factors, such as gage precipitation, 

temperature did not have obvious effects on cable 
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vibration. The identified critical ambient conditions 

can be used to eliminate non-informative data 

efficiently so that the researcher can save time and 

resources.  

It is worth mentioning that only 3 regular wind events were 

used in this paper. The SHM system on the IRIB is currently 

being updated, and the data collection has been temporarily 

stopped. In future work, additional regular events will be 

recorded and analyzed. With the additional data, the critical 

ambient conditions will be refined and the accuracy of the DT 

models improved.. 
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ABSTRACT: FlexiArchTM is a novel arch bridge system comprising of precast concrete voussoirs that require no centring 

during the placement stage at the bridge site, overcoming a time consuming and costly constraint in the traditional method of 

arch bridge construction. The behaviour of the novel FlexiArch system under foundation scour has not been investigated 

previously. Moreover, earlier work on bridge scour separated the scour phenomena from the structural behaviour of the bridge in 

their experiments and/or analysis, where in reality the two phenomena interact. This paper presents flume experiments planned 

to study the fluid/structure interactions at a 1:10 model FlexiArchTM bridge under pressurised flow conditions. The preparations 

for the experiments are underway. Laser and digital image analysis techniques have been developed to characterise the flow 

through the arch as well as the scour under different flow conditions and to monitor the structural displacements as the scour 

progresses. This will enable scour predictions of the excess scour due to the presence of the pressurised flow conditions to be 

made and to better understand foundation layout and allow engineers to identify suitable countermeasures to scour. Identifying 

the changes in load-response behaviour of the model as critical levels of scour occur will provide fundamental understanding of 

FlexiArchTM behaviour necessary for the health monitoring of such bridges in the field. 

KEY WORDS: masonry arch, flexiarch, pressurised-flow scour, vision-based displacement 

1 INTRODUCTION 

1.1 Scour at bridge foundations 

Analysis of recorded failure incidents of bridges crossing 

waterways indicate that floods and associated scour (the 

removal of bed and bank material by channel flow) play a 

dominant role in such failures [1-3]. Scouring may undermine 

bridge piers and abutments or remove material from approach 

embankments changing the stiffness of the bridge, thus 

altering the structural performance of the bridge from its 

design condition [4]. Hydraulic and structural scour 

countermeasures may be implemented at a bridge to combat 

anticipated levels of scour [5].  

Substantial research work has been carried out on standard 

free-flow scour that occur at bridge piers (Ref. [6-11] and 

therein) that resulted in scour manuals [5, 12, 13]. But 

comparatively less work has been carried out to understand 

the increased scour that occur when the upstream crown of a 

masonry arch bridge is submerged (pressurised-flow scour) 

[14]. In this case, the vertical obstruction imposed by arch 

intrados force the flow entering the bridge opening to 

vertically contract and accelerate, increasing the capacity of 

the flow to scour. Most pressure-flow scour research has been 

flume experiments on scaled bridge models with rectangular 

openings that span the entire width of the flume (flat-deck), 

with [14, 15] or without piers [16-19]. 

The larger obstruction that arch bridges impose on the flow 

makes them more susceptible to pressure-flow conditions than 

flat-deck bridges of the same span. In the pressure-flow flume 

experiments carried out by Solan et al. [20], foundation 

undermining was observed as the maximum scour for a single 

span arch bridge model was found at the upstream arch 

corners, while the maximum scour for a dual span arch was at 

the central pier. It was also observed that location of 

maximum scour was affected by the introduction of scour 

countermeasures. In contrast, the maximum scour at single 

span flat-deck bridges has been found to occurs downstream 

of the bridge opening [19]. 

Knowledge of the level of scour at bridge piers and 

abutments, and the structural response of a bridge to 

developing scour, are vital information required in assessing 

the safety of bridges susceptible to scour and to implement 

remedial work. The loss of foundation support due to scour 

will alter the stiffness of the structural supports, instigating 

movement of the bridge and changing its dynamic 

characteristics. Once these changes are correlated with 

developing scour, they could in themselves be used to monitor 

scour. This method has attracted much research interest 

recently amongst other methods of monitoring bridge scour 

[5, 21].  

In this regard, tilt of components of a bridge [22], 

displacements [23] and dynamic performance indicators 

(modal properties)  [4, 21, 24-26] have been used to monitor 

and identify failure cases of bridges. Not only does this 

approach provide knowledge about existing scour conditions 

but it also provides knowledge about the overall health of the 

structure. This approach has attracted growing attention from 

researchers over the years and is frequently being used in 

overall Structural Health Assessment (SHM) schemes [27]. 

1.2 FlexiArchTM bridge system 

Majority of the bridges in the UK, Ireland and the continental 

Europe are unreinforced masonry arch bridges [28, 29]. 

Though most of these bridges are considerably old [30, 31] 
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they are highly durable and require less maintenance than 

steel or reinforced/pre-stressed concrete bridges [32, 33], as 

the lack of steel reinforcement makes them immune to the 

deterioration due to corrosion of steel that other types of 

bridges are vulnerable to [34]. But due to the high cost, 

construction time and labour requirements of the traditional 

method of construction, construction of new masonry arch 

bridges declined gradually since the start of 20th century [30, 

31]. 

A novel concrete arch system (‘FlexiArch’) has been 

developed at Queen’s University Belfast to utilize the positive 

attributes of masonry arch bridges, while being competitive 

with other types of bridges in terms of cost, time and ease of 

construction [35]. The arch rings of FlexiArch bridges 

comprise of tapered pre-cast concrete voussoirs that do not 

involve steel reinforcement. The rings are assembled offsite in 

a flat-pack (Figure 1a)) and transported to the site and lifted to 

be placed on the skewbacks (Figure 1b)). A polymeric 

reinforcement binding the upper surface of the pack holds the 

voussoirs as the pack assumes the arch shape as it is lifted. 

The rings behave as normal masonry arch rings once they are 

set on the skewbacks, thus avoiding the necessity of a 

centring. FlexiArch systems have been implemented globally 

as new bridges, as replacements or strengthening additions to 

damaged bridges and as a lower carbon alternative to box 

culvert [36, 37]. Though the structural behaviour of FlexiArch 

bridges has been the subject of previous research [38-40], the 

hydraulics of scour in the vicinity of a FlexiArch bridge and 

structural response of the system to developing foundation 

scour has not been studied. 

 

 
   a) 

 
   b) 

Figure 1. Formation of a FlexiArchTM arch ring a) flat-pack 

form b) after placing on skewbacks. 

 

1.3 Aims and objectives 

The collapse of real bridges occurs as a consequence of the 

interaction between developing scour and the structural 

response of the bridge to scour. Previous experimental work 

on bridge performance have studied the scour phenomena 

separately from the structural behaviour of the bridge [20, 41-

43]. Therefore, the research reported here has the overall aim 

to conduct a holistic study of pressure-flow scour and bridge 

response to address this gap in knowledge. In that regard, the 

influence of pressurised flow on the FlexiArch bridge 

systems, and the additional scour resulting from that flow will 

be determined through scaled flume experiments on 

structurally similar, scaled, FlexiArchTM bridge models. The 

change in load-displacement characteristics of these models 

will be investigated in situ, under different levels of scour. 

Laser and digital image analysis systems will be used in the 

characterisation of the hydraulics of flow, scour and bridge 

structural response. The experiments are being currently 

carried out at Queen’s University Belfast. 

 

2 METHODOLOGY 

2.1 Overview 

The experiments will be carried out in the 18.8 m long, 0.75m 

wide and 0.75 deep flume in Hydraulics lab in Queen’s 

University Belfast. The test setup is shown in Figure 2. The 

test section is at the middle of the flume and comprise of a 

sediment bed truncated by uPVC false beds at the either side. 

A tailgate in the downstream side provides depth control. The 

FlexiArch bridge will be assembled on the sediment bed and 

will be subjected to varying flow conditions resulting in 

different flow conditions and degrees of inlet submergence. 

The flow will be supplied and recirculated with a pump with a 

capacity of 45 l/s and controlled manually while the flowrate 

is measured by an electromagnetic flow meter with a 

resolution of 0.01 l/s. There is no sediment recirculation 

facility. 

 

 

Figure 2. Schematic of the flume and test setup in the flow 

direction. Instrumentation not shown. 

2.2 Bridge model 

A 1:10 scale FlexiArch bridge model as seen in Figure 

3Figure 3 comprising of 23 identical, 20 mm thick and 100 

mm long voussoirs in each arch ring, will be built on the 

sediment bed. The scour experiments will be carried out on 

two uniformly graded (coefficient of uniformity, Cu < 1.6) 

silica sands (nominal size D50 = 1.12 mm and 1.9 mm). 

Unlike earlier research work on pressurised-flow scour at arch 

bridges, the model will be representative of the structural 

behaviour of the bridge as the 1:10 scale voussoirs will be 

made from 1:10 scale self-compacting concrete and the 

backfill will be 1:10 scaled Type 3 granular subbase (GSB). 

The concrete mix of the voussoirs was designed to facilitate 

the geometric scaling of the aggregate as given in Table 1. 

The 7-day strength of the mix was found to exceed 30 MPa.  
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Figure 3. a) Cross-sectional schematic of the single span 

FlexiArchTM bridge model in the flume. 

 

As previous work on the structural behaviour of 1:3 scaled 

models indicate, the failure of loaded FlexiArchTM bridges 

occur by formation of hinge mechanisms rather than material 

failure of concrete [39, 40]. Therefore, scaling the modulus 

and the strength of the concrete is not critical for the current 

work. The voussoirs are being cast on moulds prototyped 

from fused deposition modelling (FDM) using PETG and 

PLA. 

 

Table 1. Scaled concrete mix design (proportion by weight). 

Cement Limestone 

powder 

Water SP Agg1 Agg2 

1 1.17 0.8 0.03 1.28 3 

 
Note:  Agg1: Coarse aggregate - 0.425 mm – 2.36 mm 

 Agg2: Fine aggregate - 0.075 mm – 0.212 mm 

 SP: Superplasticiser – Larsen Chemcrete 100PLUS 

 

 

As the aim of the research presented here is to characterise 

the fundamental fluid/structure interaction of a FlexiArchTM 

bridge at its most vulnerable setting under scour (which 

occurs when the foundations are either shallow or are 

undermined so that no vertical reactions or thrust is carried by 

them) the FlexiArch will be supported only on the skewback 

foundation. The authors acknowledge that foundations will 

both influence the scour at the bridge as well as its structural 

behaviour. 

 

2.3 Planned experiments 

A series of flow tests, in which the arch barrel length, flow 

rate and depth through the arch are controlled to result in 

different flow conditions, will be carried out. The resulting 

velocity distributions at the arch inlet will be measured using 

laser particle image velocimetry (PIV), while the maximum 

scour occurring over different free flow and pressure-flow 

conditions will be monitored through manual scour 

measurement and ultimate scour profile measured using a low 

cost RPLIDAR A2M8 LIDAR (Shanghai Slamtec Co., Ltd., 

Shanghai, China) scanner (after the flume is emptied) to study 

the relationship between free flow and pressure-flow scour. 

Ultimately, the effect of the developing scour on the 

structural behaviour of the bridge will be investigated through 

monitoring the displacements of the arch through vision-based 

displacement measurement under both self-weight during 

flow and varying load conditions to simulate vehicle loading 

capacity after the flow is stopped. 

Analysis of time history of deformations of a structure 

yields much information about its health such as settlements 

and loss of stiffness. The changes in static response of the 

bridge due to increasing scour as found in Klinga and Alipour 

[4] would mean that the use of static load-displacement 

measurements planned in this research work should also be 

successful in characterising the structural response of the 

FlexiArch model. 

 

 
a) 

 
b) 

  

Figure 4. a) FDM printed mould b) 1:10 scale voussoirs c) an 

arch ring made from the 1:10 scale voussoirs. 

  

2.4 Vision-based displacement monitoring 

The methods used in field measurements of displacements 

include linear variable differential transducers (LVDTs) [44, 

45], accelerometers [44], Global Positioning System (GPS) 

[46, 47], Laser Doppler vibrometers [45] and vision-based 

systems [48]. Due to the size and the disturbance the other 

methods cause to the flow, the non-contact, vision-based 
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displacement measurement method will be used to monitor 

the displacements of the bridge model. 

In vision-based systems, stationary video streams of target 

regions of a structure captured from one or more video 

cameras are processed by measurement software that track 

targets/features on the structure and derive time history their 

displacements [49]. The processing stage comprise of camera 

calibration which builds the projective matrix that maps 3D 

structural coordinates to the 2D image plane, visual tracking 

of salient features or all pixels across video frames and using 

the output from calibration and tracking steps to calculate 

structural displacements. These systems have the advantages 

of being simple instrumentation that can be installed and 

operated away from the structure while having the ability to 

track movements of multiple points [49] and 3D motions [50]. 

More information about the processing techniques and 

application scenarios in structural health monitoring may be 

found in the recent reviews [49-51]. The method is also used 

in experimental mechanics and materials testing [52-55] and 

geotechnical engineering research [56, 57]. Recent field 

applications of vision-based systems in structural 

displacement monitoring includes use of a commercial system 

with high performance camera [48], use of a GoPro action 

camera augmented with a telephoto lens to monitor dynamics 

of a cycle and foot bridge due to crowd loading  [58] and use 

of an off-the-shelf telescope and camera in a novel bridge 

weigh-in-motion (BWIM) system [59].  

Although a considerable amount of research has been done 

with vision-based displacement measurement in laboratory 

experiments in structural displacement measurement, most of 

the work has been carried out has been to validate the 

measurement systems and methods intended for monitoring 

large structures such as bridges [50, 51]. Use of the method as 

a tool in laboratory research in structural engineering is 

comparatively less prominent. Khuc and Catbas [60] used 

computer vision to identify vehicle load and location as well 

as bridge displacement (using a target free approach) in a new 

structural identification framework in which a new damage 

indicator was also proposed. Chen et al. [61] used least 

squares circle fitting to track foundation displacements of a 

model three arch subway station subjected to seismic motions 

in a liquefiable soil. Ivorra et al. [62] used digital image 

correlation (DIC) to monitor displacements of masonry walls 

under in-plane shear loading. Matos et al. [63] used three 

dimensional DIC to obtain the in plane and out of plane 

deformations of a weathered biaxial composite plate subjected 

to underwater blast loading. Rao et al. [64] used a modified 

Lucas-Kanade optical flow estimation method to monitor 

displacements under seismic loading of an underwater model. 

In the current research, the vision-based system would be 

based on the system developed by Lydon et al. [58] which 

comprise of a low cost action camera. The camera will be 

placed upstream of the bridge model to monitor the 

displacements of the upstream arch ring during the static 

loading tests as shown in Figure 5.  

 

Figure 5. Longitudinal section of the test arrangement of the 

camera for vision-based displacement measurement. 

3 CONCLUSIONS 

This research will study the interactions between pressurised-

flow scour at a FlexiArch bridge, and the bridge response to 

the developing scour. Vision-based tracking will be employed 

in characterising the flow through the bridge as well as bridge 

displacements resulting from loss of stiffness due to 

foundation scour. The relationship between the flow 

conditions and the resulting scour as well as severity of 

pressurised-flow scour compared to normal flow scour will 

also be investigated. The outcomes of this research will 

facilitate better understanding of the hydraulics behind 

pressurised-flow scour phenomena and the structural response 

of bridges to developing scour to be elucidated. 
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ABSTRACT: This paper describes a new drive-by structural health monitoring concept which uses data from a vehicle fleet. 
When vehicles pass the bridge, apparent profiles are obtained from measured vehicle axle accelerations by direct integration. 
These apparent profiles contain both the road surface profile and components of bridge deflection. The bridge deflection 
components are calculated at the locations of the vehicle’s axles so they are based on a moving reference. In this paper, the concept 
of a moving reference influence function (MRIF) is introduced to describe the bridge response at a moving point, as a single unit 
load crosses the bridge. This MRIF can be calculated from a number of vehicles’ apparent profiles and is independent of the 
properties of any single vehicle. The MRIF is represented by kernel density functions at a number of fixed reference points. The 
numerical results show that MRIF is a good indicator of bridge bearing damage.   

KEY WORDS: Bridge; health monitoring; fleet monitoring; acceleration; deflection; kernel density function, bearing damage. 

1 INTRODUCTION 

The drive-by monitoring concept, which is introduced by Yang 
et al. [1], uses measurements taken in a passing vehicle to infer 
information about the condition of the bridges that it passes 
over. This is possible as bridges vibrate in response to passing 
vehicles and the dynamic interaction between a vehicle and a 
bridge means that a change in bridge condition can be detected 
in the vehicle vibration signal. Bridge natural frequency is 
perhaps the most popular bridge feature that drive-by 
monitoring methods have focused on over the past 10 years. 
Recently, OBrien and Keenahan [2] have shown that the 
apparent profile can be used in bridge damage detection. The 
apparent profile (AP) is the profile experienced by the vehicle 
that excites it dynamically, as it passes over the bridge. This AP 
contains both bridge surface profile and components of bridge 
deflection. As bridge deflection is affected by its condition 
(stiffness), it is possible to use this AP as a condition or damage 
indicator.  

To get AP from vehicle acceleration, Keenahan et al. [3] 
propose a direct integration method. However, it requires 
knowledge of all vehicle properties (masses, stiffnesses, etc.) 
which is a challenge for an uncontrolled vehicle fleet. To 
address this issue, vehicles self-calibrate through a process of 
cross-comparison of off-bridge surface profiles and Cross 
Entropy optimisation [4]. Keenahan’s method, combined with 
this self-calibration process, is adopted in this paper. Low 
quality acceleration data from a large number of vehicles, is 
used to infer information about the condition of bridges in a 
network. 

Typically, Keenahan’s drive-by fleet monitoring system uses 
several signal measurements from each vehicle. However, it is 
not always possible to have several synchronized sensor 
measurements in a vehicle, especially if data is being extracted 
from sensors used for other purposes such as active or semi-
active suspensions. In this paper, a partially instrumented 
vehicle monitoring system is proposed, in which one axle is 
instrumented but the bridge is being excited by two or 
potentially more axles. Using optimisation, the instrumented 
axle properties are found from vehicle acceleration data when 
the vehicle is on the road (off-bridge accelerations). Having 
calibrated the vehicle, on-bridge accelerations are used to find 
the AP by direct integration, as before. This paper describes a 

way of processing the inferred AP to get a new damage 
indicator, independent of vehicle properties, called the moving 
reference influence function (MRIF).  

2 FLEET MONITORING CONCEPT  

 Apparent profile and moving reference deflection  

In this paper, it is assumed that vehicle steer axle properties can 
be found using the Cross Entropy optimisation method from 
off-bridge accelerations. Knowing these properties, bridge 
apparent profiles can be calculated from vehicle on-bridge 
accelerations. These APs contain both the bridge profile and 
bridge deflection components. This can be written as, 

𝑅 = 𝑅 + 𝛿  (1) 

where 𝑅  denotes the apparent bridge profile at location x, 𝑅  
denotes bridge surface profile at x and 𝛿  denotes the total 
bridge deflection. The moving reference location, x is the 
location of the instrumented axle, the 1st (steer) axle in this 
paper. As deflection, 𝛿  is changing with vehicle location, it is 
referred to as the moving reference deflection. For a two-axle 
vehicle,  𝛿  has contributions from both axles:  

𝛿 = 𝛿 , + 𝛿 ,  (2) 

 Moving reference influence function 

In a bridge where deflection is measured at a fixed point and 
axle weights are known, the influence line can be found, i.e., 
the response at the measurement point to a unit load moving 
across the structure. In this paper, the concept of a moving 
reference influence function is introduced, defined as the 
response at a moving point to a unit load moving across the 
structure at the same speed. For MRIF, two variables are 
required: x, the location of the (moving) measurement point and 
d, the distance between the (moving) measurement point and 
the (moving) unit load. The MRIF is denoted as, 𝐽 , . For a 2-
axle vehicle, two values of d, are of interest: d = 0 for deflection 
due to the 1st (instrumented) axle and d = s, the vehicle axle 
spacing, for deflection due to the 2nd axle. According to the 
definition, the components of deflection at location x due to 
each axle, can be written as, 

𝛿 , = 𝑊 𝐽 ,  (3) 

𝛿 , = 𝑊 𝐽 ,  (4) 
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where W1 and W2 are the weights of the 1st and 2nd axles 
respectively. Substituting Eqs. 3 and 4 into Eq. 2, gives: 

𝛿 = 𝑊 𝐽 , + 𝑊 𝐽 ,  (5) 

A kernel density function (KDF) is used to represent the 
influence function. A KDF effectively interpolates between a 
number of representative points. In this case, each 
representative point is replaced by a Gaussian function. Hence, 
the two-dimensional influence function, 𝐽 , , becomes,  

𝐽 , = 𝑗 ∗ 𝑒𝑥𝑝 
−(𝑥 − 𝑥 )

2𝜎
+

−(𝑑 − 𝑑 )

2𝜎
 (6) 

where 𝑗  is the value of 𝐽 ,  when 𝑥 = 𝑥  and 𝑑 = 𝑑 . Q is the 
total number of representative points, 𝑗 , used to represent the 
MRIF. The parameter, 𝜎 is the standard deviation used in the 
Gaussian functions – a larger standard deviation results in a 
smoother but less accurate fitting to the representative points.  

 Obtaining the MRIF from the AP 

Using a similar approach to the conventional bridge weigh-in-
motion algorithm [5, 6], the representative points,  𝑗  are found 
by least squares error minimisation. The error function is 
defined as the sum of squared differences between the 
measurements and the theoretical equivalents. In this case, the 
measurements consist of the apparent profile (𝑅 ) calculated 
from vehicle on-bridge accelerations. The theoretical 
equivalent is the theoretical apparent profile and can be written 
as, 

𝑅 , = 𝑅 + 𝑊 𝐽 , + 𝑊 𝐽 ,  (7) 

The error function is defined as, 

𝐸 = 𝑅 − 𝑅 ,  (8) 

For a single vehicle crossing, substituting for 𝑅 ,  gives, 

𝐸 = 𝑅 − 𝑅 − 𝑊 𝐽 , + 𝑊 𝐽 ,  (9) 

For a fleet of N vehicles, the error function becomes, 

𝐸 = 𝑅 , − 𝑅 − 𝑊 , 𝐽 , + 𝑊 , 𝐽 ,  (10) 

To minimise the error function of Eq.10, partial derivatives 
are taken with respect to each unknown (all 𝑗 ), and set to zero. 
This minimisation results in a total of Q equations in the Q 
unknowns (𝑗 ). Hence, all  𝑗  can be found, i.e., the MRIF is 
found that provides a best fit to the fleet measurements. It is 
noted that bridge profile (𝑅 ) needs to be known in this 
approach. 

3 NUMERICAL MODEL AND SIMULATION RESULT 

A finite element beam model interacting dynamically with a 
rigid body vehicle model, is used to simulate vehicle axle 
accelerations. A 4 m wide simply supported bridge with 20 m 
span is assumed to be made up of three Y3 beams, topped by a 
200 mm deep slab. The bridge is represented by 20 beam finite 
elements and 21 nodes. The properties are shown in the Table 
1.  

Table 1. Properties of bridge model 
Span 20 m 

Number of finite elements 20 
Total degrees of freedom 42 

Young’s Modulus, E 3.5×1010 N/m2 
Cross sectional area  2.05 m2 

Second moment of area, J 0.299 m4 
Damping,  3% 

To illustrate the concept with a very simple model, the two-
axle vehicle is represented by two independent quarter car (QC) 
axles that do not interact directly with each other – Figure 1. 
Acceleration is sampled from the 1st QC’s sprung mass (Ms).  

 

 

Figure 1. Vehicle and bridge models 

In Figure 1, the sprung mass Ms and an unsprung mass Mu are 
connected through a viscous damper with coefficient, C s and a 
spring with stiffness, Ks. The unsprung mass is connected to the 
bridge profile through a spring with linear stiffness Kt. In this 
study, the vehicle properties, such as speed, axle spacing, gross 
vehicle weight and axle weight ratio, come from the Long-
Term Pavement Performance Weigh-in-Motion database for a 
site in Wisconsin, the USA, collected in 2012. Some of the 
vehicle properties for the fleet, Mu, Cs, Ks and Kt are generated 
randomly by Monte Carlo simulation using the population 
means and standard deviations shown in Table 2, taken from 
the literature [7]. The sprung mass for each axle is calculated 
using the gross vehicle weight and axle weight ratio.  

Table 2. Vehicle fleet properties 
Property Symbol/Units Mean 

value 
Standard 
deviation 

Unsprung 
mass 

Mu: kg 700 250 

Damping Cs: Ns/m 2×104 5×103 
Unsprung 
stiffness 

Ks: N/m 4×105 1×105 

Tyre 
stiffness 

Kt: N/m 1.75×106 5×105 

A vehicle fleet of 500 vehicles is used to obtain the MRIF. 
As the MRIF is a function of two variables, it illustrated in a 
3D plot in Figure 2. The X-axis represents the location of the 
measurement point, while the Y-axis denotes the distance 
between that point and the unit load. The third axis gives the 
coordinate of the MRIF. Clearly some sections through this 
function will be known better than others. For example, every 
vehicle in the fleet will deliver information along the line, d = 
0 (measurement at x due to a unit load at x) while each will give 
a different section through the function for the 2nd axle value, 
depending on the inter-axle spacing (measurement at x due to a 
unit load at x – s) 
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Figure 2. Typical MRIF plot 

To validate the idea of using MRIF as a damage indicator, 
bearing damage is considered. The bearing damage model 
contains rotational springs at each support, as shown in Figure 
3. When the bridge is healthy, the rotational stiffness (Krot) is 0. 
When the bearing on one side is damaged, the rotational 
stiffness becomes non-zero. The MRIFs for both healthy and 
damaged bridges are calculated. One section through the 
function (d = 0 m) is shown in Figure 4. For the damaged case, 
the left side rotational stiffness value is set to, Krot = 1011 Ns/m 
while the right-side value is kept at zero (healthy). This level 
has been suggested by Khan et al. [8] to represent ‘moderate’ 
damage. It is clear that bearing damage reduces the area under 
the MRIF function. Also, damage in one bearing only tends to 
skew the function, making it clear where the damage is located. 

 

Figure 3. Bridge bearing damage model 

 

 

Figure 4. Section through the MRIF (d = 0 m) for healthy case 
and for bridge with damaged left bearing 

CONCLUSIONS 

A new fleet monitoring concept, with partially instrumented 
vehicles, is proposed in this paper. By separating the bridge 
deflections from the road surface profile, a new damage 
indicator is introduced – the Moving Reference Influence 

Function – that is a measure of bridge response to load. A 
numerical simulation shows that MRIF is a good damage 
indicator for bridge bearing damage. Further research is 
required to quantify damage sensitivity and the ability of MRIF 
to detect different bridge damage types.    
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ABSTRACT: Over the course of the last 5 years the main structural health monitoring system of the Great Belt Fixed Link 

(Storebæltsforbindelsen) has been developed and a number of novelties have been implemented. This includes specialized 

hardware such as sensors and dataloggers as well as a cloud-based monitoring platform. The entire structural health monitoring 

system is named Konmos. 

The Konmos-platform provides access to all SHM related data, provided by multiple subcontractors and systems installed 

throughout the Great Belt Fixed Link. Today, the platform gathers data from more than 500 sensors over the East and West 

bridges, with a flexible support for new sensor types. Among the large amount of sensor types are displacement sensors, strain 

gauges, accelerometers, environmental sensors, and many others. The platform is made available through a web browser as a 

website, allowing personnel, contractors, and external entities to work with the data quickly and in a user-friendly manner. All 

sensor data is shown with current live values, and both raw and processed data is stored for later exploration and analysis. 

Custom algorithms have been integrated in the Konmos cloud platform to process data in real time, providing valuable 

information. Information such as threshold and system outage alarms, life-time estimation through fatigue analysis, and even 

dynamic data processing. 

This paper provides an overview of the SHM system at the Great Belt Fixed Link and describes the architecture behind the 

cloud-platform of Konmos. Emphasis is put on describing how data exploration is made accessible to the bridge operators to 

support decision making and how the platform enables easy access for external parties. How this can be utilized for future 

monitoring of the Great Belt Bridge and other large infrastructures is discussed in this paper. 

 

KEY WORDS: Long span suspension bridge; Great Belt Fixed Link; Monitoring software; SHMS Platform; SHMS. 

 

1 INTRODUCTION 

Built in 1998, the Great Belt Fixed Link 

(Storebæltsforbindelsen) was the largest construction project 

in the history of Denmark, consisting of an 18 km road and 

railway link between the islands Zealand (Sjælland) and 

Funen (Fyn). The connection comprises three different 

structures: a railway tunnel and a long-span suspension bridge 

(East Bridge) from Zealand to an intermediate island (Sprogø) 

in the middle of the Great Belt and a combined road and 

railway bridge (West Bridge) from Sprogø to Funen, built as a 

multi-span beam-type bridge. The suspension bridge 

continues to hold the longest cable supported span outside of 

Asia, and in total the link is the longest open water bridge 

crossing in Europe. The bridge features a large-scale structural 

health monitoring system (SHMS) which has been installed, 

maintained, and updated since the completion of construction. 

The structural health monitoring system is assembled to 

provide continuous information regarding the bridge and to 

help the maintenance decision-making process for the coming 

decades. Using sensors, data acquisition systems, data 

analysis, and data exploration for gaining insights into the 

constructions, has become a necessary step in maintaining 

long-span bridges in the 21st century [1]. The construction’s 

monitoring system platform (named Konmos) has been in 

development since 2015, to applymodern structural health 

monitoring techniques to the Great Belt Fixed Link. 

2 FUNCTIONS OF A STRUCTURAL HEALTH 

MONITORING SYSTEM (SHMS) 

In the Great Belt Fixed Link there are two types of bridges: 

the long-span suspension bridge (East Bridge), and the multi-

span beam-type bridges (West Bridge). The function of a 

structural health monitoring system varies depending on the 

type of structure, but the goal for both is to identify damage 

[2]. Damage is here regarded as change in material or 

geometrical properties to the bridges, which adversely affect 

the structure. Damage can occur over long periods of time 

from degrading effects (ex. fatigue, corrosion, wear and tear), 

and events with large transient loads (ex. ship 

collisions/impacts, or extreme weather) [3]. 

In structural health monitoring damage prognosis can 

provide financial savings, safety, and minimize the need for 

bridge closures [4]. Damage prognosis helps to predict the 

remaining lifetime of local systems, based on the acquired 

knowledge about the current state of the bridge’s condition. 

The prognosis is developed by using data acquisition, 

preprocessing, analysis, and presentation to obtain knowledge 

regarding both local sections and global systems. 

SHM at the great belt fixed link in Denmark 
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3 SYSTEM DESIGN OF THE SHMS 

3.1 System architecture 

The Great Belt Fixed Link structural health monitoring system 

can be split into 6 modules, which explain the full system and 

operation (loosely based on the module split in [1]). The 

modules are (1) Sensory system (SS), (2) Data acquisition and 

network (DAQN), (3) Data processing and reporting (DPR), 

(4) Data visualization and exploration (DVE), (5) Structural 

health data management system (SHDMS), (6) Inspection and 

maintenance system (I&MS). 

1, 2, and 6 have been introduced on the bridge from the 

bridge opening in 1998. In 2015 the construction monitoring 

software was developed, introducing 3, 4, and 5 to the SHMS. 

Sensor signals were logged on the West Bridge from local 

dataloggers and sent through the bridge’s local network to the 

server room in Halsskov, on the east side of the Great Belt 

Fixed Link. On the on-premises server, a file-based database 

system was used to store all data from the sensors. All this 

data was made available to computers on the local network 

through a web application. In 2017, sensors from the East 

Bridge were added to Konmos and the data platform was 

moved from a local server in Halsskov to Microsoft Azure in 

the cloud. The move to the cloud made data exploration 

through Konmos easily available on any browser connected to 

the internet. In 2017 an interface was introduced to Konmos to 

allow for multiple sensor suppliers to integrate their data onto 

Konmos. A REST application interface (API) was created to 

allow the sensor integrators to send live data (values logged 

within the last few seconds) and historical data files (data files 

with between 10 minutes and 1 hour of data) directly to the 

structural health monitoring platform (Konmos cloud-

platform). 

3.2 Module 1 – Sensory system (SS) 

The sensory system refers to the sensors and signals from 

operational equipment installed on the West Bridge and the 

East Bridge of the Great Belt Fixed Link. The sensory system 

can be split into three types sensors: environmental 

parameters (EP); response measuring sensors (RMS); and 

mechanical operation sensors (MOS). The environmental 

parameters consist of anemometers, temperature sensors 

(measuring temperature in concrete, steel and air), humidity, 

and air pressure.  

The West Bridge response measuring sensors consist of: 

• Displacement sensors on train tracks (response from 

trains and temperature). 

• Displacement sensors between bridge decks: 

o Horizontally placed displacement sensors at 

bearings (response from trains and 

temperature causing small movements on 

the bearings). 

o Vertically placed displacement sensors at 

bearings (measuring the height of 

degradable bearing material remaining, and 

angle of the deck). 

• Inclinometers on pillars (response from ship impacts, 

and temperature). 

The East Bridge response measuring sensors consist of: 

• Displacement sensors at bearings (response from 

temperature, weather, and traffic). 

• Accelerometers on hangers (response from wind). 

• Dynamic strain gauge in box girder (response from 

traffic, and temperature). 

• GPS (response from temperature, weather, and 

special loads such as concrete road division blocks, 

ice, cranes, etc.). 

Figure 1. Sensor positions on the Great Belt Fixed Link. 
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On the East Bridge, mechanical equipment such as the 

dehumidification system, buffers by the bridge abutment, and 

tuned mass dampers (TMD) [5] are also monitored with 

sensors, the mechanical operation sensors consist of: 

• Oil pressure sensors. 

• Oil temperature sensors. 

• Dehumidification injection speed. 

• Dehumidification injection flow. 

• Dehumidification humidity. 

• Mechanical temperature. 

• Dehumidification power consumption. 

• TMD displacement sensors. 

Table 1. Sensors on the West Bridge of the Great Belt Fixed 

Link. 

System 

type 

Sensor type Quantity 

EP Anemometer 1 

EP Concrete temperature 20 

EP Air temperature 8 

RMS Displacement sensors on sleds 40 

RMS Displacement sensors between 

bridge decks 

6 

RMS Displacement sensors at 

bearings, horizontal 

28 

RMS Displacement sensors at 

bearings, vertical 

24 

RMS Inclinometers on pillars 62 

 Total 189 

 

3.3 Module 2 – Data acquisition and network (DAQN) 

The DAQN is composed of four sub-systems, the KI data 

acquisition system, the external data acquisition systems, the 

local cabling network, the commercial network. The KI data 

acquisition system consists of two types of dataloggers, the 

single-channel datalogger and the 8-channel datalogger. The 

dataloggers have 4-20mA power analog to digital converters 

to allow for wires up to 300 meters compared to voltage 

converters where the wire lengths need to be less than 25m. 

Each datalogger is connected with wires to sensors and 

through the local cabling network to the server room in 

Halsskov. In Halsskov a server gathers data from the 

dataloggers and sends it to the Konmos platform on Azure.  

The single-channel dataloggers have an analog signal 

forwarding interface which sends operational alarm giving 

sensor signals to the Great Belt Fixed Link technical 

monitoring room (TO). TO handles all events which require 

immediate action (an example being inclinometers exceeding 

threshold values in the event of a ship’s collision with a 

pillar).  

The external data acquisition systems consist of multiple 

external data collecting systems, all systems are connected 

through ethernet to the local cabling network and are 

independent to KI data acquisition system. The external data 

acquisition systems includes systems monitoring: tuned mass 

dampers, dehumidification, strain gauges in the suspension’s 

bridge deck, accelerometers on hangers, and GPS. All external 

data acquisition systems send data directly to the Konmos 

platform on Azure through a REST application interface (API 

working through the HTTP protocol). Each external data 

acquisition systems sends a live value from every sensor 

channel at an interval between 1 Hz and once every hour, 

depending on the data logging frequency. Once an hour a 

package with the latest hour of data is sent for data processing 

and archiving on Konmos. Konmos is scalable such that new 

external data acquisition systems can be added through 

configuration on the Konmos platform. 

Table 2. Sensors on the East Bridge of the Great Belt Fixed 

Link 

The local cabling network is a fiber optics network running 

through the bridge used by the KI data acquisition system and 

the external data acquisition systems, the network is excluded 

from the rest of the Great Belt Fixed Link local fiber network 

to ensure security of operational equipment with the large 

quantity of IoT devices. 

The commercial network connects the servers collecting 

data from dataloggers to the internet. 

3.4 Module 3 – Data processing and reporting (DPR) 

The DPR consists of, general data preparation and 

transformation, alarms on exceeding threshold, fatigue 

lifetime estimations, report generation, and error reporting. 

Multiple of the external data acquisition systems send data 

which has already been preprocessed and processed to the 

Konmos platform. 

All sensor channels go through general preprocessing where 

each sensor channel is checked if the correct amount of data is 

received, outliers are removed, and the data is converted to SI 

units through a linear transformation. The data preprocessing 

and transformation is done for both data sent from the KI data 

acquisition system and the external data acquisition systems. 

Each sensor has a configuration for a linear transformation 

into an SI unit from an electrical signal by a gain and an offset 

value (see equation below). 

  (1) 

All calculated data created from physical sensors are treated 

the same way as physical sensor values, this enables the 

System 

type 

Sensor type Quantity 

EP Anemometer 3 

EP Air humidity 3 

EP Air pressure 3 

EP Steel temperature 1 

EP Air temperature 3 

RMS Displacement sensors at bearings 12 

RMS Accelerometers on cables 7 

RMS Dynamic strain gauge 31 

RMS GPS 7 

MOS Oil pressure 66 

MOS Dehumidifier injection speed 11 

MOS Dehumidification injection flow 11 

MOS Dehumidification humidity 60 

MOS Mechanical temperature 67 

MOS Dehumidification power 

consumption 

3 

MOS TMD displacement 32 

 Total 320 
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Konmos platform to send alarms on both 

physical sensor data (signals from sensors 

which has only been preprocessed) and 

calculated values. To allow for sensor 

changes and sensor part replacements, 

Konmos allows each sensor channel to have 

different values for offset and gain during 

the lifetime of the sensor channel. Allowing 

change in gain and offset for different time 

periods has been crucial to allow sensor 

maintenance and replacements with a 

continuous signal through the more than 5 

years the current system has been collecting 

data. 

 The alarms on exceeding thresholds 

consists of four thresholds: yellow alarm 

lower bound, yellow alarm upper bound, red 

alarm lower bound, and red alarm upper 

bound. The yellow alarm thresholds are set 

to indicate that the sensor values are 

reaching the design limit and should be 

monitored to see if action needs to be taken. 

The red alarm thresholds indicate that the 

alarm has exceeded the design limit and 

action needs to be taken. 

Prior work has been done in fatigue 

estimations on the Great Belt Fixed Link 

such as Isaac Alcover [6] with calculations 

of remaining lifetime estimations on steel 

details in the girder box of the East Bridge. 

The approach used for fatigue lifetime 

estimations is based on the fatigue damage 

determination framework described in [7], 

with the following changes. 

For each steel detail monitored with a 

 

Figure 3. Data archive. 

Figure 2. View of data from the latest month. 
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strain gauge the signal is stored at 500 Hz, a rainflow count is 

calculated, instant and accumulated damage of the detail is 

calculated, and a remaining lifetime is estimated. Both 

accumulated damage and lifetime estimations are calculated 

for scaled traffic and unscaled traffic. Scaled traffic refers to 

the use of traffic history and predictions to scale the amount of 

damage accumulated each day. Where in the case of unscaled 

traffic the last years damage is extrapolated as a constant from 

the bridge opening until the detail is predicted to fail due to 

fatigue. The change in lifetime estimations is calculated every 

hour to monitor the impact of incoming data to the lifetime 

estimations at all times. 

The report generation automatically generates reports from 

accelerometers on hangers each month. The reports give a 

general view into events in the past month, with graphs of 

minimum and maximum recorded acceleration and 

deflections, together with wind roses to show which directions 

of wind gives the largest absolute accelerations and 

displacements. The external data acquisition system also 

allows external data providers to send reports which become 

available on the Konmos platform. The dehumidification 

system provides reports every month generated by their 

independent systems and uploaded in pdf format. 

The error reporting helps to manage the large number of 

sensors on the bridge and keep track of both the KI data 

acquisition system and the external data acquisition systems. 

Errors are comprised of checks for missing data, sensors 

providing values outside their range of function, and 

connection loss to systems. All users have the possibility to 

subscribe to errors, the subscribed users then get notified if the 

systems are unreachable and no longer sending data. On the 

bridge sensor systems can become unresponsive from power 

outages, sensor malfunctions, cut wires, and more. In these 

situations, relaying the information to the responsible party 

becomes crucial to minimize data loss and system down time. 

3.5 Module 4 – Data visualization and exploration (DVE)  

Konmos enables the user to view and explore data with three 

different visualization types (1) through live dashboards, 

where current sensor values and processed values are 

displayed on diagrams or images together with alarm status 

(see Figure 4); (2) quick views of graphs depicting the last 

months data, with alarm thresholds shown as yellow and red 

areas in the graph (see Figure 2); and (3) the data archive, 

where all sensor values stored on Konmos can be plotted and 

compared to other sensors (see Figure 3) . (1) and (2) allow 

for quick assessment of assets, when either maintenance 

personnel need to look at specific area of the bridge due to 

time scheduled maintenance, or when alarms are triggered. 

Visualizing the alarm thresholds in (2) lets the user get an 

understanding of how the sensor values have moved in the 

past month compared to the design specifications. When an 

alarm is triggered, visualization (2) is a valuable way to assess 

if the alarm is due to an electrical problem with the sensor or 

an actual physical event providing trust through proof and 

verification. Letting the user of Konmos inspect the values 

propagating to an alarm gives them more information to 

access the situation and decide on an action. 

The data archive (3) enables the user to correlate sensor 

values with other sensors, such as environmental parameters, 

or sensors located in proximity of each other. The data archive 

is designed to encourage data exploration of events, or to find 

events directly in the data. Data or graphs from the found 

events can then be shared with relevant personal to guide the 

decision-making process. FFTs (Fast Fourier Transforms) can 

be plotted directly in the data archive (3) by choosing the FFT 

data type in the bottom raw data graph. Allowing the user to 

analyze data directly on the platform empowers the ability to 

discover value without needing to spend time on further 

analysis and lets the user create reports by simply extracting 

pictures of the graphs on Konmos. Polar plots depicting 

hanger accelerometer data categorized and displayed based on 

the wind direction and speed are available by changing the 

plot tab above the Statistics Graph on Figure 3. These graphs 

are also used to generate the monthly automatically generated 

hanger accelerometer reports. The strain gauge rainflows used 

to calculate remaining lifetime estimations on steel details are 

also available on the data archive page, the rainflows can be 

displayed for any period chosen on the statistics graph in the 

same manner as displayed in Figure 3. 

We have found that the use of the platform for exploration and 

creating reports was increased when the platform was made 

generally available as a website in 2015. Allowing 

maintenance personnel, consultants, system owners, and 

system installers to have access through configurating user 

privileges significantly lower the barriers making the Konmos 

platform a tool which can be used as a part of their general 

work. 

3.6 Module 5 – Structural health data management system 

(SHDMS) 

The structural health data management system (SHDMS) is 

split into two databases, (1) the metadata and statistics 

database (MSDB) and (2) the raw data database (RDDB). The 

MSDB is a relational database with all metadata regarding 

sensors, users, reports, files, and systems. The MSDB also 

includes all statistical values regarding raw data in an hour 

format and a day format, the two data formats are chosen to 

keep statistical data quickly available to the end user even 

when looking at very large time frames. All raw data is stored 

in the RDDB as data files. Each file contains one hour of data, 

the files locations are stored in the MSDB together with the 

hourly statistical values. An hour statistical data point with 

minimum, maximum, mean, standard deviation, missing data 

count, and accumulated change is always related to exactly 

one raw data file. 

3.7 Module 6 – Inspection and maintenance system (I&MS) 

The inspection and maintenance system consists of a database 

with work descriptions of maintenance for all sensors and data 

acquisition systems. Maintenance of sensor equipment is 

scheduled from the installation of the sensors to ensure 

reliable data. The time schedules are based on suppliers end of 

life estimations on equipment. Each work description is also 

accompanied with spare parts and suppliers are contractually 

bound to inform the Great Belt Fixed Link if a spare part is 

going out of production. 

4 OPERATION OF THE STRUCTURAL HEALTH 

MONITORING SYSTEM 

The structural health monitoring system is built to help in the 

decision-making process of the maintenance plan for the 
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coming decades. The system is not directly used for alarms 

with safety or operation of the bridge. All sensor signals 

which are used for this purpose are also sent directly to the 

operational platform at the technical monitoring room. 

Konmos is used once an alarm is given to explore the situation 

around the alarm and help provide further insight into the 

event. Consultants to the Great Belt Fixed Link use the 

platform to explore the data systems and gather data when 

creating reports for the Great Belt Fixed Link. The data 

analysis tools on Konmos are also directly used for reports 

including: strain gauge fatigue estimations of steel details, 

hanger displacements and wind rose graphs, accumulated 

change from displacement sensors, frequency analysis of 

accelerometers, and minimum and maximum values from 

multiple sensor types. Allowing consultants to use plotting 

tools on Konmos in their efforts to gain insight and value from 

data saves time in data processing and coding. 

5 BENEFITS FROM STRUCTURAL HEALTH 

MONITORING ON THE GREAT BELT FIXED LINK 

The benefits of the structural health monitoring system 

installed on the Great Belt Fixed Link can be split in four 

categories: (1) sudden failures, (2) alarms, (3) maintenance 

scheduling, and (4) operational parameters. 

5.1 Category 1 – Sudden failures 

The Great Belt Fixed Link has a lot of mechanical and 

structural moving parts which are monitored for sudden 

failures and signs of coming failures. Collecting data to find 

these sudden failures can in most cases minimize the amount 

fatigue in steel, wear on bearings and other mechanical parts 

around the failure, but the measures are also in place to verify 

the structural integrity of the bridge and to make sure that the 

operational time of the bridge is as high as possible. Multiple 

sensor systems are used to monitor sudden failures and signs 

of upcoming failures including: 

• On both the East and the West bridges displacement 

sensors on the bearings are placed to verify that the 

bridge decks are not moving outside specifications 

due to failures in buffers or the structure. 

• Oil pressure sensors, displacement sensors, and 

temperatures on the East Bridge hydraulic buffers are 

used to verify the mechanical integrity and function, 

values are periodically checked to see if they are 

within design specifications and if both buffers are 

experiencing close to equal loads. 

• The center pillars of each bridge deck on the West 

Bridge are monitored with inclinometers precise 

enough that the angle will shift slightly if the buffers 

stop working as intended. 

5.1 Category 2 – Alarms 

Alarm giving sensors on the structural health monitoring 

system on the Great Belt Fixed Link are placed to either 

ensure safety of travelers and personnel or limit bridge 

closures where they are not necessary for continuous safety. 

On the West Bridge alarms on thresholds are set on the 

inclinometer in case ship collisions with the bridge, or if the 

buffers stop functioning. In both events TO gets an alarm they 

quickly can investigate on Konmos to check if the event is 

from a physical event or a malfunctioning sensor. On the West 

Bridge, by the expansion joint, railway tracks are monitored 

with alarms, if the tracks move outside of design 

specifications an alarm is triggered and all train traffic on the 

bridge is halted until such a time where the tracks are back in 

working conditions. Displacement sensors on bearings and 

between bridge decks are also monitored with alarms if they 

move beyond the design specifications. 

On the East Bridge, the dehumidification system is 

monitored with alarms on the humidity and power 

consumption, both alarms are in place to verify that system is 

still fully operational. The hydraulic buffers on the East 

Bridge have alarms on oil pressure and displacements to 

verify that they are fully functional. If a buffer stops 

functioning the extra load to the bridge itself can lead to 

significant fatigue built-up and put excessive stress on the 

other hydraulic buffers. 

5.2 Category 3 – Maintenance schedule 

The maintenance budget of an infrastructure construction the 

size of the Great Belt Fixed Link is massive, with projects 

such as the dehumidification system being installed for 10 

million Euros [8], renovating electronics for 15 million Euros, 

and changing bearings on the West Bridge which can cost 

upwards of 40 million Euros beyond the regular maintenance 

done on the Great Belt Fixed Link. Especially, the 

maintenance of bridge bearings is a task which must be 

planned 5-10 years in advance, where any knowledge beyond 

time scheduled maintenance based on the installation year, 

can help narrow the optimal time for replacement. If the 

bearings are not changed soon enough, and the bearing 

material has worn down, repairing the bearings can become 

even more costly. On the other hand, if the bearings can be 

used for another 5 years, the delay proposes a significant 

saving in the maintenance budget. The bearings are monitored 

with displacement sensors to measure the movement of the 

bearings, the accumulated movement of the bearings is then 

compared with the design specifications to give an estimated 

remaining lifetime of the bearing material. The vertical 

displacement sensors on bearings are also being used to check 

the yearly mean value of the bearing material by following the 

vertical descent. 

Other sensor systems which provide information helpful for 

the maintenance schedule include: 

• The strain gauges on steel details in the bridge deck 

girder of the East Bridge, used to estimate the 

remaining lifetime with respect to fatigue. The steel 

detail lifetime estimations are then used for 

scheduling maintenance budgets for the bridge deck. 

• A few of the longest hangers on the East Bridge are 

monitored with accelerometers and DIC (Digital 

image correlation) to measure fatigue in the bottom 

connection. Measurements have both been used for 

the design of dampers for these hangers and for 

remaining lifetime estimations [3]. 

• Data collected from sensors located on the TMDs are 

yearly checked by verifying that the pistons are 

producing the expected dampening effect, to ensure 

the bridge comfort level, and to check for mechanical 

failures. 
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• The dehumidification system in the bridge deck and 

main cables sends automatic reports every second 

week, verifying that the air humidity is being kept 

below 40%, to minimize the oxidation of the steel 

and showing that the dehumidification system is still 

functional [3]. 

• From the GPS data, reports are created yearly to 

verify that there have been no unexpected structural 

movements in the pillars and decks during the year 

from environmental loads, vehicles or settling in the 

foundations. 

• Inclinometers on the West bridge pillars are used for 

verifying that the pillars are not settling.  

• Displacement sensors between the bridge decks on 

the West Bridge are used to follow the movement of 

the road bridge by comparing with the heavily 

monitored railway bridge. 

• Displacement sensors between the bridge decks are 

also used to verify that the distance between the 

bridges is within design specifications.  

 

5.3 Category 4 – Operational parameters 

In a few situations, cars and trains are not permitted to cross 

the Great Belt Fixed Link, and ships cannot cross under. 

Certain ships are so high that they use the entire extent of the 

navigation clearance height of the East Bridge, because of this 

the Great Belt Fixed Link are required to report when the 

bridge passage height is lower than usual due to temperature 

or other loads on the bridge, here the GPS sensors on the 

bridge are used to always track the navigation clearance 

height. 

The weather stations on the bridge are also used to track when 

it is safe for vehicles to cross the bridge during weather with 

strong winds. 

6 CONCLUSION 

This paper has described the modular structural health 

monitoring system (Konmos) on the Great Belt Fixed Link. 

The architecture of the systems consists of 6 modules: the 

sensory system, data acquisition and network, data processing 

and reporting, data visualization and exploration, structural 

health monitoring data management system, and the 

inspection and maintenance system. The modules describe the 

customized data acquisition, sensors, and software created to 

accommodate the Great Belt Fixed Link structural health 

monitoring system. The Konmos platform used for data 

archiving, analysis, alarms, and exploration is depicted 

through its architecture, functions, and operation as a tool for 

assisting in the decision-making process for maintenance in 

the Great Belt Fixed Link, and exploring events occurring on 

the bridges. 

The structural health monitoring system has been beneficial 

to the Great Belt Fixed Link through improved safety with 

alarms, increased knowledge about the structures for 

maintenance scheduling, and operational parameters to ensure 

the conditions on the bridge are safe for vehicles, trains, and 

ships. 

7 FUTURE 

Multiple plans are currently in progress for the extension of 

the structural health monitoring system on the Great Belt 

Fixed Link. In 2021 the installation of a global modal tracking 

system is expected to be started on the East Bridge, providing 

data from a series of accelerometers and inclinometers. The 

data will be used to update a digital twin of the bridge and 

track the dynamic properties of the bridge with the modal 

parameters. 

Multiple ideas are in progress with extending the Konmos 

platform through: Upgrading the structural health monitoring 

data management system to a full data warehouse, allowing 

outside sources to use the data in parallel to the Konmos 

platform, extending data exploration functionalities with cross 

correlation analysis and auto correlation analysis tools in the 

browser, upgrading error tracking of sensors and equipment to 

allow an even clearer distinction between mechanical sensor 

failures and physical events on the bridges, and further 

extensions to visualizations to make the users ability to create 

customizable plots even greater on the Konmos platform. 

Proposals to extend Konmos also include adding additional 

external sensor systems from the bridges and in the East 

tunnel to the Konmos platform. This includes corrosion 

sensors in the East Bridge, well water levels by the East 

tunnel, and temperature sensors in the road surface of the East 

bridge. 

Further extending the sensory system on the East Bridge 

with more accelerometers on hangers to further track fatigue 

in cables, more GPS sensors on the bridge deck and cables 

(planned for 2021), extra DIC cameras [9] on the bridge 

pillars (planned for 2021), accelerometers by the tuned mass 

dampers to verify dampening effect and track function, and 

temperature sensors in the cross-section of the girder box in 

the East Bridge. 
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ABSTRACT: Bridges are usually subjected to complex load scenarios in their lifetime due to the combined effect of traffic load 

and environmental loads such as temperature and wind. Temperature related thermal load is a major factor influencing the long-

term behaviour of bridges, while traffic load influences their immediate response. This research investigates the feasibility of 

measuring the thermal response of bridges such as displacement and strain with the vision-based monitoring (VBM) technology 

using simulated data. VBM is a non-contact approach for measuring structural response using computer vision. A typical VBM 

system consists of hardware components for image collection and image processing algorithms for the calculation of structural 

responses. VBM has shown promising accuracy in measuring the static and dynamic response of bridges, however, its accuracy 

in thermal response measurement is not extensively investigated. Thermal response at nodal and element level is calculated using 

simulated data of a railway steel truss bridge for a period of one year. Different VBM scenarios with a varying field of view (FOV) 

are created to measure the simulated responses by changing the camera properties and camera-to-target distance. The accuracy for 

thermal response measurement using 4K resolution cameras has been calculated at 1/100 pixel resolution for the considered FOVs. 

The results show that the required accuracy is more than 1/100 pixel for an HD resolution camera when the camera-to-target 

distance exceeds 17.4m and 54.4m for 18mm lens and 55mm lens respectively. 

KEYWORDS: Bridges; Numerical Modelling; Sensors; Thermal Load; Vision-based monitoring. 

1 INTRODUCTION 

Ageing infrastructure such as bridges deteriorates due to 

increasing traffic and environmental loads such as temperature. 

Effective inspection and monitoring give early warnings of 

damage and enable timely and cost-effective maintenance work 

in deteriorating structures.  

Temperature load is a major factor influencing the long-term 

behaviour of bridges. Vehicle induced responses appeared as 

small spikes, which may appear as measurement noise, in the 

long-term bridge response data governed by ambient 

temperature such as in the example of the Ferriby Road Bridge 

and the River Exe Bridge [1], [2]. Sousa Tomé et al. [3] found 

that 90% of the structural response was caused by temperature 

variations in a large concrete cable-stayed bridge. Temperature 

stress has been reported to induce structural strain, rotation or 

displacement in bridge elements equal to or larger than static 

and vehicle load [4], [5]. Temperature change affects structural 

dynamic characteristics [5]. For instance, Liu and DeWolf [6] 

reported a 6% change in the natural frequency of a curved 

concrete box bridge over a 21°C peak-to-peak temperature 

change. Thus, robust monitoring systems measuring thermal 

and vehicular responses of bridges are required to ensure 

comprehensive bridge monitoring supporting bridge 

management.   

Thermal responses, in most cases, are monitored using 

contact sensors such as potentiometers, strain gauges, thermal 

sensors, wireless sensor networks, FBG sensors, LVDTs, etc. 

[1], [7], [8]. While contact sensors can accurately measure 

thermal responses; their advantages are restricted due to 

expensive instrumentation, cumbersome, labour-intensive and 

often disruptive installation, and requirements for a dense 

sensor network. Vision-based monitoring (VBM), which 

deploys computer vision, can overcome the limitations of 

contact sensor systems. 

VBM is an emerging low cost and non-contact technology to 

measure structural response. It requires hardware such as 

cameras, lens and tripods for the collection of image frames and 

image processing algorithms for the computation of structural 

responses. VBM can provide distributed monitoring with 

minimal instrumentation [9]. VBM has shown promising 

accuracy in measuring traffic-induced response but its 

performance in thermal response measurement is not yet well 

studied. Limited VBM case studies for thermal response 

measurement include Seohae Bridge monitoring by Park et al. 

[10] using smartphones and CCTV camera. They reported a 

relative error of 3.11% while measuring temperature-induced 

bearing displacement by smartphones compared to 

displacement transducers. 

This paper aims to explore the scope of VBM in thermal 

response measurement using simulated vision-based response 

data. One-year simulated temperature-induced nodal 

displacements of a railway steel truss bridge are used for the 

computation of strains. The numerical model was validated by 

comparing the results with the expected thermal response of 

steel bridges in literature. The capability of VBM to measure 

the simulated thermal responses using consumer-grade cameras 

is examined theoretically. Different monitoring scenarios with 

a varying field of view are created by changing camera 

properties and camera-to-target distance. The required pixel 

(sub-pixel) resolution to measure the calculated temperature-

induced target displacements is determined. Required accuracy 

(resolution) within established measurement accuracy 
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(resolution) of VBM, indicates its scope for thermal response 

measurement.  

2. VISION-BASED MONITORING OF THERMAL 

RESPONSES 

2.1  Schematic of the monitoring system 

Figure 1(a) demonstrates the thermal response measurement 

layout of brides using vision-based monitoring system. A long-

term monitoring event is considered on a bridge exposed to 

vehicular traffic and thermal load due to variation in ambient 

temperature. A measurement collection system comprising of a 

visual camera (s) and thermal imaging camera (s) captures 

sequential images of the bridge. The thermal imaging camera 

captures the surface temperature, while the visual camera 

captures images of the bridge to measure thermal response. For 

instance, an image frame, 𝐼, is shown in Figure 1(a) capturing 

the field of view (FOV) near the midspan bottom truss joint. 

The first image frame is set as the reference image frame or 

undeformed state.  Natural targets such as nuts and bolts or high 

contrast artificial targets such as roundel target, concentric 

rings, crosses, LEDs, black and white blocks with random 

sizes, and speckle patterns are used for target tracking in VBM 

[11]. The location of these targets in each image frame is 

extracted using a suitable image processing algorithm. Four 

targets (𝑇) are chosen in Figure 1. Target location from all 

images captured during monitoring period is stored for further 

processing. The temperature the bridge near the targets during 

the monitoring period is noted from the thermal images. The 

response interpretation method from the extracted target 

locations is discussed in the following section. 

2.2 Structural response measurement 

The thermal response interpretation approach is based on the 

premise that temperature induced response is filtered from the 

raw bridge response data which includes both traffic and 

temperature induced response. The traffic-induced response, 

generally detected as small spikes in the raw data, can be 

filtered using suitable signal processing techniques to obtain 

the thermal response. 

Figure 1(b) shows the reference image frame, 𝐼0 at time 𝑡 =
0 and current image frame 𝐼𝑖  at time 𝑡 = 𝑖 (𝑡 = 0,1,2, … . . , 𝑖) of 

the joint within a camera FOV. 𝑇𝑛
𝑡 represents the nth target in 

the image frame 𝐼𝑖  captured at time 𝑡 = 𝑖 and its coordinates 

are (𝑥𝑛
𝑡 , 𝑦𝑛

𝑡). The targets in the image frame 𝐼𝑖  has moved from 

its original position in the image frame 𝐼0 due to temperature 

load. The horizontal and vertical displacements (𝑑𝑥 and 𝑑𝑦) of 

the target 𝑇𝑛
𝑡 in the current image frame at time 𝑡 = 𝑖 from the 

reference image frame at time 𝑡 = 0 can be calculated using 

equation 1 and equation 2.    

 𝑑𝑥 = 𝑥𝑛
𝑖 − 𝑥𝑛

0 1 

 𝑑𝑦 = 𝑦𝑛
𝑖 − 𝑦𝑛

0 2 

The strain of a target pair is the ratio of change in distance 

between two targets in the current image frame (∆𝑙𝑖) and their 

original distance (𝑙0) in the reference (e.g., first) image frame 

(see equation 3). The distance (𝑙𝑖) of a pair of targets 𝑇𝑚  and 𝑇𝑛 

in the 𝐼𝑖  image frame can be calculated using equation 4. 

 
𝜀𝑖 =

∆𝑙

𝑙0
=
𝑙𝑖 − 𝑙0
𝑙0

 

 

3 

 𝑙𝑖 = √(𝑥𝑚
𝑖 − 𝑥𝑛

𝑖 )2 + (𝑦𝑚
𝑖 − 𝑦𝑛

𝑖 )2 

 
4 

Displacements and strains calculated using the above 

equations for all sequentially collected image frames generate 

time-histories of thermal responses of the bridge.  

3 SIMULATED THERMAL RESPONSE OF A BRIDGE 

 Properties of the numerical model 

The numerical model of a simply supported steel truss as shown 

in Figure 2 is created in ANSYS. The model is inspired by a 

Railway bridge in Zangenberg, Germany [12]. The truss spans 

80m and has a height of 8m. All truss members have an elastic 

modulus of 200GPa, density of 7870kg/m3 and their coefficient 

of thermal expansion is 12×10-6ºC-1. The horizontal and vertical 
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Figure 1. (a) Schematic of vision-based bridge thermal response monitoring, (b) Thermal-induced bridge movement, 

(c) Thermal response of the bridge. 
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elements are 400mm long and diagonal elements are 565.7mm 

long. Beam 188 is used for all truss elements in the model [13]. 

The truss has 40 joints and is labelled as J1, J2, J3, …., J40 in 

Figure 2. Member cross sections are derived from member 

properties given in Table 1. 

Table 1. Properties of truss members in Zangenberg bridge 

[12]. 

Member type 
Area 

(cm2) 
Ix (cm4) Iy (cm4) 

Top Chord 0.0515 2.267 × 10-3 2.586 × 10-3 

Bottom Chord 0.0303 1.467 × 10-3 1.458 × 10-3 

Long & Short 

Vertical Chord 
0.0219 1.215 × 10-3 4.245 × 10-5 

Long Diagonal 

Chord 
0.0369 9.704 × 10-4 4.164 × 10-3 

 

 Applied Temperature load 

The truss is subjected to daily temperature cycles for one year. 

The reference temperature is 12°C. Temperature loads are 

computed using historical ambient weather temperature data of 

Nottingham, United Kingdom in 2016 [14]. The top chord is 

exposed to higher temperatures than the bottom chord. The 

applied temperature load scenario is shown in Figure 3. The 

ambient temperature load, 𝐹  (Figure 4) is applied to the 

lowermost row of nodes. The temperature along the depth of 

the truss is assumed to increase by 5ºC up to the topmost row 

of nodes as per equation 5. Simulations are run and hourly 

nodal displacements are recorded for the one-year load cycle. 

 
𝐹𝑛 = 𝐹 + (𝑛 − 1) × 0.25,

𝑛 = 1,2,3, … . ,21 

 

5 

 

 

Figure 3. Applied temperature load scenario in the truss. 

 

Figure 4. Ambient weather temperature [14] which is used as 

thermal load, 𝐹 , in the simulation. 

Although the minimum applied temperature load in the 

simulation is equal to ambient temperature, in reality, the 

surface temperature of the steel elements is higher than the 

ambient temperature due to several factors such as the 

orientation of the structure, thermodynamic interaction, 

exposer time, solar radiation, etc. Hence, thermal responses due 

to this simplified load scenario may be less than real-world 

thermal responses. This simplification does not affect the 

objective of this paper, which is to evaluate if such a small 

magnitude of thermal response can be measured with VBM.   

 Thermal response measurement 

Local coordinates of the nodes at 1-hour interval are acquired 

from the simulation results. The local coordinate of a node 

represents movement with respect to its position at an 

undeformed (or reference) state. The local coordinates are first 

converted to global coordinates considering the left support in 

Figure 2 as the global origin. Joint J30, which is located near 

the mid-span of the bottom chord of the truss, is chosen as the 

strategic monitoring location in vision-based monitoring in this 

study. Nodal coordinates are analysed to find displacements 

and strains of node-sets using equations 1, 2 and 4. 

An image frame of joint J30 is shown in Figure 5. FOV of 

the image frame is set to 3200×1600 mm. The region of interest 

(ROI) within the FOV contains the selected strategic nodes that 

indicate the behaviour of joint J30. The labelled nodes within 

80m

Top chord Long diagonal chord Long vertical chord

8 m

Bottom chord Short diagonal chord Short vertical chord
8 m

80 m

J1 J2 J3 J4 J5 J6 J7 J8 J9

J10 J11 J12 J13 J14 J15 J16 J17 J18 J19

J20
J21 J22 J24J23 J25 J26 J27 J28 J29 J30 J31 J32 J33 J34 J35 J36 J37 J38 J39

J40

Figure 2. Layout of the numerical model. 
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the ROI resembles targets in vision-based monitoring. Figure 6 

shows the simulated vertical displacement of node C3 in joint 

J30 during 72 hours in July 2016. The simulated displacements 

are free from the measurement noise. In practice, such signals 

from VBM are noisy. Pre-processing of vision measurement is 

required to achieve the trend and peaks of a signal by 

smoothing the noisy data and removing outliers [15]. The range 

of displacement of C3 is 19.25mm in the 72 hours period in 

Figure 6. This thermal displacement range is in line with field 

monitoring data in previous research [7]. 

The node-sets A1C5, A1C3, A1B4, A1A5, C1B4 and C1B3 

are considered for strain analysis. A node-set such as A1C5 

represents the distance between nodes A1 and C5.  The distance 

between two nodes is calculated from their global coordinates 

for each measurement number or image frame using equation 

4. The distance between two nodes changes together with 

temperature. The length of each node-set at the first image 

frame represents the reference condition or undeformed state. 

The temperature-induced strain of each node-set in subsequent 

image frames from its reference state is calculated using 

equation 3. 

 

Figure 5. An image frame capturing joint J30. 

 

Figure 6. Vertical displacement of node C3 in joint J30. 

Strain time histories of the node-sets for the one year are 

shown in Figure 7. A closer look of the strain time histories 

representing a summer and winter month are shown in Figure 

8 and Figure 9. Node-sets containing diagonal chord nodes 

such as A1C5, A1C3, A1B4 and A1A5 experience larger strain 

compared to node-sets containing only horizontal and vertical 

chord nodes such as C1B4 and C1B3. This is expected as the 

diagonal chords have a smaller cross-section than the 

horizontal and vertical chords at joint J30 (see Table 1). Peak 

strain variation in a day reached up to 140µ in the summer 

months. These thermally induced strain magnitudes are in line 

with field monitoring results in previous researches [16]. 

 

 

Figure 7. Strain of the node sets for one year. 

 

Figure 8.. Strain of the node sets during summe. 

 

Figure 9. Strain of the node sets during winter. 
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4 SCOPE OF MEASURING THERMAL RESPONSE 

WITH VISION BASED TECHNOLOGY 

The measurement accuracy of vision-based technology 

depends on camera-to-target distance, target pattern features, 

lighting conditions, camera mounting stability and video-

processing methods [17]. Measurement accuracy is also 

dependent on the robustness of the sub-pixel registration 

algorithm since the magnitude of deformations may often be 

less than 1 pixel. Such algorithms used in VBM have reported 

achieving 0.5 (1/2) pixel to 0.01 (1/100) pixel accuracy [18]. A 

few proprietary VBM provider has reported to achieve up to 

1/500 pixel resolution [19]. 

   

 

Figure 10. Transformation of an object in an image. 

The image processing algorithm of VBM should detect 

thermally induced changes in the location of targets including 

any small spikes (noise) in displacement. Table 2 shows the 

required sub-pixel accuracy with minimum 0.05mm 

displacement spike (noise) for different field of views in the 

numerical truss with varying camera resolution. Measurement 

spike of 0.05mm was considered to account for expected noise 

in VBM results. FOV#1 represents image frames similar to 

Figure 5. FOV#2 represents image frames capturing the area 

enclosing joints J14, J15, J31 and J29 in Figure 2. Required 

accuracy is within 1/100 pixel for both FOV#1 and FOV#2, 

while pixel size of 4K image with GoPro and Samsung Galaxy 

S9+ camera for FOV#1 is less than 1mm. FOV#3 represents 

image frames capturing area enclosing joints J4, J6, J32 and J28 

in Figure 2. Required accuracy was less than 1/100 pixel for 4K 

images and more than 1/100 pixel for HD images. 

Camera specifications such as sensor size, focal length of in-

built or add-on lens and image resolution are standard for a 

consumer-grade camera. The two cameras discussed in Table 2 

are for example only. The price of GoPro and Samsung Galaxy 

S9+ cameras are about £500 and £600 respectively (the prices 

are for indication only, actual price may vary with time) [20], 

[21]. Considering the transformation of a physical object to an 

image plane as shown in Figure 10, camera to object distance 

for different FOVs can be calculated using equation 6. An 

object of height ℎ has a height of ℎˊ in the image plane when a 

camera of focal length 𝑓 is used. 

 
𝑑 =  

ℎ × 𝑓

ℎˊ
 

          

6 

Possible camera-to-target distances (d) using an 18-55mm 

lens with GoPro and Samsung Galaxy S9+ cameras to measure 

thermal response is given in Table 2. Camera-to-target distance 

means the distance between the camera and a target on the 

bridge. In real-world installations, camera-to-target distance 

can be altered based on access restriction, required FOV and 

camera parameters. High-end camera systems with longer focal 

length will allow a longer camera-to-target distance.  

 

 

 

 

Table 2. Required accuracy for thermal response measurement. 

FOV# 

FOV 

dimension 

(mm×mm) 

Image 

Resolution 

(pixel×pixel) 

Camera 

Size of 1 

Pixel  

(mm) 

Accuracy required to 

detect 0.05mm 

displacement spikes 

(pixel) 

Camera 

Sensor size 

(mm×mm) 

Camera-to-

target distance 

(m) for focal 

length, f of 

f = 18 

mm 

f = 55 

mm 

1 

3200×1800 
3840×2160 

GoPro 
0.83 1/16.7 

6.17×4.55 7.1 21.8 
1920×1080 1.67 1/33.5 

3200×2400 4032×3024 
Samsung 

Galaxy S9+ 
0.79 1/16 5.75×4.32 10.0 30.6 

2 

8000×4500 
3840×2160 

GoPro 
2.08 1/41.5 

6.17×4.55 17.8 54.4 
1920×1080 4.17 1/83 

8000×6000 4032×3024 
Samsung 

Galaxy S9+ 
1.98 1/40 5.75×4.32 25.0 76.4 

3 

16000×9000 
3840×2160 

GoPro 
4.17 1/83 

6.17×4.55 35.6 108.8 
1920×1080 8.33 1/166.7 

16000×12000 4032×3024 
Samsung 

Galaxy S9+ 
3.97 1/79 5.75×4.32 50.0 152.8 

Focal length, f Camera-to-target distance, d

O
b
je

ct
 h

ei
gh

t,
 h

Im
ag

e 
he

ig
ht

, 
hˊ

Lens

Camera

θ



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure  

1126 

5 CONCLUSIONS 

This paper introduces the possibility of measuring thermal 

responses such as displacements and strains using vision-based 

monitoring technology. Simulated thermal responses of a 

railway steel truss over one year are used to demonstrate the 

feasibility of measuring thermal response using computer 

vision-based measurement. 

The results show the high capability of the technology when 

the right type of camera resolution and lens are deployed.  

The following conclusions can be drawn: 

- Nodal displacement range of 19.25mm is observed in 

a 72-hour temperature load cycle in summer 2016.  

- Observed peak strain variation in a day reached up to 

140µ in the summer months. 

- Required sub-pixel accuracy to measure 0.05mm 

thermal displacement with 4K resolution of GoPro 

and Samsung Galaxy S9+ cameras are within 1/100 

pixel, where camera-to-target distance ranged from 

7.1 m to 50m for 18mm lens and 21.8m to 152.8m for 

55mm lens. 

- Required sub-pixel accuracy to measure 0.05mm 

thermal displacement with HD resolution of GoPro 

camera was within 1/100 pixel for the camera-to-

target distance up to 17.4m and 54.4m for 18mm lens 

and 55mm lens respectively. Higher resolution or a 

different lens is needed if cameras are placed further 

away from the targets. 
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ABSTRACT: A bridge weighing-in-motion (BWIM) uses the dynamic response of a bridge to estimate the gross vehicle weight 

(GVW) of trucks. This paper describes the experimental investigation of the sources of error in BWIM systems on a 1/10 scale 

model bridge. The model bridge, fabricated using polycarbonate (Lexan), was designed to have natural frequencies similar to 

those of an actual structure (a case study bridge in Winnipeg, Canada). The bridge was instrumented at two different locations 

with piezoelectric sensors for estimating the velocity, transverse position and class of the model truck. It was also instrumented 

with electrical strain gauges at three transverse locations for estimating the GVW of the model truck. A video camera was also 

used for verifying the velocity profile of the truck. The validation of algorithm adopted for estimating the GVW on the prototype 

bridge is also reported in the paper. The model study will benefit in identifying the sources of errors in BWIM systems, aid in 

developing methods for fatigue life estimation using BWIM data and increase the accuracy of the BWIM system.  

KEY WORDS: Bridge weighing-in-motion (BWIM); Model Bridge; Gross Vehicle Weight (GVW). 

1 INTRODUCTION 

Bridges are vital component of a country’s transportation 

system and its economy. However, a large number of ageing 

bridges are either structurally or geometrically deficient in 

some way. In recent years, the remaining life of ageing 

bridges, was calculated by detailed evaluation and damage 

assessment using structural health monitoring (SHM) 

techniques integrating bridge-weighing-in-motion (BWIM) 

systems. The field study of an existing BWIM system in 

Winnipeg, Manitoba was conducted on a Prototype Bridge 

[1]. The experimental investigation of this project aims to 

identify sources of error in BWIM systems with the aid of a 

model bridge. One of the goals is to verify the area method, 

tested on the prototype bridge. The method was further 

investigated on the model bridge to obtain results with a 95% 

confidence limit. 

This paper discusses the laboratory testing done on the 

model bridge to validate the area method adopted on the 

prototype bridge ([2],[1]). The purpose of this research is to 

conduct a preliminary investigation on the scaled model 

involving the use of the area method to determine the GVWs 

of vehicles passing on the bridge, to identify the sources of 

error in the current BWIM system, to investigate transverse 

distributional characteristics of bridge through a computer 

program SECAN. 

2 TESTING OF SCALED MODEL 

 Theoretical Background of the Area Method 

The area method, first proposed by [3], can be described with 

the help of Figure 1, which illustrates bending moments in a 

simply supported beam at a reference point induced by three 

point loads. The influence line on this point, for a single point 

load will have a triangular shape.  

The maximum moment induced is PaL(L-aL)/L, where P is 

applied moving load, aL is the distance of the instrumented 

section from the left support, and L is the span of the beam. 

There will be an offset for loads x1 and (x1+x2) from left 

support for loads P2 and P3 respectively. The length of 

bending moment  

is L for all cases. The total area, A, under a moment diagram 

due to three-point loads is: 

      𝐴 = (𝑃1 + 𝑃2 + 𝑃3) 
𝑎𝐿(𝐿−𝑎𝐿)

𝐿

𝐿

2
= 𝑊

𝑎𝐿(𝐿−𝑎𝐿)

2
               (1) 

In the above equation, W is the total load, A is the area of 

the bending moment diagram plotted along the length of 

beam. It depends on the sum of all point loads; this is also 

verified in field on Winnipeg Bridge 1 [2]. This method will 

be utilized on the model bridge BWIM data in later sections. 

By using Eq. 1, GVW is given by the following equation: 
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Figure 1. Bending moment diagram of three point loads 

recorded at the instrumented section. Source: [1]. 
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𝑊 =
2𝐴moment

𝑎𝐿(𝐿−𝑎𝐿)
                           (2) 

Since the data is acquired in the form of strains versus time, 

Equation 2 will be multiplied by velocity v and C, the factor 

for calculating GVW. 

         𝑊 =
2𝐴

𝑎𝐿(𝐿−𝑎𝐿)
× 𝜈 × 𝐶                                 (3) 

Numerical integration method was used to obtain the area 

of bending moment diagram. Due to the integration 

technique, the area is unaffected by the filtering or smoothing 

process adopted to remove noise in the signal. It is noted that 

the observed noise in signal was between 5 to 7 µℇ in 

controlled lab testing for the model bridge. 

 Scaling Philosophy of Model Bridge 

Scaled model investigated in this study is an indirect model, 

which is geometrical related to the prototype but it is 

composed of a homogenous, elastic material ‘polycarbonate’ 

(Lexan) which is different from prototype material. It is tested 

within liner elastic range of the prototype selected.  

The scale chosen was 1:10. The model bridge effective 

section, as illustrated in Figure 1, was chosen to have the 

same first frequency as the prototype bridge in order to 

observe the same level of noise disturbances and the same 

distribution factor characteristics as those of the prototype 

bridge. 

 

Figure 21 Effective section selected (All dimensions in mm). 

 Scaled Model 

The main span of the bridge is in the center while accelerating 

and decelerating ramps are placed on each side of the main 

span as shown in Figure 3. All three segments have a span of 

3m. 

Figure 3. Small Scale Model Bridge for BWIM. 

The bridge model is instrumented with strain gauges at 

three transverse locations for GVWs as illustrated in Figure 

4. The bridge model is also instrumented with piezoelectric 

sensors close to each support of the main span. The 

piezoelectric sensors are used to calculate the velocity and 

they are tested on a mock-up before installing on the scale 

model. A video camera is also used for calculating the 

velocity profile. Further details are presented in following 

sections.  

 Calibration Tests 

The scale model testing was carried out for calibration using 

a vehicle of known configuration. The bridge was 

instrumented at three transverse sections 1, 2, and 3 with 

electrical strain gauges as shown in Figure 4. This section 

describes the tests for calculating the C factor for one truck. 

The three instrumented sections shown in Figure 4, were 

calibrated for BWIM for one type of truck which had a single 

steering axle, a driving axle and one 2-axle group at the end. 

Details of the truck are shown in Figure 6.  

 

Figure 4. Model Bridge instrumented sections for BWIM. 

 

Figure 5. Transverse position of model truck travelling in 

normal and passing lanes (All dimensions are in mm). 

 

Figure 6. Details of model truck. 

The calibration testing was done for two different 

transverse positions of the truck, illustrated in Figure 5, 

traveling at a slow speed. The goal of this testing was to 

determine the value of the constant C, which is needed for the 

relationship established in equation 3, between the sum of 

observed girder strains ℇ and the sum of theoretical peak 

girder moment M. Using Equation 3, C is obtained by 

Equation 4: 

                        𝐶 = 𝑊
𝑎𝐿(𝐿−𝑎𝐿)

2𝐴×10−6×𝜈
                                     (4) 
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The observed strains were smoothed using a low pass filter, 

under GVW of 53.5 N and a slow speed. Piezo electric 

sensors were used for axle detection and velocity calculation. 

It was observed that the value of C shows large variation for 

each run on the same section. It was found that the velocity 

of the truck varies over the span. A small variation in velocity, 

results in varying values of C. It was then decided to use video 

analysis for velocity calculation due to the variation of 

velocity over the span. Different positions for camera were 

used to capture the run of the vehicle over the span. The 

position noted here, gave the most accurate results. The 

camera was set on the overhead deck in laboratory for video 

analysis. The video images were analyzed using Tracker 

software. This software applies perspective filter for 

correction of the distortion that occurs due to the position of 

camera which records video images from an angle rather than 

straight-on. The video analysis in software produced the 

vector using 30 frames per second. Matlab program was used 

for interpolating the velocity vector to match the strain vector 

collected at 200 samples per second. This introduces a change 

in Equation 4, by introducing velocity as vector of same 

length as recorded strains for the event. Modification for 

vector length will change Equation 4 as follows: 

               𝐶 = W ×
aL(L−aL)

2𝐴𝑖×106×𝑖
× 200                     (5) 

Using equation 5, it was found that the model truck travelling 

in normal and passing lanes induced maximum moments of 

20.355N.m, 33.529N.m and 30.89N.m at Sections 1, 2 and 3, 

respectively. The percentage difference of C value is plotted 

in Figure 7 for two transverse positions. It was found that the 

value of C is affected only slightly by the transverse position 

of the truck. The average values of C for Section 1, 2 and 3 

were found to be 32.147×103N.m, 48.369×103N.m and 

75.684×103N.m respectively with a maximum variation of 

3%, as shown in Figure 7. The average values of C for each 

section were used for converting the BWIM data into truck 

weights for different runs. 

 

Figure 7. Difference in average C values at three instrumented 

sections. 

 

Figure 8. Model Bridge with accelerating and decelerating 

ramp. 

 Observed Transverse Load Distribution for 

calibration tests 

The transverse load distribution characteristics of a girder 

bridge were identified by non-dimensional load distribution 

factors (DFs) of longitudinal responses of the girders, such as 

strains, moments or deflections. A DF can either be ratio of 

the actual and average longitudinal responses, or the ratio of 

the actual and total longitudinal responses. In the former case, 

the sum of DFs for the girders is equal to the number of 

girders (4 in the model bridge under consideration), and for 

the latter case, which is used in this paper, the sum is equal to 

1.0 [1]. The experimental values of DFs for peak longitudinal 

girder strains corresponding to all slow speed test cases 

without adding load for both normal and passing lanes are 

listed in Table 1. The strains were recorded at the gauges near 

the bottom flanges. The purpose of this series of tests was to 

determine the value of the calibration constant C that relates 

the sum of theoretical peak girder moments to the 

corresponding sum of observed girder strains. During the 

Normal Lane test Nos. 1, 2 and 3, the model truck travelled 

in the centre of the normal lane as shown in Figure 5 and 

during Passing Lane test Nos. 1, 2 and 3, the test vehicles 

traversed the bridge mostly at the edge of the passing 

travelling lane. The DFs for girder strains due to calibration 

testing are plotted against girder Nos. at Section 2 in Figure 9 

and 10. It was found that the maximum girder strains occur in 

the girders directly under the vehicle. This characteristic can 

be used to identify if the observed girder strains are due to a 

single- or a multiple-truck events, though multiple events do 

not form the part of scope covered in this paper. Table 1 

identifies the girders which showed maximum strains under 

the two load cases. Note here that the strains in two girders 

are supposed ‘maximum’, when the value of DFs are within 

5% of each other. In normal lane cases girder 2 experience 

maximum strain whereas the DFs for girders 1 and 3 were 

within 5% proximity of each other. In passing lane cases 

girder 4 experience the highest strain. In passing lane cases 

the model truck travelled close to the right side of the lane 

(towards edge) therefore, the wheel was right above girder 4 

in all runs.  

 

Table 1. DFs for longitudinal girder strains 

 

Test No. 
Girder No. Sum  

of DFs 1 2 3 4 

Normal 

Lane T1 
0.24 0.34 0.24 0.18 1 

Normal 

Lane T2 
0.25 0.30 0.26 0.19 1 

Normal 

Lane T3 
0.26 0.32 0.24 0.18 1 

Passing 

Lane T1 
0.05 0.15 0.34 0.46 1 

Passing 

Lane T2 
0.03 0.15 0.34 0.48 1 

Passing 

Lane T3 
0.05 0.16 0.33 0.46 1 
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Figure 9. Distribution factors for girder longitudinal strains 

for normal lane. 

 

 

 

 

 

 

 

Figure 10. Distribution factors for girder longitudinal strains 

for passing lane. 

2.5.1 Analysis of Transverse Load Distribution 

The method adopted here for analytical analysis of the model 

bridge was the semi-continuum method [4] which idealizes 

slab-on-girder bridges very accurately. The average of 

observed results from slow speed calibration tests were 

compared with those obtained by SECAN analysis [5] for 

confirming the accuracy of observed transverse distribution 

of load. 

The composite girders of the model bridge were taken as 

beams of uniform flexural rigidity, EI, where E is the modulus 

of elasticity of lexan and I is the moment of inertia of the 

composite girder. Figure 11 illustrate the spacing of girders 

and identifies the normal and passing lanes on the model 

bridge. Figures 12 and 13a and 13 b show the effective 

sections taken for I and J calculations of interior girders 3 and 

4, exterior girders 2 and 5, and for exterior girders including 

barrier walls, girders 1 and 6, respectively. For calculation of 

I and J for the exterior girders, vertical cuts in the barrier wall 

were ignored. The sectional properties of interior and exterior 

girder used for SECAN analysis are presented in Table 2. 

 

 

Figure 11: Girder spacing shown for SECAN analysis 

 

Figure 12. Interior girder (3 and 4) effective section taken for 

I and J calculations. (All dimensions are in mm). 

 

Figure 13. a) Exterior girder (2 and 5) effective section taken 

for I and J calculations. b) Exterior most girder section or 

barrier wall section (1 and 6). Effective section taken for I and 

J calculations.  (All dimensions are in mm). 

Table 2. Sectional properties of interior and exterior girders 

for SECAN input. 

Element 
E 

GPa 

Moment of 

Inertia 

mm4 

Torsional 

inertia 

mm4 

G 

GPa 

Interior girder(3 

and 4) 
2.204 0.95788x106 26959 1.102 

Exterior 

girder(2 and 5) 
2.204 0.9071x106 20522.12 1.102 

Exterior most 

girder(1 and 6) 

or barrier walls 

2.204 0.136x106 7478.60 1.102 

 

Diaphragms were added in the model bridge at supports and 

at three intermediate locations L/4, L/2 and 3L /4 as shown in 

Figure 14 a. As shown in Figure 14 b, there was gap of 16.8 

mm between the top of the 40 mm deep diaphragms and the 

underside of the deck slab.  

 

Figure 14. Diaphragms a) Position of diaphragm b) Sectional 

view of non-composite diaphragm. 

2.5.2 Effective thickness of deck slab 

For preliminary analysis, it was assumed that the flexural 

rigidity of each intermediate diaphragm when bending about 

its own axis was uniformly distributed over 600 mm. Thus 

the additional thickness of the deck slab, t1, contributed by the 

diaphragms can be obtained from the following equation. 
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          (6 + t1)3 = (6 × 403) / 600                           (6) 

The above equation gives the additional thickness of the deck 

slab, t1 ≈ 2.62 mm and total thickness approximately 9 mm. 

The superstructure of the model bridge was analysed under 

the model truck in the normal and passing lanes as shown in 

figures 15 and 16, respectively. The transverse positions of 

the truck were confirmed by video analysis of the moving 

truck. 

As shown in figure 17, the SECAN analysis was conducted 

with the second axle of the model truck placed directly above 

Section 2. It was observed that the slight changes in the 

longitudinal position of the model truck have little effect on 

the transverse load distribution pattern. Initially, the deck slab 

thickness, t, was taken as 9 mm. In reality, the combination 

of the deck slab and intermediate diaphragms under 

transverse moment is expected to behave like Vierendeel 

girders. It is recalled that the effective flexural rigidity of a 

Vierendeel girder, affected by the shear deformation of the 

top and bottom chords, changes with load positions.  

The SECAN analysis was conducted by treating the barrier 

walls and the associated portion of the deck slab as 

independent girders. Since the barrier walls were not 

instrumented, the SECAN analysis was used to determine for 

the truck travelling in the normal lane, about 4% of the total 

live load moment was passed on to the two barrier walls. 

Similarly, about 6% of the total moment is passed on to the 

barrier walls when the truck is travelling in the passing lane. 

Using these estimates, the distribution factors (DFs) for 

longitudinal moments given by observed strains at the bottom 

of the girders were adjusted, as shown in Figures 18 and 19. 

The SECAN analysis was repeated multiple times by 

gradually increasing the effective thickness of the deck slab, 

until it was found that the analytical and observed patterns of 

transverse distributions were close to each other. As shown in 

Figures 18 and 19 and Tables 3 and 4.  

The model bridge was also analyzed for passing lane 

distribution coefficients, in which the truck was assumed to 

travel in the middle of the passing lane. It was observed that 

in all runs the truck was more towards the right edge of 

passing lane as shown in Figure 19. This is also observed and 

confirmed with the recorded videos of the runs. Therefore, for 

SECAN analysis, the truck is made to travel in the position 

shown in Figure 19. It can be seen in Figure 19 and Table 4, 

that for t = 12 mm, the analytical DFs obtained from SECAN 

are closer to the observed pattern. 

Figure 15. Transverse position of model truck on bridge for 

SECAN analysis of normal lane. 

 
Figure 16. Transverse position of model truck on bridge for 

SECAN analysis of passing lane. 

 

 
Figure 17. Longitudinal position of model truck on bridge for 

SECAN analysis. 

 

Table 3. DFs for longitudinal strains in normal lane. 

 

Table 4. DFs for longitudinal strains in passing lane. 

 
Figure 18. Comparison of experimental and analytical DFs 

for girder strains near the bottom flanges at Section 2. 

 

Figure 19. Comparison of experimental and analytical DFs 

for girder strains near the bottom flanges at Section 2 for 

passing lane. 

 GVW estimation 

The area method detailed in Section 2.1 was implemented on 

the data that was obtained during high speed tests for model 

truck in normal and passing lanes. The runs in each lane were 

 Girders 

  1 2 3 4 5 6 

Experimental 

Average 0.01*  0.24 0.31 0.24 0.17 0.03*  

t=9mm 0.03 0.26 0.34 0.25 0.11 0.01 

t=10mm 0.04 0.26 0.33 0.24 0.12 0.01 

t=11mm 0.04 0.27 0.32 0.24 0.12 0.01 
*Extrapolated       

  Girders 

  1 2 3 4 5 6 

Experimental 

Average  0.01* 0.04 0.14 0.32 0.44 0.03*  

t=9mm -0.01 0.00 0.13 0.33 0.47 0.08 

t=10mm -0.01 0.01 0.14 0.32 0.46 0.07 

t=11mm -0.01 0.02 0.15 0.32 0.45 0.07 
*Extrapolated       

Direction of travel 
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repeated with increasing weights and velocity. In this series 

of tests, the GVW of vehicle was increased from 53.5 N to 

68.2 N, 78 N and 83.9 N. For each GVW increment, tests 

were repeated in the same lane for repeatability and 

reproducibility of results. The tests were also obtained for 

different speed gears. The tests showed more than 20% error 

in GVW when using speed calculated from piezo electric 

sensors signal, while the error were greatly reduced when the 

speed is estimated using video analysis of the run. The next 

sections will present velocity calculation, piezo electric 

sensors signals, filtration and a summary of the results in the 

form of table for each weight increment. 

2.6.1 Smoothing of raw strains 

The electrical resistance strain gauge signals include 

electrical noise and dynamic amplification. Since the tests 

were carried out in a controlled environment, the noise-

contaminated signals were not very large.  It was observed 

that the noise element in signal was less than 7 µℇ. The 

Butterworth filter with a cut off frequency of 4.8Hz was used 

for filtering. This cut-off frequency was selected as it 

corresponds to the first natural frequency of the model bridge 

and it gave better accuracy in GVW prediction. The 

Butterworth filter was chosen after analysis and observation 

of field data on the prototype bridge as previously presented 

by [1]. The filter selection criteria was also tested on 

simulated dynamic signals due to concentrated and pulsating 

single and multiple axles. Noise was introduced in simulated 

signals and different filters were studied. This was done as an 

initial exercise to understand the concentrated and dynamic 

effect of the load and its relevance to bridge natural 

frequency. This work was presented in a conference [6]. It 

was found that the filtration process reduced the error to 

0.010%. It can be concluded that the noise was so 

insignificant in a controlled lab environment that it barely 

effected the GVW calculation by the area method. Reference 

[7] Showed that the dynamic effect in the signal self-cancels 

when the GVW is calculated using the area method. This was 

shown analytically on dynamic response of a moving load 

and also applied on BWIM data obtained from a bridge 

currently under monitoring in Manitoba. It was concluded 

that the area method is not affected by dynamic effects of the 

bridge and vehicle interaction due to self-cancelation. 

2.6.2 Calculation of model truck speed 

The velocity of signal is required for changing the time scale 

of the electrical strain gauge signal to the distance scale. 

Initially piezoelectric signals were used to estimate the 

velocity of the moving load. This was done by dividing the 

distance between the accelerating ramp piezo sensors signal 

and decelerating ramp piezo sensors signal by the time 

interval between corresponding peaks, directly gave the 

vehicle velocity v. The piezoelectric signal for a run is shown 

in Figure 20. This method gave more than 20% errors in the 

estimation of GVW. It was found that the velocity was not 

constant over the span, due to which the errors were large. 

Therefore, camera was installed for observing the velocity 

profile of the moving vehicle. It can be noted in Figure 20 that 

the peaks were distinct corresponding to each axle.  

The Piezoelectric sensors can be used in support 

diaphragms or stiffeners near support location to identify the 

multi-presence of vehicles, axle spacing, and number of axles 

and transverse position of vehicle on bridges.  

 

Figure 20. Output signal of Piezoelectric sensors from 

accelerating and decelerating ramps during run gear 1(ln2-

rn1). 

2.6.3 GVW estimation using Area Method 

The basis of the area method was explained in detail in 

Section 2.1 with vehicle travelling with a constant velocity. 

The effect of variable velocity on the area method was 

presented as a theoretical derivation by [7]. This work is 

tested on the variable velocity data obtained from 

experimental BWIM. Reference [7] discussed two effects of 

variable velocity on the influence line required for the area 

method used for BWIM. The first effect related to the 

conversion of strain-time domain to strain-distance domain, 

which require integration. In such a scenario there will be no 

change in strain value and velocity becomes a function of 

time. The only change discussed was in horizontal axes when 

converting from time to distance. This required modification 

in Equation 3 for variable velocity for estimating GVW using 

area method as follows: 

         𝐺𝑉𝑊 = (
2

𝑎𝐿(𝐿−𝑎𝐿)
) 𝐶

1

𝑓𝑠
∑ ℇ𝑖𝑖

𝑁
𝑖=1                     (7) 

In above equation, fs is the sampling frequency. Modifying 

for units and sampling frequency used here, Equation 7 

becomes: 

                 𝐺𝑉𝑊 = 𝐶 ×
2𝐴𝑖×106×𝑖

𝑎𝐿(𝐿−𝑎𝐿)
× 200                     (8) 

vi is a vector of equal length as strains and units are 

represented in meter per second and Ai is the area under strain 

response and strain are smoothed for sections. 

 The second effect discussed by [7] relates to axial strains 

induced by the axial force due to acceleration and 

deceleration of the vehicle. The second effect was applied to 

few runs on model bridge data and the axial strain due to 

variable velocity was calculated. In all cases, it was less than 

1µℇ. This is due to the fact that the main instrumented span is 

simply supported and it has one accelerating and one 

decelerating ramps before and after the main instrumented 

span. All three spans were simply supported. Since there is a 

slight variation of velocity on middle span but no initial 

acceleration and final deceleration of model truck occurs 

during the experimental run on main span therefore, there was 

minimal axial strain induced and this effect can be neglected 

here. 

There were three levels of speed for the model truck. 

However it was noticed that the velocity was variable on the 
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span for all three levels. Video analysis using Tracker 

software was used to get velocity of model truck over the 

span. Figure 21 shows a velocity profile produced for the run. 

The time shown in profile match with the event recorded by 

electrical strain gauges plotted in Figure 22. The results for 

this run for GVW calculation and percentage error, are 

presented in Table 3 for each instrumented section. 

 

Figure 21. Velocity profile produced by video analysis. 

 

Figure 22. Sum of girder strains at Sections 1, 2 and 3 due to 

model truck travelling in normal lane [test no. gr1-2.5ln1-rn4 

and GVW = 78.025N]. 

Tables 5, 6 and 7 present the results of GVW calculated 

using the area method. The average errors ranged from -

1.710% to 3.648% when using the speeds calculated from 

video analysis for GVW of 68.395N. The average errors 

ranged from -3.279% to 3.270% for GVW of 77.773N. In all 

cases, the predicted weights were within 4% of the 

corresponding static GVW shown in Figures 23a,b and c. 

 

Table 2. GVW results using the area method (GVW=82.7N). 

 
Figure 23. a, b &c: Static weight increments of model truck 

before each set of run. 

 Conclusions 

The BWIM technology when applied to actual traffic has 

shown that the area method can predict GVW within 5% of 

vehicle GVW. This method is extended analytically and 

experimentally for variable velocity. Scaling philosophy 

established for testing indirect or elastic models for current 

testing, would help in investigating dynamic response and 

transverse load distribution characteristics of bridges in a 

cost-effective manner. This is not possible in most testing 

where researchers idealise bridges as single beams or fewer 

girders.   

The Piezoelectric sensor tested on the model bridge gave 

the transverse position and classification vehicle types, a type 

of information that has not been collected in most BWIM 

systems tested to date. The output signal produced in 

preliminary and model testing was very clear from the 

background noise, and provided distinct peaks for individual 

axles. Each peak corresponds to each axle. The signal peaks 

also give information of the tandem axle group as separate 

group peaks, as shown in Figure 20. If the beginning and 

ending of instrumented span has such sensors installed then 

dividing the distance between the two instrumented sections 

by time interval between corresponding peaks at the two 

sections gives the velocity of the vehicle. This was proposed  

for the constant velocity case. It is suggested that inexpensive 

piezoelectric sensors can be used at strategic locations on the 

support diaphragms or stiffeners near support location to give 

highly localized signals responding to wheel loads, which can 

give a very accurate estimate of the vehicle speed, identify 

multi-presence of vehicles, axle spacing, and number of axles 

and transverse position of vehicle on the bridge. 

Transverse 

Truck 
Position 

Normal Lane 

Test no. 
gr1-3ln1-

rn4 

gr1-

3ln1-

rn1 

gr1-3ln1-
rn5 

gr1-

3ln1-

rn3 

gr1-

3ln1-

rn3 

T
ru

ck
 A

. 
G

V
W

=
8
2

.7
0

8
N

 

GVW 
Sec1 

82.723 84.904 79.703 79.764 79.906 

GVW 

Sec2 
84.23 85.089 80.281 80.818 81.007 

GVW 

Sec3 
82.544 82.048 78.774 78.345 79.274 

GVW 
av. 

83.166 84.014 79.586 79.642 80.062 

% error 

Sec1 
0.018 2.655 -3.633 -3.560 -3.388 

% error 

Sec2 
1.840 2.879 -2.934 -2.285 -2.057 

% error 
Sec3 

-0.198 -0.798 -4.756 -5.275 -4.152 

%error 

av 
0.553 1.579 -3.775 -3.707 -3.199 
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Table 6. GVW results using the area method (GVW=68.4N). 

 

Table 7. GVW results using the area method (GVW=77.7N). 

 

It was found that not only on the prototype bridge but also 

on scaled testing of the model bridge the transverse load 

distribution characteristics or girder distribution factors can 

be predicted accurately using the semi-continuum method, 

incorporated in SECAN. The experimental and observed 

values of load distribution factors of girders, or DFs, were 

fairly close to each other, thereby demonstrating on the 

efficiency of adopted method as well as the software SECAN 

[5].  

In this paper, the theoretical background of the area method 

is discussed with trucks travelling at a constant velocity. 

During testing it was found that the experimental BWIM can 

also account for variable velocity. Therefore, the area method 

was extended to variable velocity. Observed transverse load 

distribution characteristics of the model bridge were 

presented for normal and passing lanes. Analysis of 

transverse load distribution characteristics in SECAN 

program integrating the semi-continuum method are shown. 

This method was found highly efficient and accurate for 

predicting transverse structural behaviour. The testing and 

analysis of the data collected for different transverse position 

of vehicle on the model bridge, and with different truck loads 

is carried out. Filtration of the experimental BWIM data is 

also discussed. It was found that the area method gave results 

with errors less than 5% of the actual GVW. It was also found 

that axial strain will be induced in case of any significant 

acceleration or deceleration of vehicle on the instrumented 

span. This component of strain should be accounted in the 

GVW calculation if using area method. 
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Transverse Truck 

Position 
Normal Lane Passing Lane 

Test no. gr1-ln1-rn5 
gr1-ln1-

rn2 
gr2-ln1-rn1 gr3-ln1-rn2 gr1-ln2-rn1 gr2-ln2-rn2 gr2-ln2-rn3 gr3-ln2-rn6 

T
ru

ck
 A

. 

G
V

W
=

6
8

.3
9
5

N
 

GVW Sec1 67.678 66.348 67.052 70.048 69.816 70.732 67.173 70.14 

GVW Sec2 68.295 67.836 67.7094 69.774 70.816 71.5 68.354 69.957 

GVW Sec3 70.527 68.231 65.154 68.943 71.933 70.439 67.749 68.718 

GVW av. 68.833 67.472 66.638 69.588 70.855 70.890 67.759 69.605 

% error Sec1 1.059 3.085 2.003 -2.360 2.078 3.417 -1.787 2.551 

% error Sec2 0.146 0.824 1.013 -1.976 3.540 4.540 -0.060 2.284 

% error Sec3 -3.023 0.240 4.974 -0.795 5.173 2.989 -0.945 0.472 

%error av -0.606 1.383 2.663 -1.710 3.597 3.648 -0.930 1.769  

Transverse Truck 

Position 
Normal Lane Passing Lane 

Test no. gr1-2.5ln1-rn4 
gr2-2.5ln1-

rn3 

gr2-2.5ln1-

rn1 
gr3-2.5ln1-rn3 

gr1-2.5ln2-

rn4 

gr1-2.5ln2-

rn5 
gr2-2.5ln2-rn4 

gr3-2.5ln2-

rn2 

T
ru

ck
 A

. 
G

V
W

=
7
7

.7
7

3
N

 GVW Sec1 77.74 75.652 77.31 77.848 76.541 75.428 75.286 79.296 

GVW Sec2 78.192 77.656 77.938 78.078 77.23 75.705 76.452 80.349 

GVW Sec3 76.423 75.891 78.887 74.935 77.121 74.606 76.739 81.304 

GVW av. 77.452 76.400 78.045 76.954 76.964 75.246 76.159 80.316 

% error Sec1 -0.042 -2.727 -0.595 0.096 -1.584 -3.015 -3.198 1.958 

% error Sec2 0.539 -0.150 0.212 0.392 -0.698 -2.659 -1.699 3.312 

% error Sec3 -1.736 -2.420 1.432 -3.649 -0.838 -4.072 -1.330 4.540 

%error av -0.413 -1.766 0.350 -1.053 -1.040 -3.249 -2.075 3.270 
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ABSTRACT: The global bridge asset inventory is in a state of deterioration and requires new methods of measuring the bridge 

condition performance state.  Budget decisions often require more quantitative information than is provided by visual inspection 

alone.  A Smart Bridge uses innovative digital monitoring, Digital Twin modeling, and analysis using measured performance on 

a cloud-based Internet of Things Platform (IoT). The Smart Bridge will obtain better information to supplement visual inspections 

for bridge decision analysis at a lower cost. Despite rehabilitation of the NYS Fort Plain bridge it remains load posted.  NYS DOT 

used a Smart Bridge approach with load testing followed by IoT based performance monitoring and analysis to understand the 

structural capacity and live load demands on the structure.  The results showed that the Ft. Plain bridge performance at or near its 

original design and lifting of the load restrictions. The structure is now monitored continuously to gain insights on its behavior 

and to determine the feasibility of the IoT based monitoring system for future structural monitoring. This paper summarizes this 

case study and the IoT structural monitoring system that was used for improved decision making for bridge management.  The 

economics of Smart bridges and the impact on a fleet of bridges is presented showing a high ROI from performance monitoring. 

 

1 THE DILEMMA WITH THE FORT PLAIN NY 

BRIDGE 

New York State DOT had a dilemma with the Fort Plain NY 

Bridge built in 1931 and located in Utica Region of New York 

State.  NYS rehabilitated this load restricted steel truss bridge 

at a cost of $1.1 million. Despite this recent structural 

rehabilitation, the bridge is still load posted.  NYS DOT 

decided to use load testing [1, 2] followed by performance 

monitoring to further understand the structural capacity and 

live load demands on the structure.   The results after visual 

inspection and application of conventional engineering factors 

to the load rating program still resulted in a mix of load ratings 

that would not allow a definitive conclusion to lift the load 

restriction completely.  NYS DOT suspected that if they 

measured and monitored actual bridge performance, they could 

manage the bridge more effectively and lift the restriction. NYS 

has over 900 state and local load restricted bridges out of an 

inventory that exceeds 17,000 bridges total.  This is the same 

issue that bridge managers face globally as the bridge asset ages 

and the traffic usage exceeds the original design criteria. 

2 LIFE CYCLE PLANNING AND ECONOMICS 

Traditionally NYS DOT bridge management has utilized four 

approaches to managing bridge life cycle deterioration [3]. As 

assets deteriorate bridge managers use four treatments in their 

decision matrix that are applied to slow or repair that 

deterioration. In general, they can be categorized by their 

impact and cost: 

• Preventive maintenance treatments typically arrest 

deterioration without significantly improving condition or 

provide a modest improvement in condition.  

• Preservation treatments generally involve repairs to 

specific elements or aspects of an asset. These treatments 

are used for assets which are in fair to good condition, but 

in need of specific repairs. Examples of corrective repairs 

include thin pavement overlays and concrete repairs. 

• Rehabilitation is required for assets which still have a 

potential for significant remaining service but have a 

substantial number of components in need of repair, or 

major components in need of substantial repair.  

• Replacement/reconstruction is required when an asset has 

reached the end of its service life and can no longer be 

extended though repair or rehabilitation. 

Life cycle planning for bridges is complex but a useful rule 

of thumb is that a preservation first approach to bridge asset 

management is a much more effective investment method than 

allowing significant time to pass and having the bridge 

deteriorate to the next level of deteriorating condition 

performance state. 

 Problem – inaccurate information leads to poor bridge 

asset investment decisions 

Globally, bridges are becoming structurally deficient at an 

alarming rate.  Even though these bridges are safe to carry legal 

vehicles at a reduced load. Reduced loaded bridges are 

classified as posted for lower loading to maintain safe 

transportation routes, Posted or load restrictions increase user 

costs due to detours required for commercial vehicles.  Load 

testing has proven potential to improve load ratings with 

subsequent monitoring providing more insights on live load 

demand and structural behavior to take advantage of improved 

load ratings. [4]. Historically, one alternative was to implement 

Generation 1 structural monitoring (SM) to measure bridge 

performance. But Gen 1 systems are not economical for all but 

the most critical bridges due to the high cost of installation, 

operation, and analysis.  Consequently, these systems have not 

Lifting load restrictions on the NYS Fort Plain Bridge: A case study in SHM and the 

internet of things 
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been popular with bridge owners and is rarely economically 

justified. 

 Innovative life cycle planning using digital performance 

measurement 

There is an emerging method to innovative life cycle 

management based on new digital IoT technology. The global 

bridge asset inventory is in a state of deterioration and requires 

new methods of measuring the bridge state or performance.  

Budget and project decisions require more accurate information 

than is provided by visual inspection alone.  Bridge managers 

need Smart bridges that use innovative digital monitoring, 

Digital Twin and analysis using a calibrated model on a cloud-

based Internet of Things Platform (IoT). The Smart Bridge 

obtains better information to supplement visual periodic 

inspections for bridge decision analysis at a significantly lower 

cost. Digital structural performance monitoring is advocated in 

many countries and being incorporated by several State 

Highway Agencies into their bridge asset management plans 

[5]. 

NYS DOT reviewed the introduction of a fifth method for 

their decision matrix of methods to incorporate into bridge 

management life cycle planning.  This method: Smart Bridge 

-includes measured performance monitoring, FE Modeling, big 

data analytics and focused rehabilitation can be a significantly 

more effective investment in raising the performance state of a 

bridge at a much greater return on investment, (ROI.) 

3 CREATING THE SMART BRIDGE WITH 

INTELLISTRUCT 

Civil Infrastructure is the last remaining major real asset not 

using digital measured performance for life cycle management. 

Future civil infrastructure requires the application of digital 

technology from an IoT platform that will measure, analyze, 

and provide artificial intelligence (AI) based predictive 

performance for fact-based decisions by bridge fleet owners.  

This Generation 2 IoT platform must provide a 10X cost 

reduction from existing Generation 1 SM and provide a 

magnitude greater functionality and analytics for economic 

fact-based decisions.  NYS DOT in collaboration with 

Intelligent Structures selected to implement IntelliStruct, a 

Generation 2 IoT bridge performance structural monitoring and 

management platform for measuring and monitoring the state 

of the Fort Plain Bridge.  Intelligent Structures provided the 

monitoring and subsequent analysis services as a research 

project to NYSDOT. 

IntelliStruct is an enterprise IoT platform for bridge asset 

performance management that combines innovative 

technology from advanced structural health monitoring, solid 

state sensor development, cloud computing, big data analytics, 

statistical and machine learning, wireless communication, low 

power electronics and digital twin modeling to create an 

enterprise platform delivering sensor to management policy 

decision support to bridge asset managers. IntelliStruct   is a 

total integrated solution using sensors to measure the state of 

bridge components, providing bridge and component level 

analytics, monitoring and control.  Managing a fleet of many 

bridges from 2 to 1000’s and providing enterprise analysis and 

predictive life cycle asset conditions and predictive life cycle 

performance.  This information is all archived and available to 

support policy and budget analysis for optimal productive 

management of this asset. Providing improved service and 

safety for the citizens that it serves. IntelliStruct has proven 

performance with over 4 years of commercial field operation in 

the harshest environments. The SaaS platform scales for bridge 

fleet decision support. 

 

 

Figure 1. IntelliStruct Information Architecture. 

 Design and implementation of IntelliStruct for 

structural monitoring of the Fort Plain Bridge 

A team was formed consisting of members from NYS DOT and 

Intelligent Structures to design and implement IntelliStruct to 

transform the Fort Plain Bridge into a Smart Bridge. The team 

combined the results of the model with a review of the 

inspection report to select and layout the sensors on the bridge. 
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Figure 2. IntelliStruct Dashboard. 

 

 
Figure 3. Partial Digital Twin Model of the Fort Plain Bridge. 

 

IntelliStruct’ was configured and 75 strain, acceleration and 

temperature sensors, along with I-Bridge Modules and I-Bridge 

Controllers were installed on the Fort Plain Bridge in 5 days as 

a bridge sensor and computer network.  A Live Load Test was 

performed using IntelliStruct real time monitoring and all 

measurements archived for further analysis [6]. 

 

 
Figure 4, 5, 6. Schematic view of strain gauges mounted to the 

truss superstructure. 

 Live load test and long-term monitoring results 

The team used the digital twin of Fort Plain Bridge to simulate 

different load test scenarios and predict the strain of the 

instrumented members for corresponding loading case. Using 

these simulations, a strain matrix listing the acceptable strain 

range for each member during each phase was generated. This 

matrix was used to support the decision making on proceeding 

with the next step during the load test. 

Example of Load Test Strain matrix for 2 Strain Sensors. 

 

 
 

The live load test was conducted and all phases were 

executed. The strain, acceleration and temperature 

measurements were transmitted to IntelliStruct for real-time 

monitoring and archived cloud storage for the six phases and 

for the periods between test runs. 

 Test and bridge model correlation 

To determine the state of the bridge the live load test data 

archived in IntelliStruct was analyzed and compared to the 

results predicted from the Digital Twin that modeled the 

original design performance of the Fort Plain Bridge.    All truss 

and deck support structure strain measurements were of interest 

in the correlation effort although stringer and floor beam 

measurements were of particular interest. Figure 7 provides a 

summary of model-test correlation. The results show a strong 

correlation between the model results of how the bridge would 

behave as designed and the results from the measured 

performance of the bridge using IntelliStruct. 

 

 
Figure 7. Results Model versus Test. 

 DECISION using IntelliStruct performance monitoring 

NYS DOT implemented IntelliStruct Bridge Performance 

Management Platform on the Fort Plain Bridge for structural 

monitoring, analysis with a digital twin and calibration of 

performance using live load testing to determine if they could 

open the bridge with no restrictions. Using IntelliStruct 

analytics the results show that the measured performance was 

closely correlated with the digital twin as new bridge structural 

performance.  Load distribution and element composite support 

was higher than load rating factors. The calculated results allow 

the opening of the bridge. Results indicate the load restriction 

should be lifted due to better condition, distribution and 

 

 

Sensor 

Phase 1a 

- Case 1 

Phase 1a 

- Case 2 

Phase 1b 

- Case 1 

Phase 1b 

- Case 2 

Phase 2a 

- Case 1 

Phase 3a 

- Case 1 

Phase 3a 

- Case 2 

Phase 3b 

- Case 1 

Phase 3b 

- Case 2 

Phase 4a 

- Case 1 

Phase 5a 

- Case 1 

Phase 5a 

- Case 2 

(lower bound) -10.1 -7.3 -0.5 -3.0 -13.1 -19.7 -14.8 -1.0 -5.1 -24.8 -19.1 -15.8 

SA01-U01-RT Ch. 3 -20.2 -14.6 -1.0 -6.0 -26.2 -39.5 -29.6 -1.9 -10.1 -49.6 -38.2 -31.5 

(upper bound) -40.3 -29.2 -2.1 -12.0 -52.3 -79.0 -59.1 -3.9 -20.2 -99.2 -76.5 -63.0 

(lower bound) 10.9 6.6 4.4 3.6 14.6 22.4 13.5 8.6 9.7 32.0 25.9 22.1 

SA01-U01-RT Ch. 4 21.9 13.2 8.8 7.3 29.1 44.8 27.1 17.2 19.3 64.1 51.9 44.3 

(upper bound) 43.7 26.5 17.6 14.5 58.2 89.5 54.2 34.4 38.7 128.2 103.8 88.5 
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composite action load rating factors used in the NYS DOT 

bridge rating program. 

Continuous monitoring provides decision support about the 

ongoing bridge condition. Periodic data trending and analytics 

provides insight into significant bridge structural changes. An 

example from IntelliStruct below in Figure 8  shows a monthly 

analytic that uses Big Data from the Fort Plain Bridge. The two 

strain signature plots compares the maximum average of the top 

6000 and top 100 strains for each strain monitored element and 

plots them on a radar diagram to give a pattern or bridge strain 

signature that would indicate changes in bridge performance. 

 

 
Figure 8. Long Term Continuous Monitoring for Structural and 

Operational Performance. 

4 ECONOMICS OF SMART BRIDGES: 

PERFORMANCE MONITORING, MODELING, 

ANALYTICS AND FOCUSED REHABILITATION 

The federal government requires states to take a strategic 

approach to the management of transportation assets. The focus 

on maximizing the return on investment from investments in 

improving the performance state of bridge assets is a high 

priority [7]. The economic analysis of the two methods for 

improving the state of the NYS Fort Plain bridge from load 

restricted to fully operational is shown in Table 1. To lift the 

restriction requires either: 1. the full replacement / 

reconstruction based on visual inspection information or 2. The 

Smart Bridge approach of Performance Monitoring, Modeling, 

Analytics and Focused Rehabilitation.  An investment analysis 

based on only delaying the rebuild of the Ft Plain bridge at a 

cost of $8,000,000 is compared to the cost of implementing the 

monitoring, modeling, analytics, and focused rehabilitation 

using the IntelliStruct performance monitoring platform and 

focused rehabilitation. 

 

Table 1. Managing transportation asset investment returns for 

the Fort Plain NYS DOT Bridge. 

 
 

The investment benefit is a significant level with a 76% IRR 

annual return over a five-year period. This high return points to 

the importance of adding the Smart Bridge to the decision 

matrix in transportation asset management planning. 

5 CONCLUSION:  SMART BRIDGES AS A 5TH 

METHOD FOR BRIDGE MANAGEMENT 

There is an emerging method to innovative life cycle 

management based on new technology. The global bridge asset 

inventory is in a state of deterioration and requires new 

methods of measuring the bridge state or performance.  Budget 

and project decisions require more accurate information then is 

provided by visual inspection alone. The Fort Plain Bridge 

project proved that the bridge load restriction could be lifted 

using performance load testing and continuous monitoring 

provided with IntelliStruct.  Bridge managers need Smart 

bridges based on performance structural monitoring using 

innovative digital monitoring, Digital Twin (FE modeling) and 

analysis on a cloud-based Internet of Things Platform. 

A fifth method should be introduced to bridge managers 

decision matrix of methods to incorporate into bridge 

management life cycle planning.  This method: Smart Bridge 

-includes continuous digital performance monitoring using an 

advanced IoT platform, with digital twin modeling and 

analytics and focused rehabilitation. A Smart Bridge allows 

significantly better information for bridge decision analysis at 

a significantly lower cost. The Smart Bridge method can be a 

significantly more effective investment in raising the 

performance state of a bridge at a much greater ROI.   

There are over 60,000 load restricted bridges in the USA and 

many bridges around the world are in similar condition.  The 

challenge is these bridges are conservatively rated due to age 

and uncertainty based on visual inspection assessments.  Using 

Smart Bridge policy to continuously monitor bridge 

performance combined with live load testing and bridge 

calibration most of these bridges can have the load restriction 

lifted or significantly reduced. This approach to improving 

bridge performance is achieved through an investment 

primarily in information technology that results in a more 

accurate assessment of the performance state of a bridge and 

better bridge life cycle decisions.   

This life cycle planning approach was implemented by NYS 

DOT using IntelliStruct on the load restricted Fort Plain Bridge 

with excellent results. The implementation of a fifth method for 

BRIDGE UNIT ECONOMICS

Bridge Annual Capital Finance Cost Year 0 Year 0 1 2 3 4 5

Bridge replacement cost 8,000,000

Annual Cost of Capital 0.05 400,000         400,000     400,000     400,000     400,000            

Depreciation (50 year bridge) 0.02 160,000         160,000     160,000     160,000     160,000            

Mobility Cost -                      -                 -                  -                  -                          

Total Annual Cost of Operation 560,000             560,000        560,000        560,000        560,000                 

IntelliStruct IIoT Platform

Focuse Rehabilitation Cost 1,100,000      

Modeling and Analysis (FEM) 11,700.00      

Configuration 3,600.00       

Testing & Analysis (FEM) 6,300.00        

Hardware 15,000.00     

Installation 6,000.00       

Annual IntelliStruct Subscription 36,000.00         36,000.00    36,000.00     36,000.00     36,000.00             

Cash Flow (18,000.00)    (24,600.00)   (576,000)           524,000        524,000        524,000        524,000                 

@ 7%

NPV $1,024,173.90

IRR 76%
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bridge management – Smart Bridge is being considered for the 

inventory of bridges managed by NYS DOT. 
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ABSTRACT: The goal of structural health monitoring is to assist in the maintenance and management of structural systems by 

providing a process to identify problematic behavior. Current long term structural health monitoring systems provide information 

on whether the structure is continuing to function as expected and identify potential anomalous behavior.  In this case, long-term 

anomalies for bridges are defined as a change in behavior that lasts longer than a month, examples being time-dependent 

deterioration, unexpected post-tensioning loss, or translation of the superstructure on the bearings. To identify anomalous 

behavior, an accurate prediction of the structural response needs to be made to determine whether the measured data falls outside 

of expected bounds. For the I-35W Saint Anthony Falls Bridge in Minneapolis, Minnesota, monitoring efforts were focused on 

detecting anomalies in the deflections at the expansion joints measured by the linear potentiometers.  While short-term monitoring 

approaches use a rigorous Bayesian framework to account for uncertainties, previous long-term structural health monitoring of 

the Bridge was not robust due to uncertainty in time-dependent displacement predictions over long durations. A Bayesian statistical 

framework was adopted to account for the uncertainty in the time-dependent predictions. This is particularly important as time-

dependent behavior is dominated by temperature effects and noise. This work presents a method to compute a more reliable 

bounding interval for accurate long-term anomaly prediction through a Bayesian statistical framework. The resulting bounds and 

anomaly detections are compared with the previous approach on existing data and applied to artificially generated perturbations.  

 

KEY WORDS: Bridge Monitoring; Bayesian Regression; Case Study; Concrete Creep and Shrinkage. 

 

1 INTRODUCTION 

Long-term structural health monitoring is one approach to 

assist in the maintenance and management of structural 

systems. Ideally, the deployment of sensing technology and 

associated measurements provide a quantitative means to 

evaluate structural condition. However, the interpretation of the 

massive amounts of data to obtain actionable information 

remains an elusive challenge [1, 2]. A key challenge of in-situ 

monitoring is that the interaction of environmental factors, 

time-dependent behavior, and operating conditions on the 

measured structural response can mask anomalous behavior 

[3]. 

In recent years, the field has shifted from data aggregation to 

data interpretation and anomaly detection through model-based 

and data-driven approaches. These leverage statistical pattern 

recognition [4], deterministic regression, and Bayesian model-

based approaches [5] to mitigate the impact of environmental 

and operating conditions. While these typically look at short-

term anomaly detection, a limited number of studies have 

focused on Bayesian frameworks for evaluating the long-term 

behavior of structures where seasonal and slowly varying 

behavior may dominate [6]-[9]. In [6] and [9], which 

specifically focus on long-term deflections (or expansion 

joints), the temperature behavior and associated uncertainty is 

extracted. However, the uncertainty associated with the other 

time-dependent phenomena, such as creep and shrinkage, is not 

accounted for in the definition of the bounds.  

This paper focuses on updating the Bayesian statistical 

framework in [6] to account for the uncertainty in the time-

dependent deflections when establishing the bounds on the 

predicted behavior of the I-35W Saint Anthony Falls Bridge. 

The long duration of the monitoring deployment offers a 

uniquely large dataset, which is used to quantify the uncertainty 

in the predicted creep and shrinkage deflection. First, a 

discussion of the bridge and key instrumentation is provided. 

Second, the Bayesian framework is presented, including a brief 

overview of the previous approach and the data normalization 

technique.  The framework is then applied to the in-situ 

monitoring data, which reflects normal behavior, and 

artificially generated perturbations. The bounds and the validity 

of the anomaly detection are compared to the previous 

technique.  

2 BRIDGE DESCRIPTION AND INSTRUMENTATION 

The I-35W Saint Anthony Falls Bridge in Minneapolis, 

Minnesota is comprised of two separate, parallel structures: 

northbound and southbound crossings. Both structures consist 

of four spans of posttensioned concrete box girders; spans 1 

through 3 are continuous and separated from abutment 1 and 

span 4 by expansion joints (Figure 1). The bridge features a 

long-term monitoring system, which has collected data since 

the opening of the structure in 2008. Over 500 sensors were 

deployed on the bridge, including vibrating wire strain gages, 

thermistors, linear potentiometers, and accelerometers. The 

instrumentation for static measurements is summarized in [10] 

and thorough documentation of all instrumentation is provided 

in [11].  

Updated long-term Bayesian Monitoring Strategy for time-dependent deflections of 

I-35W Saint Anthony Falls Bridge 
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Figure 1. Elevation view of Saint Anthony Falls Bridge with instrumentation labeled [6]. 

Of particular interest in this work is the longitudinal 

movement captured at the bearings and the corresponding 

structural temperature. A linear potentiometer was located in 

each box at the expansion joints between Abutment 1 and Span 

1 and between Span 3 and Pier 4 in both the northbound and 

southbound structures. The presented data represent the change 

in the longitudinal displacement averaged from both linear 

potentiometers at each instrumented location. The data reflect 

the deflection at the location of the instrumentation and not at 

the level of the expansion joint. The center of the river span of 

the southbound was heavily instrumented with thermistors to 

get the temperature gradient through the cross-section. This 

average cross-sectional temperature was taken as 

representative of the entire structure, except for locations 

immediately adjacent to the piers [10]. 

3 BAYESIAN STATISTICAL FRAMEWORK 

The Bayesian statistical framework of [6] used for short-term 

anomaly checks is extended for long-term monitoring of the I-

35W Bridge by accounting for the uncertainty in the prediction 

of time-dependent deflection. To do this, first the time-

dependent behavior was extracted from the measured linear 

potentiometer data using linear regression. The normalized 

deflection was then converted to a slope, representing the rate 

of time-dependent deflection, and the Bayesian regression was 

conducted. For effective comparison of the two approaches, the 

previous anomaly detection approach (outlined in more detail 

in [11]) is briefly presented in this section. 

The model-based longitudinal displacements used in the 

Bayesian statistical framework are calculated using the 3D 

time-dependent finite element model [12]. Six time-dependent 

creep and shrinkage models were considered: ACI 209, 1978 

CEB/FIP, 1990 CEB/FIP, AASHTO LRFD 2017, B3, and 

GL2000 [13].  

 Bayesian Regression 

Bayesian regression allows for the computation of probability 

distributions describing the coefficients of a regression 

analysis. The measured data can be assumed to follow the 

model 

 𝑫 = 𝑨𝒘 +  𝜺 (1) 

where D is a vector of length n of the measured data, w is the 

vector of length k of the fitting coefficients, A is the n x k design 

matrix, and 𝜺 is the error term assumed to be Gaussian with 

mean of zero and variance of σ2. For regression of the measured 

time-dependent behavior, the design matrix is specified as 

 𝑨 =  [𝝃   𝑼] (2) 

where 𝝃 is the vector of length n of the rate of FEM longitudinal 

deflections computed at time t corresponding to the times at 

which measured data D was captured, and U is a vector with all 

entries equal to one to capture the constant offset term of the 

data. The prior distribution was assumed to be a normal 

distribution with mean 𝝁 and precision B. The precision matrix 

B was computed as the inverse of the variance matrix: 

 𝑩 =  [

1

𝐶𝑡𝑑
2 0

0
1

𝑣2

] (3) 

where Ctd is the coefficient of variation of the time-dependent 

models (typically 0.25), and v2 is the assumed variance of the 

constant offset.  

The posterior distribution is normal with the precision Λw and 

mean mw given by 

 𝚲𝐰 =
1

𝜎2
𝑨𝑻𝑨 + 𝑩 (4) 

 𝒎𝒘 =  𝚲𝒘
−𝟏(

1

𝜎2
𝑨𝑻𝑫 + 𝑩𝝁) (5) 

 Bayesian Prediction 

Bayesian prediction involves using the uncertain regression 

coefficients and extrapolating the probability distributions of 

future data points. This combines the uncertainty in the 

measured data with the uncertainty in the regression 

coefficients to arrive at a probabilistic estimation of the future 

time-dependent behavior.  
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Predictions were computed using the same form of regression 

equation presented in Eqn. (1) with some changes in variables: 

 �̂� = �̂�𝒘 +  𝜺 (6) 

where �̂� and �̂� are the estimated data and design matrix values, 

respectively.  The goal of Bayesian prediction is to compute the 

probability of measuring some new set of data �̂� given existing 

data D, implicit assumptions S, and knowledge K. The design 

matrix values were deterministic, and so uncertainty was 

present only in the parameters w and the error 𝜺. Because the 

distribution for �̂� was normal, the mean and variance 

completely defined the uncertainty:  

 𝒎𝑫 =  �̂�𝒎𝒘 (7) 

 𝑽𝑫 =  �̂�𝑽𝑾�̂�𝑻 + 𝜎2𝑼 (8) 

where mw and Vw are mean and variance, respectively, of the 

parameters w, U is the q x q matrix with all entries equal to one, 

and q is the length of the estimated data vector �̂�. 

Of particular interest is the credible region of the predicted 

data values. An r-credible region is defined as the region R such 

that  

 ∫ 𝑝(�̂�|𝑫)𝑑�̂� = 𝑟
𝑅

 (9) 

where r can be specified as any values between 0 and 1. The r-

credible region was computed on a point-by-point basis, such 

that the bounds Ri were defined by the probability that the true 

value of a single point �̂�𝒊 would lie within the bounds with 

probability r, independent of all other predicted values in vector 

�̂�. The bounds Ri of the r-credible interval for point �̂�𝒊 with 

mean (mD)i and variance (VD)i were defined as 

 𝑅𝑖 = (𝑚𝐷)𝑖 ± 𝑐√(𝑉𝐷)𝑖 (10) 

where c was chosen such that the probability that a point is 

contained within the bounds was equal to r. For a Gaussian 

distribution, a typical value of c is 2, which approximately 

defines a 95%-credible interval.  

 Previous Approach 

Previously, the form of the time-dependent curve was not 

deterministically known, so using Bayesian regression over a 

longer timeframe was not reliable. Instead, a method to 

maximize detection of true positives and minimize false 

positives was developed [6].  

Assuming constant or decreasing stress, regardless of the 

shape of the creep and shrinkage curves, the long-term 

deflection rates at the expansion joints should be small and 

positive given enough time. The bounds for the long-term 

anomaly detection were determined from previously measured 

rates of time-dependent behavior without knowledge of the 

specific form of the time-dependent curve. The rate of the time-

dependent behavior was computed by measuring the slope of 

the time-dependent curves plotted with respect to the Arrhenius 

adjusted age. A window of time-dependent data was fit using 

linear regression employing the log-power equation: 

 𝑇𝐷 =  𝛼1 ln[1 + (𝑡 − 𝑡0)𝑎𝑑𝑗
0.1 ] + 𝛼2 +  𝛿  (11) 

where TD is the measured time-dependent data extracted from 

the raw data, (𝑡 − 𝑡0)𝑎𝑑𝑗  is the Arrhenius adjusted age, α1 and 

α2 are fitting parameters, and 𝛿 is an error term assumed to be 

Gaussian with zero mean. The time-dependent data, TD, was 

extracted from the raw data using a linear regression [11] that 

accounted for the temperature in the measured data. The slope 

of the time-dependent behavior was then taken as the first 

derivative of the fit with respect to the Arrhenius adjusted age: 

 
𝜕(𝑇𝐷)

𝜕(𝑡−𝑡0)𝑎𝑑𝑗
= 𝛼1[0.1(𝑡 − 𝑡0)𝑎𝑑𝑗

−0.9][1 + (𝑡 − 𝑡0)𝑎𝑑𝑗
0.1 ]

−1

  (12) 

The window for computing the slope was chosen to be 500 

adjusted days, approximately two years, because the time-

dependent data plotted with respect to adjusted age did not 

remove all seasonal effects. This minimized the impact of any 

seasonal effects, and also provided a large enough window for 

consistent regression using the log-power equation. The 

adjusted age procedure shortened time when it was cold and 

elongated it when it was warm, so each year’s worth of data 

contained a cluster of winter data points, all having similar 

adjusted ages and deformations. This introduced a bias into the 

regression, and therefore weighting was necessary. The two-

year windows for computing the slope were divided into 20 

bins that had equal adjusted age. Each bin was given equal 

weight in the regression. Each reading was weighted by the 

inverse of the number of readings in that bin. 

The form of the equation for linear regression on the 

computed slopes with respect to adjusted age was chosen to be  

 𝑆𝐿 =  𝛼3(𝑡 − 𝑡0)𝑎𝑑𝑗
−0.9 +  𝛿  (13) 

where SL is the computed slope of the time-dependent behavior 

with respect to the Arrhenius adjusted age, 𝛼3 is the regression 

coefficient, and 𝛿 is an error term assumed to be Gaussian with 

zero mean. 

The upper and lower bounds were chosen to minimize false 

positives on the measured data. Bounds were selected to be the 

mean plus or minus the summation of 10% of the mean estimate 

and 3 times the standard deviation of the residual of the 

repression with respect to the training set data. Three standard 

deviations were chosen to approximate a 99%-confidence 

interval, and the additional ±10% of the mean estimate was 

added to enlarge the bounds when the time-dependent rates 

were higher and decrease the bounds at late ages when the rates 

were slow. As a result, the bounds at comparable locations vary 

depending on the residual independent of similar behavior of 

the structure. 

 Extension for Long-Term Anomaly Detection 

In order to develop a long-term monitoring system that can 

integrate uncertainty of the time-dependent curve, the Bayesian 

framework was applied to the long-term data. In the prior long-

term anomaly detection system, it was determined the form of 

the time-dependent curve was not deterministically known, and 

therefore using Bayesian regression was not reliable.  However, 

after more than 10 years of data, the form of the time-dependent 

curve has been determined, making the Bayesian regression a 

suitable method. 

While the Bayesian regression could be directly applied to 

the time-dependent displacements, it was applied to the slope 
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of the time-dependent deflections calculated from the measured 

responses of the linear potentiometers for comparison to the 

previous method. A window of time-dependent data was fit 

using Eqn. (11), and slope of the time-dependent curve was 

then computed using Eqn. (12). In order to apply the Bayesian 

method that was established on the slope of the time-dependent 

data rather than the data itself, certain variables were converted 

into a slope. For the fitting matrix A from Eqn. (1), the time-

dependent behavior 𝝃 was taken as the rate of the longitudinal 

deflection results from the FEM. D, from Eqn. (1), was taken 

as a vector of the slope of the measured data. After over ten 

years of data, the shape of the time-dependent fitting equation 

was assumed to be deterministic and most closely follow the 

CEB 1990 model [14].  

The Gaussian error term 𝜺 was chosen for the CEB 1990 

model. The uncertainty in the standard deviation of the noise 

was assumed to be deterministically known. The standard 

deviation of the residual for the best fits ranged from 0.0024 

and 0.0119 mm/day for the four LP locations. The standard 

deviations are assumed to be due to scatter of the data and 

imperfections in the extraction of the time-dependent behavior 

by linear regression. The Gaussian error term 𝜺 was determined 

from the average of the four locations to have a standard 

deviation σ equal to 0.0062 mm/day.  

4 RESULTS OF SLOWLY VARYING ANOMALY 

DETECTION 

To investigate the validity of the Bayesian statistical 

framework, the measured linear potentiometer data was divided 

into a training set, used to compute the regression, and a test 

set, used only for validation of the method. As ten years of data 

was used to determine the shape of the time-dependent curve, 

it was thought that a training set of ten years of data would 

provide the most accurate results when comparing the two 

methods. To validate the method, the test set was checked 

against the computed predictions and artificial perturbations. 

The new bounds were then compared to the old bounds through 

a series of artificially induced perturbations, to determine the 

best long-term monitoring system for this bridge. In the 

following discussion, the application of the Bayesian statistical 

framework will be referred to as the long-term check. 

 Applying Long-Term Check on Existing Data 

The validity of the long-term slope check was investigated 

using the measured linear potentiometer data from both the 

northbound and the southbound bridges. The training set for 

each location contained the first 10 years of slope calculations, 

approximately 2500 adjusted age days. The windows started at 

October 31, 2008 (106 adjusted age days) until October 31, 

2018 (2795 adjusted age days) for Span 1 of the southbound 

bridge and Span 1 and Span 3 of the northbound bridge. For 

Span 3 of the southbound bridge, the training set started at 

September 28, 2009 (339 adjusted age days) and went until 

October 31, 2018 (2795 adjusted age days), because no data for 

southbound Span 3 was collected during the first year after the 

bridge was completed. All data after the end of the training set 

until April 18, 2019 composed the test set and was checked 

against the computed predictions.  

The Bayesian long-term bounds for each bridge span were 

then determined using the discussed fit parameters and method 

with CEB 1990 used as a prior distribution. The slopes at the 

beginning of each window were plotted with respect to the 

adjusted age at the beginning of each window. The new bounds 

are shown plotted against the prior long-term monitoring 

system in Figure 2 through Figure 5. In most of the cases, the 

Bayesian long-term monitoring system allowed for a slightly 

lower mean than previously found. In Figure 2 - Figure 4, the 

new mean shifted down compared to the old mean and the new 

bounds are much wider. For Southbound Span 3, Figure 5, the 

mean shifted up rather than down. The difference in the bounds 

and the mean for Southbound Span 3 is likely due to the smaller 

training set, as the data for this span started almost a year later 

than the others.  

Looking at Figure 4, the southbound Span 1 bound 

comparison, it can be seen that at approximately 2100 adjusted 

age days the LP data goes out of the old bounds. This resulted 

that the old system to trigger an anomaly. However, the LP data 

did not cross over the bounds of the new system. It was 

determined that the bridge was behaving normally [14], and the 

previous system flagged a warning when nothing was wrong.  

 

 

Figure 2. Northbound Span 1 time-dependent slope with long-

term Bayesian bounds and prior method bounds for 

comparison. 

 

Figure 3. Northbound Span 3 time-dependent slope with long-

term Bayesian bounds and prior method bounds for 

comparison. 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure  

1145 

 

Figure 4. Southbound Span 1 time-dependent slope with long-

term Bayesian bounds and prior method bounds for 

comparison. 

 

Figure 5. Southbound Span 3 time-dependent slope with long-

term Bayesian bounds and prior method bounds for 

comparison. 

 Validating Long-Term Check for Artificially Induced 

Perturbations 

To compare the new Bayesian long-term monitoring approach 

to the previous approach, the prior checks used to validate the 

previous system were evaluated. These perturbations did not 

represent a specific phenomenon but rather deviations to the 

expected behavior. However, as the artificially induced 

perturbations occurred within what would now be the test set, 

the test set and training set were modified. The training set for 

each location contained the first-year worth of rate calculations, 

with windows starting at October 31, 2008 (106 adjusted age 

days) until October 31, 2009 (350 adjusted age days) for data 

from Span 1 of the southbound bridge and Spans 1 and 3 for 

the northbound bridge, and starting at September 28, 2009 (339 

adjusted age days) until September 28, 2010 (614 adjusted age 

days) for data from Span 3 of the southbound bridge.  It should 

be noted that testing similar perturbations on a longer set of data 

was not explored for this paper but would be a future area of 

work.  

Test 1 – To determine whether the Bayesian long-term check 

could detect instantaneous jumps in the data, the LP data from 

the southbound bridge Span 1 was tested without removing 

known jumps. Replacements of the LP at this location caused 

instantaneous jumps in the data at April 8, 2013, July 25, 2013, 

and August 6, 2013. The results from the long-term routine are 

shown in Figure 6. Red flags were trigged on April 8, 2013, the 

same day as the first jump of approximately 6 mm. A red flag 

is trigged when 144 readings exceed the bounds. The red flag 

persisted until the end of collection at October 24, 2013. The 

previous detection system triggered a red flag on April 8, 2013 

catching the first jump too. In this case, the two systems 

performed the same. 

 

 

Figure 6. Long-term anomaly detection routine applied to 

southbound bridge Span 1 linear potentiometer data with sensor 

replacement data jumps left uncorrected. 

Test 2 - Short-term bearing lockup was emulated starting on 

October 13, 2013 until October 24, 2013 and tested using the 

long-term monitoring check. This was done by introducing a 

perturbation whereby the readings from one of the linear 

potentiometers were held constant plus a Gaussian error term 

with zero mean and a standard deviation of 2.5 mm, which was 

twice the expected standard deviation of the time-dependent 

deflections extracted from the unmodified LP data. The exterior 

box LP was held constant for 276 readings starting on October 

13, 2013 until October 24, 2013. The interior box LP was 

assumed to be unaffected by the bearing lockup. While this in 

unrealistic, it was chosen to bring the southbound bridge Span 

1 average readings closer to the measured results and 

theoretically making the lockup more difficult to detect. The 

system did not detect any red flags, shown in Figure 7. The 

previous system was not able to detect the short-term bearing 

lockup either. 

Test 3 - A six-month linear drift from April 24, 2013 until 

October 24, 2013 of 13 mm in Span 1 of the southbound bridge 

and Span 1 of the northbound bridge was introduced to the 

linear potentiometers. Results of the long-term check applied 

to data from the southbound and northbound bridges are given 

in Figure 8. The long-term check from the southbound bridge 

did not detect the perturbation, but was also not detected in the 

previous approach. This is primarily due to the Heaviside 

function that was applied to the southbound bridge data to 

account for the sensor replacement and corresponding data 

jumps. The introduction of the Heaviside functions will always 

correct the time-dependent behavior back to the expected 

curve, thus making it challenging to detect slowly developing 

perturbations that occur during sensor replacement.  

However, the drift was correctly flagged in the northbound 

bridge just as it was in previous approach. Red flags were 

triggered starting August 8, 2013 (874 adjusted age days) and 

persisted until end of collecting. The Bayesian long-term 

detection system for the northbound bridge triggered a red flag 

fourteen days sooner than the previous system (triggered on 

August 22, 2013). While it still triggered about three months 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure  

1146 

after the drift started, this response time was deemed acceptable 

for the long-term check based upon the nature of the 

perturbation. 

 

 

Figure 7. Long-term anomaly detection routine applied to 

southbound bridge Span 1 linear potentiometer data with added 

perturbation associated with bearing lockup introduced on 

October 13, 2013. 

 

 
(a) 

 

 
(b) 

Figure 8. Long-term anomaly detection routine applied to (a) 

southbound bridge Span 1 and (b) northbound bridge Span 1 

linear potentiometer data with six-month linear drift of 13 mm 

introduced at April 24, 2013. 

Test 4 - A slower developing perturbation, a linear drift of 13 

mm applied over two years starting at October 24, 2011 was 

introduced to the linear potentiometer data from Span 1 of the 

northbound bridge. The results are shown in Figure 9. The 

anomaly was correctly identified, with a red flag first 

determined on February 5, 2013 (614 adjusted age days). This 

was the same as the previous detection system. However, both 

systems would likely have caught it earlier, but no data was 

collected from May 27, 2012 until February 5, 2013. 

 

 

Figure 9. Long-term anomaly detection routine applied to 

northbound bridge Span 1 linear potentiometer data with two-

year linear drift of 13 mm introduced at October 24, 2011. 

Test 5 - A drift of 6 mm was applied over one year starting 

October 24, 2011 to determine how the method would behave 

with a slow developing but temporary anomaly. After the drift, 

the data continued as measured, but with an offset of 6 mm. 

from the original measured results. This represents increased 

movement in the bridge at one expansion joint which is 

followed by a corrective measure to halt the motion. This would 

not necessarily reverse the motion. The results of this check are 

shown in Figure 10. A red flagged was detected on February 5, 

2013 (614 adjusted age days), which was the same time as the 

previous system. However, the previous system only detected 

a red flag until August 6, 2013 (871 adjusted age days) while 

the Bayesian system detected it for much longer. 

 

 

Figure 10. Long-term anomaly detection routine applied to 

northbound bridge Span 1 linear potentiometer data with one 

year linear drift of 6 mm. introduced at October 24, 2011. 

5 SUMMARY AND CONCLUSIONS 

The Bayesian statistical framework in [6] was extended to 

account for the uncertainty in the time-dependent deflections 

when establishing the bounds on the predicted behavior of the 

I-35W Saint Anthony Falls Bridge. The Bayesian regression 

was applied to the slope of the longitudinal defections extracted 

from measurements by the linear potentiometers. The 
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monitoring framework was developed to detect long-term 

anomalies in the linear potentiometer data. The resulting 

bounds and mean computed from the Bayesian framework 

were compared to the previous method for several test cases.  

The objective was that accounting for the time-dependent 

model in the framework would result in more statistically 

rigorous bound. For northbound Span 3 and southbound Spans 

1 and 3, the Bayesian long-term monitoring system allowed for 

larger bounds and a mean lower than previously found. For 

northbound Span 1, the bounds were also larger, but the mean 

was shifted up. As determining normal behavior can be 

difficult, the bounds were tested if they could detect 

perturbations. The goal was to limit false positives. When 

tested with artificially induced perturbations, the new method 

preformed comparably to the previous one, even though it is 

more statistically rigorous. The Bayesian method was able to 

detect some perturbations earlier than the previous method. 

However, the perturbations were tested with a small training set 

(in order to better compare with previous method). Testing 

similar perturbations on a longer set of data was not explored 

for this paper but would be a future area of work. 
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ABSTRACT: An uprising use of LiDAR in bridge engineering is focused on condition assessment. Researchers are focused on 

investigating how the use of diverse remote sensing technologies individually and collectively can enhance the data gathered 

throughout the transportation infrastructure, tackling surface damage detection and quantification, crack detection, and estimation 

of corrosion areas on structural members. This research aims to evaluate the ability of LiDAR to contribute to improved bridge 

assessment and management, through the performance of LiDAR scanning during and after the construction of a bridge deck to: 

(a) evaluate the ability of providing real-time verification of design specifications, and (b) to capture detailed surface deck profile 

information that allows examining correlations to non-destructive evaluations (NDE) technologies results (Ground Penetrating 

Radar (GPR) and Half Cell Potential (HCP)). After analyzing the results obtained through LiDAR, it can be concluded that the 

bridge deck profile can be captured and defined within an accuracy of ± 2 mm on a 10 to 25 m range. Additionally, if the profile 

of the top and bottom of the deck are able to be captured before and after construction it is possible to estimate the top rebar cover 

that can be used to predict possible initial deterioration locations. Moreover, when comparing the estimated deck profile and 

geometry with the NDE data, it was possible to determine that areas where the slope was between -0.5% and 0.5% presented 

higher values for potential corrosion, and areas where the top rebar cover was below 1.5 in. presented a higher vulnerability for 

corrosion. Finally, it is recommended to perform LiDAR scanning during and after construction inspections of bridge decks to 

add valuable information to the Long-Term Bridge Performance suite of NDE technologies. 

 

KEY WORDS: Bridge deterioration; LiDAR; Condition assessment; Structural Health Monitoring; SHM. 

1 INTRODUCTION 

Predicting the life cycle of a bridge is of great importance 

since the deterioration pattern of these crucial part of our 

transportation system will directly affect our economy and 

quality of life. An uprising use of LiDAR in bridge engineering 

is focused on condition assessment. Researchers are focused on 

investigating how the use of diverse remote sensing 

technologies individually and collectively can enhance the data 

gathered throughout the transportation infrastructure, tackling 

surface damage detection and quantification, crack detection, 

and estimation of corrosion areas on structural members. 

This research aims to evaluate the ability of LiDAR to 

contribute to improved bridge assessment and management, 

through the performance of LiDAR scanning during and after 

the construction of a bridge deck to: (a) evaluate the ability of 

providing real-time verification of design specifications, and 

(b) to capture detailed surface deck profile information that 

allows examining correlations to non-destructive evaluations 

(NDE) technologies results (Ground Penetrating Radar (GPR) 

and Half Cell Potential (HCP)). 

Predicting the life cycle of a bridge is a mayor research topic 

since the deterioration pattern of these crucial part of our 

transportation system will directly affect our economy.  

 Condition Rating  

Improvements in bridge assessment have been primarily driven 

by bridge failures and management decision-making. The 

failure of the Silver Bridge in 1967 was the motivation for the 

implementation of the National Bridge Inspection Standards 

(NBIS) [1]. The collapse of the Mianus River Bridge 12 

carrying the I-95 in 1983 in Connecticut, resulted on the 

application of procedures for fracture critical members [2]. The 

failure of the Schoharie Creek Bridge carrying the New York 

Thruway in 1987, and the Hatchie River Bridge in Covington, 

TN, in 1989, led to the establishment of federal underwater 

inspection standards [3]. Other bridge failure event, that did not 

have direct impact over inspection standards but caused the 

revision of design guidelines, was the failure of the Hoan River 

Bridge carrying the I-794 in Milwaukee, WI in 2000, caused 

due to a crack in an intersecting weld detail. Additionally, 

natural events like earthquakes, severe weather, collisions have 

impacted the design standards. 

On the other hand, the evolution of bridge inspection 

influenced by management considerations have been oriented 

into implementing better practices to increase the efficiency of 

resource assessment. Originally the condition assessment 

rating stablished in the NBIS divided the bridge components 

into four groups: superstructure, substructure, and deck. Each 

component received an overall 0-9 rating without an 

explanation of the deterioration process. Similarly, a general 

condition was assigned by the inspectors, who had great 

difficulty on rating members that had localized damage. Since 

the early 1990’s the implementation of a more detailed rating 

has been applied with the creation of Pontis and later the 

Commonly Recognize Elements (CoRE) for Bridge Inspection, 

creating a number of standard elements each one with an 
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assigned definition, unit of measurement, and a set of condition 

states, leading to list of practical maintenance/repair actions. In 

1995 the CoRE Element Manual was accepted as an official 

AASHTO manual. In 2010, AASHTO published the first 

version of the AASHTO Bridge Element Inspection Guide 

Manual, and in 2017 all states were required to move from the 

original inspection procedures to the element-level inspection 

procedures outlined in this manual (AASHTO Bridge 

Inspection Guide Manual, 2010). In addition to these types of 

information collected, FHWA uses a metric known as the 

Sufficiency Rating (SR) to quantify the ability of a bridge with 

vehicular traffic to remain in service. SR is on the scale from 1 

to 100, where 100 is considered entirely efficient, and less than 

50 classifies the bridge as structurally deficient or functionally 

obsolete. SR is the summation of four components (1) S1: 

Structural adequacy and safety, graded from 0 to 55; (2) S2: 

Serviceability and Functional Obsolescence, graded from 0 to 

30; (3) S3: Essentiality for public use, graded from 0 to 15; (4) 

S4: Special Reduction, graded from 0 to 13 and applicable only 

if S1 + S2 + S3 ≥ 50. The importance of the SR is that not only 

it is used for determining the acceptability of a structures’ 

performance, it is also a factor that defines the eligibility of 

bridge for federal funds to support repair and/or replacement. 

If a bridge results with an SR of less than 60 it is eligible for 

federal repair funds, and if a bridge has an SR of less than 50 it 

is eligible for replacement under federal funds. 

The current methods and technologies used for bridge deck 

condition assessment are evolving to be implemented on 

wireless platforms that acquire highly reliable data on shorter 

periods of time. The principal shortcoming still present on these 

technologies is the necessity of being deployed while in contact 

with the studied structure. 

 Condition Assessment 

An uprising use of LiDAR in bridge engineering is focused on 

condition assessment. Hoensheid (2012) [4] compares the 

resolutions of three TLSs to determine how they influence their 

data quality on the attempt to estimate surface damage. This 

potential has also attracted the attention of several researchers 

such as Turkan & Hong (2018) [5] who have investigated the 

ability of LiDAR, with the combination of other technologies, 

to perform crack detection. Surface damage quantification and 

section loss studied by Ghahremani, et. al (2016) [6] 

investigates the possibilities of using point cloud data to 

quantify corroded areas or impacted structural members.  

The application of LiDAR for bridge deck condition 

assessment seeks to function as a screening tool that will 

provide the owners with a comprehensive information of the 

bridge geometry.  

 Light Detection and Ranging 

Light Detection and Ranging (LiDAR) sensors are laser-based 

scanner that can capture the geometry of what it can see, by 

emitting beams of light and registering either the time-of-flight 

or face-shift of the wave and transforming it into coordinates to 

locate the point. Commercially available LiDAR sensors have 

a range that vary between 10 to 100 m, with an angular scope 

of 305° vertically and 360° horizontally, and it is programmed 

to emit beams of light spaced every 0.009° (angular distance). 

The accuracy of the scanner, based on manufacturer 

specifications, is of 2mm, which refers to the precision for the 

location of the registered point. Once a scan is performed, the 

combination of the resulting points is called point cloud. Figure 

1 shows the type of scanner used to generate the point clouds 

of this study.  

 

 

Figure 1. Faro Focus Laser Scanner 

When more than one scan is required to capture the entire 

geometry of the bridge multiple scans need to be registered, and 

for this, targets are strategically located and then used to align 

the individual scans. The targets can be spherical targets, check 

boards, part of the structure, or fixed reference points. Figure 2 

shows the type of targets used on this research, which are 

spherical targets and planes found on the scanned structure. 

 

 

Figure 2. Spherical targets (inside red circles), planes parts of 

the structure (red area). 

 Bridge Evaluation and Accelerated Structural Testing 

Lab 

The Bridge Evaluation and Accelerated Structural Testing 

(BEAST) lab is a state-of-the-art facility with the capability to 

perform accelerated structural deterioration of full-scale 

bridges [7]. The lab consists of a mobile environmental 

chamber that encloses the pit to fully cover the tested specimen, 

allowing to perform freeze/thaw cycles, brine water irrigation, 

and adjustable live load. This facility opened on October of 

2015 in Rutgers University. 

2 LONG-TERM PERFORMANCE ASSESSMENT AND 

CONSTRUCTION QUALITY CONTROL OF BRIDGE 

DECKS 

The overall goal of this section is to evaluate if the geometry 

data gathered via LiDAR can be used to support construction 

long-term performance assessment and quality control (QC). 

 Bridge deck construction QA/QC 

A full-scale steel girder bridge was built as part of a long-term 

performance evaluation were the objectives required the 

Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure

1150



installation of contact sensors on the pedestals, girders, and 

deck to monitor the evolution of the specimen throughout the 

deterioration process. Figure 3 shows the typical cross-section 

of the constructed bridge. 

 

 

Figure 3. Bridge Cross-section (As-design drawings). 

To investigate LiDAR’s ability to assess bridge construction 

quality control, all steps of the construction sequence were 

scanned and further combined into a single point cloud the data 

analysis. 

2.1.1 Construction Sequence 

The first step was to generate a fixed reference frame to 

facilitate the registration of all scans. The main challenge when 

combining sets of scans performed at different time frames 

(point clouds of the same structure acquired on different days) 

is the accuracy of the registered point clouds. Therefore, it is 

crucial to have fixed points or planes that can serve as common 

reference frame between different sets of scans to minimize 

registration errors. For this study the reference frame used was 

the lab facility (walls and floor), since the tested bridge was 

assumed to deform as the live load and deterioration cycles 

were performed. 

Figure 4, Figure 5, Figure 6, and Figure 7 show the 

construction sequence starting from the placement of the steel 

girders, installation of the removable and stay-in-place 

formwork, placement of the steel reinforcement bars, and 

concrete pouring, respectively. Each of these construction steps 

were individually scanned requiring a mean of 4 scans each, 

which were registered using spherical targets, and then 

included into the common point cloud by using the fixed 

reference frame mentioned before. 

 

 

Figure 4. Girders placement. 

 

Figure 5. Formwork placement. 

 

Figure 6. Reinforcement placement. 

 

Figure 7. Concrete pouring. 

2.1.2 Overview of construction error 

During the data processing phase, the geometry of the deck 

surface caught the attention of the researchers since the surface 

of the bridge deck reported to have an uneven geometry, 

especially closer to midspan of girder 4. Having available the 

point cloud data off all the aforementioned construction steps, 

allowed for a detailed multi-point evaluation of the deck 

thickness, reinforcement top and bottom covers, and deck 

surface geometry. 

The initial hypothesis proposed the idea of a construction error 

related to the concrete pouring process. For this, each step of 

the construction sequence was evaluated, resulting on 

understanding that the supports of the bid-well machine were 

insufficient when accounting for the bridge deformation. To 

better explain, Figure 9 shown the location of the supports in 

reference to the bridge, as well as the deformation that resulted 

from the lack of support of the bid-well machine at girder 4. 

It was predicted, as usual in all bridge constructions, that the 

girders would deform a certain amount due to the weight of the 

concrete. Additional to the deformation/deflection of the 
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girders, an excessive rotation was imposed at midspan on the 

fascia girders, especially on girder 4.  

 

 

Figure 8. Bridge point cloud with elevation data on deck 

 

 

Figure 9. Diagram of bid-well machine supports and resulting 

deformation 

3 DATA PROCESSING AND INTERPRETATION 

Table 1 summarizes the elevation of the reinforcement and 

deck based on the bottom of the deck at the location assigned 

as “L”. 

Table 1. Deck and reinforcement profile at mid-span (LiDAR 

data) 

 

 

 Long-term bridge deck performance assessment  

The overall goal of this section is to evaluate if the geometry 

data gathered via LiDAR that can be used to identify potential 

sources of deterioration on the bridge deck. 

Half Cell Potential (HCP) is used in bridge deck inspection 

to detect the location of the steel reinforcement and to evaluate 

their stage of corrosion [8]. Figure 12 shows the potential 

presence of corrosion of the steel reinforcement in the deck 

after 240 days of accelerated deterioration. 

 

Figure 10. Deck top profile captured via LiDAR 

 

Figure 11.  Depth of concrete cover as determined by GPR 

scanning 

 

Figure 12. Half Cell Potential condition map after 240 days 

4 CONCLUSIONS AND RECOMMENDATIONS 

Based on the results gathered, the following conclusions are 

drawn:  

(1) LiDAR can be used to characterize the bridge deck profile 

within the accuracy specifications of the employed scanner. 

Since most applications of bridge deck scanning would be 

within the 10 to 25 m range, the resulting accuracy of the 

surface geometry should be within the ± 2 mm range. The 

accuracy of the total deck thickness will depend on the location 

of the scanner and the registration accuracy;  

(2) Capturing the profile of the top and bottom surfaces of the 

bridge deck allows the estimation of the total deck thickness 

and thus the top rebar cover. The rebar cover calculated based 
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on the proposed technique is correlated to the deterioration 

pattern found from the non-destructive evaluation. cover 

estimated using this technique was shown to be correlated with 

the deterioration pattern of the deck of a bridge included within 

FHWA’s Long-term Bridge Performance Program. 

Specifically, this study showed that areas where the top rebar 

cover was below 1.5 in. presented a higher vulnerability for 

corrosion;  

(3) Using the LiDAR point cloud, it is possible to quantify how 

the surface slope of the bridge deck varies. Flatter areas and 

concave areas tend to hold/trap water and thus represent areas 

that experience greater potential for moisture ingress and 

ultimately corrosion. In this study a simple slope analysis 

method was developed and showed a potential correlation with 

the deterioration pattern of a bridge deck included within the 

FHWA Long-term Bridge Performance Program. In this case, 

areas where the slope was between -0.5% and 0.5% presented 

higher values for potential corrosion.  
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ABSTRACT: Concrete is the second most-consumed substance in the built environment and civil infrastructure, such as 

transportation networks. As many of the in-use elements of a transportation network e.g. bridges are ageing, the requirement for 

novel monitoring and maintenance methods is extremely urgent. The infrared thermography (IRT) method has shown potential 

for real-time, non-contact, wide-area inspection of concrete components and detection of hidden subsurface damages. The main 

challenges of IRT for structural inspection and health monitoring are assessing the material thermal properties, data collection 

mechanism (e.g. thermal camera specification, positioning (distance and angle), and post-processing of large data sets. Moreover, 

the subsurface defects, which are the result of reinforcement corrosion, cause the formation of gaps, delamination, and voids filled 

with air and/or water. The shape, area, thickness, and depth, of these subsurface defects, significantly affect the heat diffusion 

mechanism in the concrete and the formation of distinguishable thermal contrast on the thermal detector. Therefore, the present 

paper delivers some results extracted from recent ongoing tests in Queen’s University Belfast (QUB) to identify concrete 

subsurface defects in a review of the state-of-the-art context. The time history of thermal contrast, as well as infrared snapshots 

and temperature contours on the surface, are adopted to evaluate the effect of defect geometry on subsurface damage detection. 

This paper highlights the necessity and significance of ongoing researches and studies to establish various aspects of utilising IRT 

as a practical method for structural health monitoring (SHM) in concrete infrastructure. 

 

 

 

KEY WORDS: Concrete bridges; Infrared thermography (IRT); Subsurface defect; Thermal contrast. 

 

1 INTRODUCTION 

Bridges are a significant part of our transportation network 

infrastructure which in turn affects economic productivity, 

growth, and sustainable development.  Reports by various 

authorities [1] show that the number of ageing in-use bridges is 

increasing each year around the world. This gives rise to the 

need for more strategic asset management considerations and 

expenditure on the inspection, maintenance, and rehabilitation 

of the bridges, as well as developing more robust damage 

detection methods, particularly in assessing hidden defects. 

Therefore, utilisation and improvements of the techniques for 

early-stage defect detection and characterisation have been 

considered in the construction industry to assess the condition 

of existing structures and control the quality of the repair 

works[2]. Many of the components of the bridges, such as deck, 

girders, soffit, abutment, pier, and foundations show signs of 

damage in concrete, but this can be well after the initiation of 

corrosion and it would be more beneficial to detect hidden 

defects prior to extensive damage. Visual inspection, chain 

drag, coin tap test, acoustic emission (AE), impact echo (IE) 

testing, ground penetrating radar (GPR), half-cell potential, 

electrical resistivity measurement, coring, IRT, 

dynamic/vibration testing, and radiography are among the non-

destructive methods implemented on the components of 

concrete infrastructures such as bridges [3]. IRT has proven a 

great potential for real-time, non-contact, and wide-area 

inspection and damage detection. Several factors such as data 

collection condition, ambient environment condition [4], data 

collection mode whether terrestrial or aerial, IR camera 

specification, presence of reinforcements [5], and geometry of 

the defect (delamination or void) in terms of area, thickness, 

volume and the distance from the concrete surface also known 

as delamination depth or concrete cover are the main factors 

affecting the accuracy of IRT. This paper critically highlights 

some of the recent advances and observations made on 

subsurface defect detection via IRT with a focus on the 

maximum detectable depth, and the directions for future 

researches in this field. 

 

2 EFFECT OF DEFECT GEOMETRY 

Delamination is often the result of the rebar corrosion- 

induced cracks due to ingression of the aggressive substances 

such as chlorides [6]. Over time carbon dioxide (CO2) reacts 

with the Ca(OH)2 in the covering layer of the concrete and 

causes a reduction in alkalinity and pH. At this point, by 

formation of the iron oxide layer, the steel breaks down and the 

substantially larger volume of iron oxide causes damage to the 

concrete due to corrosion. This process can cause the formation 

of voids between the concrete layers and rebar in different 

shapes. The current trend on the effect of the geometry and 

depth of voids and delamination in experimental studies has 
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been to cast polystyrene, air, wood, water and metal of different 

size at various depth in concrete to simulate void-like defects 

and acrylic glass plates to form delamination-like defects. 

Table (1) presents some examples of concrete slabs prepared 

with simulated voids, with the size of the specimen and voids 

(delamination) as well as the depth. 

The mechanism of under surface damage detection using 

IRT is based on the assumption that the air (conductivity   

0.0241 W/m.K) trapped in subsurface anomalies such as void, 

debonding, and delamination interrupt heat transfer through the 

concrete (conductivity  1.6 W/m.K) and subsequently the area 

above the defect gets warmer (or colder) than the area above 

the intact (sound) concrete due to change in thermal resistance 

of the two regions. This temperature difference causes IR 

radiation energy change, detectable by the camera. There are 

two approaches of IRT based on the heat source and stimulus 

known as active and passive. The former uses the external 

thermal stimulus such as laser energy or solar irradiance as the 

heat source while the latter relies on the internal stimulus. 

The effect of delamination size and depth has been the subject 

of several studies with different sizes of concrete slabs and 

models. In these studies, thermal contrast (equation (1)) on the 

surface was used as the criteria to decide on the detectability of 

delamination. In this equation, 𝑇𝑑𝑒𝑙. is the temperature on the 

centre of the delaminated area, and 𝑇𝑖𝑛𝑡. is the temperature on 

the intact surface at a point away from the edge of delamination 

or defect [7].  

 

∆𝑇(𝑡) = 𝑇𝑑𝑒𝑙.(𝑡) − 𝑇𝑖𝑛𝑡.(𝑡)   

 

 

Using the thermal contrast method, Cotic et al. [8] conducted a 

defect geometry effect study on four specimens, with a total of 

50 different defect geometries. Polystyrene, air, wood, water, 

and metal were used as voids and acrylic glass plates formed 

delamination-like defects. Worth mentioning, the same 

temperature contrast pattern was observed over the polystyrene 

and air-filled defects [8, 9]. So they are now widely used in the 

simulation of artificial delamination and voids.  

Considering the significance of the time of maximum thermal 

contrast (tmax) as criteria and after investigating a range of 

defect size and depths, the concluding relationship between the 

defect size and its maximum detectable depth is as given in 

equation (2) for the thermal contrast method, where Ddef is the 

depth of the defect (thickness of concrete cover) and L is 

characteristic length of its surface. 

 

𝐷𝑑𝑒𝑓 = 0.9𝐿   

 

Furthermore, the numerical studies revealed the quadratic 

relationship between the time of evolution of maximum 

contrast with depth of delamination (𝑡𝑚𝑎𝑥 ∝ 𝐷𝑑𝑒𝑓
2 ) with the 

size of delamination had no effect on tmax [8]. The results 

showed that tmax only depends on the depth of defect and the 

diffusivity ( ) of the material. The relationship between 

Ddef and tmax was found to be as (3) with KTC as a non-

dimensional factor.  

 

𝐷𝑑𝑒𝑓 = 𝐾𝑇𝐶√𝛼𝑡𝑚𝑎𝑥   

 

Since various components of large infrastructure elements, 

such as bridges, are exposed to the environment, they can be 

excited by ambient exciters such as solar irradiance or daytime 

heating or night-time cooling cycles. In these processes, the 

defect’s geometry also affects the time necessary for the 

heating-up or cooling-down to make the thermal contrast 

significant for defect detection. For example, the shallower 

defects of 10 to 45 mm depth need 5-10 minutes of heating 

while, deeper delamination of about 100 mm depth, need 1-2 

hours of heating [7]. In other studies, daytime measurements of 

5h and 40 min after sunrise was found to be effective for a 25 

mm depth, 5-7 h after sunrise for 51 mm depth, and 7-9 h after 

sunrise for the deeper delamination of 76 mm and more than 9h 

after sunrise was suggested for defects of 127 mm depth [10, 

11]. Some other researchers found the cooling cycle more 

effective for detection purposes as they could find delamination 

as deep as 152 mm, detectable [12] and reduced the possibility 

of misdetection. The surface area, thickness, and volume of the 

delamination have a great effect on its detectability at different 

depths. Generally, as the size of delamination increases the 

thermal contrast increases as well [7].  

Despite the previous research in this field, there are many 

different results and further investigation is needed to resolve 

this issue. For example, a 1451 mm2 (approximately 38×38 

mm) hidden defect, which should be detected in depths less 

 

Table 1. Dimensions of the models and simulated defect geometry. 

Authors Number of models 
Size of slabs 

(mm×mm×mm) 

Surface area of void or 

delamination  (mm×mm) 

Depth of voids or 

delamination (mm) 

Cotic et al. 

[8]  
4  

500×500×150;  

1500 ×1500 ×300  

 60×60;  

80×80; 100×100; π(122)/4; 

π(242)/4; π(362)/4; 

5, 10, 15, 20, 25, 30, 35, 

40, 45, 50, 55, 60, 65, 70, 

75, 80, 85, 90, 100, 125  

Hiasa et al. 

[7] 
2 914 × 914 × 203  102×102 13, 25  

Janku et al. 

[6] 
1 1000 × 1000 × 220 Various dimensions 10-40 

Present study 5 250 × 250× 100 100×100 5, 10, 15, 20, 25 
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than 34.2 mm according to equation (2) [8] was not detected at 

the depth of 31.8 mm [13] during an active thermography study 

on casted slabs with embedded voids and delamination. 

Similarly, a 372100 mm2 defect (approximately 610×610 mm), 

which should be detected in depths less than 550 mm was 

detected up to 152 mm depth [12]. Furthermore, a 90000 mm2 

(almost 300×300 mm (should be detectable up to 270 mm 

according to equation (2)) was detected up to 76 mm and it was 

not detected at a depth of 127 mm [11]. The same issue was 

observed in the study of concrete slabs of 1000×1000×220 

(mm) and embedded Styrofoam of different dimensions in the 

depth of 10 to 40 (mm) subject to daytime heating and night 

time cooling cycle[6]. A square delamination of 50×50 (mm) 

was recognisable up to the depth of 30 mm. However, the 

insights from equation (2) suggest that delamination of this size 

should be detectable up to 45 mm depth. Besides, a defect as 

small as 30×30 (mm) was detectable up to a depth of 10 mm, 

which was supposed to be detectable up to 27 mm based on 

equation (2). Hence, more in-depth knowledge and 

benchmarking of the effect of the geometry on the thermal 

contrast on the surface considering the type of thermal 

excitation and heat transfer mechanism is necessary.  

The limitations of experimental studies have given rise to the 

implementation of analytical and numerical studies. Finite 

element analysis (FEA) is capable of numerically modeling the 

heat transfer, and it was used to investigate the effect of size 

and shape of the delamination at different depths [7]. A 

numerical study [7] on the defect of square, rectangular and 

circular shapes showed that if the aspect ratio (ratio of shorter 

side to long side) is less than 0.25, then it yields a thermal 

contrast less than the square delamination of the same area. 

Otherwise, there is not much deviation in the thermal contrast 

of the models. In this regard, 50 × 800, 80 × 500, 100 × 400 

mm in case of 40000 mm2 and 100 × 900, 150 × 600 mm for 

90000 mm2 were the shapes which had the less chance for 

detection compared to the square shapes of the same area. This 

conclusion was examined during a set of numerical simulation 

of a concrete slab with embedded void at the centre with 

dimensions given in table (1) as part of current research.  

The shape of the defect was numerically investigated in 

LUSAS software with the models assumed to be at a constant 

temperature of 0 °C at the start of the analysis and then left to 

warm-up to 20 °C. The Heat-flux was assumed to be zero on 

all faces of the slab, except the surface with defect underneath, 

which was not insulated and was exposed to convective heat 

transfer, with a convection coefficient of 20 W.m-2.K-1. Several 

defect shapes as given in table (2) were analysed, the results of 

which are shown in figure (1). In this example, the depth of 

delamination (void) was assumed to be 15mm. 

The results in figure (1) do not comply with the previous 

conclusion in regard to the effect of the defect’s shape.  The 

results in this figure show no recognisable trend for the 

variation of thermal contrast with respect to the shape of the 

defect. According to this figure, very small aspect ratios such 

as 0.16 and 0.25 lead to a reduction of thermal contrast 

significantly, however, the aspect ratios such as 0.49 and 0.64 

lead to higher thermal contrast compared to a defect with 

square shape of the same area and the aspect ratio of 0.81 leads 

to a contrast of almost equal to the value of the square-shaped 

defect of the same area. Possible reasons for this discrepancy 

are the heat transfer path around the void, type and size of 

adopted mesh, stimulus of the heating and cooling cycle or 

adopted boundary conditions among others.  

3 RECENT ONGING EXPERIMENTS IN QUB 

As part of this study, experiments were performed on the 

concrete samples, preheated or precooled to a planned initial 

temperature and exposed to convection cooling or heating to 

the laboratory temperature. A typical set of experiments 

 

Figure 1. Thermal contrast against time to study the effect of defect’s shape, (the depth of defect is assumed 15 mm). 

 

 

Table 2. Delamination shape study for a typical defect of 100 mm2 surface area 

Length of sides 

(mm) 
40 × 250 50 × 200 70 × 143 80 × 125 90×111 100 × 100 

Aspect ratio  0.16 0.25 0.49 0.64 0.81 1 
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performed is introduced in the table (3). In this set of 

experiments conducted using a FLIR camera with LWIR 

detector, the samples were heated to a planned initial 

temperature of about 60 °C. Later, these samples with 

insulation on all the faces, except the face which had a void 

underneath were left to cool-down to laboratory temperature 

indicated in table (3), while being subject to thermal 

measurements using the camera. During a cool-down process, 

the region on top of the void is colder than the region on intact 

concrete, thus the maximum contrast appears with a negative 

sign in the table. In this table, the time after the start of the test 

at which the contrast from the void becomes observable on the 

surface is also included. In the case of shallow voids of 5 mm 

depth the contrast from void becomes observable almost 5 

minutes after the start of the test, while for a void of 25mm 

depth, the contrast from void gets observable to the operator 

almost 35 minutes after the test starts. It is worth mentioning, 

the time of appearance is not the same as the time of maximum 

contrast, discussed earlier.  

 

 

Figure 2. Comparison of thermal contrast time history. 

The thermal contrast variation diagram of the samples is 

presented in figure (2), which is the difference of temperature 

of a point on the centre of the void cover and a point on the 

surface of the intact zone. This observation shows an increase 

in the thickness of the void cover leads to a reduction of the 

absolute value of thermal contrast on the surface.  

Snapshots of the D5 sample during test are shown in the figure 

(3). Figure (3a) shows the sample at the start of test in which, 

the sample surface was at uniform temperature of about 60 °C. 

Figure (3b) shows the IR image of the sample at the stage in 

which thermal contrast reaches maximum. At this stage the 

absolute value of thermal contrast on surface is 7.7 °C.  

 
a) Initial time frame 

 
b) Maximum thermal contrast stage 

Figure 3. Typical IR snapshots of D5_60C20 test. 

 

Figure (4a) shows D15 model at the starting stage of the test. In 

this figure, the temperature of the sample surface is at about 60 

°C. The small contrasts on the surface might be due to local 

features of the concrete surface, which fade at early stages.  

Figure (4b) represents the thermal contrast on the surface of this 

sample at the maximum contrast stage.  
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Table 3. Conditions of performed IR tests.  

Test Indicator 
Defect 

depth (mm) 

Start Temperature 

(°C) 
RH (%) 

Room 

temperature (°C) 

Time of 

appearance 

(Minute) 

Max contrast 

(°C) 

D5_60C20 5 60 68.5 20 5 -7.7 

D10_60C19.3 10 60  63.5 19.3 14 -5.2 

D15_60C20 15 60  68.5 20 19 -4.0 

D20_60C20 20 60  68.5 20 26 -3.3 

D25_60C19.3 25 60 63.5 19.3 35 -2.5 
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a) The initial time frame 

 
b) Maximum thermal contrast stage 

Figure 4. Typical IR snapshots of  D15_60C20 test 

 

Figure (5a) shows the initial time frame of the D25 model when 

the test begins and the sample is at about 60 °C. As the test 

continues and the thermal contrast reaches an absolute 

maximum value of about 2.5 °C, the IR image is shown in the 

figure (5b).  

 

 
a) The initial time frame 

 
b)  Maximum thermal contrast stage 

Figure 5. Typical IR snapshots of  D25_60C19.3 test 

 

To highlight the influence of an increase in the void cover on 

the temperature variation, especially in the vicinity of the void, 

the temperature contours on the surface are compared in figure 

6 (a-c) using a fixed number of contour lines.  

 
a) D5_60C20 test 

 
b) D15_60C20 
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c) D25_60C19.3 

Figure 6. Temperature contours on the surface at maximum 

thermal contrast stage  

 

In the case of model D5 (figure 6 (a)), the isotherms are 

formed in the shape of circles at regular increments of 0.5 from 

the centre of the void toward the boundaries of the surface. In 

the case of model D15, the isotherms are formed in a less 

regular shape compared to model D5 at increments of 0.3, from 

the centre of the void cover toward the boundaries of the region.  

In case of D25 model, the circle-like isotherms are limited to 

the region on the void cover, with increments of 0.2, and the 

region between the void cover and the boundaries (intact 

concrete surface) is not affected by the heat transition around 

the void drastically. 

 

4 CONCLUSIONS 

IRT is a promising method for fast, wide-area, non-contact 

monitoring of concrete infrastructure elements such as bridges, 

provided the various sources of uncertainty and challenges 

facing it are addressed appropriately. The detector’s 

technology, type of stimulus (active or passive) and 

temperature range, data collection mode (hand-held or aerial), 

size and shape of the defect, and ambient condition, among the 

others, are the challenges facing implementation of IRT for 

concrete structures. This research highlights the studies carried 

out on the effect of the defects’ geometry characteristics e.g. 

shape and depth on the capability of IRT in subsurface damage 

detection based on the observations from authors’ numerical 

and experimental studies in a state-of-the-art context. This 

research shows the derived equations and conclusions based on 

a specific research condition may not be holistic and applicable 

to different thermography conditions or post-procssing 

techniques. Therefore, more in-depth studies and rigorous 

benchmarking research on heat transition pattern in concrete in 

the presence of defects is necessary, especially due to the fact 

that subsurface defects are initiated around corroding steel 

reinforcements followed by crack propagation in various 

shapes.   
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ABSTRACT: Unmanned aerial vehicle (UAV) imaging is a novel technology allowing engineers to monitor, analyse and assess 

the health of civil engineering structures such as bridges and high-rise buildings. This innovative technique uses a remote sensing 

platform in combination with a high-resolution camera for video and image acquisition. An understanding of the application and 

image processing methods is needed for implementing this advanced technology in structural health monitoring of structures, 

particularly in long span bridges. This paper presents experimental test methods integrating sensors, data acquisition. UAVs and 

image processing for measuring the static deflections and natural frequencies of beam specimens. The static beam deflections are 

generated by loading the beam in the mid-span using incremental weighs whereas free vibration of a cantilever beam is achieved 

by exciting the free end of the beam. In this study, a multi-rotor remote controlled UAV equipped with a high-resolution camera 

mounted on a mechanical gimbal mechanism is used to record video footage and still images. Static and high-speed cameras are 

also used for comparing the measurements with the data obtained by the UAV. The recorded measurements are processed by 

image processing techniques to assess the beam deflections and free vibration frequencies using Vic-2D and Matlab software. 

These investigations can form the basis for developing novel approaches and methodologies for investigating the deformation 

characteristics of bridges and monitoring of structures. 

 

KEY WORDS: Unmanned aerial vehicles; Digital image correlation; Displacement and vibration measurements. 

 

1 INTRODUCTION 

Structural health monitoring (SHM) of bridge structures is one 

of the most important aspects in relation to public safety. 

According to the National Bridge Inspection Standards (NBIS), 

road bridges require inspection almost every two years for 

health condition assessment. However, the type of assessment 

depends on a variety of factors including type and configuration 

of the bridge, building materials etc. (FHWA 2017; Reagan et 

al. 2017). As the civil infrastructure continues to grow, the 

frequency of performing inspections for ensuring safe 

operation and reliability of the structures increases 

considerably. However, efficient bridge maintenance to assure 

safety, service life and potential reduction in maintenance costs 

is of paramount importance (Lydon et al. 2017; Lydon et al. 

2017).  

The traditional methods for inspecting and monitoring of 

bridges and structural elements include visual inspections, 

rebound hammer, ultrasound, ground penetrating radar etc. 

Even though these techniques are fundamentally simple, on 

many occasions, critical locations often require expensive 

equipment and these areas are potentially hazardous for 

engineers to inspect. In many cases, condition assessment of 

the bridge may require specialized equipment to access critical 

areas such as ladders, scaffolding or elevating platforms that 

could obstruct traffic. Apart from visual inspections, one of the 

most widely used techniques in structural health monitoring 

(SHM) for assessing the condition of the bridge is with the use 

of accelerometers to obtain the frequency responses and contact 

displacement gauges to assess displacement variations (Sekiya 

et al. 2016). However, these methods involve high cost 

regarding both installation and corresponding data acquisition 

systems as well as being time-consuming and expensive to 

operate. Consequently, new digitized systems and techniques 

must be developed for improving quality and assessment of 

structural health condition of structures.  

One promising solution to these inspections concerns is the 

use of unmanned aerial vehicles (UAV), known as drones, 

equipped with advanced digital cameras for measuring the 

displacements and vibrations in bridges. Recently, a market 

study conducted on unmanned aerial vehicle systems for 

estimating the market profile and forecast, revealed that the 

investments in UAV technology will almost double in 10 years 

from the current annual level of $5.9 billion in 2011 to $11.3 

billion (Zaloga et al. 2011). The main advantage of drones 

compared to other inspection methods is their ability to access 

inaccessible places which are potentially dangerous and 

hazardous for the inspectors. The drones are equipped with 

high resolution cameras and by combining advanced non-

contact methods such as digital image correlation, 

displacements and consequently accelerations can be 

measured. In this paper, experimental tests are carried out in 

simply supported and cantilever beams to assess the efficiency 

of measuring the in-plane static displacements using advanced 

digital correlation techniques. The analysis of displacements 

recorded using a commercially available drone are compared 

with displacement sensors and static camera. In addition, 

dynamic experiments are conducted on a cantilever beam to 

assess the efficiently of the drone to record the frequencies and 

Structural health monitoring of structures using UAVs 
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he results are compared with accelerometers and high-speed 

cameras.   

2 DIGITAL IMAGE CORRELATION 

Over the last years, there has been rapid development in image 

processing techniques as well as in high resolution digital 

cameras. One of the most popular techniques for image 

processing is digital image correlation (DIC). This technique is 

a non-destructive, non-contact optical method used to measure 

surface displacement and strain fields of a deformed specimen 

subjected to various loading cases (Palanca et al. 2015). In 

contrast to traditional techniques to measure displacements, 

DIC is a robust, fast and easy to use method for obtaining the 

full field deformation behaviour of deformed specimens (Hung 

and Voloshin, 2003). A high contrast, random speckle pattern 

is usually applied on the surface of the tested specimen that 

must not exhibit a preferential orientation as repeating patterns 

could potentially lead to correlation problems with faulty 

registration. This technique tracks and compares the changes in 

the grey intensity of the images recorded by a digital camera 

before and after deformation of the tested specimen. This can 

be achieved by specifying a subset (small area for pattern 

matching) in the undeformed (reference) image which will 

track the deformed pixels within the subset in the deformed 

image for the correlation to be successful. The displacements 

of the tested specimen are computed by mechanical 

transformation of the grey level distribution to calculate the 

localized maps in the subset (Khoo et al. 2016). To achieve sub-

pixel accuracy, a sub-pixel interpolation scheme is utilised to 

represent the grey level values between the sub-pixel locations 

before the correlation process. High order interpolations are 

mainly used in the correlation analysis to calculate the 

displacements and strains with a high level of accuracy (Sutton 

et al. 1983). Since the accuracy of the DIC measurements 

mostly relies on the spatial resolution of the images recorded 

using a digital camera, the spatial resolution can be 

quantitatively enhanced by increasing the number of pixels of 

the camera. Consequently, small changes in the displacement 

behaviour and strains with magnitude of 10-4 can be measured. 

In this paper, digital image correlation will be employed to 

track and analyse the displacements of the tested specimens 

using the videos recorded by the drone, static camera and high-

speed camera.  

3 LABORATORY PROCEDURES 

 Description of the Unmanned Aerial Vehicle (UAV) 

The unmanned aerial vehicle used throughout this study is a 

multi-rotor UAV namely, DJI Phantom 4 Professional (P4P). 

The aircraft is a quadcopter equipped with four rotor blades and 

controlled by a ground control station. In this study, the ground 

control station involved the use of a remote controller 

(transmitter) with built-in GPS in combination with a Samsung 

Galaxy S7, to control the aircraft while operating on the 2.4 

GHz frequency band. The shell cover body frame of the aircraft 

is made of glossy plastic to reduce weight and designed in a 

curved shape which improves the aerodynamic stability at 

speeds over 30-40 mph. The maximum speed of the aircraft is 

31 mph and can reach up to 44.7 mph when the fast-mode is 

used. The aircraft has dimensions 289.5 mm wide, 289.5 mm 

long and 196 mm high including the top end of the propellers. 

The overall weight of the aircraft is 1388 grams including the 

battery, four durable plastic propellers and a landing gear at the 

base. The landing gear is useful for increasing the stability 

during the aircraft take-off and landing. Moreover, the aircraft 

is powered by an intelligent flight battery LiPo 45 with capacity 

of 5870 mAh and 468 grams net weight allowing for maximum 

flight time of nearly 30 minutes. One of the most important 

features of the P4P, when compared to other aircrafts, in terms 

of the internal infrared sensing system is its improved obstacle 

sensory system and autonomous flight modes. The smart 

obstacle avoidance system incorporated in the aircraft utilises 

vision and sound sensors to each side forming a 5-direction 

sensing system. This way, the aircraft can detect obstacles 

forwards, backwards and sideways up to 30 meters from a 

distance between 0.2 to 7 meters. As per the satellite 

positioning system, GPS and GLONASS navigation system are 

utilized, achieving vertical hover accuracy of +/- 0.1 meters 

(with vision positioning) and +/- 0.5 meters with GPS 

positioning and horizontal hover accuracy of +/- 0.3 meters 

(with vision positioning) and +/- 1.5 meters with GPS 

positioning.  

Furthermore, the aircraft features a state-of-the-art camera 

system which boasts a 1-inch, 20-megapixel (MP) image sensor 

that can support 4K video recording (4096x2160) up to 60 

frames per second (fps) at maximum bitrate of 100 megabits 

per second (mbps) and 20 MP still images. This sensor enables 

the camera to differentiate between low light and bright light 

resulting in a high-quality image regardless of the lighting in 

the surrounding environment. Moreover, the field of view 

(FOV) of the lens has 84o wide angle with an adjustable 

aperture range between f/2.8-f/11 whereas the mechanical 

shutter minimises rolling shutter distortion. The aircraft uses a 

3-axis mechanical gimbal for the stabilization of the camera 

enabling a controllable pitch range -90o to +30o, roll and yaw. 

In this study, the videos recorded from the aircraft were stored 

on a 16 GB Micro SD card incorporated into the aircraft for 

post-processing analysis. 

 Calibration of aircraft sensors 

Prior to laboratory testing, the vision positioning system of the 

drone was calibrated using the DJI Assistant 2 App. This would 

enable the drone to avoid any potential issues associated with 

height loss. The procedure followed involved pointing the front 

facing camera sensor of the drone towards the screen of a laptop 

with the drone to follow a specific pattern where the calibration 

window was changing over the pattern. Once the calibration of 

the front facing sensor was completed, the same procedure was 

followed to calibrate the camera sensors located at the bottom 

of the aircraft. This would enable the aircraft to read the floor 

height and maintain constant stability in flight. Once the vision 

positioning system was completed, the inertia measurement 

unit (IMU) of the drone was calibrated. The IMU is an 

electronic device embedded into the drone and is used to 

measure angular velocity, acceleration and altitude data from 

an accelerometer, gyroscope, thermometer and barometer. 

After each flight, the data was processed and stored in the main 

processor of the drone. To calibrate the IMU, the drone was 

placed on a flat surface and moved in five different positions 

while was still laying on a flat surface for the App to calibrate 

the IMU. This procedure resets and fixes potential issues 

related with erratic flying, compass errors or issues associated 
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with transmission of the signals. Figure 1 shows the calibration 

procedures for vision positioning system and IMU. 

 

 

Figure 1. (a) Visual sensor calibration of Phantom 4 Pro by 

pattern tracking, (b) Inertia Measurement Unit (IMU) 

calibration. 

 Experiments on simply supported beam 

The first series of tests involved the use of a simply supported 

beam made of polystyrene foam with dimensions of 100 mm2 

in cross section and 1600 mm in length. Prior to testing, the 

front surface of the beam was painted using black and white 

spray paint to form a tracking pattern for the image correlation. 

The beam was loaded in the middle using four incremental 

weights 0.382 grams while one displacement sensor (LVDT) 

with +/- 0.05 mm accuracy was placed under the mid-span of 

the beam for direct reading of displacements sampling at 1 Hz. 

To prevent penetration of the displacement sensor tip through 

the beam, a plastic bracket was glued under the mid-span of the 

beam. The displacements were also recorded using a Canon 

static camera mounted on a tripod at a distance of 2 metres 

away from the front surface of the beam. The resolution of the 

static camera was set to 1920x1080 and operated at 30 fps. 

Before loading the beam, multiple attempts were made to 

perfectly alight the drone in parallel with the beam. Despite the 

fact that the speed of the drone was reduced by operating the 

drone in tripod mode, it was not possible to maintain horizontal 

stability. However, the autonomous flight mode of the drone 

was changed to ‘Active Tracking’ mode which focused and 

pointed the camera to a stationary object. This was achieved by 

placing a patterned board on the top of the beam. The drone 

operated at a resolution of 4096x2160 and frame rate of 30 fps 

with a field of view of 2 metres. Figure 2 shows the 

experimental test setup of the simply supported beam.  

 

 

Figure 2. Laboratory simply supported beam test setup. 

 Experiments on cantilever beam 

The cantilever beam tests involved the use of a timber beam 

dimensions of 93 mm deep, 44 mm wide and 1800 mm long. 

One side of the beam was fixed on a steel beam using two steel 

clamps and its free end was loaded using four incremental 

weights of 5kg each. Three displacement sensors were placed 

under the beam for measuring the direct displacement, 

operating at the same frequency (1 Hz) and configuration as the 

simply supported beam tests. The same configuration for both 

static camera and drone were used as per the simply supported 

beam tests, having 2 metres field of view between the camera 

and surface of the beam. Figure 3 shows the experimental test 

setup for measuring cantilever displacements. 

 

 

Figure 3. Laboratory tests using the drone to measure vertical 

displacements of cantilever beam loaded at free end. 

 Vibration tests 

The vibration tests were conducted using a long cantilever 

beam with dimensions 75 mm deep, 74 mm in width and 3500 

mm long. The free end of the cantilever beam was deflected 30 

mm downwards and allowed to vibrate freely. To measure the 

acceleration versus time history, a Kistler accelerometer having 

0.516 mV/g sensitivity was mounted at the free end of the 

cantilever beam using a square bracket; the sampling frequency 

was 5 kHz. A high-speed camera, supplied by Photron, was 

used to measure the displacement versus time history of the 

cantilever beam at a frame rate of 250 frames per seconds and 

resolution of 1024x1024 pixels. To measure the movement of 

the cantilever beam, the video frame rate of the drone was 

changed to 120 fps at a reduced resolution of 1920x1080. This 

rate is the maximum frame rate available for video recording 

using the P4P. The accelerometer signal and high-speed camera 

video were triggered, synchronised, acquired and stored into 

disk by developing a data acquisition algorithm code using 

LabVIEW. Figure 4 shows the experimental test setup carried 

out for the vibration measurements. 

 

a) b) 
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Figure 4. Experimental test setup for vibration tests on 

cantilever beam. 

4 EQUATIONS, FIGURES, AND TABLES 

After all tests were completed, the videos recorded using the 

drone and static camera were converted to a sequence of 

images, class of 8-bit unsigned integers, and formatted into 

string data using Matlab. The images were then imported into 

Vic-2D for image analysis. A subset size of 19x19 pixels and 

step size 3 were used to measure the horizontal movement of 

the drone, u, and the corresponding vertical movement, v. 

Figure 5 presents the tracking of a stationary feature attached 

to a concrete wall using the drone to assess the amount of 

movement in the horizontal and vertical directions. 

 

 
Figure 5. Track of stationary feature in horizontal (u) and 

vertical (v) directions recorded using the drone. 

 

During the testing procedures, the drone operated in the 

indoor environment, flying in altitude mode due to its inability 

to detect and use dual satellite connectivity using both GPS and 

GLOSNASS navigation systems. Despite the efforts of the 

drone to maintain a constant altitude by analysing the pressure 

data recorded by the barometric pressure sensor, significant 

movement of the drone was noticed drifting in the horizontal 

direction. The tracking of the displacements from the stationary 

object revealed excessive movement of the drone, mainly in the 

horizontal direction, with high fluctuations, reaching 

movements up to 203 mm. The vertical movement of the drone 

was also significant with drift in the displacement 

measurements, reaching movements up to 50.2 mm. In general, 

the light weight construction of small unmanned aircrafts 

(<5kg) has an impact on the flight stability when wind 

conditions are presented as the aircraft is sensitive during the 

flight (Hallermann et al. 2015). To correct the excessive 

movement of the drone, the displacement of the tested 

specimens was obtained by subtracting the motion of a 

stationary block placed underneath the tested beam. This way, 

the displacement of the beam was able to be computed relative 

to the stationary block. Figure 6 presents the displacement 

versus time comparisons between the displacement sensor, 

static camera and the camera mounted to the drone of the 

simply supported beam.  

 

 
Figure 6. Comparison of displacement measurements of simply 

supported beam. 

 

It can be observed that the three displacement graphs follow 

the same trend throughout the test. The displacement measured 

by the drone exhibited slight drift at the start of the loading. As 

the beam was loaded by the second incremental weight, the 

displacement readings obtained by the drone became more 

stable approaching the displacements measured using the 

displacement sensor. The drift in the displacement 

measurements computed by the drone is more noticeable at the 

third loading whereas the difference between the static camera 

and the displacement sensor is nearly 1 mm. The drift observed 

in the displacements measured by the drone is attributed to the 

continuous translation movement of the camera as well as the 

out of plane movement. Despite the fact that a stationary object 

was used for the correction of the displacement readings 

measured by the drone, the continuous movement of the 

drone’s camera in 3D space could result in significant 

differences. Figure 7a presents the displacements at the free end 

of the cantilever beam loaded using four 50 N incremental 

weights. It is of note that the trend with the trend observed in 

the simply supported beam tests. The comparison between the 

displacements measured using the drone shows a slight amount 

of drift at the start of the incremental loading with slightly 

visible fluctuations when the second incremental weight is 

mounted to the cantilever. A similar trend was observed as 

shown in Figure 7b, where the displacements were recorded at 

a distance of 600 mm away from the free end of the cantilever 

beam.  

Accelerometer 

Data acquisition 
Phantom 4 Pro 

High speed camera 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure  

1165 

 
 

Figure 7. Displacement versus time graph of cantilever beam a) 

at free end, b) 600 mm distance away from the free end of the 

cantilever beam. 

 

Figure 8 shows the frequency response of the cantilever beam 

subjected to vibrations. The video was recorded using the drone 

and then was imported in Matlab to convert the time domain 

information into the frequency domain for further analysis.   

 

 
Figure 8. Frequency response of cantilever beam and 

comparison between accelerometer, high speed camera and 

drone camera. 

 

By observing figure 8, it can be seen that there is one distinct 

peak in the frequency range of 0 – 28 Hz provided by all the 

methods used, which corresponds to the first dominant mode of 

the beam. The first vibration mode of the cantilever beam as 

measured using the accelerometer is 3.96 Hz whereas the high-

speed camera measured 3.94 Hz. The frequency corresponding 

to the first mode calculated using the drone was found to be 

3.91 Hz which agrees well with the aforementioned methods. 

The second mode at a frequency of 27 Hz was measured by all 

methods at a very low acceleration amplitude. These tests 

indicated promising results in which the drone can be 

implemented to measure vibrations and displacements in 

bridges. 

5 CONCLUSIONS 

This paper presented the usability and capability of unmanned 

aerial vehicles in the field of civil engineering for the 

measurement of displacements and vibrations in laboratory 

beam elements. Some recent findings on using drones to 

measure beam displacements and vibrations were presented. 

The test results showed that the displacements of beams 

subjected to incremental loadings were in a satisfactory 

agreement compared to the displacement sensor and static 

camera. In addition, the resulted showed that the dominant 

mode of the cantilever beam can be measured using the drone. 

However, this presents challenges with identifying ways of 

stabilizing the drone video in 3D space to measure the 

displacements accurately. It is hoped that these studies will 

form the basis for developing stabilization algorithms to enable 

the accurate measurement of displacement and vibration 

characteristics. This could potentially lead to the development 

of novel methods and techniques for measuring deformation 

characteristics of bridge structures, and structures in general.  
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ABSTRACT: Gas pipelines are an essential part of modern infrastructure for distributing gas to many homes and commercial 

buildings. However, there are more and more leakage events as a result of corrosion, construction defects and mechanical or 

material failure, ground movement, third party interference and other factors. This paper concerns the establishment of a robust 

health index for monitoring leaks in gas pipeline systems. The novel health index is proposed based on a theoretical leak noise 

spectrum model and measurements of the leak acoustic signals are presented from a pipe rig, which permits different leak sizes 

and pressures. A feature selection technique is utilized to select the most discriminative feature and validate the distinction of the 

proposed index. A data-driven model is established with the selected feature vector. The results show that the proposed index is 

considerably robust under different operating conditions and the proposed methodology achieves very high accuracy, which is 

promising for the development of monitoring technology. 

KEY WORDS: Leak detection, acoustic method, health index, gas pipelines. 

1 INTRODUCTION 

Gas pipelines formulate large-scale and complex networks, 

which are of great importance to the security, and 

development of modern cities. The construction of gas 

pipelines is in rapid growth with a total length of 31233km in 

Shanghai, China. However, more and more leakage events 

occur as a result of corrosion, third-party activity, mechanical 

or material failure and other factors, bring significant financial 

costs, environmental damage, and even loss of life [1]. Thus, 

leak detection has therefore become one of the main concerns 

for pipeline operators and researchers over the past decades. 

Many diagnostic technologies have been developed to detect 

leakages, such as acoustic method, fiber Bragg grating (FBG) 

sensor method, ultrasonic flowmeter method, cable method, 

ground penetrating radar, mass-volume balance method, 

negative pressure wave method, pressure point analysis and 

real time model-based method [1,2]. Vibro-acoustic methods 

have proven to be particularly useful among them [3,4].  

A large number of studies have attempted to extract suitable 

features from acoustic signals for leak detection in gas 

pipelines. The most common features are extracted from the 

time and frequency domain. For instance, L. Meng et al. 

(2012) used time domain features (the accumulative value 

difference, mean value difference and peak value difference of 

signals in adjacent intervals) to detect the leak [5]. Y.A. 

Khulief et al. (2012) compared the spectrum between leak and 

leak-free cases to identify the leakages [6]. A. Martini et al. 

(2017) proposed a monitoring index based on the standard 

deviation of the signal [7]. F. Wang et al. (2017) developed a 

time-domain statistical feature (frequency-width) and 

achieved high accuracy for leak detection [8]. S. Yazdekhasti 

et al. (2017) proposed a leak detection index based on the 

cross-spectral density (CSD) of acoustic signals to detect the 

leaks [9]. R.A. Cody et al. (2019) used linear prediction (LP) 

to extract leak-sensitive features in the spectral envelope [10]. 

However, most of the features are easily affected by the 

operating conditions, which are not robust in practical 

implementations. Besides, these features usually require a 

predetermined threshold, which is not practical as a result of 

the complexity and uncertainty of pipeline network. 

To date, data-driven approaches have attracted great 

attention and shown to be promising in leak detection in pipes, 

such as Artificial neural networks (ANNs) [11], Support 

vector machine (SVM) [12], Decision Tree (DT) [13], Naïve 

Bayes (NB) [13], Convolutional neural network(CNN) [14], 

Deep autoencoder and Association rules (ARs) [15]. 

Moreover, efficient signal processing techniques are also 

combined with data-driven methods for leak detection, like 

the wavelet packet transform (WPT) [16], empirical mode 

decomposition (EMD) [17], variational mode decomposition 

(VMD) [18]. However, it is not always readily available to 

require all possible cases during the training period.  

This study proposes a physically model-based health index 

that is sufficiently robust under different operating conditions. 

Leak identification is performed by using data-driven 

techniques.  

2 PROPOSED INDEX 

As mentioned above, the classical features are affected by the 

operating conditions, thus tend to show a dispersion in the 

distribution, as provided in Figure 1. Thus, it is difficult to 

determine a threshold between leak and leak-free cases. 

Therefore, establishing a robust and reliable health index 

under different scenarios is important to increase the detection 

accuracy.  

Figure 2 shows the generation of leak noise in gas pipeline 

systems, where s(t) is leak induced excitation and x(t) is the 

leak noise. The gas-pipe is assumed to be a linear system [10], 

then the leak noise can be considered as the result of the 

induced excitation s(t) convolved with the impulse response 
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function h(t) of the gas-pipe system. The leak noise x(t) can be 

given by 

 ( ) ( ) ( )x t s t h t=   (1) 

where   denotes convolution. The expression of the 

autocorrelation function of x(t) is of the form 

 ( ) ( ) ( )x s hR R R  =   (2) 

where ( )xR  , ( )sR   and ( )hR   are autocorrelation 

functions of x(t), s(t) and h(t) respectively.  

While there is no leak in the gas-pipe system, the ambient 

excitation is assumed to be broadband. The autocorrelation 

function of x(t) becomes 

 ( ) ( )x hR R =  (3) 

State 1

State 2

Condition 1

Condition 2

...

Feature 1

Feature 2

Feature 3

 

Figure 1. Distribution of typical features under different 

operating conditions. 

It can be seen that the leakage affects the behaviour of the 

autocorrelation function ( )xR  . Considering the relationship 

between power spectral density (PSD) and autocorrelation 

function, the leakage leads to a change in PSD of leak noise. It 

is therefore promising to establish a health index from the 

PSD of acoustic signals. 

Leak Induced

Excitation

Pipe-Gas 

System

s(t) x(t)
Sensors

Physical Parameters

Geometric 

Characteristics  

Figure 2. Schematic diagram of leak noise generated in the 

pipe-gas system. 

This paper attempts to establish a new health index based on 

a theoretical model of the leak noise spectrum [19] which is 

given by 

 ( )
( )

42 2
0

2

2

4

8 Λ 1
~

1 Λ /
pp

c a
S

u

R U U






 
 
  +

 (4) 

where Spp is the leak noise spectrum, 0 is the density of the 

gas, c is the sound speed in gas, 
2u  is mean square velocity, a 

is the radius of leak orifice size, R is the radius of the pipe, 

Λ is the integral length-scale, U is the exit speed of gas, and 

  is the angular frequency.  

Eq. (4) indicates that leak spectrum decays with a frequency 

power law of 2−  approximately within a particular 

frequency range, which tends to display linearity on a log-log 

scale. Typical PSD of acoustic signals for the leak and leak-

free cases are shown in Figure 3. The absolute spectral 

exponent of leak noise is much larger than that of leak-free 

case. The model also states the operating conditions like the 

gas pressure or parameters such as pipe diameter and leak size, 

have little influence on the spectral exponent, which makes it 

more robust. Thus this will be used as the health index for 

leak detection in the present paper.  

 

Figure 3 .Typical PSD of acoustic signals for leak-free and 

leak cases. 

3 METHODOLOGY 

In this study, the proposed health index is combined with 

data-driven approaches for leak detection. Figure 4 presents 

the flowchart of the proposed method. The detailed steps 

contain, (1) Feature extraction; (2) Feature selection; (3) Data-

driven approaches based state identification. 
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Data acquisition

Denoising with 

wavelet transform 

Feature extraction 

7 Time-domain 

features

4 Frequency-domain features, incl. 

the proposed indicator in this study

Feature selection based on 

Relief-F algorithm

Establish data-driven models

Leakage identification

Feature extraction

Feature selection

Prediction

 

Figure 4. Flowchart of the proposed methodology. 

3.1 Feature extraction 

The original signals will be denoised first to remove 

background noise. Wavelet Transform (WT) has shown to be 

effective in signal denoising, and is adopted in this study. The 

details can be found in [20]. Then, the denoised signals are 

split into several segments, from which the proposed health 

indicator can be estimated from PSD by the least square 

method. Other classical features as listed in Table.1, are 

extracted together to form the feature vector. 

Table 1. Extracted features. 

Time-domain Frequency-domain 

Absolute mean Mean frequency 

Root mean square Median frequency 

Crest factor Peak frequency 

Zero-crossing rate Slope 

Short-term energy  

Kurtosis  

Skewness  

3.2 Feature selection 

Since not all features are equally valuable to the identification 

of leakages, the redundant features can negatively impact 

model performance. The Relief-F algorithm is adopted in this 

study to select the most discriminative features. It first selects 

a feature vector Ri randomly and then searches for k of its 

nearest neighbors from the same class, called nearest hits Hj, 

and k nearest neighbors from each of the different classes, 

called nearest misses Mj. Then, it updates the quality 

estimation W(A) for all features depending on their values for 

Ri, Hj and Mj. If the feature vectors Ri and Hj have different 

values for feature A, which means that feature A is not 

desirable to separate these classes and the quality estimation 

W(A) ought to be decreased. On the contrary, if the feature 

vectors Ri and Mj have different values of feature A, then the 

quality estimation W(A) ought to be increased. After that, the 

contribution is averaged of all the hits and all the misses and 

the process is repeated for m times, which can be expressed as 

follows: 

 

( ) ( ) ( )

( )

( )( )
( )( )

( )

1

1
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where p(C) is the prior probability of class C, 1 - p(class(Ri)) 

represents the sum of probabilities for the misses’ classes and 

function diff(A, I1, I2) calculates the difference between the 

values of the feature A for two feature vectors I1 and I2, of 

which the following expression is used in the study: 

 ( )
( ) ( )

( ) ( )
1 2

1 2

, ,
, ,

max min

value A I value A I
diff A I I

A A

−
=

−
 (6) 

Features with greater quality estimation values will be 

included in the input vectors. 

3.3 Data-driven approaches based state identification 

The selected feature vector will be used as the input of the 

data-driven approach. In the literature, numerous machine 

learning techniques have been used to detect pipeline leakages 

as described in Section 1. K-nearest neighbors algorithm (k-

NN) is an easily implement supervised machine learning 

algorithm that can be used to solve both classification and 

regression problems, and it is employed in this study for leak 

identification. The detailed theoretical background can be 

found in [21], which is out of the scope of this paper. 

3.4 Experimental setup 

Validation of the methodology presented above was carried 

out using the experimental test rig shown schematically in 

Figure 5 and Figure 6. The pipeline was composed of three 

sections, denoted by Section 1, Section 2 and Section 3 

respectively. Section 1 and Section 3 were made of steel wire 

hose with a length of 30m and an internal diameter of 50mm. 

Section 2 was a steel pipeline with a length of 3m, an external 

diameter of 108 mm and a thickness of 4 mm, where acoustic 

sensors were mounted for acquiring signals. Besides, a 

pressure gauge was placed at the start of Section 2 to measure 

the pipe pressure. An air compressor was used to supply air to 

the pipeline with the pipe pressure ranged from 0.1 MPa ~ 0.5 

MPa, and a gas tank was used to ensure that air flows into the 

test pipeline smoothly. Three orifices with diameters of 1, 3, 

and 5 mm were joined to Section 2 to simulate artificial leaks. 

Each orifice was tested at different pressures of 0.1, 0.15, 0.2 

0.25 and 0.3MPa. Connectors used to connect the different 

pipe sections are shown schematically as black rectangular 

boxes in Figure 5. The leak-free state was first deployed to 

obtain signals and then the orifices were placed to create 

leakage. The test conditions of this experiment are 

summarized in Table 2.  

Two acoustic sensors were installed on the test pipe as 

depicted in Figure 5. Two PCB 106B50 acoustic sensors with 

a frequency range of 0.5 Hz ~ 40 kHz were chosen for the 
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data acquisition. In the light of the fact that high-frequency 

components attenuate significantly than low-frequency 

components of acoustic signals [6,22], a sampling rate of 

4kHz and duration of 60s were applied. A data acquisition 

card and a personal computer were utilized to process and 

store the data. 

 

Section 1 (30m) Section 2 (3m) Section 3 (30m)

CompressorGas Tank

Valve

Valve

Pressure

gauge

Pressure

gauge

PC NI DAQ

Valve

Leak hole

Acoustic sensors

0.7m0.3m1.2m 0.8m

 
Figure 5. Schematic diagram of the experimental setup. 

 

Figure 6. Experimental pipeline setup 

Table 2. Leak diameter and pipe pressure 

Quantity Values 

Leak diameter (mm) 1, 3, 5 

Pipe pressure (MPa(G)) 0.1, 0.15, 0.2, 0.25, 0.3 

Distance between sensors and leak (m) 0.3 (d1), 0.7 (d2) 

4 RESULTS 

4.1 Leak detection 

The denoised acoustic signals are split into segments of 1s 

duration with 50% overlap between adjacent frames. The 

eleven features listed in Table. 1 are extracted from each 

segment as one feature vector in the feature matrix. The 

Welch’s technique is used to estimate the PSDs of acoustic 

signals. The PDFs of the proposed spectral exponent   are 

presented in Figure 7. A clear difference of the distributions 

between the two different states can be seen in Figure 7(a), 

with the spectral exponent   centering on -2 in the presence 

of a leak and -1 in the absence of a leak. It is noteworthy that 

the results of leak noise include samples from all the pressures 

and leak sizes. Figure 7(b) further provides the PDFs of the 

spectral exponents under different leakage sizes, it can be seen 

the PDFs are similar to one another, demonstrating the 

robustness of the spectral exponent  . 

 

Figure 7. Distributions of spectral exponent   (a) Leak-free 

and leak; (b) Leakage with different orifice sizes. 

The quality estimation value calculated according to Eq. (5) 

is listed in Table. 3, where the spectral exponent   achieves 

the highest value. This demonstrates that the proposed health 

index contains the most useful information for the 

identification of the states of pipeline systems. Then, the top 

three features (Spectral exponent  , RMS and Absolute 

mean) are selected as feature subsets to train k-NN model. 

75% of the total samples are randomly selected for training 

and the rest 25% for testing. The parameters of k-NN are as 

follows: the number of nearest neighbors is 5, and the city 

block distance is employed in this study. 

Table.3 Features and quality estimation value 

Time-

domain 

quality 

estimation 

value 

Frequency-

domain 

quality 

estimation 

value 

Absolute 

mean 

0.1479 Mean 

frequency 

0.0944 

Root mean 

square 

0.1598 Median 

frequency 

0.0568 

Crest factor 
0.0132 Peak 

frequency 

0.1059 

Zero-

crossing rate 

0.1250 
Slope 

0.1671 

Short-term 

energy 

0.0622   

Kurtosis 
0.0112   

Skewness 
0.0115 

 
 

 

Table 4 gives the prediction results of the proposed method. 

Clearly, the proposed method achieves high performance for 

leak identification with accuracy being 99.20%. For 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure  

1173 

comparison, the three most important features without the 

proposed index are used as the inputs to train the k-NN model, 

the accuracy is now reduced to 96.60%. The results indicate 

that the proposed physical-based health indicator contains 

useful information for leak identification. 

Table 4. Leak detection results. 

Feature set 
True 

class 

Predicted 

class Class 

Precision 
Accuracy 

Leak 
Leak-

free 

Spectral 

exponent  , 

RMS, Absolute 

mean 

Leak 374 1 99.73% 

99.20% 
Leak-

free 
3 122 97.60% 

RMS, Absolute 

mean, Zero-

crossing rate 

Leak 369 6 98.40% 

96.60% Leak-

free 
11 114 91.20% 

4.2 Discussion 

Section 4.1 shows that the proposed method achieved high 

accuracy in leak identification. Note that samples from all 

operating conditions have been assembled as the inputs. The 

result demonstrates the importance of the health index, and its 

robustness under different operational conditions, even the 

one with leak orifice of 1 mm and pressure of 0.1MPa.  

When considering the effect of attenuation, since the high 

components attenuate faster than the low components, the 

absolute value of the index tends to be larger, which is also 

capable of identifying the leakages theoretically. It is also 

necessary to acknowledge the limitation of this study, the 

whole methodology was performed on a test rig in the 

laboratory. The field application needs to be conducted to 

further demonstrate this study. 

5 CONCLUSION 

This paper proposed a model-based health index for leak 

detection in gas pipeline systems. This index is established 

based on a theoretical leak noise spectrum. The feature 

selection results demonstrated the effectiveness of the 

proposed health index. 

The most discriminative features were selected to train k-

NN model. Notably, the proposed method achieved high 

accuracy in identifying the states of pipeline systems. Note 

that the inputs included samples from different operating 

conditions, confirming the robustness of the proposed health 

index. It should be acknowledged that this study is limited to a 

pipe rig. Field applications need to be conducted to further 

demonstrate this work. 
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ABSTRACT: The rapid growth of the energy capacity generated by wind turbines (WT), as well as their size, creates new
challenges in terms of operation and maintenance. Structural health monitoring (SHM) strategies allow real-time structural
condition diagnosis, which helps to detect damage earlier and thus leads to the adoption of efficient maintenance and repair
measures. Offshore WTs are based on the same principle as traditional onshore models. However, their main difference lies
in the extreme environmental conditions in which they operate due to higher wind speeds, and the effects of waves and
currents. This work proposes a SHM methodology for structural damage detection in jacket-type offshore foundations for
WTs. The proposed method analyzes the vibrational response of the sensor signals, based on the principle that any damage
or modification to the structure will produce a change in its dynamic response. The WT has been considered to be subject
to a crack damage located at different levels of the structure. The damage detection method presented in this work is an
unsupervised deep learning algorithm based on an autoencoder deep neural network (ADNN) and its reconstruction error.
One of the challenges of this research is that the input excitation signal (the wind) is unknown. The proposed approach is
experimentally validated in a laboratory small-scale structure and the obtained results manifest the reliability of the stated
fault diagnosis method.

KEY WORDS: SHM, wind turbines, damage detection, vibrational response, dynamic response, ADNN.

1 INTRODUCTION

Nowadays, there is great concern about increasing global
pollution due to dependence on non-renewable energies. Wind
energy is one of the most widely accepted alternatives because
it is clean, relatively cheap and inexhaustible. The year 2019
was a great year for the global wind industry with new
installations surpassing the 60 GW milestone for only the
second time in history, and showing year-over-year growth
of 19% [1]. Offshore wind farms have been a key element
in this growth, surpassing the 6 GW milestone, representing
10% of the global new installation in 2019, the highest level
so far. This growth in installed power capacity goes in hand
with the growth in the sizes of offshore WTs. For example, GE
Renewable Energy Haliade X offshore WT features a 13 MW
capacity, 220 meter rotor, a 107 meter blade, and a 260 meter
total height [2]. Due to the extreme size of today’s offshore
WTs, given their location and sea conditions, new problems
arise related to their inspection, maintenance and repair work

[3]. Thus, the development of structural health monitoring
(SHM) strategies is particularly necessary to verify the state of
the structure and guarantee its correct operation or determine
whether the WT needs some maintenance. There are different
types of offshore foundations depending on the depth at which
the WT is installed, see Figure 1. Monopile foundations
are used at depths below 15 meters, gravity foundations are
preferred when depth is less than 30 meters, and jackets are the
preferred option for greater depths [4]. To avoid the collapse of
the entire structure, it is important to detect foundation damage
at an early stage.

In this work, the only excitation of the WT is assumed
to be given by the wind, so the input excitation is assumed
to be unknown. To overcome this challenge, a SHM strategy
for jacket-type foundations is developed based on a vibration
response-only methodology. In recent years, interest in this
type of methodology is growing due to its importance derived
from the fact that in many applications the excitation cannot
be imposed and often cannot be measured. For example, in

                           Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure
                                                                                                                                      Porto, Portugal, 30 June - 2 July 2021 
                                                                                                                                                                        ISSN 2564-3738

1175



Figure 1. Fixed type WT foundations [1]. Monopile (a), jacket (b), and
gravity-based (c) [5].

[6], a vibration-response-only methodology is proposed based
on accelerometer data and deep convolutional neural networks.
Likewise, in [7] a fault detection and diagnosis methodology
is applied, through the analysis of vibration signals, through
Wavelet and Fourier transforms, thus obtaining a model with
an efficient alarm system. Also, in [8] a random coefficient
Gaussian mixture model (GMM-RC) is adopted and evaluated,
based on the analysis of vibration response signals, achieving
a very good performance and offering significant performance
improvements. This work aims to contribute in this area of
vibration-response-only methodologies since the input exci-
tation is given by the wind (it cannot be imposed and it is
unknown).

The aforementioned references require historical damage
data. In reality, obtaining historical offshore WTs foundation
damage data is difficult or almost impossible to achieve and,
besides, it is difficult to obtain a correct labeling for each type
of damage and will likely result in a set of vectors labeled
with an unbalanced number of classes. In contrast, in this
work, historical damage data is not needed, so the proposed
strategy can be applied to any wind farm (even when damage
data has not yet been recorded). In particular, in this work, a
normal behavior model is proposed, that is, the model is built
using only normal data (healthy). The proposed method can be
summarized in the following steps: (i) the wind excitation is
simulated as a Gaussian white noise and the data coming from
the WT is collected using a set of accelerometers; (ii) the raw
data are pre-processed; (iii) an autoencoder neural network is
stated as a classifier. The damage detection strategy is applied
to different types of predefined damage. The obtained results
demonstrate the reliability of the proposed approach.

This article is organized as follows. In Section 2, the
experimental setup is shown. In section 3, the data collection
and pre-processing process is shown. In Section 4, the
methodology used to detect damage in WTs is established.
In Section 5, the results obtained are detailed. Finally,
Section 6 defines the conclusions of this work and shows
recommendations for future work.

2 SET UP

In this work, a down scaled model of an offshore wind tower
is used, which is shown in Figure 2. This structure consists of
three parts: the jacket, the tower, and the nacelle (modeled as
a beam with an attached shaker to model the vibration induced
by the wind on the rotor).

Figure 2. Location of the eight accelerometers in the WT structure.

The jacket consists of 32 steel bars that are attached to the
structure by bolted joints. All used nuts have a self-locking
system and washers to ensure that all joints in the structure
are adjusted to the same clamping force.

For the study of the dynamic behavior of the structure,
eight sensors (triaxial accelerometers) were placed distributed
throughout the entire structure. One sensor is placed in the
nacelle, two of them in the tower and five in the jacket, as
shown in Figure 2. The methodology used to determine the
appropriate number of sensors and the location of them in the
structure is detailed in [9].

As indicated in [10], one of the most frequent problems in
WT jacjet foundations is fatigue crack damage. Thus, in this
work, a 5 mm crack damage is introduced at different bars (at
different levels) of the jacket structure. The mentioned levels
are detailed in Figure 3.
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The following nomenclature is introduced to refer to the
different types of damage, which are located in the different
levels of the jacket:

i) Crack damaged 1: 5mm crack damage at level 1
ii) Crack damaged 2: 5mm crack damage at level 2

iii) Crack damaged 3: 5mm crack damage at level 3
iv) Crack damaged 4: 5mm crack damage at level 4

Figure 3. Location of the four levels at the jacket substructure. Level one
is the closest to the surface and level four is the one submerged to a greater
depth.

As it is well known, WTs work in three different operating
regions, depending on the wind speed. In region 1, the
wind speed is low, and the WT does not operate since the
losses are greater than the power generated by the wind. In
region 2, the wind speed varies between the cut-in and rated
wind speed. The main control objective in this region is to
maximize power production. Finally, in region 3, the wind
speed is above the rated speed, and below the cut-out wind
speed. The main control objective in this region is to regulate
the produced power to the rated power [11]. In this work,
only region 3 is analyzed.

3 DATA COLLECTION

As explained in [5], to perform the data collection eight
triaxial accelerometers (model 356A17, PCB Piezotronics)
were used, which allow data to be collected in the 3 axis
X, Y and Z, so the total number of sensors is N = 8 × 3 =
24.

A total of 35 experimental tests were carried out; 15
tests with the structure in healthy condition and 20 with the
structure simulating some type of damage. Table 1 presents in

greater detail the number of experiments performed simulating
the different structural states.

Table 1. Number of experiments performed simulating each of the structural
states

Level Structural state Number of experiments

Healthy 15

1 Crack damaged 1 5

2 Crack damaged 2 5

3 Crack damaged 3 5

4 Crack damaged 4 5

Each of the experimental tests had a duration of 60 seconds
at a sampling frequency of 1651.7 [Hz], therefore, in each test,
1651.17 [Hz]×60 [s] = 99097 measurements were collected
for each sensor obtaining the matrix that is detailed in the
following Equation,

⎛
⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

x11 x12 · · · x1N

x21 x22 · · · x2N

...
...

. . .
...

xi1 xi2 · · · xiN

...
...

. . .
...

xm1 xm2 · · · xmN

⎞
⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

∈ Mm×N (R), (1)

where m= 99097 is the number of rows, which corresponds to
the total number of samples in an experimental test, N to the
number of sensors and Mm×N represents the vector space of
(m×N ) matrices above R.

By having such a high sampling frequency, the number
of samples collected in a short period of time is very large,
compared to a real system, where generally lower frequencies
are used, therefore, to resemble this experiment to a more real
environment, a reduction of the dimensionality of the matrix
was carried out, thus obtaining a new sampling frequency
equal to 275.2 Hz.

All the information collected by the 24 sensors in the 15
tests carried out with the healthy structure were concatenated
in a single matrix called X, which is shown in greater detail
in Equation 2.

The dimensionality of the resulting matrix X is equal to
247755×24, where the new number of rows corresponds to
the number of samples taken in an experimental test multiplied
by the number of experiments performed, and the number of
columns corresponds to the number of sensors.
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X =

⎛
⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

x
(1)
11 x

(1)
12 · · · x

(1)
1N

...
...

. . .
...

x
(1)
m1 x

(1)
m2 · · · x

(1)
mN

x
(2)
11 x

(2)
12 · · · x

(2)
1N

...
...

. . .
...

x
(2)
m1 x

(2)
m2 · · · x

(2)
mN

...
...

. . .
...

x
(L)
11 x

(L)
12 · · · x

(L)
1N

...
...

. . .
...

x
(L)
m1 x

(L)
m2 · · · x

(L)
mN

⎞
⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

=

⎛
⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

X(1)

X(2)

...

; p

X(L)

⎞
⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

.

(2)

When analyzing the matrix X, it can be deduced that the
amount of information per row for each sensor is scarce, so
a reshaping of the matrix is carried out. Relocating every 199
rows of the same column (belonging to the same sensor) in
the same row. The resulting matrix is shown in Equation 3,

X=

⎛
⎜⎜⎜⎜⎜⎜⎜⎝

x1
11 · · · x1

κ1

x1
(κ+1)1 · · · x1

(2κ)1

...
. . .

...

xL
(pκ+1)1 · · · xL

((p+1)κ)1

∣∣∣∣∣∣∣∣∣∣∣∣∣

· · ·

· · ·
. . .

· · ·

∣∣∣∣∣∣∣∣∣∣∣∣∣

· · · x1
κN

· · · x1
(2κ)N

. . .
...

· · · xL
((p+1)κ)N

⎞
⎟⎟⎟⎟⎟⎟⎟⎠

(3)
where κ represents the selected factor, which as mentioned is
equal to 199.

So the new number of columns (r) is 24×199 = 4776 and
the number of rows (n) is 991020/199 = 4980.

3.1. Column Scaling

Since the matrix X is composed of information collected
by different sensors, which are distributed throughout the
structure in different places, to ensure that all data collected is
found within the same scale, a scaling of the data is performed.

In this work, the Z-score column scaling is used [12]. The
mean value (μ) and standard deviation (σ) of each column in
matrix X is computed as,

μνj =
1

n

n∑
i=1

xij , (4)

σ2
νj

=
1

n− 1

n∑
i=1

(xij − μνj
)2, (5)

where νj is a column vector representing the measurements
of a sensor in a given experiment.

Finally, each element of the matrix X is scaled as,

x̂ij =
xij − μνj

σνj

, i = 1, . . . , n, j = 1, . . . , r, (6)

In the rest of the work, the matrix X̂ is renamed X, for
simplicity and clarity.

Regarding the preprocessing of the collected data from the
unhealthy structure, the same procedure described for the
healthy data is followed, obtaining a new matrix called Y.

4 BASELINE

To develop a neural network model, generally, the data set
is divided into three subsets: training, validation and testing.
The use of three independent sets allows evaluating whether
a model generalizes well to unseen data [13].

In this work, the model is trained only with healthy data,
which are those that are collected in the matrix X (Equation
3), and that are distributed in the following sets:
• Training set: 75%
• Validation set: 15 %
• Test set: 15 %
It is noteworthy that the collected data in matrix Y is used

to test and measure the performance of the model, once it is
trained. Therefore, the used test set is composed by 15 % of
the matrix X (healthy test set) concatenated with matrix Y.

4.1. Autoencoder deep neural network (ADNN)

An autoencoder is a type of deep neural network that seeks
to replicate the input data at the output layer [14], [15], trying
to ignore noise or disturbances from the signals.

An ADNN is made up of multiple layers, one input layer,
one or more hidden layers and one output layer, which has
the same dimensionality of the input layer.

4.2. Autoencoder architecture

The methodology used to construct the ADNN follows the
work in [16]. In our proposed network, the number of layers
selected is equal to three (as shown in figure 4) and the number
of neurons for each layer is detailed below:
• Input layer: 72 nodes
• Hidden layer: 40 nodes
• Output layer: 72 nodes
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In this case, the two activation functions used for the
encoder and decoder are the sigmoid and purelin functions,
respectively. It should be noted that for the decoder the purelin
function or linear translation function is selected, since it is
not required to scale the network output to a specific interval,
and it is determined as shown in Equation 7,

f(z) = z. (7)

The sigmoid function is defined as,

f(z) =
1

1 + e−z
. (8)

Figure 4 shows graphically the used autoencoder architec-
ture, where L refers to the layer number and m to the number
of nodes.

Figure 4. General ADNN architecture

Algorithm 1 shows a summary of the steps to train the
autoencoder.

Algorithm 1

Input: A set of n samples x = (x(i))ni=1

1. Initialize weight and bias values (W
(l)
ik , b

(l)
i ) to a random value.

2. Run several iterations until obtaining the convergence of the

parameters that minimizes the cost function.

• Compute all nodes, performing feedforward.
• Compute the cost function J(W, b).
• Update (W

(l)
ik , b

(l)
i ).

Output: W and b.

4.3. Autoencoder Inputs

The inputs of the autoencoder are selected to be the mean,
standard deviation and instantaneous spectral entropy, since
they retain relevant information of the data such as variability
and frequency.

1) Mean: The mean is the average value of a set of numeric
data and is a measure of central trend [17], calculated as the
sum of the set of values divided by the total number of values
and is defined as,

μ =
1

N

N∑
i=1

Ai, (9)

where, A is a 1×199 row vector that represents the information
of a single sensor and N is the number of data. For a greater
understanding is recommended to review Equation 3.

2) Standard Deviation: The standard deviation is a measure
of dispersion, which determines the variation of a data set with
respect to its mean [17] and is defined as,

s =

√√√√ 1

N − 1

N∑
i=1

|Ai − μ|2. (10)

3) Instantaneous spectral entropy: The instantaneous spec-
tral entropy is a measure of the distribution of spectral power
in the frequency domain [18] and is defined as show in the
following Equation,

H(t) = −
N∑

m=1

P (t,m)log2P (t,m), (11)

where the function P (t,m) represents the probability distri-
bution at time t and and is determined as,

P (t,m) =
S(t,m)∑
f S(t, f)

, (12)

where S(t,m) represents the power spectrogram of time-
frequency S(t, f).

4.4. Damaged Detection

After the network training and validation is complete, the
network should be able to rebuild healthy data fairly accu-
rately. To evaluate the model, an indicator is used, which
allows us to measure the difference between the input and
output nodes by applying the Euclidean norm. This indicator
is known as reconstruction error (RE), and is calculated as,

RE(x) = ||x− x̂||2, (13)

where x represents the input layer values and x̂ the output
layer obtained approximations.

As shown in [19] with this indicator it is expected to
determine the status of the structure from unseen data. When
data is healthy the network will be able to reconstruct the
data since they maintain a distribution similar to the data
with which the network was trained, so therefore, the value
of RE should be small. However, for data belonging to an
unhealthy set, it is expected that the network would have
greater complications to rebuild the output, so the RE would
be higher.
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Based on this intuition, the next step is to determine the
value of the threshold that will allow to separate healthy data
from unhealthy data. Since only healthy data is used to train
the model, it is assumed that the RE signal for this class of
data has a normal distribution. Also, as noted in [20], outliers
are data points that are far from most of the data points within
the distribution. There are different methods to identify outliers
in a normal distribution. One of the methods measures the
distance between a data point and the center of all data points
to determine an outlier. Based on this method, data points
that do not fall within three standard deviations of the mean
of healthy data are identified as outliers and categorized as
unhealthy. Thus, the threshold is defined as,

λ = μ+ 3σ. (14)

Once the threshold value is set, it is possible to diagnose
new data. Algorithm 2 shows the procedure to detect anoma-
lies (unhealthy samples) based on the reconstruction error.

Algorithm 2

1. Compute λ using Equation 14.

Input: A set of new arrived samples x = (x(i))ni=1

2. The neural network processes the new data and tries to reproduce it

in the output.

3. Compute RE using Equation 13

4. if RE > λ:

• x(i) is an unhealthy sample.
else:

• x(i) is a healthy sample.

In this paper, we propose a ADNN for the detection of
damage in WTs. Our proposed methodology, as in [16], uses
a ADNN as a multi-way data fusion model that automatically
learns the characteristics through its deep-layered structure. As
shown in Figure 5, the neural network receives information
from all 24 sensors at the same time, which is reduced to
only three features for each sensor which are the mean, devi-
ation and instantaneous spectral entropy. Each input segment
represents all characteristic signals from all sensors at a given
instant in time. Therefore, 72 characteristics collected from
the 24 sensors used are introduced to the input layer of the
autoenconder, in order to extract as much information as
possible. Once the new characteristics are obtained, they are
used by the decoder layers to finally be able to determine the
results of the damage detection by comparing the input and
output values of the model.

5 RESULTS

This section details the results obtained with the test data
set collected in the 35 experimental tests carried out, using the
methodology described in Section 4.

As indicated in the Subsection 4-4, to determine the thresh-
old value, the equation 14 is used. The computed values are
summarized in Table 2.

Figure 5. Detailed ADNN proposed architecture.

Table 2. Mean, standard deviation, and threshold value of the healthy data
validation set.

Structural state μ σ λ

Healthy 0.2147 0.4994 0.3629

In the figure 6, it can be seen how the RE of all the
samples varies depending on the structural state of the WT.
As expected, the RE values of the healthy samples are the
lowest compared to the RE values obtained with the samples
of the unhealthy data. Therefore, once the threshold value is
defined, any sample that shows an RE above 0.3629 will be
considered an anomaly, that is, an unhealthy sample.
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Figure 6. Reconstruction error of all samples belonging to the test sets of
the five structural states.

Also, in Figure 6, it can be seen how all the unhealthy
data samples can be visually separated and are above the
established threshold. Therefore, the accuracy of the presented
algorithm is 100 %. However, it is important that as mentioned
in Section 3, all these data were collected under controlled
conditions within a laboratory.
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In the figure 7, a boxplot presents the statistical summary of
the figure 6, where you can identify outliers [21], and differ-
entiate the 5 different structural states with greater simplicity.
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Figure 7. Box plot for statistical analysis of the RE values computed for
each structural state.

Table 3 shows the mean and standard deviation values for
the reconstruction error for all test sets, both healthy and
unhealthy data. As can be seen, these values vary depending
on the structural state, so it can be envisioned that, in addition
to the detection of failures, it would be possible to achieve
the classification of the samples, separating them according
to the type of structural state to which they belong.

Table 3. Mean and standard deviation of the reconstruction error of the test.

Structural state μ σ

Healthy 0.2119 0.0543

Crack damaged 1 5.3023 0.6038

Crack damaged 2 1.0999 0.2100

Crack damaged 3 13.1309 1.5787

Crack damaged 4 2.2032 0.2049

6 CONCLUSIONS

In this work, a method for the detection of damage in an
offshore type WT based on an ADNN has been presented.
The analysis focuses in the region 3 of operation and, thus, the
collected data belongs to this region. In addition, four different
types of damage have been studied located in different places
of the jacket.

One of the main advantages of the proposed methodology
is that it is based on unsupervised learning, which makes it
a very desirable approach as in its real deployment, at the
problem at hand, it is difficult (or almost impossible) to obtain
labeled data. On the other hand, unsupervised learning avoids

the problem with data imbalance, since to train the model only
healthy data is needed.

Finally, as future work, other regions of operation and
the presence of changing environmental conditions should
be considered. In addition, other types of damage could be
considered, such as oxidation or loose bolts.
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Modelling and diagnosing wind turbine blades leading edge erosion
degradation

Imad Abdallah1, Gregory Duthé1, and Eleni Chatzi1

1Institute of Structural Engineering, ETH Zurich, Switzerland

ABSTRACT: Leading edge surface erosion (deterioration) is an emerging issue in wind turbine blade reliability, causing
reduction in power performance, aerodynamic loads imbalance, increased noise emission and ultimately additional
maintenance costs, and if left untreated, leads to the compromise of the functionality of the blade. We propose an
empirical spatio-temporal stochastic forward model of leading edge erosion. The main ingredients of the model include
a damage process that progresses at random times, across 9 discrete states characterized by a Non-Homogeneous
Compound Poisson Process, which is used to describe the random degradation of the blade surface, thus implicitly
affecting its aerodynamic properties. Non-homogeneous Poisson processes modify the definition of a Poisson process
so that it can account for a time-dependent rate. The model allows for one, or more, sections along the span of the
blade to be affected by erosion. These sections (on one or more blades) could be adjacent or disjoint, but are assumed
to undergo independent degradation processes. Furthermore, the model accounts for uncertainties in the local airfoil
aerodynamics by parameterizing the lift and drag coefficients curves. The proposed model is used to generate a
stochastic ensemble of degrading airfoil aerodynamic polars, for use in forward aero-servo-elastic simulations, where
we compute the effect of leading edge erosion degradation on the dynamic response of a wind turbine under varying
turbulent input inflow conditions. We finally review and discuss recent works in machine learning to solve the problem of
spatio-temporal dependent diagnostics.

KEYWORDS: Wind turbine; Leading edge erosion; Poisson process; Aero-elastic simulations; Lift and drag; Deep
learning; Diagnositcs.

1 INTRODUCTION

Bogdanoff and Kozin (1985) [1] define cumulative damage
as the “irreversible accumulation of damage throughout
life that ultimately leads to failure”. Leading edge erosion
of a wind turbine blade represents such a process, albeit at
slow degradation rates, with effects slow to manifest and
even harder to detect early on. Most diagnostic techniques
today rely on direct visual inspection, or image processing,
and statistical analysis (e.g. regression or clustering) of
electrical power and energy loss. A gap therefore exists
in the space of spatio-temporal modelling of leading
edge erosion for wind turbines rotor blades. The main
contribution of this work lies in proposing a stochastic
spatio-temporal empirical model of leading edge erosion
degradation based on Non-Homogeneous Compound Pois-

son Process (NHCPP), that is coupled to an aero-elastic
simulator. The coupled model is able to compute the aero-
elastic non-stationary dynamic response of a wind turbine
reflecting its behaviour under the effect of leading edge
erosion and varying inflow conditions over an extended
period of degradation time horizon. Furthermore, we
review and discuss potential approaches from recent work
in probabilistic and machine learning approaches to solve
the problem of spatio-temporal dependent diagnostics.
The aim is to (1) identify the specific blade subject to
leading edge erosion degradation, (2) localize the erosion
damage along the span of the blade(s), and (3) classify
the type/stage of erosion, which could be regarded as
either the inverse problem of reconstruction for the lift
and drag coefficients, or a problem of finding the optimal
discriminants for erosion versus other effects. This is a
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time dependent multi-class and multi-label problem. We
explore the central themes of this problem along two axes:
(1) whether or not a forward model is known and to what
extent it is adopted in training and testing, and (2) whether
or not the learning is supervised or unsupervised, i.e.,
whether or not the training relies on access to matched
ground truth and measurement pairs.

2 DEGRADATION MODEL
Leading edge erosion is caused by variations in the blade
surface temperature, raindrops, hailstones or other particles
impacting the leading edge of the blade. It could also be
initiated by errors during manufacturing, when applying
the blade surface protective/paint coatings. This causes
the surface material to be removed from the blade surface,
leaving a rough profile that degrades the aerodynamic
performance and, on the long term and if left untreated,
impacts the structural integrity of the blade. Blade erosion
may be more predominant in the sectional regions, where
the local flow velocity is higher as this induces more
energetic impacts with soiling or eroding elements. This
is further exacerbated by the relatively greater impact
the outboard region has on overall rotor performance.
In addition, the Reynolds number and inflow turbulence
influence the airfoil transition location and subsequently
the aerodynamic performance of the wind turbine blades.
As a result, it is not plausible to simulate all possible
stages of LE erosion and uncertain inflow conditions; we
therefore opt for a more pragmatic approach. Erosion
initially initiates on the blades in the form of pits near
the leading edge on the pressure side. These pits develop
gradually over time into gauges, then steadily grow in their
size and constitute to form as delaminations. In [2] we
find an analysis of the effect of erosion at the leading edge
on the aerodynamic performance of the DU96−W −180
airfoil and categorized erosion from pits to delamination
in different types and stages. Each combination of type
and stage of erosion has associated with it aerodynamic
polar curves (CL,CD,CM).

We propose a two-step empirical spatio-temporal
stochastic model of leading edge erosion. Step 1 of the
model includes a damage process that occurs at random
times emulating the non-stationary time of arrival of degra-
dation and its magnitude, with 9 discrete states (what we
will call damage categories: one combination of type and
stage of leading edge erosion amounts to a single category)
based on Non-Homogeneous Compound Poisson Process
(NHCPP) to describe the random degradation of the blade
surface and implicitly its aerodynamic properties [2]. The
assumption that erosion events occur at a constant rate
is unrealistic. Erosion tends to develop more severely
over certain time periods, for instance due to seasonal

variations (e.g. rain and hail). Non-homogeneous Poisson
processes modify the definition of a Poisson process
so that it can incorporate time-dependent rate. NHCPP
is adopted to alleviate the unrealistic assumption that
erosion events occur at a constant rate. Erosion tends to
more heavily develop in certain intervals due to seasonal
variations (e.g. rain), or periods of high wind speed (e.g.
rotor speed is higher). The model incorporates one or
more sections (adjacent or disjoint) along the span of the
blade(s) affected by erosion, but are assumed to undergo
independent degradation processes. In step 2 the local
leading edge degradation manifests by physical changes in
the aerodynamic polars. This step generates an ensemble
of stochastic aerodynamic polars for every category of
leading edge erosion in NHCPP by parametrizing the lift
and drag coefficients curves [3].

The task is to formulate a NHCPP {N (t) , t ≥ 0}
with rate λ (t) on the time interval t ∈ [0,T ]. A sample
path of a NHCPP emulates two main properties in the
proposed leading edge degradation model: (1) random time
of arrival, 0 ≤ τ1 ≤ τ2 ≤ ...: these are the time instances
corresponding to change in the degradation level of an
airfoil cross-section aerodynamic properties (so-called
shocks), and (2) magnitude of change {Yn,n ≥ 1} in the
degradation level of an airfoil cross-section aerodynamic
properties at the nth time of arrival. For a probabilistic
assessment, many NHCPP paths are sampled. The most
common shock models can be constructed from the Pois-
son process when each event is independent of all other
events in the process. In this case, the time between shocks
is exponentially distributed and changes in the state of the
structure (deterioration) are assumed to be deterministic
and of intensity equal to 1. Thus, every time an event
occurs, the system deteriorates one unit. On the other hand,
a compound Poisson process is a stochastic process, which
takes into consideration the randomness of jumps [4]. In
this work we propose to model the stochastic degradation
process of a wind turbine blade leading edge erosion
using a NHCPP over a given finite time horizon. The non-
homogeneous Poisson process is suitable given the fact
that the rate of leading edge erosion is not constant in time
(time-dependent arrival rates); on the short time scales
(hourly) it is dependent on the rotor speed (implicitly due
to variations in the magnitude of the wind speed), and on
the longer time scales it is dependent on seasonal variations
such as rain intensity, and changes in environmental
temperatures. We thus infer that the rate of occurrence
of shocks is periodic. In addition, leading edge erosion
consists of limited and finite number of types and stages
resulting in varied and non-stationary incremental effects
(severity) on the sectional aerodynamic polar curves. It is
in fact pragmatic to assume that leading edge erosion has a
finite number of types and stages, because these types and
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stages could be categorised (e.g. via field observations),
and their impact on aerodynamic properties emulated and
quantified in a wind tunnel [2]. We implement a compound
Poisson process, which is a very useful extension of a
Poisson process. A compound Poisson process replaces
the unit jumps of a Poisson process with random jump
sizes. The jumps magnitude at the nth arrival time has value
Yn,n ≥ 1 attached to it. The successive Yn are assumed to
be independent and identically distributed positive random
variables each having the same distribution, and are also
assumed independent of the underlying Poisson counting
process of shocks.
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Fig. 1: Lift coefficients for NACA64618 for the 9 cate-
gories of leading edge erosion.
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Fig. 2: Drag coefficients for NACA64618 for the 9 cate-
gories of leading edge erosion.

The non-homogeneous Poisson process is similar to
an ordinary Poisson process, except that the average rate
of arrivals per period is allowed to vary with time. A non-
homogeneous Poisson process is in fact a Markov process.
A classic definition of the Non-Homogeneous Poisson
Process is defined as follows [5]; Let λ (t) : [0,∞)→ [0,∞)
be an integrable function. The counting process {N (t) , t ≥
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Fig. 3: Samples of the NHCPP of the leading edge erosion
on 5 sections along the span of blade 1 over a 14-year
period (168 months).

Fig. 4: Degrading static CL for NACA64618 as input to the
aeroelastic simulations, generated via the NHCPP model.

0} is called a non-homogeneous Poisson process with rate
λ (t) if all the following conditions hold:

1) N (0) = 0
2) ∀t, s ≥ 0, and 0 ≤ u ≤ t, Nt+s −Nt is independent of

Nu
3) ∀t, s ≥ 0, P(Nt+s −Nt = 0) = 1−λ (t)s+o(s)
4) ∀t, s ≥ 0, P(Nt+s −Nt = 1) = λ (t)s+o(s), and
5) ∀t, s ≥ 0, P(Nt+s −Nt ≥ 2) = o(s)

where, s is a a very short interval of time. Here o(s) is
a function that is negligible compared to s, as s → 0.
Assuming o(s) = g(s), then:

lim
x→0

g(s)
s

= 0

Currently, the most popular approach for generating
Non-Homogeneous Poisson processes is the “process
analogue” of acceptance-rejection called thinning. This
is the algorithm we use in our model. The procedure is as
follows:
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1) Choose λu such that λ (t)≤ λu∀t ∈ [0,T ]
2) Initialize t = 0 and I = 0
3) Generate u1 U (0,1)
4) Set t ← t − 1

λu
logu1

5) If t > T , stop; Else go to next
6) Generate u2 U (0,1), independent of u1

7) If u2 ≤ λ (t)
λu

, set I = I +1; S (I) = t
8) Go to Step 3

In the above procedure, the ratio λ (t)
λu

is the so-called
thinning probability. In our model λu is chosen as the
maximum of the rate function λ (t). For long degradation
periods, it might be necessary to break [0,T ] into small
intervals and pick a λu for each interval in order to avoid a
high rejection rate. This is known as piece-wise thinning.
At the end of this procedure, the event times S (I) (arrival
times) and the counting process are yielded according
to the Non-Homogeneous Process. Finally, for a non-
homogeneous Poisson process with rate λ (t), the number
of arrivals in any interval is a Poisson random variable;
however, its parameter can depend on the location of the
interval. More specifically, we can write:

N (t + s)−N (t)∼ Poisson
(ˆ t+s

t
λ (α)dα

)
(1)

Now introducing the Compound Poisson Process, we
assume that Y = (Y1,Y2, . . . ) is a sequence of independent,
identically distributed, real-valued random variables, and
that Y is independent of the underlying Poisson process.
The compound Poisson process associated with the given
Poisson process {N (t) , t ≥ 0} and the sequence Y is the
stochastic process Z = {Zt , t ≥ 0}, where:

Zt =
N(t)

∑
n=1

Yn (2)

In our case, we assume that damage is always positive,
i.e., that P(Yn ≥ 0) = 1, and the damage accumulates
additively according to Zt in Equation 2. In our model
Zt represents the cumulative amount of erosion incurred
on the blade section at time N (t). We have categorised 9
levels of erosion degradation reflected in the lift and drag
coefficients of the airfoil section, as shown in Figures 1-
2. Of course, other categorization can be made. It must
be made clear that the final state of degradation leads to
the loss of function of the blade, not in the sense of a
catastrophic loss (e.g. rupture), but rather the blade loses
its ability to generate lift efficiently. At this stage, we
assume that once the blade section has reached level 9
of erosion, the process stops under the assumption that
any further degradation is turned very slow, since all the
surface protective/paint coatings have already delaminated,
as shown in Figure 3. We adopt a classical approach

whereby Y1,Y2, ...,Yn are each exponentially distributed
according to density:

gY (y) = μ exp−μy (3)

with μ = 2 in our model. It follows then that the sum
Y1+Y2+ ...+Yn is Gamma distributed G(n) (z). For details,
please refer to [6], [7].

Finally, for an overview, we present the main ingre-
dients of the model which include a (1) spatio-temporal
stochastic damage process and (2) a generator of stochastic
ensemble of degrading airfoil aerodynamic polars:

• We introduce NHCPP to modify the definition of a
Poisson process so that it can account for periodic
time-dependent rate.

• Temporal degradation evolves from a given category
of erosion at time τi to an equal or worst category at
time τi+1 (repairs/interventions not considered).

• A gradual transition phase allowing degradation to
smoothly shift to a higher category upon the arrival
of a shock, i.e. transition is not instantaneous.

• 9 categories of leading edge erosion degradation, as
per the definition in [2].

• For each degradation category we generate a stochas-
tic ensemble of airfoil aerodynamic polars to repro-
duce uncertainties such as Variations in wind tun-
nels measurements, 3D rotational correction, surface
roughness, geometric distortions, effect of Reynolds
number, extending airfoil data to post stall, validation
of airfoil data by full scale wind turbine measure-
ments in the field or wind tunnel, etc [3].

• Multiple sections along the span of the blade can be
affected by the degradation. These sections could be
adjacent or disjoint. However, the sections on each
blade are assumed to undergo independent degrada-
tion processes. LE erosion occurs on B ∈ [1,3] blades,
and K ∈ [1,5] distinct sections.

3 SIMULATED EXAMPLE
Our coupled aero-servo-elastic simulations with the pro-
posed NHCPP leading edge degradation model setup is
based on the OpenFAST numerical simulator. OpenFAST
[8], developed by the National Renewable Energy Labo-
ratory, is a coupled aero-hydro-servo-elastic analysis tool
for modeling wind turbines. The primary use of Open-
FAST is to run nonlinear time-domain simulations. The
simulations in OpenFAST considered the reference NREL
three-bladed up-wind, horizontal-axis wind turbines with
126 m rotor diameter, 5 MW rated power and hub height of
90 m. OpenFAST is a wind-turbine-specific nonlinear time-
domain simulator that employs a combined modal and
multibody dynamics formulation, adopting limited degrees
of freedom (DOF). Since OpenFAST models flexible
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elements using a modal representation, the reliability of
this representation depends on the generation of accurate
mode shapes by the engineer, which are then used as input
into OpenFAST. Large structural elements (blades and
tower), are characterized by properties such as stiffness
and mass per unit length, which account for flexibility
characteristics. OpenFAST models the turbine dynamics
using 24 degrees of freedom (DOFs), including two blade-
flap modes and one blade-edge mode per blade, two fore-
aft and two side-to-side tower bending modes, nacelle
yaw, the generator azimuth angle and the compliance
in the drive train between the generator and hub/rotor.
The aerodynamic model is based on the unsteady Blade
Element Momentum theory, including skew inflow, dy-
namic stall and generalized dynamic wake. The Blade
aerodynamic polars are provided as a-priori input and are
used as lookup tables or for interpolation. In our case the
aerodynamic polars correspond to the degrading lift and
drag coefficients generated in the NHCPP, as shown in
Figure 4. The stochastic input wind field uses the Kaimal
turbulence model [9]. A common practice is to generate
a significant number of stochastic simulations for various
operating and environmental conditions in order to cover
variability on aeroelastic fatigue and extreme load analysis
due to the stochastic nature of the input wind field and
variability in weather patterns over long time horizons
(> 1-year). We simulate 14 years worth of wind turbine
operation with blades leading edge erosion degradation.
We generate one sample every six days, resulting in a total
of 840 simulated samples. Every sample is a 600-second
multi-variate time series with 228 sensor signals each. Few
examples of the time series signals are shown in Figure 5-8.
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Fig. 5: Sample hub height wind speed. (Black) beginning
and (Red) end of degradation period.

We can now start performing exploratory analyses
based on the generated time series, for instance by mon-
itoring the evolution of the operational CL

CD
ratio at the

airfoil profile corresponding to 95% of the blades span, as
shown in Figure 9. The next section overviews methods
for treating the data to make inference on leading edge
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Fig. 6: Sample lift coefficient at the airfoil profile corre-
sponding to 95% of the span of blade 1. (Black) beginning
and (Red) end of degradation period.
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Fig. 7: Sample flapwise bending moment at the root of
blade 1. (Black) beginning and (Red) end of degradation
period.
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Fig. 8: Sample tower top side-side acceleration. (Black)
beginning and (Red) end of degradation period.

erosion degradation.

4 REVIEW OF DIAGNOSTIC METHODS
We review candidate probabilistic and machine learning
approaches which are able to solve the problem of spatio-
temporal diagnostics of leading edge erosion on wind
turbine blades, using data recorded by sensors placed
on the wind turbine (e.g. SCADA, accelerometers, strain
gauges, novel aerodynamic pressure sensors, etc.). In
our case, the data originates from the proposed coupled
NHCPP-aeroelastic numerical simulator, but in real appli-
cations the data would originate from direct measurements
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(and possibly augmented by numerical simulations). This
includes methods, which have not been specifically applied
to wind turbine blades in the past, but which have the
potential to be used in this context; a context that can
broadly be described as a multivariate time-series (MTS)
classification/clustering problem. Indeed, we are interested
in feeding an input sample comprised of multiple time-
dependent signals into an algorithm which can predict the
degradation status (class) of a blade. Extending our review
to encompass MTS methods allows us to explore promis-
ing machine learning methods from diverse fields unrelated
to structural health monitoring: finance, anomaly detection,
sound (speech, music) analysis, seismology, meteorology,
human health signal (EEG and ECG) interpretation, etc.

A first class pertains to multivariate time-series classifi-
cation. If the forward model of the problem is known, each
data sample can be given a label and the problem becomes
a supervised classification task. Many methods have been
developed to classify multivariate time-series data [10].
One distinction can be made between methods which first
extract features that are then passed to a classifier [11] and
those that use the raw time-series data [12].

There are many ways to construct features from time-
series data, ranging from statistical methods to domain
dependant feature engineering. One popular class of
methods relies on distance-based metrics to evaluate the
similarity between time-series data [13]. Another recent
feature-extraction approach named ROCKET [14] pro-
posed the use of random convolutional kernels to build
feature vectors from multivariate time-series data, which
is then passed into a standard ridge classifier. This method
achieves state-of-the-art accuracy on the UCR time-series
archive data [15], with relatively low computational cost.
Bag-of-pattern models [16] are another common class of
sequential data feature building methods. These algorithms

function by first cutting a time-series sample into an ensem-
ble of subsequences, then by discretizing the subsequences
into ’words’ (identifiers built from symbols taken from a
common alphabet), and finally by constructing the feature
vector via a word count histogram on the ensemble of sub-
sequences. [17] proposed an extension of bag-of-pattern
models which can be applied to multivariate time-series
data. Other methods leverage the strength of Convolutional
Neural Networks [18] (CNNs) for image classification, by
converting the time-series data into feature images which
are then fed to a CNN [19].

Raw MTS data classification is challenging for tra-
ditional methods, as it can be difficult to extract useful
information in noisy, complex data. However, neural net-
works are particularly well suited for this task [20], thanks
to their ability to learn hidden discriminative features.
CNNs have been used to directly classify samples in the
context of prognostic health management [21], surgeon
skill classification tasks [22] and more [23]. Recurrent
neural networks [24], by design, are especially effective
at solving tasks relating to sequential data, and have been
used to successfully classify clinical measurements [25]
and action recognition tasks [26]. Graph Neural Networks,
a class of deep learning methods developed for graph-
structured data, have also been applied to multivariate
time-series classification tasks [27], thanks to a method
which first learns how to construct an adjacency matrix
and a feature matrix from the raw data. We could envisage
constructing an attention-based spatio-temporal Graph
Transformer Neural Networks [28] in order to effectively
capture the dynamic spatial relations and temporal trends
and correlations in the degrading sections on the three
blades on each wind turbine. This method might be suited
for spatio-temporal degradation problems with very long
time horizon.

Without a known forward model, one must rely on
other methods to gather data labels, which typically call
for painstakingly hand-labeling individual samples. To
avoid this, unsupervised multivariate time-series clustering
machine learning methods can be used to automatically
group time-series data into clusters of similar behaviour
[29]. Most time-series clustering methods utilize features
extracted from the raw data. One must however note that
in an unsupervised learning context, properly extracting
features without relying on domain expertise is challenging
and has a big impact on clustering performance [30].
To combat this, one recent trend has been to use neural
networks to learn the optimal feature representation of
time-series data, which can then be passed to standard
clustering algorithms [31]. Transformers [32], a recently-
proposed class of recurrent neural networks that use
complex attention mechanisms, have also been used to
learn the representation of multivariate time-series for
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classification or clustering tasks [33].
It is worth noting methods designed for unsupervised

anomaly detection [34], as this is essentially a binary
clustering problem. Traditional methods for time-series
anomaly detection often rely on similarity metrics [16],
[35], [36], which often have difficulty capturing non-
linearity and contextual anomalies (i.e. behavior that is
nominal at a certain time but abnormal at another). Deep
learning methods excel at modeling non-linear behavior
and have proven to be effective at anomaly detection
[37]. Long Short Term Memory (LSTM) Networks [38]
were used to detect anomalies in [39], and CNNs were
used in the work of [40]. Recently, [41] suggested using
General Adversarial Networks (GANs) to detect anoma-
lies in multivariate time-series data. GANs [42] are an
increasingly popular class of generative neural networks,
usually used in computer vision tasks, which operate by
training two competing neural networks, a generator and a
discriminator, in a zero-sum game.

To what concerns application of machine learning for
wind turbine blades condition monitoring [43], a number
of methods have been reported in the literature. [44] tested
neural networks to detect changes in the structural health
of a blade, where vibrational frequency response functions
were used as input features. [45] trained a CNN to monitor
SCADA data for possible wind turbine blade breakages,
while LSTMs were implemented to classify different fault
conditions of a model wind turbine test rig using multi-
variate sensor recordings in [46]. In terms of "shallow"
machine learning approaches, Support Vector Machines
were trained to differentiate healthy and damaged states
of a model wind turbine, using features extracted from
a dataset comprising of active acoustic recordings in a
paper by [47]. Furthermore, in the work of [48], decision
trees were applied to features extracted from vibration data
gathered on a model wind turbine, in order to diagnose
different fault scenarios. Finally, [49] proposed using
random forests to predict if ice is present on a wind turbine
blade, based on SCADA data.

5 CONCLUSION AND OUTLOOK
We successfully implemented a stochastic spatio-temporal
empirical model of leading edge erosion degradation based
on Non-Homogeneous Compound Poisson Process and
coupled this to the non-linear time marching OpenFast
aero-elastic wind turbine computer simulator. The coupled
model is able to compute the aero-elastic non-stationary
dynamic response of a wind turbine reflecting its behaviour
under the effect of leading edge erosion and varying inflow
conditions over an extended period of degradation time
horizon (14 years in our case). We further outline several
candidate probabilistic and machine learning approaches,

which are able to solve the problem of spatio-temporal
diagnostics of leading edge erosion on wind turbine blades,
using data recorded by sensors placed on the wind turbine
(e.g. SCADA, accelerometers, strain gauges, novel aerody-
namic pressure sensors, etc.). We identified - and soon will
be implementing - attention-based spatio-temporal Graph
Transformer Neural Networks as a promising candidate
to effectively capture the dynamic spatial relations and
temporal trends and correlations in the various degrading
sections amongst the three blades on each wind turbine.
An attractive feature of this method is that it is well-suited
for spatio-temporal degradation problems with very long
time horizon.
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Campus Gustavo Galindo Km. 30.5 Vı́a Perimetral, P.O. Box 09-01-5863, Guayaquil, Ecuador.
2 Universidad ECOTEC,

Km. 13.5 Vı́a a Samborondón - Guayaquil, Ecuador.
3 Control, Modeling, Identification and Applications (CoDAlab), Department of Mathematics,
Escola d’Enginyeria de Barcelona Est (EEBE), Universitat Politècnica de Catalunya (UPC),
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ABSTRACT: In the last years, there has been an increase in the number of places where wind power is exploited to generate
energy through the use of wind turbines (WTs). In this sense, with the increasing of installation capacity of wind power,
advanced fault detection (FD), and classification strategies have become crucial to accomplish the required levels of reliability
and availability. In this work, the WT we consider is subject to different types of faults on actuators and sensors and only is
increased the sampling frequency in the already available (in all commercial WTs) sensors of the Supervisory Control and
Data Acquisition (SCADA) system to develop the strategies. Support vector machine (SVM) and Extreme Gradient Boosting
(XGBoost) algorithms are used to classify the different faults. One of the challenges of this research is that the disturbance
signal (the wind) is unknown. A generic 5 MW WT benchmark model was used to evaluate the proposed approaches and the
comparative results demonstrate that the proposed methods can significantly enhance the classification performance.

KEY WORDS: Wind turbine; Multi-fault classification; SVM; XGBoost; SCADA; Data augmentation.

1 INTRODUCTION

Due to the increasing world-wide contamination, produced by
the dependency of nonrenewable energy, at the present time
a noticeable inclination towards renewable energy resources
to produce a low environmental impact. One of the energy
alternatives that has more acceptance is the wind and it is
mainly because of this growth that the installation of WT farms
is more frequent.

The Global Wind Energy Council (GWEC) presented an
annual report showing that installed wind power capacity had
reached 650 GW by the end of 2019, a growth of 10 per cent
compared to last year [1], see Figure 1. The report estimated
that installed wind power would have to be 800 GW by the end
of 2021 and 840 GW by the end of 2022 to achieve the global
CO2 emission reduction targets. If the wind industry continues
to grow, the technology will also continue to improve, and the
costs of installing wind projects will continue to decline [2],
[3].

As a result of this, in the last years there has been an
increase in the number of places where the wind power is
exploited to generate energy using WTs. In this sense, with
the increasing of installation capacity of wind power [5],
a big challenge for wind power plants (WPPs) appears, in
order to reduce the operation and maintenance (O&M) costs.
These costs can easily overcome the 20% of the total energy

Figure 1. Total cumulative and yearly installed world wind power capacity
[4].

generation cost for WPPs [6]. Following this perspective, when
a WT is under downtime, its efficiency significantly decreases
and in consequence O&M costs increase, see [7] and [8].
To give a solution to this problem, conditioning monitoring
systems (CMSs) have been developed, see [9]. The purpose
of this tool is to know the actual state of a component in order
to provide a reliable indication of the presence of a fault on
it, so that actions can be planned and downtime minimized,
thus leading to a reduction of O&M costs [10].

Condition monitoring is crucial for wind power to be cost-
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competitive, and even more for offshore wind farms where
bad weather conditions (e.g., storms, high tides, etc.) can
prevent any repair actions for several weeks. Early detection
and classification of failures in WTs have become essential
to increase the cost-competitiveness of WT utilization, since
preventing failures and providing timely maintenance reduces
the cost of repairs and the inoperative time of the affected
turbine, which can extend up to various weeks.

Fault detection systems are used to provide alarms about the
deterioration of the state or the failure of different components
of a WT based on different types of information (parameters
or signals) obtained by many types of sensors. Figure 2
shows that the electric and control systems and the others
category present the highest failure rates. The gearbox is the
most critical component regarding downtime, followed by the
electric system, the generator, and the braking system, see [4].

Figure 2. Average WT component failure rate (Y-axis) and downtime (bubble
size) [4].

Several studies in the more recent trend focus the analysis
in a specific part of the WT, requiring the most appropriate
sensors, its best position in the sub-assembly and the best
strategy to extract the most important information. All these
requirements mean an increase of costs, however, there are
alternatives to avoid it, i.e.,without using additional sensors
or other devices. All industrial size WTs installed nowadays
are integrated with a SCADA system which monitors the
main components. The SCADA system typically monitors
parameters such as temperatures of bearings, lubricating oil,
windings and vibration levels of driven train, see [11]. An
important amount of data is stored regularly by the SCADA
system [12], which can be used to diagnose the turbine
condition.

In recent years, several efforts have been carried out in
order to use SCADA data to detect and/or predict faults in
WTs by using machine and deep learning techniques. For
example, from WPP in China real-world SCADA data was
recollected and using PCA (Principal Component Analysis) a
FD framework was developed [13]. Likewise, in Southern Italy
a fault prediction model in WT gearboxes was proposed, by
using artificial neural networks (ANNs) and tested with real-
world SCADA data [14]. In the other hand, a SVM model has
been used to detect and classify WT faults in [15].

One of the major drawbacks when using SCADA data is
the 10-minute sampling period. This low-frequency resolution

negatively affects the diagnosis capabilities, and may hide
short-lived events [15]. As stated in [16] and [17], this work
utilizes SCADA data with an additional high but feasible
(1s) frequency from the sensors. Then, and following the
above mentioned ideas, in this work we propose two different
strategies to detect and classify (through SVM and XGBoost)
multiple WT faults using only conventional SCADA data and
compare their results.

This paper is organized as follows. In Section 2, the used
data description and its pre-processing is shown. Section 3
states the methodologies used in this paper. The obtained
results are presented and discussed in Section 4. Section 5
draws the conclusions and future work.

2 DATA

2.1. Data Acquisition
Data is obtained from a 5 MW baseline WT model [18]

(whose main features are shown in Table 1) simulations using
the aeroelastic WT simulator software, FAST [19]. This WT
is a conventional three-bladed upwind variable-speed variable
pitch-controlled turbine. In this kind of systems usually noise
blocks are included because they represent the measurement
noise due to electrical noise. A sampling period of 0.0125 s
is used in the simulations, a characteristic value for FAST
simulation software. However, the used data for WT were
sampled to a sampling period of 1 s. Traditional SCADA data
have a 10-minute average sampling frequency. In this paper,
following [17], it is proposed to make use of conventional
SCADA data with a realistic additional higher-frequency sam-
pling from the sensors (i.e., 1 sample/s).

Table 1. Principal features of the WT.

Reference WT Data
Rated power 5 MW

Number of blades 3
Rotor/ Hub diameter 126 m, 3 m

Hub height 90 m
Cut-in wind speed 3 m/s

Cut-out wind speed 25 m/s
Rated wind speed 11.4 m/s

Rated generator speed 1173.7 rpm
Gearbox ratio 97

In order to produce more realistic WT simulations, these
are also performed using wind modeling data generated from
NREL’s stochastic turbulence and wind flow simulator, Turb-
Sim [20], to generate wind speed using numerical analysis,
forming time series of 3-component speed vectors. For this
research, TurbSim simulations were performed under the fol-
lowing wind parameters: Kaimal turbulence model with 10%
intensity, at hub height, with the wind moving logarithmically
at an average speed of 18.2 m/s and with a stiffness factor
of 0.01 m.

Finally, utilizing the given inputs and implementing a
SCADA system, which contains various sensors that are shown
in Table 2, into the FAST software, 260 simulations of 60
seconds each were performed. Every individual simulation
creates a dataset, so in total 260 datasets were generated.
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Table 2. Description of the available sensors in the WT.

Number Sensor Type Symbol Unit Noise Power
S1 Generated electrical power Pe,m W 1.0x10+1

S2 Rotor speed ωr,m rad/s 1.0x10−4

S3 Generator speed ωg,m rad/s 2.0x10−4

S4 Generator torque τc,m Nm 9.0x10−1

S5 Pitch angle of first blade β1,m deg 1.5x10−3

S6 Pitch angle of second blade β2,m deg 1.5x10−3

S7 Pitch angle of third blade β3,m deg 1.5x10−3

S8 Tower top fore-aft acceleration αfa,m m/s2 5.0x10−4

S9 Tower top side-to-side acceleration αss,m m/s2 5.0x10−4

2.2. Faults

As already mentioned, 260 simulations were generated from
which 100 correspond to healthy simulations and 160 to
faulty simulations, where each type of fault has 20 associated
simulations, as we show in Table 3. Likewise, each simulation
has 600 s of duration, however, we were not able to use all
this time but only the last 400 s because it is the stable state,
while the first 200 s corresponds to the transient state.

In this work, the eight different faults are contemplated
in the fault tolerant control benchmark [21] covering various
subsystems of the WT. The first subsystem considered is the
pitch actuator (PA) whose failures result in a change in system
dynamics (CSD) due to high air content in oil (fault 1) or
hydraulic leakage (fault 3), or also pressure drop because of
pump wear (fault 2). These PA failures affect directly the
values of the natural frequency (ωn) and damping ratio (ξ)
of the system, see [22] for more detailed specification. Gain
factor failure (fault 4) is produced in the generator speed
sensor and occurs because its encoder reads wrong values due
to dirt presence in the rotating part of the encoder. Failures
in the pitch position sensor (fault 5 and 6) have also been
considered whose origin could be mechanical or electrical and
can result in a fixed value on the position of the WT blade. This
is one of the most important failures to prevent because of the
damage it can cause in the system [23], [24]. Finally, another
considered failure is the offset torque produced on the main
shaft of the WT pitch (fault 8) due to manufacturing defects
or internal damage in converter electronics. It can cause a very
severe torque control disturbance.

2.3. Data Standardization

The data comes from different type of sensors and with
different magnitudes, thus standardization is an important step
in the preprocessing of the data. Here z-score standardization
is used, leading to a zero mean data set with standard deviation
of one. To compute the mean and standard deviation of the
raw data, the next equations are used:

μi =
1

N

N∑
i=1

xij , j = 1, 2, ..., JK, (1)

σi =

√√√√ 1

N

N∑
i=1

(xij − μij)2, j = 1, 2, ..., JK, (2)

where μij and σij are the mean and standard deviation,
respectively, of all the values taken along the column j and
covering row by row. A normalized value is represented and
computed following the next equation:

x̄ij =
xij − μj

σj
, j = 1, 2, ..., JK (3)

2.4. Data Reshape

As it is presented in [22], a essential point for FD is to
minimize the detection time without affecting the accuracy
and using all the available SCADA data. In this work, this
detection time (Td) is the needed time to collect the data from
the sensors. The FD requirements given in the model for the
corresponding faults are described in [25]. Likewise we also
handle the sampling time (Ts) which is the frequency with
which we collect data from the sensors. Both times are related
as follow:
• F8 is the most severe fault because it is related to the

torque actuator of the WT. It is necessary to comply that
Td < 3Ts.

• F1 is related to the pitch actuator and in this sense it has
a high varying dynamic. It is necessary to comply that
Td < 8Ts.

• F4, F5, F6 and F7 are related to the generator speed
sensor and pitch sensor. It is necessary to comply that
Td < 10Ts.

• F2 and F3 are related to the pitch actuators, which have a
slow dynamic. It is necessary to comply that Td < 100Ts.

Taking into account the most restrictive requirements, we
have decided to choose the top three and in that sense propose
a reshaping of our data of the following way:
• Samples of only J = 3 time steps (it approximately

supposes a detection time of 3Ts).
• Samples of only J = 8 time steps (it approximately

supposes a detection time of 8Ts).
• Samples of only J = 10 time steps (it approximately

supposes a detection time of 10Ts).
Next is explained how to distribute the data in order to

comply with the defined time steps. Recall that the dataset
has 260 simulations of 400s duration for each one of the
nine sensors. This can be imagined as a matrix where each
row represents a simulation and each column represents every
second in a range from 0 to 400s. In total nine matrix are
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Table 3. Details of the experimented faults by the WT during the simulation.

Number Fault Type
F1 Pitch actuator - High air content in oil Change in system dynamics
F2 Pitch actuator - Pump wear Change in system dynamics
F3 Pitch actuator - Hydraulic leakage Change in system dynamics
F4 Generator speed sensor Gain factor (1.2)
F5 Pitch sensor Stuck value (β3,m = 5deg)
F6 Pitch sensor Stuck value (β3,m = 10deg)
F7 Pitch sensor Gain factor (1.2)
F8 Torque actuator Offset value (2000 Nm)

obtained because there are nine sensors. The equation (4)
shows how data is initially stored, for each sensor, in matrix:

⎛
⎜⎜⎜⎜⎜⎜⎝

x
(k)
1,1 x

(k)
1,2 · · · x

(k)

1,� 400
J �J

x
(k)
2,1 x

(k)
2,2 · · · x

(k)

2,� 400
J �J

...
...

. . .
...

x
(k)
260,1 x

(k)
260,2 · · · x

(k)

260,� 400
J �J

⎞
⎟⎟⎟⎟⎟⎟⎠

(4)

where k represents the sensor (k = 1, 2, 3, ..., 9). There are 260
rows since there are 260 simulations and

⌊
400
J

⌋
J columns,

where J represents the defined time steps.
Afterwards, each simulations is splitted according to J . For

example, if J = 8 and we have 400 time stamps we split the
row in 50 pieces, that is, the row we had initially now it has
been transformed into 50 rows. In general, it can be expressed
as we show in Equation (5).

⎛
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(5)

In a nutshell, our initial matrix has been rewrote as a matrix
with J multiplied by the number of sensors, as number of
columns and the number of simulations multiplied by the
number of partitions of each row, as the number of rows (see
Table 4). Then, for the three values of J time steps is obtained:
• A matrix with 34580 samples (or rows) and 27 columns,

when J = 3.

• A matrix with 13000 samples (or rows) and 72 columns,
when J = 8.

• A matrix with 10400 samples (or rows) when 90 columns,
when J = 10.

2.5. Data Augmentation

Many applications has lack access to big data and it can
be a problem when machine learning techniques need to
be introduced. As a strategy, there are some techniques to
augment data or even to generate synthetic data. Based on
[26] a strategy to perform data augmentation is implemented.
This technique consist in using each time stamp like the
beginning of a new sample accompanied by the next time
stamps. According to this, the same number of columns is
obtained but the number of rows samples is augmented. Next,
is shown how much data is obtained doing data augmentation
for all mentioned J time steps:
• For J = 3 we turned from 35k rows to 138k rows, i.e.

we augmented data in 400%.
• For J = 8 we turned from 13k rows to 117k rows, i.e.

we augmented data in 900%.
• For J = 10 we turned from 10k rows to 114k rows, i.e.

we augmented data in 1100%.

2.6. Data Split

For all implemented models the available data is divided in
two datasets: training and testing. The training dataset is used
to fit the model. On the other hand, a testing dataset is used
to evaluate the fitted model and measure its performance. In
this case is assigned a ratio of 85% to training dataset and the
resting 15% for testing dataset.

3 MULTI-FAULT CLASSIFICATION MODELS

Two different supervised learning models are tuned-up,
trained with the same generated dataset (as explained in
Section 2) and compared based on specific metrics such
as: accuracy (ACC), Matthews correlation coefficient (MCC),
training time, prediction speed and generated confusion ma-
trix. The best hyper-parameters are empirically selected after
multiple training procedures.

3.1. Common setup used by Support Vector Machine

Support Vector Machines have shown a remarkable resis-
tance to overfitting, are a fast optimization algorithm, solve
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Table 4. Data reshape along the nine sensors and the total of simulations.

Sensor (1) Sensor (2) · · · Sensor (9)
1 J 2J 9J

1

Simulation 1
400
J

· 1

Simulation 2
400
J

· 2

...

Simulation 260
400
J

· 260

both, classification and regression problems and handle thou-
sands of training examples. Those are the main reasons of its
multiple applications in real-world scenarios.

The main aim of SVM is to find a hyper plane that best
fits the classification based on the maximum margin at which
the support vectors are generated and thus be able to create a
division between the classes of the training data and thus be
able to predict to which side of the hyperplane a certain input
belongs [27].

To explain with more in detail, let (X, d) be a compact
metric space with d-dimensions and Y = 1,−1 a label
assigned for each X, so it is fulfilled that f : X → {1,−1}
is a function from X to Y which divides the given space X
into classes defined by Y. So, the equation that describes a
hyperplane and is defined by:

f(x) = ωTX + b (6)

It is known that ω is the wight vector and b represents the
bias and based on Equation (6) it is possible to mathematically
represent the support vectors of a give hyperplane as follows:

ωTXsv+ + b = 1 (7)

ωTXsv− + b = −1 (8)

Where Xsv is the distance between the hyperplane and the
closest sample of each class. So, each X will be classified as
1 or -1 based on which support vector is nearest to that given
input. A more in-depth and formal analysis of the mathematics
behind SVM can be found in [28].

For the implementation is used scikit-learn library from
Python where the SVM algorithm is based on libsvm [29] and
are define some hyper-parameters in order to achieve improved
results. In this research a SVM model was trained with the
preprocessed data obtained from Section 2 and with the hyper-
parameters shown in Table 5. Where radial basis function
(RBF) is a kernel based on the Euclidean distance metric
(shown in Equation (9)) and that governs on the behavior of
the generated hyperplane and γ is a coefficient from RBF

that defines how far the influence of a single training example
reaches, could be analyzed as the inverse of the radius of
influence of samples from support vectors, where x and x′

are different samples [30],

K(x, x′) = exp
(
−γ ||x− x′||2

)
, (9)

while decision function is the function that classifies the
samples based on given labels, and C is a regularization
parameter of the decision function. For more information, see
[29].

Table 5. SVM Parameters.

Parameter Value
Kernel Radial basis function (RBF)

γ 50
C 10

Decision Function One vs. One

3.2. Common setup used by Extreme Gradient Boosting

Extreme Gradient Boosting (XGBoost) is a machine learn-
ing method based on boost of decision trees algorithms in
order to improve their accuracy or any other metric used to
measure the efficiency of the model. Boosting consists of
employing a machine learning algorithm each time training
it with a different distribution or weighting over the train-
ing examples so the next trained algorithm learns from the
previous algorithm and this process is repeated successively
as many times as specified in the boosting parameters [31].
Therefore XGBoost trains, consecutively, multiple decision
tree (DT) algorithm where each tree boosts attributes that led
to misclassification of previous tree [32].

A brief explanation of the mathematics behind XGBoost is
necessary in order to fully comprehend how decisions trees are
boosted. Therefore let D = {(xi, yi}; (|D| = n, xi ∈ R

m, yi ∈
R), where D is a given dataset that contains n samples of m
features each so xi is a sample and yi their respective label.
A decision tree uses K additive functions to make predictions
based on a given input as in Equation (10).
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ŷi = φ(xi) =

K∑
k=1

fk(xi), fk ∈ F (10)

where F = {f(x) = ωq(x)}; (q : R
m → T, ω ∈ R

T )
corresponds to the vector spaces of regression trees, while
q represents the structure of each tree that assign a sample
to their respective leaf index and T is the number of leaves
in each tree. Each fk represents an independent decision tree
with it own structure q and leaf weights ω [32].

In order to evaluate the efficiency of the XGBoost model
the following regularized objective function is used,

L(φ) =
∑
i

l(ŷi, yi) +
∑
k

Ω(fk), (11)

Ω(f) = γT +
1

2
λ ||ω| |2, (12)

where l is a loss function that measures the difference between
the prediction ŷi and the target yi. The following term Ω is a
penalization function of the complexity of the mode, decision
trees in this case, and that is the reason why this function
depends on the number of leaves (T ) and the weights (ω)
from an specific DT.

As in other machine learning algorithm there are hyper-
parameters that must be defined and tested in exchange for
obtaining higher values on the metrics used to measure the
efficiency of the model. The defined parameters for the trained
XGBoost model are shown in Table 6.

Table 6. XGBoost Parameters.

Parameter Value
Learning rate (eta) 0.4
Maximum depth 30

Objective Multi-classification
Activation function Softmax
Number of classes 9

γ 0.6
Minimum Child Weight 1
Sample columns by tree 0.5

The learning rate us the step size shrinkage that makes
the model more robust by preventing overfitting, γ refers to
the minimum loss reduction required to make a split one
branch of the DT and minimum child weight relates to the
minimum sum of wights required in a child, if the sum of
these wights is less than the defined value then the building
process will do more partitions in that specific child. Sample
columns by tree determines the number of random features
included in each constructed tree, while maximum depth is
the maximum length of the longest path from the root to a
leaf of a DT. The objective parameter specifies if the model
will do regression, binary-classification or multi-classification
and if multiple classification, as in this case, it is important to
define the number of classes as a parameter [33]. Finally, the
activation function defines the output classification of a given
sample, in this case Softmax function is used and is shown
in equation (13). Here zi is an input vector that contains the

features of a sample, K stand for the number of classes in
the classifier, while e(zi) and e(zj) are standard functions for
given input and output vectors respectively [34].

σ(�z)i =
ezi∑K
j=1 e

zj
(13)

4 RESULTS

To evaluate the results and considering the multi-fault clas-
sification problem we introduced two metrics: accuracy (ACC)
and Matthew´s correlation coefficient (MCC). The first metric
is the common indicator we use to evaluate the performance
of a model, where the accurate classifications over the total
tested samples mark how good has been the model to classify
a faulty sample or a healthy sample. It is an uncomplicated
problem when it comes to a binary classification, but when
the classes increased and overall we have unbalanced data the
MCC is a better option to evaluate a classification model. MCC
is an indicator that uses concepts like precision and recall
to generate a more fair performance evaluation measure [35],
taking into account the unbalanced data we have comparing
the healthy class and the faulty classes.

Training the SVM model with the preprocessed data, de-
scribed in Section 2, and using the parameters from Table 5
the results shown in Table 7 are obtained. Also the efficiency
of the model is shown by the confusion matrices from Figures
3 to 5. Analyzing the results of Table 7 we see that with J = 3
we get a better accuracy and it is confirmed by the MCC where
we get also the highest percentage, which indicates both we
got good classifications and we had a good handling of the
unbalanced data. This results show also that we need just a
short temporal window to recognize a fault. Furthermore, it
gives us an additional advantage because the training time for
this time step is shorter than with the other time steps.

Table 7. SVM model results.

Performance J = 3 J = 8 J = 10
Accuracy 96.07% 94.41% 94.22%

MCC 95.15% 93.10% 92.89%
Training Time (s) 2566.10 2660.44 2926.48

Prediction speed (obs/s) 403 480 418

On the other hand, training the XGBoost model with the
same data and the parameters from Table 6 gave the results
presented in Table 8. Also the accuracy of the model is
demonstrated by the confusion matrices shown from Figures 6
to 8. In this case we also see that with J = 3 we get a better
accuracy confirmed by the MCC where we get the highest
percentage. Likewise, this results show that we need just a
short temporal window to recognize a fault. The training time
for this time step is shorter than with the other time steps,
which use is an important point to consider if we want to use
a similar model in production.

5 CONCLUSIONS

Anomaly detection for WT SCADA data is an active
research area in the wind energy community dealing with
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Figure 3. Confusion Matrix from SVM with J=3.

Figure 4. Confusion Matrix from SVM with J=8.

the problem of working with low sample rates. In this work,
two different models for FD were compared using only
conventional SCADA data with an additional, but feasible,
high-frequency sampling from the sensors (1 sample/s).
The conceived methodologies with data augmentation show
exceptional performance, with both considered metrics (ACC
and MCC) giving results greater than 94.22% and 92.89%,
respectively. In particular, a noteworthy overall ACC and MCC
of 97.33% and 96.70% are obtained with data augmentation
and using a XGBoost model with J=3. These results show
that both methods are promising for the development of FD
strategies for WTs.

As future work, other faults will be included involving
misalignment, ice accumulation, and tower damage. Finally,
we will study the contribution of FD strategies that do not
need to have fault samples and only work with healthy data
and thus avoiding to deal with unbalanced data.
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ABSTRACT: Structural health monitoring (SHM) main purpose is to diagnose in time damage that affects the integrity of a 

structure and determine whether repair or reinforcement actions are required to avoid or delay its degradation. Generally, SHM 

strategies consist of the following steps: i) the strategic placement of se! nsors in the overall structure, ii) data collection and 

communication, and iii) analysis of the measured data. It is important to note that in a wide variety of applications guided 

waves, which is a non-destructive approach, is the usual standard. This approach relies on exciting the structure with low 

frequency ultrasonic waves and then sensing the reflected response waves. Thus, the method relies heavily on the fact that the 

input excitation is known and also that other perturbations can be filtered or neglected. On the one hand, in civil infrastructures, 

such as bridges, it is feasible to assume that external perturbations can be neglected or filtered with respect to the induced 

excitation. On the other hand, in other applications, as in aerospace, the structure can only be diagnosed with this approach when 

it is not in service. This type of "not in service" diagnose (the airplane can be diagnosed during no-flight conditions, when it is in 

the hangar) or neglecting the external perturbations (as in SHM for standard civil structures as bridges or buildings) can not be 

straightforwardly extrapolated to the main research area of the present work: wind turbines. On-line and in service SHM for 

wind turbines (WTs) is a must. WTs are extremely large structures subject to remarkable external unknown excitations such as 

wind, and waves in the offshore case. Thus, SHM strategies for WTs must be able to cope with unknown significant external 

excitations making difficult the use of the standard exciting-and-sensing approach. To face this challenge, in this work, a 

vibration-response-only SHM methodology is stated to monitor on-line and during service a WT offshore fixed foundation by 

using only the excitation caused by the external and unknown perturbations. 

Nowadays, the SHM systems for WTs are mostly deployed to blades and tower but research of SHM for offshore support 

structures is still scarce. The usual strategy, regarding offshore WT damage detection, is to identify changes in the modal 

properties. However, this strategy requires detailed attention to minimize the influence of operational and environmental effects, 

and usually only damage detection (but not classification) is accomplished. In this work, different types of damage are taken into 

account and damage classification is achieved in an experimental down-scaled jacket WT foundation. 

It is well known that machine learning requires a feature extraction preprocess. It is a challenge to find suitable features, 

sensitive to physical characteristics, that lead to the identification of the damage or fault. In this work, the fractal dimension 

(FD) of the data time series is employed as the main feature. The FD has been used traditionally as a feature for medicine 

applications. However, it is not until recently that FD has been explored as a feature for structural damage detection. In this 

work, FD feature is proposed for the vibration-response signals inspired by the physical insight that the different fractal 

structures of these signals should be capable of discriminating different types of damage in jacket-type offshore foundations. 

KEY WORDS: fractal dimension; offshore wind turbine; kNN; support vector machines ;structural health monitoring. 

1 INTRODUCTION 

The occupants of the buildings are not aware of its structural 

health, both because they do not have technological expertise, 

so they ignore warning signs, and because of secret or steadily 

damaging procedures, with sudden and unpredictable faults, 

even external consequences. Within that setting, Structural 

Health Monitoring (SHM) has been growing in the last several 

years as a series of consecutive measures for the evaluation 

and regulation of buildings at significant points in the system. 

Consequently, it is indeed a non-destructive study that 

underlines the real power and tracking of a phenomenon by 

calculating physical-mechanical parameters that define the 

relationship between the atmosphere and the structure's state 

variables. To detect environmental magnitudes and the 

systemic reaction to stresses, a monitoring device typically 

consists of sensors of different kinds[1].  

The aim of such a structural system is not only to determine 

the resistance to an earthquake in a building: 

underemployment environments, performance monitoring of 

the structure is often of great importance for both the defense 

against vibration threats and the stabilization of vital or 

strategic structures. The traditional monitoring system design 

includes the use of peripheral sensors directly attached to a 

central data acquisition system through cables. A significant 

number of sensor nodes, however, require a large number of 

measurements, and the acquisition system could be 

overwhelmed, especially if the data for damage detection 

needs to be processed: the algorithms from a computational 

point of view may be particularly burdensome[2]. 

Structural health monitoring for offshore wind turbine foundations based on the 

fractal dimension 
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The key aim of Structural Health Monitoring (SHM) is to 

make measurements that affects the stability of a building in 

time and assess if repair or reinforcement steps are needed to 

prevent or postpone its deterioration. SHM covers all aspects 

while integrating all sensors within the building, the system 

collects data and communicate efficiently, finally analysis the 

data, and respond based on that data. 

The method of incorporating an aerospace, civil, and 

mechanical engineering infrastructure damage detection plan 

is referred to as structural health monitoring (SHM) [3]. The 

identification of damage is determined in accordance with 

several strongly correlated disciplines, including SHM, 

condition monitoring [4], non-destructive assessment [5], 

control of statistical processes [6], and prognosis of damage 

[7][8]. This was worth remembering that, in a wide range of 

implementations, the normal standard is directed waves, 

which is a non-destructive solution. This technique focuses on 

exciting the structure with ultrasonic waves of low frequency 

and then detecting the mirrored reaction waves. The 

procedure, therefore, relies heavily on the assumption that the 

excitation of the input is known and that other disturbances 

may be filtered or ignored as well. On the one side, it is 

possible to conclude in civil infrastructures, such as bridges, 

that external disruptions can be ignored or filtered with 

respect to induced excitation [9][2].  Usually, in structural 

structures such as aircraft and houses, SHM is correlated with 

online-global harm detection. In revolving and reciprocating 

devices, such as those used in processing and power 

generation, CM is similar to SHM but addresses damage 

recognition [7]. On the other hand, the structure could only be 

treated using this technique in other applications, such as in 

aerospace, when it is not in use. For example, this technique is 

used [10] where a multi-area ultrasonic scanning device is 

installed in a hangar to easily scan the overall structure of the 

aircraft. This form of non-diagnosis in operation (the aircraft 

can be diagnosed during no-flight conditions while it is in the 

hangar) or ignorance of external disruptions (as in SHM for 

normal civil structures such as bridges or buildings) can not 

be readily extrapolated to the key research field of the present 

work: wind turbines. 

SHM is highly important for wind turbines (WTs). WTs are 

exceptionally large systems vulnerable to extraordinary 

unknown external excitations such as wind and waves in the 

case of offshore. Wind turbines have very complex features 

and working conditions that are complicated. Since they are 

planned and configured to provide maximum power 

generation with changing wind speeds and directions, the 

constantly evolving environmental conditions are required to 

respond to them [11]. SHM techniques for WTs must also be 

able to deal with unknown large external excitations that 

impede the use of the traditional exciting-and-sensing method. 

In this work, a vibration-response-only SHM technique is 

suggested to track a WT offshore static foundation online as 

well as during operation by using only the excitation resulting 

from external and unidentified disruptions in order to meet 

this task. 

SHM plays a vital role in protecting offshore assets through 

monitoring and guarantees their stability. This study presents 

an overall literature review regarding the methodology for the 

offshore and proposed method. Currently, SHM systems are 

used in WTs and fixed to tower [14], blades [15]. While 

research of SHM for WTs and offshore structural support is 

not yet completed [16]. In this very particular sector, the state-

of-art has three major study points (i) model-based approach 

special method for finite elements (ii) experimental based 

which carries through data [17][18], and (iii) quantitative or 

numerical based approach in other words hybrid. 

Several research works have appeared regarding the model-

based approach. Stutzamnn et al. [19] Based on numerical 

simulations of fatigue fractures, crack identification of 

monopile offshore foundations is achieved. While taking 

consider the second option experimental based, considering 

the subject as a statistical pattern recognition issue, a study of 

Systemic Health Monitoring Systems (SHMS) for Offshore 

Wind Turbines (OWT) has been carried out. Therefore, based 

on OWT implementation, each one of the phases of this 

paradigm has been reviewed [20]. It is shown that the normal 

technique for the identification of offshore WT damage is to 

recognize changes in the modal properties. However, to take 

account of the organizational and environmental effects, this 

technique requires thorough attention, and normally only 

harm identification (but not classification) is done. To 

compensate for the environmental differences, this article 

utilizes a (non-)linear regression model. To deal with the 

complex variability between various operating cases of the 

turbine, an operational case-by-case control approach is 

proposed. To verify the presented technique and to show the 

efficiency of the presented method, real-life data collected 

from an offshore turbine on a monopile base is used [21]. 

While for numerical based approach Gomez et al. [22] did 

remarkable work, the author presented work, this study finds 

that centered on data on acceleration reaction and machine 

models tuned. This work, however, is based on the normal 

organizational modal analysis and retains the complexities of 

this method of methodology, including the fact that only 

identification (but not injury type classification) is obtained. 

Throughout this research, various forms of damage are taken 

into consideration and its classification is performed in an 

experimental down-scaled jacket WT base, facing the 

difficulty raised by the previous references. It should be 

remembered that for this proof-of-concept work, the 

experimental testbed is a reduced model but well-founded 

because it is similar to that used in the following findings (i) 

damage indicators helps to find damages [23] (ii) damage can 

be detected through statistical time series analysis [24][24] 

(iii) Derived from the study of key components and support 

vector machines[25] (iv) machine learning-based approach is 

used. That's well established that extracting feature 

instructions is necessary for machine learning. It is a struggle 

to identify acceptable attributes that are adaptive to physical 

features that contribute to the detection of damages or defects 

[26] 

Fractal analysis is a modern research paradigm successfully 

employed in many fields, including the identification of 

microcracks in brittle materials[27]. Conversely, its 

implementation has not been completely utilized in the 

structural health monitoring (SHM) environment. As the key 

function, the fractal dimension (FD) of the data time series is 

being used in research. The FD was also historically included 

in medicine purposes as a function. For instance, article [28] 
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shows observations on data sets of emergency departments 

demonstrate that only the FD effectively characterizes the 

time series than the dimension of correlation. Another 

academic study [29] concludes that FD is discriminatory in 

intracranial electroencephalogram signals for the diagnosis of 

epileptic seizures. Centered on FD approximation [30], 

glaucomatous eye identification is suggested. That it wasn't 

until later, furthermore, that FD became investigate as a 

feature for the identification of structural damage[31] .  Two 

recently extra remarkable work done by Rezaie et al. [32]and 

Wen et al. [33], a first experiment done on FD based on crack 

pattern recognition, and second described that FD is seen to be 

successful in realizing rolling element bearings 'fault detection 

and coping with the consequences of variation in the operating 

environment. 

Throughout the paper, chapters were divided into sections, 

section (1) laboratory test damage detection and classification 

methodologies, work with data collection and its manipulation 

then utilizes Katz’s algorithm for feature extraction of FD, 

finally, it used classification tools section (3) results of the 

experiment were discussed.  

 

2 LABORATORY TEST DAMAGE DETECTION AND 

CLASSIFICATION METODOLOGIES 

2.1 Model overview 

Using various forms of damages in an empirical testbed 

modeling a jacket-type WT as in the article [25], the 

specificity of the damage diagnostic methods developed in 

this thesis is checked. The role processor, the amplifier and 

inertial shaker, the sensor network, the data acquisition 

system, how well the vibration signals are received, and how 

the time domain waveforms are interpreted are fully explained 

[26]. A short overview of the small-scale wind turbine 

experimental procedure is listed following. So first, an 

operational amplifier model no GW INSTEK AF-2005 is 

being used to create a white noise signal with 4 distinct 

amplitudes series from 0.5, 1, 2, and 3 representing different 

areas of wind speed. Such signaling then becomes amplified 

to be used as an input to a modal shaker (Data Physics GW-

IV47) which produces structural vibration. Fig.1 demonstrates 

the complete overview of the test bench.  

 

Figure 1. The position of the sensors on the test bench. 

The structure of the system is consists of 3 parts and its 

height is 2.7 m. The first part is the top shaft and the size of 

the shaft is 1 m in width and 0.6 m in height with an inertial 

shaker is fixed at the end side, the second is represented as the 

top and it is in bolt form with 3 united tubular parts, the third, 

and the final is called the jacket shape is pyramidally based it 

made of up steels bars with distinct length and attached sheets. 

Zugasti et.al. [23] presented work and also demonstrated in 

figure 1 that is the measuring of structural vibration with the 

help of means of data acquisition system/method with model 

no cDAQ-9188, it measures through 8 triaxial accelerometers 

with model no 356A17 and PCB Piezotronic. We have 

assumed these very same 4 main structured states throughout 

this paper as in the research of Puruncajas et al.[26].  

The states consist of  

(1) the healthy structure with the steel bar,  

(2) the healthy structure, in which a replica replaces the 

original bar,  

(3) A structure with a broken bar with a 5 mm fracture, and 

(4) The system in the jacket with an unlocked bolt. 

2.2 The Strategy of Damage Diagnosing 

The following section described the strategy of damage 

diagnosing, first of all, it described the method of data 

collection then manipulation overview.  Secondly, it guides 

how to collect data and reshape it with help of machine 

learning with both in general and specific [34][35]. Lastly, 

well an improved feature for selection that helps of improving 

performance with classification, it improves performance and 

helps to improve the classifier. For this, FD is described for 

damage classification, and also for nature-related time series 

which is described in the article related to Katz’s algorithm. In 

the end, machine learning classifiers are discussed and 

performed test with damage classification. 

 

 

 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure  

1202 

2.3 Collection of Data and it’s manipulation 

The experimental setting was set up, overall the total number 

of experiments was 100. All experiments demonstrate the 

speed of different regions it consists of 4 amplitude. Tests 

were divided into 4 sections, the first part consists of ten tests 

with a healthy bar with every amplitude such as 40 tests, the 

second part includes five tests with a replica bar with every 

amplitude such as 20 tests, the third part consists of 5 tests 

with 5 mm crack bar for every amplitude such as 20 tests, the 

fourth and last part consists of 5 tests with unlocked bolt for 

every amplitude such as 20 tests. With every experiment of 

the test, measuring of acceleration has been done with 24 

sensors with a period of 59.51636719 s and 275.28 Hz as 

sampling frequency, which is 16,384 times faster and has ∆ = 

0.0036328125 s timestamp. 

Furthermore, the experimental test denoted by k-th with raw 

data k = 1, . . . , 100, could be managed as the matrix  

in eq(1). Every one of the 24 matrix columns  comprises 

the sensors' 16,384 dimensions. 

 
 

To every matrix column in eq(1),  is re-designed to a 

64-by-256 matrix to construct a new matrix 

  in eq(2): 

 

 
 

There are two major reasons why the matrix  in eq (2) 

can be reformulated. For one and single tests, 64 rows created 

every row called sample. Secondly, every sample record the 

measuring time history of sensors set. Furthermore, it will be 

observed that when diagnosing is carried out to find out the 

healthy condition of the wind turbine, throughout 256 times 

we have to measure sensors consists of 24 sets, overall 

measurement is 256∆ ≈ 0.93 s. 

The  matrices, k = 1, . . . , 100, are used to evaluate the 

matrix containing all the data. 100 become piled to identify 

within each test 

 

 
 

2.4 Fractal dimension and Katz algorithm 

Fractal geometry is a new mathematical discipline and it has 

found many applications. The term “fractal dimension” refers 

to a noninteger or fractional dimension of a geometric object. 

It was proposed by Benoit Mandelbrot. The difference with 

Euclidian geometry is that fractal geometry states that there 

are many natural shapes that do not harmonize with the 

integer-based idea of dimension. 

There are several algorithms that can be applied to estimate 

the fractal dimension of a time-series. In this paper Katz 

algorithm was used to measure the fractal o estimate the 

fractal dimension of the time series,  

Katz [37][37] defines two magnitudes, L and d, see Figure 

[]. 

The FD of a curve can be defined as 

 
On the one hand, the total length of the curve L is defined as 

the sum of the distance between two consecutive points.  

 

 

Figure 2. d (the diameter of a time-series) is given by the 

Euclidean distance between the first point in the series and the 

point that provides the maximum distance. 

On the other hand,d is the diameter or planar extent of the 

time series and it is defined as the maximum distance between 

the first point in the time series and the rest of points.  

The last step in the Katz’s algorithm is the normalization of 

both L ,and d by the average distance between two 

consecutive points.  

By using Katz algorithm, the fractal dimensions z, of the 

time series in matrix Y in Equation (3), we build a new matrix 

Z as:  
 

 
Specifically: 

z 1,1 in matrix Z in is the fractal dimension of the time series 

x1,1
(1), x2,1

(1), ….x256,1
(1) in matrix Y(k)  

and so on. 
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2.5 Normalization and supervised classifiers 

Matrix Z is the matrix of FD of time series and the elements 

are between 1 and 2, despite this fact the data are normalized 

by using column-wise scaling. The reason for normalization is 

that we want to make sure that all the sensors, despite their 

position to the source, have the same influence.  

The classifiers used in this work are k-nearest neighbor (k-

NN) and support vector machine (SVM). These methods are 

not described in this paper since it is not the target of this 

work but interested readers can find extensive description of 

these methods in[38][39]. 

The k-fold cross validation technique has been used to 

optimize the parameters of classifiers. This technique is a 

resampling mechanism that evaluates the classifiers. The data 

samples are divided in k groups, where k-1 groups are used to 

train the algorithm and one is used to test it. In this work 5-

fold cross validation is used.  

3 RESULTS, DISCUSSIONS AND ANALYSIS 

Evaluation our models will be done by the following 

metrics[40]: accuracy, precision, recall, F1-score and 

specificity, these are metrics are shortly introduced 

• Accuracy (acc) is the proportion of correct 

classifications (true positives and negatives) from 

overall number of cases. 

• Precision (ppv) is the proportion of correct positive 

classifications (true positives) from cases that are 

predicted as positive. 

• Recall (tpr) is the proportion of correct positive 

classifications (true positive) from cases that are 

actually positive. 

• F1-score (F1) is the harmonic mean of precision and 

recall. 

• Specificity(tnr) is the proportion of correct negatives 

(true negatives) from cases that from cases that are 

actually negative (true negative and false positive) 

3.1 kNN Results 

kNN classifier depends on parameter k which is the number of 

neighbours. Table 1 shows the results of kNN classifier when 

the number of neighbors changes and as it was mentioned in 

the previous section the evaluation metrics are average 

accuracy, average precision, average recall, average F1-score 

and average specificity.  

Table 1 shows the performance of kNN classifier for 

different numbers of neighbours. The cases with the best 

performance are in bold. 

 

Table 1. Results of the evaluation metrics for kNN method 

according to different number of neighbours (k). The highest 

scores are highlighted in bold. 

 
 

As it can be observed from Table 1 which also is 

represented on figure 3 as a graph of the given data, when the 

number of neighbors is k=20 leads to the best performance of 

the classifier, and when the number is increased it does not 

improve the results.  
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Figure 3: The performance of kNN classifier with respect to 

the number of neighbours k  

Table 2 shows the confusion matrix for the best case k=20, 

where all the metrics can be calculated from it. It is important 

to mention that it was obtained an average specificity of 

97.7%, an average precision of 94.3% and an average 

accuracy of 96.9%. 

Table 2. Confusion matrix for the best case of kNN method 

(k=20) 

 

3.2 Gaussian SVM Results  

As it was mentioned the parameters for Gaussian SVM are 

box constraint C and the kernel scale γ. In this work it was 

combined the kernel scale γ=0.1, 0.2, 0.5, 1, 5, 10, 15, 20, 30 

and 50 and box constraint for C= 10, 30, 50. Table 3 shows 

the performance of the classifier for the different 
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combinations by using the metrics introduced earlier in the 

section. The highest scores are highlighted in bold.   

As it can be noticed the classifier achieves the best 

performance when the box constraint is C=50 and the kernel 

scale is γ=1. 

Table 3. Results of the evaluation metrics for Gaussian SVM 

method using different box constraint(C) and different kernel 

scale (γ). The highest scores are highlighted in bold. 

 
Figure 4 represents the data of table 3 graphically in order 

to have a better idea of what happens with the performance of 

the classifier. 
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Figure 4. The performance of Gaussian classifier with respect 

to the box constraint(C) and kernel scale(γ). 

Table 4 represents the confusion matrix of this best case and 

it is deserving to mention that it was achieved an average 

specificity of 99.1%, an average precision of 97.3% and an 

average accuracy of 98.7%. 

Table 4. Confusion matrix for the best case of Gaussian SVM 

method (C=50 and γ =1). 

 

3.3 Conclusions  

According to the results the classifier that has a far better 

performance is Gaussian SVM compared to kNN, where all 

the indicators have higher result. For this reason, it is 

noteworthy to mention that for future work of this strategy, 

Gaussian SVM classifier should be used. It is important to 

mention that for this classifier all the metrics achieve values 

higher than 97%. 

In this work, FD feature was proposed for the vibration-

response signals inspired by the physical insight that the 

different fractal structures of these signals should be capable 

of discriminating different types of damage in jacket-type 

offshore foundations and the results are encouraging. 
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Feasibility study for vibration based structural health monitoring system for
transmission line support structures
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ABSTRACT: High voltage infrastructure using overhead transmission lines is a key component in the present day supply chain of
energy. With developments of new transmission lines being limited and growing energy demands, it is essential to use the existing
infrastructure with minimal downtime. Condition-based structural maintenance of these structures could potentially help to reach
this target. However, with the majority of the structures over the age of 50 years old and a large number of structures of different
design there is no simple one-fits-all solution. For example, for a small and densely populated country such as Belgium (11Mio
residents), already over 20.000 structures are installed with over 4000 different designs, the majority of which are lattice structures.
In this study the feasibility for a structural health monitoring system for the support structures of overhead power lines is studied.
With the support of the Belgian high voltage grid operator Elia a single support structure is instrumented with an array of optical
strain gauges (FBGs), accelerometers and environmental sensors. In particular the structure is one of the largest masts ever built
in Belgium, connecting both banks of the Scheldt river in the port city of Antwerp. The setup is primarily intended to validate
the design assumptions, but it will be simultaneously used to study the feasibility of a vibration based structural health monitoring
system. In particular we will investigate the spectral content of both the optical strain gauges and the accelerometers under a
variety of loading conditions to investigate that both global modes and local dynamics are well captured. Data over a longer period
will be processed, including the use of automated operational modal analysis, to evaluate the presence of environmental effects
and variations in the structure’s dynamics over time. The outcome of this analysis could be used as input in the design of a more
dedicated monitoring system.

KEY WORDS: Transmission line towers; Operational modal Analysis; Fiber Bragg Gratings

1 MOTIVATION

Overhead transmission lines have been playing a vital role in the
modern industrial landscape for over 100 years. In recent years
their role has only increased as overall power consumption has
steadily increased. In contrast the construction of new lines is
limited as public opinion has turned against most new devel-
opments. This means that existing infrastructure is used more
intensively, increasing the cost of any downtime and limiting
the accessibility for inspection and maintenance. A widespread
monitoring solution that allows to assess the current condition
of the support pylons is desirable. Such a solution would offer
insight into which sites are to be prioritized for inspection and
maintenance or help safety assessments prior to human access.
The biggest challenge of this project is the diversity in struc-
tural designs and the size of the population of these support py-
lons. When even two adjacent pylons can differ significantly, a
solution has to be developed to assess the condition of the py-
lon solely based on data originating from the instrumented py-
lon itself. Secondly, the final solution should be reasonable for

widespread deployment in terms of both hardware cost and cost
of labor during installation and setup.
The current paper is a early feasibility study for the Belgian
high voltage grid operator Elia. Its main objective is to assess
whether accelerometers and optical strain gauges, Fiber Bragg
Gratings (FBGs), are a suitable sensor technology that would al-
low a continuous monitoring of a support structure of overhead
transmission lines. The data used originates from a setup that
was designed to validate the design of one the newest pylons.
Therefore the setup is not fully representative of a future Struc-
tural Health Monitoring (SHM) solution, but should allow to at
least assess the feasibility of using accelerations and strains for
such a future purpose.

2 METHODOLOGY

In this study 2.5 months of monitoring data, collected between
15/10/2020 and 01/01/2021 is investigated. The monitoring
data is collected from one of the two support pylons of the re-
cently commissioned Scheldt crossing, Figure. 1. At a height of
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192m the two lattice pylons are the highest support towers in the
Benelux [1].

Figure 1: Transmission line crossing of the Scheldt river. Of the
two pylons in this picture the closest is monitored [1]

2.1 Measurement setup

The measurement setup comprises a bi-axial ICP high sensitiv-
ity accelerometer installed at a height of 79m above the ground.
The accelerometer is attached to the railing of an external work
platform. The X-axis of the accelerometer aligns with the trans-
mission line, while the Y-axis is perpendicular to the direction
of the transmission line. At this level also 4 wind sensors are in-
stalled to measure wind speeds and wind direction from all four
faces of the structure. To obtain an unobstructed measurement
these sensors are installed on booms protruding from the main
pylon, Figure. 2.

Figure 2: Picture taken at 79m above the ground, at this level 4
wind sensors (only one in this picture), a bi-axial accelerometer
and a data acquisition system (DAQ) are installed.

In addition to the accelerometers a state-of-the-art optical
strain monitoring system was installed at lower levels of the
structure. A total of 26 Optical sensors were installed. The
setup comprises 15 optical strain gauges, so-called Fiber Bragg
Gratings (FBGS), Figure. 3. The other 9 optical sensors are
mainly intended for temperature compensation of the strain
measurements. But also offer insight in the (surface) tempera-
tures of the structure.

Figure 3: The FBG sensors are spread over the 4 legs of the py-
lon, and are installed on two levels, respectively at 9m and 22m
above the ground level.

As the accelerometer is installed on an external working
platform it is isolated from any local brace vibrations. However,
the location should allow to detect the dominant low frequency
modes of the entire pylon, including torsional modes. The FBG
sensors are directly installed to the primary steel of the vertical
members of the pylon and therefore offer a direct measurement
of the longitudinal strain inside the main legs of the pylon.
Accelerometer data is available since early August 2020, the
optical monitoring was operational since October 15th 2020.
All data was transmitted over a cellular network connection, a
power supply was present at the bottom of the pylon.
In the next section we will have a look at selected episodes of
data and analyse the performance of the two sensor types.

2.2 Selected episodes

To validate the performance of the sensors two episodes are
selected, one is at very calm wind conditions with the average
wind speed below 2 m/s, during the second period the wind
speed is a relatively strong 13m/s. Both episodes occur within
48 hours of each other. The resulting timeseries and Power
Spectral Density (PSD) spectra of the accelerometers are shown
on top of each other in Figure. 4. During the stormy conditions
the acceleration levels are approximately 50 times higher than
during the calm conditions. During calm conditions accelera-
tion levels do not exceed 0.05mgRMS. Despite the low vibration
levels, the spectra in calm conditions still reveal a multitude of
modes in the band from 0 to 10Hz, showing that even in the
calmest of conditions the accelerometer is sufficiently sensitive
to pick up the relevant dynamics of the pylon. However, consid-
ering the location of the accelerometer this spectrum contains
both the dominant motion of the structure, as well as local dy-
namics associated with the external platform and potentially the
mounting. Without further analysis, and measurements, it is at
this stage nearly impossible to infer which contribution is which.
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Figure 4: (Top) Accelerometer timeseries during both calm and
stormy conditions, (Bottom) corresponding PSD spectra

Notable in the spectra of Figure. 4 is a lowly damped com-
ponent at approximately 3.2Hz. This contribution results in the
highest spectral density, with the Y contribution exceeding the
X contribution.
The same episodes are selected from the optical measurement
system. At this stage we focus on the question whether the
FBGs also pick up the dynamics of the support structure, for
SHM there is less interest in the static load on the structure.
Therefore we subtract the mean value of the FBG signal, avoid-
ing the need for temperature compensation and the correction
of the offset of the strain gauges. In Figure. 5 these detrended
timeseries of the FBG sensors at 22m above ground level are
shown. During stormy conditions we can see how the FBGs
captures the strains variations induced by variations in the wind
speed. With (quasi-static) strain variations in the order of 20
µm/m. Figure. 5 nicely shows how sensors on opposing ends
of the structure are resulting in opposing strain histories, i.e.
a side in compression while the other is in tension. During
the calm conditions strain variations seemingly remain below
1µm/m, which is below the sensitivity of the currently installed
fiber optical system. Aside from some small fluctuations in the
signal, and sometimes a trend in the static load/temperature, no
structural information is present in the signal. From this we can
conclude that the current setup the optical sensors will not offer
a measurement of the structural dynamics under all load cases.

Figure 5: Timeseries (detrended) of the FBG sensors at 22 m
above ground, (Top) During stormy conditions (Bottom) during
calm conditions

The spectra of the FBG sensors in Figure. 6 during the
stormy conditions show that dynamics are captured by the sys-
tem. The spectrum is dominated by the quasi-static contribution
of the wind load, i.e. the large values below 0.1Hz. But addi-
tional dynamics pop up below 1Hz, around 1Hz and even be-
yond 3Hz. Between 1.5 and 3.5 Hz strain levels remain below
the noise floor of the current sensor.

Figure 6: PSD of the FBG sensors at 22m above ground during
the stormy conditions. The spectrum is dominated by the quasi-
static loads of the wind loading. However, structural dynamics
are also clearly visible.

These results are in line with expectations, strain sensors
are most suited for the quasi-static and lower order dynamic re-
sponse of the system, which typically induce most strain. Note
that these low frequency variations will not picked up by the
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ICP due to its lower frequency bound. Moreover, unlike the
readings from the accelerometer, the readings from the FBG are
directly related to the load sustained by the pylon’s legs. And
the dynamic contributions seen in Figure. 6 are therefore defi-
nitely the result of the pylon flexing (at its natural frequencies)
under load. The accelerometer offers a wider range of dynam-
ics, with a lot more features and returns a result under nearly all
loading conditions, but the nature of each contribution might be
difficult to determine.

2.3 Long term data processing

The long term monitoring data is at this stage processed with
a default configuration. Each file that arrives on the server is
processed immediately and results are pushed to a dedicated
database server. This topology offers the possibility to provide
a near-realtime dashboard on the measurements of the instru-
mented pylon.
Environmental parameters were stored at ten-minute averages.
For the accelerometers ten-minute statistics, such as minima,
maxima and rms values, are calculated. Mean values are less
relevant as the acceleration signal is, in absence of quasi static
measurements, zero mean. In addition each ten minute inter-
val is processed using an automated procedure for operational
modal analysis, originally developed for use on offshore wind
turbines [2]. Both SSICOV and pLSCF are used to process the
data [3]. At this stage the detected modes are not yet tracked,
but rather all feasible results are stored, to be processed at a later
stage.
The optical fiber data is processed to ten-minute statistics, in-
cluding mean and standard deviations. Other typical steps, such
as cyclecounting, temperature compensation and calculation of
bending moments, are not performed at this stage as the current
study focuses on a future application in Structural Health Moni-
toring rather than a study of the loads. However, these steps are
required when the static loads are also considered as part of a
design verification.

3 RESULTS

In this section preliminary results from the monitoring data are
shared. Starting with the basic statistics obtained from the opti-
cal strain gauges and the accelerometer. Secondly results from
the automated operational modal analysis are shown.

3.1 Acceleration and strain levels

In Figure. 7 the acceleration levels are plotted against the wind
speed measurements. The profile already reveals some inter-
esting results. An underlying trend in which the acceleration
levels increase with wind speed is clearly visible. This should
come to no surprise as the pylon will predominantly be excited
by the wind. The highest vibration levels are recorded at the
peak wind speeds close to 20m/s. However at a wind speed of
around 7.5m/s an interesting increased vibration level is visi-
ble. Isolating this data reveals that these measurements all are
collected when the wind has a direction between 200 and 220
degrees.

Figure 7: Ten minute vibration levels versus the mean wind
speed. Data collected when the winddirection is between 200
and 220 degrees is marked in red

Initial investigations seem to suggest that the increased vi-
brations are all linked to a single mode at a resonance frequency
of about 3.2Hz. This is in fact the most dominant mode visible
in the spectra of Figure.4. The exact cause of this particular
increased vibration level at this wind direction and wind speed
is still unclear and some further analysis is required. But two
likely explanations are found from the 210deg wind direction.
With this wind direction the external platform on which the ac-
celerometer is mounted is directly facing the wind, potentially
resulting in some interaction between wind and the mounting of
the accelerometer itself. While likely, it is somewhat surprising
that these elevated vibration levels are occurring in such a nar-
row range of wind directions as the external platform would be
exposed to the wind for a larger range of directions. The effect
is also more noticeable in one of the two measurement direc-
tions and the 3.2Hz is sometimes very weakly present in the
FBG signals as well. A second possible cause comes from the
fact that the 210deg heading also corresponds to the orientation
of the transmission line itself. So a second possible cause of
the elevated acceleration levels could come from an interaction
between the transmission line, the wind and the pylon.

Figure 8: Ten minute standard deviations of two FBG sensors at
22m above the ground level vs. the mean wind speed.

Figure. 8 shows the ten-minute standard deviations of two
strain signals, both at 22m above ground, versus the wind speed.
Again an underlying trend is visible showing a clear relation be-
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tween the wind speed and the std.deviation of the signal. In line
with the results in Figure. 5 the values of the standard deviation
remain fairly low at wind speeds below 5m/s as strain levels in
the structure are likely not varying significantly. Beyond 5m/s
the standard deviation of the FBG signals always exceeds the
lowest sensitivity bound of 0.1µm/m suggesting that beyond
this windspeed there is sufficient load to induce strains above
the bottom threshold of the sensor. Whether these strain varia-
tions are due to the quasi-static variations of the wind, or due to
the pylon’s dynamics cannot be determined from this graph.
The phenomenon observed in Figure. 7 where winds from
210deg and wind speeds of 7.5 m/s are resulting in notably
higher vibration levels is not observed here. But considering
the role of 3.2Hz component, which is only occasionally weakly
visible in the strain gauges, this is no surprise. Given the pur-
pose of the FBG and the results in Figure. 6 it is most likely that
the largest contribution to the increasing std.deviation in Fig-
ure. 8 is due to variations in the quasi-static wind loading.

3.2 Operational modal analysis

The motivation of using operational modal analysis in the cur-
rent analysis is to ultimately detect global issues in the structure
from shifts in the natural frequencies. A strategy that was pro-
posed for bridges in a.o. [5][4] and later applied to offshore
wind turbines in a.o. [7]. Success of this strategy depends
mainly on two factors, the first is that resonance frequencies are
identified in a reliable and continuous fashion. The second is
that the resonance frequencies are sensitive to damage, or global
changes in general. In the context of pylons for transmission
lines the ideal scenario would be to detect global changes in
stiffness, e.g. due to lost lattice members, loose connections or
any issues in the boundary conditions. Preferably the sensitivity
of the modal parameters to those damage scenarios exceeds the
sensitivity to environmental conditions, otherwise additional
data normalization is required [6].
In Figure. 9 the results of the preliminary modal analysis are
shown over time. In line with the first results a large number
of modes are being picked up by OMA-algorithms. A positive
element for future SHM is that stable horizontal lines are clearly
visible over time. Indicating that these modes are identifiable
in a large range of operational conditions. Moreover they are
well defined, often even well spaced, and seem at this scale
fairly constant, especially compared to past experience with
offshore wind turbines [7]. However, the exceptionally large
number of identifiable modes throws new challenges. Setting
up tracking is, in our current toolbox, a manual effort and for
this vast amount of modes it was not really efficient. Having
only a single accelerometer also implies that tracking has to
happen on purely criteria of resonance frequency and damping
as mode shapes are not available. A widespread use of this
technology would clearly benefit from a more efficient strategy
towards (setting-up) tracking or an alternative perspective on
classic OMA based SHM.

Figure 9: All automatically identified modes in the X direc-
tion over the entire monitoring period. Preliminary, manually,
tracked modes are highlighted in color

In Figure. 10 we take a closer look at one of the tentatively
tracked modes. In particular the dominant mode at 3.2Hz in the
Y direction is shown. Zooming in reveals that the frequency of
the mode does vary over time. Over the considered monitoring
period the 12Hourly median frequency varies from 3.26Hz to as
low as 3.21Hz. A total variation of 0.05Hz or a modest relative
variation of less than 2%.

Figure 10: Initial tracking results of the 3.2Hz mode in the Y
direction, the period shown here covers from 15/10/2020 until
31/12/2020. The red line indicates the 12Hourly median.

Further research will need to determine whether or not this
natural variation in frequency is small compared to the effects
of damage to the pylon. Nonetheless, the present wind sensors
and optical temperature probes allow us to investigate the nature
of these natural variations. In Figure. 11 the tracked results are
plot against the wind speed and (surface) temperature.
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Figure 11: Tracked values of the 3.2Hz mode versus the (Top)
Temperature and (Bottom) the Wind speed

For both environmental parameters a dependency is clear.
With higher wind speeds resulting in a lower estimate of the
resonance frequency. A similar trend is visible with lower fre-
quencies being estimated at higher temperatures. Even from this
simple analysis it is clear that a significant part of the variation
seen in Figure. 10 can attributed to the variations in the wind-
speed and temperature. For example the sudden drop of the
natural frequency near the end of the monitoring period, corre-
sponds to a period of stormy weather and a sudden increase in
the windspeed.
These early results show that the resonance frequencies of this
type of structure are fairly stable over time. But still an OMA-
based SHM solution would benefit from some data normaliza-
tion to compensate for the natural variations. Adding a tem-
perature sensor will be an essential part of a monitoring setup.
However, adding (multiple) wind sensors this far up on the py-
lon will likely not be realistic for a widespread deployment of
the technology. However, given the very large number of modes,
techniques that aim to detect novelty by spotting divergent be-
havior based on the other estimations, e.g. auto-encoders or
PCA, might offer an interesting alternative in this application,
without the need for additional (external) environmental data.

4 OUTLOOK

The current analysis started from a setup that was primarily in-
tended for validation of the design of the pylon, rather than to
develop a strategy for SHM. Secondly postprocessing of the raw
data was only done with default settings. Yet, even with these
default settings both accelerometers and FBGs showed promis-

ing results. Some lessons for the future can already be drawn
from these very preliminary results :

• High sensitivity accelerometers will pick up a wide vari-
ety of dynamic components, which are fairly stable over
time

• The nature of most observed dynamics remains unknown
due to the low number of acceleration sensors

• FBG technology is suitable for the application, but under
very calm conditions dynamic strain levels in the struc-
ture might be too low for continuous monitoring (Note:
results may improve when changing the sensor location
or the hardware)

• The large number of modes present in the structure might
require a more efficient strategy towards tracking (and
even operational modal analysis)

• Combining different signals, e.g. by calculating bend-
ing moments, and/or by cleverly placing accelerometers
might yield more ’determinable’ results

• Tracking the energy of specific modes might help to de-
tect the occurrences of certain phenomena

• Data normalization will benefit the overall performance

5 CONCLUSION

The current paper aimed to investigate the feasibility of a fu-
ture structural dynamics driven SHM solution for the pylons of
high-voltage transmission lines. It explored several weeks of
data from a monitoring setup installed on one of the highest py-
lons in the Benelux. While the monitoring setup was mainly
intended to validate the design of the pylon, the setup did allow
to check the performance of both accelerometers and fiber opti-
cal sensors.
Both technologies are suited for the current application and pro-
vided relevant information during a large number of operational
conditions. Results from the accelerometers revealed a complex
spectrum with a large number of modes. These modes were
picked up by an automated operational modal analysis toolbox.
The frequencies turned out to be fairly stable over a relatively
long period of time. Some dependency with windspeed and
temperature was already visible from these early results. How-
ever, the large number of modes might require a more intelligent
strategy towards tracking such a large set of modes, especially
when widespread use is desirable.
The fiber Bragg gratings offered a unique insight in the impact
of the wind loading on the structure and help to focus on the
lower order dynamics of the structure. While most relevant for
fatigue monitoring and estimating loads on the structure, the
ability to install a large number of sensors with a limited amount
of wiring might make the technology interesting as well for the
future SHM of the pylons.
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ABSTRACT: The rapid growth of large-scale wind turbines (WT) has changed the requirements in terms of operation and

maintenance strategies. WTs are required to be safe and profitable systems. A great option is failure prognosis, aiming

to reduce maintenance and operating costs, and forecast service life based on condition. In this work, the analysis of

the data from the supervisory control and data acquisition (SCADA), already present in industrial sized WTs, and work

orders (repair and maintenance data) allows a normality based methodology to be implemented using convolutional neural

networks (CNNs). In this work, two years of SCADA data from a real under production wind farm, composed by 12 wind

turbines is used. The main bearing failure occurred in one of this wind turbines, and thus it could be used to verify the

performance of the proposed strategy in a real life situation. Finally, a proposed indicator helps us pinpoint in advance the

occurrence of the fault. The obtained results provide a warning time (alarm) for the main bearing fault up to 5 months in advance.

KEY WORDS: Wind turbine; Fault prognosis; Main bearing; SCADA data; Convolutional neural network.

1 INTRODUCTION

Wind energy is one of the renewable energies that has ex-

perienced a dramatic growth in recent years. The reliability

requirements of high-value structures, such as WTs, have

increased significantly in the search for a lower impact on

energy costs [1]. However, this process is not without com-

plexity since these designs often carry inherent the assump-

tion of some uncertainty. Besides, the trend towards larger

WTs has significantly increased the repair/replacement cost of

their components [2]. On the other hand, and given that the

maintenance of WTs is among the factors that most increase

the total cost of wind projects, the most effective way to

reduce this cost is to monitor their condition continuously.

Condition-based maintenance allows early prognosis of WT

faults. It facilitates a proactive response, minimizes downtime,

and maximizes the wind turbine’s life and, therefore, its

productivity. However, wind energy technical reports show

that some of the currently available monitoring techniques are

neither reliable nor suitable for WT applications due to the

wind’s stochastic nature, hardly affecting the decision-making

[3].

The SCADA system is a necessary technical mean for the

supervisory control of WTs. SCADA data provides records

every 10 minutes of measurements as wind speed, the pro-

duction of active and reactive power, currents and voltages of

the generator, bearings’ temperatures, and others). Although

SCADA data have not been developed specifically for the pur-

poses of condition monitoring, being able to extract relevant

information from it for fault diagnosis would result in rapid

deployment and modest set-up cost [4]. It should be noted

that in this work, only SCADA data and work order records

(repair and maintenance actions) are used; this means that no

extra sensors/hardware/equipment or additional information to

those mentioned are used.

There are some success stories of using SCADA data for

WT condition monitoring. For example, [5] analyzes fault and

alarm data from a WT to identify rated and faulty operation

periods. Support vector machine (SVM) is applied to detect

and diagnose faults taking into account other SCADA data

such as temperature, pitch, and rotor data; all analyzed data

is known in advance. In [6] a framework is presented to

automatically identify faulty operation periods, applying rules

to the WT alarm system; they also propose a metric to evaluate

the method in a real scenario. In [7] multi-fault detection and

classification based on SCADA data is accomplished through

multiway principal component analysis and SVM and in [8]

the problem of real-time fault detection using SCADA data in

wind turbines is addressed.

However, all the aforementioned works require faulty data

(historical faulty data). In particular, historical SCADA data
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must be accurately labelled with the periods when turbines

were down due to faults, as well as with the reason for the

fault. This is time consuming, error prone and likely to result

in a set of labeled vectors with an unbalanced number of

classes. By contrast, in this work, there is no need of historical

faulty data, thus, the proposed strategy can be applied to any

wind farm (even when no faulty data has been yet recorded).

In particular, in this work, a normal behaviour model is

proposed, that is, the model is build by using normal (healthy)

operational data. The main bearing failure is studied, due to its

high maintenance and repair cost [9]. To asses the proposed

method, a real wind farm composed of 12 WTs is studied,

where one WT suffers the failure of interest.

2 MAIN BEARING FAULT

Bearings are widely used in the industry to minimize friction

in machine rotating parts. They are a critical component since

they have a high percentage of failure compared to other

components [10]. Their failure can cause a total breakdown,

leading to the machine’s failure and, therefore, to the gen-

eration of loss in productivity in an unforeseen way for the

production facilities [11]. Therefore, it is crucial to consider

failure prognosis as an integral part of preventive maintenance

procedures, thus increasing their efficiency and reducing the

chances of machine downtime.

Among the failures that can be originated in bearings, those

that occur most frequently appear in the rolling, the inner ring,

the outer ring, and the cage. Figure 1 shows the structure of

a bearing to illustrate the aforementioned parts. The failures

Figure 1. Main components of the rolling bearing [12].

may be due to tread surface damage, fractures, and gouging,

or a risk factor.

The most critical failure is that of fracture in the bearing,

see Figure 2. When it occurs, the mechanism is unusable.

Therefore, the machine in which it is located also remains

unusable (fracture is understood as the physical break in any

of the bearing components) [13].

In wind energy, a WT main bearing replacement (see Figure

3) has high costs due to machinery, personnel, and downtime;

for example, a $ 5,000 bearing replacement can easily turn

into a $ 250,000 project due to the factors mentioned [15].

For this reason, the prognosis for the main bearing failure

leads to great benefits.

Figure 2. Bearing faults: (a) bearing crack on the inner surface; (b) bearing
crack on the outer surface, [14].

Figure 3. WT bearing replacement, [16].

3 WIND FARM REAL SCADA DATA

The wind farm studied is composed by 12 WTs, it is located

in Albacete (Spain) with commissioning date in 2006. The

WTs are 1500 kW rated power, with 3 blades, a rotor diameter

of 77 meters, a rated rotational speed of 18.3 rpm, and a wind

swept area equal to 4657 square meters. Figure 4 shows the

principal elements of the studied wind turbines.

Figure 4. Structure of the studied WTs with its major components, [17].

The SCADA data of the wind farm correspond to opera-

tional data between the dates of February 2017 to November

2018. SCADA data includes 43 variables (for each variable,

there are measurements of mean, maximum, minimum, and

standard deviation) every 10 minutes. In general terms, the

variables correspond to environmental measures, temperature

of mechanical components, general electrical variables, gen-
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Table 1. SCADA variables.

Variable Description Units

date time Date and time of the sample -
VelVientoMean Wind Speed rpm
VelGenMean Generator speed rpm
VelRotorMean Rotor speed rpm
PresFrenoMean Brake pressure bar
PresAcumGralMean Accumulated general pressure bar
PresGHMean Hydraulic group pressure bar
TempAceiteGHMean Hydraulic Group Oil Temperature bar
PotMean Active Power Kw
TotPotReactMean Reactive power Kw
SPCosPhiMean Power factor -
FrecRedMean Electric network frequency Hz
TensRedMean Phase voltage V
TempAceiteMultipMean Gearbox oil temperature ◦C
TempRodamMultipMean Gearbox bearing temperature ◦C
TempGenMean Generator temperature ◦C
TempRodamTraseroMean Rear bearing temperature ◦C
TempCojLAMean Bearing temperature coupling side ◦C
TempCojLOAMean Bearing temperature non-coupling side ◦C
TempRadSupMean Upper gearbox radiator temperature ◦C
TempRadInfMean Lower gearbox radiator temperature ◦C
TempEjeLento Low-speed shafft temperture ◦C
TempAmbMean Ambient temperature ◦C
TempGondMean Nacelle temperature ◦C
SPPitchMean Pitch system parameter -
YawMean Yaw Angle ◦

eral hydraulic variables, and control variables. Table 1 shows

the most relevant 25 SCADA variables with their respective

name, description, and measurement unit.

In addition, there is information about the work orders

(maintenance and repair actions) to which the WTs are sub-

jected to. These data provide the time of the failure, description

of the problem, component replaced, and comments from

different personnel, among other data. With these available in-

formation, and the SCADA data, a failure prognosis procedure

is proposed using a CNN, based on healthy data. The proposed

methodology is a normal behaviour model, that is, the model

is build by using normal (healthy) operation data. Thus, there

is no need of historical faulty data, thus, the proposed strategy

can be applied to any wind farm (even when no faulty data

has been yet recorded).

4 FAULT PROGNOSIS METHODOLOGY

Different techniques have been used to monitor bearing

failures [18], [19]. The main problem with classical tech-

niques is that they require the supervision of an expert to

extract features, so advanced engineering is needed, which

implies greater human effort [20]. Currently there are new

techniques and tools, such as deep learning, that allow the

automatic extraction of features simplifying the final solution

and considerably improving precision [21]. Furthermore, this

type of methodology can be easily generalized or transferred

to a different context [22].

This work is focused on developing a method to prevent the

main bearing failure in WTs. Consequently, it is proposed a

normality method, analyzing SCADA data from WTs using

a CNN. Besides, an indicator is implemented based on a

threshold, in order to minimize the number of false positives.

As previously mentioned, the wind farm is composed by 12

WTs. In this work, the notation WT1, WT2, and so on will be

used to refer to each one of the WTs in the wind farm. The

work orders show that WT2 presents the main bearing failure

on May 21, 2017. The main challenge of this research is to

predict the failure several months in advance. The strategy

is to use the data between the dates of February 2017 until

December 2017 for the training and validation of CNN. Then,

data from 2018 (up to November 2018) is used for testing

(making predictions). In figure 5 a graph with the explained

dates is shown.

Figure 5. WT2 detailed training, validation, test data and date of failure.

5 DATA PREPROCESSING

The SCADA variables selected to develop the normality

model are shown in Table 2 with their units. The variable Pot

is measured before the electrical energy reaches the electrical

network; therefore, it is considered the power delivered to

the network; this variable is sensitive to wind variations. The

TempAmb variable measures the ambient temperature, which

affects the temperature of several mechanical components of

the WT. TempCojLA and TempCojLOA variables correspond

to the temperatures of the coupling side of the bearing and the

non-coupling side of the bearing, respectively. TempEjeLento

measures the slow shaft temperature, which is close to the

main bearing. Variables TempGen and TempRodamMultip

correspond to the generator temperature and the gearbox

bearing temperature. Finally, the VelRotor control variable has

been used; this variable measures the rotor speed.

The real SCADA data has noise, such as outliers and miss-

ing data caused by faulty sensors, communication problems,

maintenance, or WT repairs. To solve these problems data

cleaning is a must. First, the outliers have been eliminated by

range filtering, see Table 2. For example, it is known that the

ambient temperature can range from -5 degrees to 40 degrees,

thus data out of this range has been eliminated; this procedure

is carried out for the other variables.

This procedure leads us to another problem. As we remove

the invalid values, we increase the number of missing values,

so data imputation is needed. In this work, simple imputation

is proposed for intermediate data; this procedure is performed

using piecewise cubic interpolation (pchip), thus preserving

the trend and shape of the data, see Figure 6. Finally, the

extreme missing data (initial and final values) have been filled

with the repetition of the last closest real data.
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Table 2. Selected SCADA variables used to develop the normality model, its description, range of possible values, and units.

Variable Description Range Units

Pot Generated real power [0, 2000] kW
TempAmb Ambient temperature [−5, 40] ◦C
TempCojLA Bearing coupling side temperature [0, 120] ◦C
TempCojLOA Bearing non-coupling side temperature [0, 120] ◦C
TempEjeLento Low-speed shaft temperature [0, 120] ◦C
TempGen Generator temperature [0, 175] ◦C
TempRodamMultip Gearbox temperature [0, 120] ◦C
VelRotor Rotor speed [0, 50] rpm

Figure 6. Imputation in the ambient temperature data (SCADA variable
TemAmb).

5.1. Data split

To develop the prediction model, deep learning methods

divide the available data into sets of training, validation,

and testing. The training data set is the data set used to

train the CNN model (make adjustments to the model). The

validation dataset is used to provide an unbiased assessment

of the fit of the model in the training dataset while fitting

the hyperparameters of the model. In this work, the data

for training and validation corresponds to the data between

dates from February 6, 2017 to December 31, 2017. These

data have been divided as follows: 90% for training and 10%

for validation, see Figure 5. In other words, there are 42624

samples for training and 4752 samples for validation.

Test data allows evaluating whether the answers obtained

from the model are correct or not. The data reserved for

the test (predictions) corresponds to data between January 1,

2018, until November 31, 2018. Thus, in total, there are 47808

samples.

5.2. Data normalization

The main reason for data normalization is to improve the

neural network training process’s efficiency, which signifi-

cantly reduces the number of epochs required for the network

to learn and thus leads to a better predictor. The SCADA data

studied comes from different types of sensors and, thus, with

different magnitudes. The strategy implemented is the min-

max scaling in each SCADA variable separately.

5.3. Data reshape

The data conversion strategy converts the time-series infor-

mation available in the SCADA data to spatial information.

The transformation is carried out individually for each of the

seven SCADA data; in such a way, arrays with 144 samples

can be obtained (this corresponds to one day of data). The

arrays obtained in this process have a size of 12 × 12. The

SCADA data mentioned correspond to the seven SCADA

variables shown below, where t represents a time instant.

• TempAmbMean(t-143, t-142, t-141, ···, t)
• TempRodamMultipMean(t-143, t-142, t-141, ···, t)
• TempCojLAMean(t-143, t-142, t-141, ···, t)
• TempCojLOAMean(t-143, t-142, t-141, ···, t)
• TempGenMean(t-143, t-142, t-141, ···, t)
• PotMean(t-143, t-142, t-141, ···, t)
• VelRotorMean(t-143, t-142, t-141, ···, t)

The arrays obtained from the data reshape can be repre-

sented as grayscale images. Figure 7 shows an example.

Figure 7. Input arrays shown as gray scale images.

The CNN output is the SCADA variable TempEjeLento

at instant t. That is, the variable TempEjeLento at time t is

approximated by the CNN using the information of the other

aforementioned variables at times t-143, t-142, t-141, ···, t.

6 CONVOLUTIONAL NEURAL NETWORK

The proposed CNN architecture is shown in Figure 8 and

the most relevant characteristics are given in Table 3. Initially,

input arrays have dimension 12 × 12 × 7, as there are seven
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SCADA variables. These data go trough the first convolution

module; this module is composed by 14 filters (kernel 3× 3)

with padding and stride equal to 1, thus, as result it is obtained

a 12×12×14 output size. The second and third convolutions

have the same kernel, padding and stride settings, with results

of 12 × 12 × 21 and 12 × 12 × 7 output size respectively.

Next, there are three fully connected layers with sizes 200, 84,

and 1. Finally, note that all the connected layers have a ReLu

activation function. The parameters have been optimized with

Adam, which is an adaptive learning rate method. This method

is easy to implement, is computationally efficient, needs low

memory requirements, and the hyper-parameters are intuitive

to interpret and generally require a little adjustment. The

values of the selected hyper-parameters are an initial learning

rate of α0 = 0.00001, a gradient decay factor of β1 = 0.9, a

squared gradient decay factor of β2 = 0.999, and a ε = 10−8.

Figure 8. CNN architecture.

7 FAULT PROGNOSIS INDICATOR

With the trained model, we can compare the predicted

TempEjeLento with respect to the real (target) SCADA data

for that variable. For example, taking WT2 as an example, it

can be observed in Figure 9.

From the result shown in Figure 9, the absolute value of the

actual values T el and predicted values T̂ el is computed, see

Equation (1). The result is shown in Figure 10.

dif = |T el − T̂ el| (1)

The CNN model may not be able to keep up with the rapid

change in turbine operating conditions such as turbine start

or incorrect sensor measurements. Therefore, it is normal that

the difference increases to a high level and returns to normal

in a short time. If the indicator is based on the single value

of the difference, there would be too false positives, as can be

seen in Figure 10.

Therefore, it would be better to use long-term values of the

difference above a certain threshold. The threshold equal to the

mean plus six times the standard deviation has been defined,

see Equation (5). It should be noted that the mean and standard

deviation (see Equation (3) and Equation (4)) are obtained in

each SCADA variable from the training and validation data

sets as a whole (2017 data).

dif2017 = |T el − T̂ el| (2)

μ = mean(dif2017) (3)

σ = std(dif2017) (4)

threshold = μ+ 6σ (5)

For each week, the number of times in which a data is

greater than the threshold is counted ( nover). A minimum

function is implemented in the indicator to give a value of 0

if no sample exceeds the threshold and a value of 1 if at least

216 samples exceed the threshold (that is more than a day and

a half of samples are over the threshold). Equation (6) shows

the implemented indicator.

Indicator = min
(
1,

nover

216

)
(6)

8 RESULTS

Figure 12 shows the results obtained throughout the wind

farm. Recall that WT2 suffers the main bearing failure on May

21, 2018. The graph corresponding to WT2 clearly shows two

peaks in the indicator, the first in February and the second peak

in May (date where the failure occurs). The alarm activates five

months in advance, in February, when the indicator passes the

value of 0.5 (note that the indicator values are always between

0 and 1). At the other WTs, the indicator remains at zero or

only small peaks appear (as in WT6, WT 10, and WT11) but

they do not generate an alarm warning (as they do not surpass

the value 0.5).

Figure 11 shows a flow diagram of the proposed normality

model and indicator. First, the healthy data from the wind

turbine is processed, normalized, and reshaped. Then, the CNN

is trained with the proposed architecture and ends with the

indicator developed to warn if there is a risk of failure in the

WT.

9 CONCLUSIONS

In this work, a strategy based on a normality model is

proposed using a CNN. The approach is tested in a real

wind farm under operation composed by 12 WTs where one

WT suffers the failure of interest, and the others are healthy.

The contribution of this work consists of the cleaning and

imputation of the SCADA data, followed by normalization,

reshape to arrays and the design of a deep CNN. The proposed

indicator allows us to obtain weekly results and warns us when

a failure is close by (the indicator exceeds the value of 0.5).

The conceived methodology can be easily applied to other

WTs since labels are not needed beforehand. In the analyzed

wind farm, an excellent precision of 100% is achieved with

no false positives. These results are promising and future work

will be carried out with other types of fault and other wind

farms data.
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ABSTRACT: The main goal of the WindFarmSHM research project is the development, validation and optimization of a 

monitoring strategy to be applied at the level of the wind farm, which should be able to evaluate the structural condition of a set 

of wind turbines and their consumed fatigue life. The accomplishment of this goal implies developing an experimental 

campaign, the construction of numerical models and the implementation of new data processing methodologies. 

The experimental campaign involves the simultaneous instrumentation of several wind turbines in the same wind farm with 

various sensors. In the present paper, only the strain measurement performed in the tower of one wind turbine will be analyzed. 

In a first step, the experimental determination of bending moments at the tower requires the acquired raw data to be pre-

processed to obtain the actual deformation. Thus, special attention is given to strain signals processing, which includes 

temperature effects compensation and signal calibration according to IEC 61400-13. Afterwards, the procedures for fatigue 

assessment, based on S-N curves and on the Palmgren-Miner rule, are applied, analyzing the sensitivity of the results to the 

adopted window length of the strains time series and S-N curve types. 

Advanced numerical models of the wind turbine are also being developed in FAST. The experimental results reported in this 

contribution are compared with their numerical counterparts. The application of the developed tools and the data recorded over 

more than a year allowed to obtain very relevant results for the fatigue assessment of the tower under analysis. 

KEY WORDS: Wind Turbine, Dynamic Monitoring, Strain Gauges, Fatigue Assessment. 

1 INTRODUCTION 

Wind energy has experienced a truly remarkable evolution 

during the last two decades in terms of installed capacity and 

technological developments. In the European Union (EU), 

wind was the fastest growing energy source between 2005 and 

2017, surpassing coal in 2016 as the second largest total 

installed power generation capacity [1]. Taking the most 

optimistic forecast, it is expected that this capacity will 

continue to grow and that it will even double in a minimum 

interval of 10 years [2]. 

It is important to note that wind turbines were designed to 

operate for 20 years, so it is estimated that about half of the 

cumulative capacity currently installed in the EU will reach 

the end of its useful life in 2030 [2]. It is therefore essential to 

create a regulatory framework that defines the actions to be 

taken when the expected design life of the structures is 

exhausted. 

Considering this background, the main goal of the 

WindFarmSHM research project is the development, 

validation and optimization of new methodologies to 

continuously assess the structural elements of wind turbines: 

tower, blades and foundation. This implies the development of 

innovative algorithms for data processing in order to: 

i) Evaluate the remaining fatigue life of the main structural 

components based on the direct measurement of strains with 

strain gages, curvature measurements using pairs of 

clinometers or/and adopting a virtual sensors approach [3], 

[4]; 

ii) Extrapolate results obtained for instrumented wind 

turbines to non-instrumented wind turbines of the same wind 

farm, using SCADA data [5]. 

The monitoring system presented in this paper is installed 

on a 1.8MW Vestas V100 wind turbine, located in Tocha 

wind farm (Portugal) near the coastline. Effective 

measurement of wind induced actions on wind turbine tower 

is performed using conventional electrical strain gauges. 

Environmental and operational data are also obtained by the 

SCADA system. The experimental data was recorded between 

February 2019 and April 2020. 

This work describes the methodology and its validation for 

experimental estimation of the bending moments applied in 

the tower from the long-term strains monitoring system. 

The fatigue analysis of the wind turbine tower is performed 

with a time domain analysis where the response of the 

structure is expressed as a stress or strain time history and the 

fatigue damage occurs as an outcome of the stress or strain 

reversals in the time history, which are known as cycles. 

As a first step to develop a model for the extrapolation of 

the damage to the entire wind farm based on monitoring data 

of one wind turbine, the damages obtained from direct 

measurement are compared and classified according the 

operational and environmental parameters. The final goal is to 

estimate the occurred damage at a given angle along the tower 

cross section using only some parameters from SCADA 

system (as wind speed or rotor speed). 
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2 TOCHA WIND FARM 

2.1 Wind Farm and Vestas V100-1.8MW description 

Tocha wind farm is located in the central region of Portugal 

inserted in a coastal area with plain sandy terrain. It consists 

of five VESTAS wind turbines, model V100 with 1.8 MW of 

rated power, totalling 9.0 MW of installed power. It is owned 

by EDP Renewables and started its operation in May 2012. 

Figure 1 shows the location of the wind farm and the 

distribution of the five wind turbines. 

a)  b)  

Figure 1. Tocha wind farm: a) Geographic location in 

Portugal; b) Wind turbines and auxiliary structures. 

The Vestas V100-1.8MW is an onshore wind turbine model 

designed for low wind onshore sites with a 100m diameter 

rotor. It is a variable speed, three-blade up-wind turbine with a 

100 m diameter rotor and individual pitch control for each 

blade. The hub is placed at a height of 95 m and is supported 

by a steel tower, with a hollow circular cross section of 

variable diameter and thickness and composed of four 

segments that are linked on-site with bolted connections. 

Since the soil is sand, the steel tower is connected to a 14 by 

14 m concrete slab supported by sixteen concrete piles with 1 

m diameter. 

As shown in Figure 1 the wind turbine operates for wind 

speeds between 4 and 20 m/s and achieves the rated power for 

wind speeds of about 12 m/s. 

  

Figure 2. Wind turbine at Tocha wind farm and power curve 

of V100-1.8MW (https://en.wind-turbine-models.com). 

2.2 Strains-Gauges Monitoring System 

The experimental campaign in Tocha wind farm involves the 

simultaneous monitoring of several wind turbines during a 

period of about two years, adoting three instrumentation 

layouts. However, only the dynamic monitoring system of the 

tower strains installed in wind turbine 1 are briefly described 

in this paper. A detailed description of the Tocha wind farm 

experimental campaign as well as some preliminary results 

can be found in [6]. 

The strain monitoring system is essential for fatigue 

assessment of the tower. It is composed of six 2D rosette 

strain gauges (measurement of the strain in two orthogonal 

directions) and four temperature sensors PT100. In order to 

try to evaluate the static bending moment diagram evolution 

along the tower, the six strain gauges are distributed in two 

sections: four sensors 6.5 m from the base of the tower 

(bottom section) and two sensors 7.7 m from the base of the 

tower (top section), as shown in Figure 3. The four 

temperature sensors are located in the bottom section, close to 

the strain gauges.  

Measuring deformation in the direction perpendicular to the 

tower axis as well as temperatures is important to allow the 

evaluation of alternative procedures to minimize the influence 

of temperature on the measured longitudinal deformations. 

 

 

Z = 7.758 m (top section) 

 
Z = 6.558 m (bottom section) 

Figure 3. Locations of the strain gages (◊) and temperature 

sensors ( ) at the tower. 

The two monitoring components are connected to a 

National Instruments digitizer and processor installed at the 

base of the tower. Data acquisition is ensured by a program 

developed in LabView for this specific application (sample 

rate of 50 Hz). 

In order to process the data collected with the described 

monitoring system, it is essential to have SCADA data that 

accurately characterize the environmental and operational 

conditions of the wind turbine. In this study, the owner of the 

wind farm provides SCADA data with two types of sample 

rates: mean, maximum and minimum values from 10 min 

periods (SCADA 10 min) and data with a sampling interval of 

15 sec (SCADA high resolution), of several operational and 

environmental parameters. 

The data acquired with a higher sampling frequency is very 

useful as it allows to accurately monitor the rapid variations of 

some parameters, such as wind speed and direction, rotor 

speed, yaw angle and blades pitch angle, which is not possible 

to follow from the average values. 

The synchronization of SCADA data with strains 

monitoring system was performed by comparing the evolution 

of the yaw angle (SCADA high resolution) with time series of 

strains over full rotations of the nacelle.  A constant delay of 

approximately 50 sec has been observed between the two 

systems. 
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3 EXPERIMENTAL EVALUATION OF BENDING 

MOMENTS AT THE TOWER 

3.1 Processing Methodology and Calibration 

Strain gauges are very sensitive sensors and many factors can 

easily preclude accurate measurements. All potential sources 

of errors need to be identified and it is necessary to implement 

a methodology for the signal processing according to the 

precision of the intended results. 

Thus, the experimental determination of bending moments 

in the tower requires the acquired raw data to be pre-

processed to obtain the real deformation. In the present 

application, as a first trial, the methodology presented in [7] 

with some upgrades is being followed. In a general way, this 

methodology consists of the following three steps: i) 

correction of the effect of temperature on strain gauges; ii) 

signal correction based on the average value of the strains 

recorded on diametrically opposed sensors; iii) signal 

calibration according to the guideline [8].  

Many factors can easily distort strain measurements, but 

temperature is the most frequent source of errors. Temperature 

can influence the measurement of strains in two ways: thermal 

output and non-linear temperature gradient. 

Thermal output is caused by variation of the electrical 

resistivity of the grid conductor with temperature and the 

differential thermal expansion between the grid conductor and 

the steel of the tower. This effect is minimized using the 

thermal output compensation curve provided by the 

manufacturer and the temperature measured on the steel 

surface. 

The local heating of the sun can also influence the measured 

strains, as the temperature gradient may become non-linear. 

This parasite strains are minimized by averaging the two 

signals provided by the gauge couple installed at 180°. 

It should be noted that strain gauges are connected to the 

acquisition system using a ¼-bridge configuration with three 

wires in order to avoid the effects of temperature on the 

cables. 

A significant drift is observed on the strains signals over 

time [9]. The correction of this drift is based on the procedure 

defined by the International Electrotechnical Commission 

(IEC) standards called calibration check [8]. This procedure 

requires yawing the nacelle 360º below cut-in wind speed, as 

shown in Figure 4 a). The full rotation of the nacelle generates 

a sinusoidal signal due to eccentricity of the nacelle and rotor 

mass, as shown in Figure 4 b). The mean of this signal 

represents the zero point. Please note that the strains presented 

in this figure were previously pre-processed to have zero 

mean. 

 

 

 

a)  

b)  

Figure 4. Yaw angle nacelle (a) and strain gauges signals (b) 

during nacelle full rotation (see sensor positions in Figure 3). 

A total of 38 full rotation of the nacelle, that met all the 

requirements, were observed in the period between February 

1, 2019 and April 30, 2020 and were used for calibration 

(Figure 5). 

 

Figure 5. Mean value of the full rotation signals observed at 

August-2019 to April-2020 (see sensor positions in Figure 3). 

In December 2019 there was a need to replace some 

components in the acquisition system that explains the sudden 

drift variation for the couple B-D. In the following months, 

the drift remains approximately constant. 

This procedure is also important to determine the exact 

position of the sensors in the instrumented section of the 

tower (despite the care used in the sensor gluing there are 

always inaccuracies in sensor position), taking into account a 

local coordinate system where the y-axis coincides with the 

position of the entrance door. The values of the yaw angle for 

which the minimum value of the signals occurs is assumed to 

correspond to the radial position of each sensor. The nacelle 

angle defines the fore-aft and site-side axis for which the 

bending moments will be estimated. 
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3.2 Bending Moments Validation 

In order to verify whether the values of the strains obtained 

from the procedure described above correspond to real 

deformation of the structure due to applied loads, some 

validation tests were performed. 

In this sense, the average values of strains observed in all 

the recorded 10 min setups (total of 53384 setups) are shown 

in the Figure 6 as a function of the yaw angle. These values 

are compared with the theoretical strain curve that would be 

obtained for the maximum thrust force applied at the rotor 

level, which was computed from the drag coefficients 

presented in [10]. 

 

  

  

Figure 6. Average measured strains of strain gauges A, B, C 

and D (August-2019 to April-2020) (see sensor positions in 

Figure 3). 

There is a good agreement between theoretical and 

experimental values.  

In a second verification, the bending moments estimated 

from the measurement of strains were also compared with 

those that can be obtained from the measurement of 

accelerations. Considering a rotor stop event (in which only 

the first vibration mode of the tower explains the structure's 

response) the displacement of the tower at the top level was 

determined by double integration of the acceleration time 

series. Using a stiffness matrix provided by a simple 

numerical model [11], it was possible to determine the 

equivalent modal force applied at the top level of the tower 

and the associated bending moment at the section 

instrumented with strain gages.  

The bending moments at the base of the tower estimated 

from accelerations and strains are compared in Figure 7. 

There is an excellent similarity between the bending moments 

estimated with the two methods. The error is less than 10% 

and can be explained by the difficulty in accounting for the 

exact stiffness of the tower.  

 

Figure 7. Bending moments at the base of the tower estimated 

from accelerations and strains time series during an 

emergency shut-down. 

Finally, considering two alternative turbine operation 

scenarios, the experimental results are compared with 

numerical counterparts, obtained from a model developed in 

FAST [12] and calibrated using the methodology described in 

[13]. 

 

 

Operating Conditions: 

Rotor speed = 14.9 rpm 

Wind speed = 13.0 m/s 

TI = 14.6 % 

 

 

Operating Conditions: 

Rotor speed = 13.0 rpm 

Wind speed = 7.9 m/s 

TI = 4.4 % 

 

Figure 8. Experimental and numerical bending moments time 

series for FA and SS directions in the bottom instrumented 

section of the tower considering two operating conditions. 

It is possible to verify a good agreement between the 

numerical and experimental results. It should be noted that the 

simulated wind loads respect the mean and standard 

deviations observed in the field measurements, but the time 

series are different. In both analyzed situations, the mean 

values and scatter of the FA bending moments are very 

similar.  

After the calibration and validation of the methodology to 

estimate the bending moments at the base of the tower, Figure 

9 a) shows the 10 min average bending moment at the tower 

base for the fore-aft direction versus the 10 min average wind 

speed provided by the SCADA system during normal 

operation, considering different turbulence intensities. 

This figure shows that the drag force acting on the rotor 

(responsible for the deflection of the tower) increases with the 

wind speed until reaching the maximum value. Due to the 
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activation of the pitch control to keep the lift force and the 

rotor speed constant, the value of the drag force is reduced as 

the wind speed increases. 

 

a)  

b)  

Figure 9. 10 minute average bending moment at the tower 

base for fore-aft direction during normal operation and 

considering different turbulence intensities, as a function of: 

(a) wind speed; (b) power output. 

The average 10 min power output of the wind turbine is 

shown in Figure 9 b) as a function of the 10 min average wind 

speed and the turbulence intensity. 

4 FATIGUE ASSESSMENT 

4.1 Fatigue Damage Calculation 

The fatigue estimation performed in this work is associated 

with a detail located at about 6.0 m higher from the tower 

foundation, very close to the instrumented bottom section 

(Figure 3). According to Eurocode 3 [14], the considered 

detail category is 80 MPa. 

The fatigue assessment of the tower is performed by 

combining S-N curves and rainflow counting algorithm. The 

rainflow cycle-counting algorithm translates the hysteresis 

loops experienced by the material during the loading history 

into a stress histogram. These fatigue cycles are obtained by 

performing a rainflow counting algorithm on the measured 

strain data considering bins of 1.0 MPa. 

The Palmgren-Miner linear accumulation damage rule [15] 

is used to calculate the total damage along the cross-section  

(every 5°) considering two alternative windows length: 24 

hours and 10 minute periods. 

The fatigue resistance of the critical detail is given by the 

bilinear S-N curves provided in Eurocode 3. Since the design 

codes for wind turbine support structure [16] do not consider 

the use of an endurance limit, S-N curves respecting this are 

also tested.  

After presenting the methodology followed for calculating 

the tower's fatigue damage, the influence that some 

parameters may have on this calculated value are evaluated. 

The first parameter is window length of the strains time 

series used to estimate the stress cycles. The same rainflow 

algorithm was applied for 10 minute and daily time series. 

The damage distributions over half of the section calculated 

according the S-N curve provided in Eurocode 3 is presented 

in Figure 10 a). Figure 10 b) shows the histogram of the stress 

cycles obtained with two different window lengths. As show 

in the histogram, a relative big difference can be seen between 

the two curves for the largest stress cycles, starting from 50 

MPa. 

 

a)  b)  

Figure 10. Influence of the window length: a) Damage 

distribution over the section; b) Histogram of the stress cycles. 

Another important analysis is the influence of the S-N curve 

parameters on the calculated damage. The Figure 11 shows 

the damage from the 10 minute time series along half of the 

section based on two alternative S-N curves (with and without 

endurance limit). 

It is possible to verify that the damage calculated with the 

S-N curve provided in Eurocode 3 (considering endurance 

limit) is significantly lower than the damage calculated with 

bilinear S-N curve without considering endurance limit. The 

difference is not constant throughout the section, varying from 

70% where the damage is less (approx. 30º) and 30% where 

the damage is maximum (approx. 125º). The large percentage 

of low amplitude stress cycling in the monitored data, as 

shown in Figure 10 b), justifies these results. 

 

  

Figure 11. Influence of the S-N curve parameters on the 

calculated damage (10 minute time series). 

The following tower fatigue assessment will be performed 

with stress cycles obtained from 10 minute time series and the 

damage calculated according a bilinear S-N curve without 

considering the endurance limit. 

4.2 Fatigue Assessment – Main Results 

The 10 minute damage evolution over the monitoring period 

for the 20º angle of the section is presented in Figure  a). It is 

clearly visible that there are some periods of 10 minute with 
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higher impact. In Figure  b), the 10 minute time series were 

sorted in descending order of associated damage. It is 

concluded that 2.2% of the setups associated with the greatest 

damage are responsible for 50% of the total accumulated 

damage (the points above the orange dashed line in Figure  a) 

whereas 99% of the total cumulated damage is caused by 30% 

of the monitoring period (red dashed line). 

 

a)  

b)  

Figure 12. Fatigue damage calculated for the 125º direction of 

the section: a) 10 minute damage; b) Distribution of the 

cumulative damage over 10 minute time series. 

The environmental and operational conditions of the wind 

turbine were evaluated for the 10 minute time series with the 

greatest contribution to total damage. It was found that these 

setups are associated with shut-down events when the wind 

speed exceeds 20 m/s and restarts at high wind speed. 

These conclusions are confirmed in Figure 13 where the 10 

minute damage is represented as a function of the 

environmental parameters (average wind speed and turbulence 

intensity) and operational parameters (pitch angle and rotor 

speed). The orange and red dashed lines represent, 

respectively, the 50% and 99% of the damage.  

The setups associated with high wind speeds represent the 

most significant impact on fatigue damage. Almost 50% of 

the damage occurs exclusively for wind speed above 10 m/s. 

It is important to note that these largest winds are associated 

with turbulence intensity of about 10% to 20% (Figure 13 b). 

The Figure 13 c) indicates that the damage is higher for 

pitch angle values between 3º and 20º which is typical for 

wind speeds above de Vrated (when the pitch control is active). 

As expected according to the previous conclusions, there is 

a direct relationship between damage and rotor speed. 

 

 

a)  b)  

c)  d)  

Figure 13. 10 minute damage as a function of: a) Wind speed; 

b) Turbulence intensity; c) Pitch angle; d) Rotor speed. 

5 CONCLUSION 

This paper presents the methodology followed for the 

experimental evaluation of bending moments at the tower of a 

wind turbine. The quite extensive monitoring camping that is 

being conducted in Tocha wind farm is described, with 

particular attention for the strains monitoring system. 

Special attention is given to the signal processing of the 

strain gauges and their validation. 

The procedure for fatigue assessment based on time domain 

analysis is introduced.  It is demonstrated that the definition of 

the type of S-N curves as well as the window length of the 

strains time series used to estimate the stress cycles have a 

relevant influence on the calculated damage. 

A realistic calculation of fatigue damaged endured by one 

wind turbine tower section is performed showing the 

influence of operational and environmental parameters. In 

particular, it was possible to verify that the most of the 

damage occurs under normal power production above rated 

wind speed. 

ACKNOWLEDGMENTS 

The support of EDP Renewables and VESTAS in greatly 

acknowledged. This work was also financially supported by: 

PhD Grant SFRH/BD/129688/2017, UID/ECI/04708/2019- 

CONSTRUCT - Instituto de I&D em Estruturas e Construções 

and the project PTDC/ECI-EST/29558/2017, all funded by 

national funds through the FCT/MCTES (PIDDAC). 

REFERENCES 

[1] EWEA, “Wind in power 2017 - Annual combined onshore and 

offshore wind energy statistics,” Brussels, Belgium, 2018. 

[2] EWEA, “Wind energy in Europe: Scenarios for 2030,” Brussels, 
Belgium, 2017. 

[3] G. Oliveira, F. Magalhães, Á. Cunha, and E. Caetano, “Dynamic 

monitoring system for utility-scale wind turbines: damage detection 
and fatigue assessment,” J. Civ. Struct. Heal. Monit., vol. 7, no. 5, 

pp. 657–668, 2017, doi: 10.1007/s13349-017-0250-7. 

[4] H. P. Hjelm, R. Brincker, J. Graugaard-Jensen, and K. MunchK, 
Determination of Stress Histories in Structures by Natural Input 

Modal Analysis. Florida, USA, 2005. 

[5] W. Weijtens, N. Noppe, T. Verbelen, A. Iliopoulos, and C. 

2.2 % 30 % 

50 % 

99 % 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure  

1227 

Devriendt, “Offshore wind turbine foundation monitoring, 

extrapolating fatigue measurements from fleet leaders to the entire 

wind farm,” J. Phys. Conf. Ser., vol. 753, p. 92018, 2016, doi: 
10.1088/1742-6596/753/9/092018. 

[6] J. Pacheco, S. Guimarães, C. Moutinho, M. Marques, J. C. Matos, 

and F. Magalhães, “New strategies for optimized structural 
monitoring of wind farms: experimental campaign,” Wind Energy 

Sci., vol. 5, no. 3, pp. 983–996, 2020, doi: 10.5194/wes-5-983-

2020. 
[7] C. T. Loraux, “Long-term monitoring of existing wind turbine 

towers and fatigue performance of UHPFRC under compressive 

stresses,” École Polytechnique Fédérale de Lausanne, 2018. 
[8] IEC, “IEC 61400-13 Wind energy generation systems - Part 13: 

Measurement of Mechanical Loads,” Int. Electrotechical Comm., 

2015. 
[9] K. Hoffmann, “An introduction to stress analysis and transducer 

design using strain gauges,” HBM Test Meas., 2012. 

[10] Morrison Hershfield Limited, “Wind Turbine Specification 
Report,” HAF Wind Energy Proj., 2012. 

[11] Autodesk, “Robot Structural Analysis Professional (Version 

29.0.05650(x64)).” 2016. 
[12] M. Sprague, J. M. Jonkman, and B. Jonkman, “FAST Modular 

Framework for Wind Turbine Simulation: New Algorithms and 

Numerical Examples.” In: Proc. 33rd Wind Energy Symposium, 
Florida, USA, 2015. 

[13] F. Pimenta, C. M. Branco, C. M. Teixeira, and F. Magalhães, 

“Calibration of onshore wind turbine numerical model using 
experimental data,” 2019. 

[14] Eurocode 3 part 1-9, “Eurocode 3 - Design of Steel Structures - Part 

1-9: Fatigue,” 2010. 
[15] M. A. Miner, “Cumulative Damage in Fatigue,” J. Appl. Mech., vol. 

12, no. 3, pp. 159–64, 1945. 

[16] DNVGL, “DNVGL-ST-0126 Support Structures for Wind 
Turbines,” 2016. 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure  

1228 

 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure  

Porto, Portugal, 30 June - 2 July 2021 
ISSN 2564-3738 

1229 

ABSTRACT: Vibration-based structural health monitoring systems relying on the identification and tracking of modal 

properties have become more and more common during the past few decades and, nowadays, successful implementations can be 

found in structures as different from each other as bridges, towers, wind turbines and concrete dams. These systems are used to 

study the evolution of the structure dynamic properties over time and to look for the occurrence of novel structural behaviour, 

which may indicate the presence of damage. 

Nevertheless, civil engineering structures are subjected to environmental and operational conditions, such as temperature, 

wind or traffic intensity, whose variations affect the dynamic response of the structure. Therefore, only through the 

minimization of the effects due to the mentioned conditions on structures modal properties it is possible to analyse the real 

evolution of the structure dynamic behaviour. 

In this context, this paper introduces the continuous dynamic monitoring of Foz Tua arch dam, in Portugal. The monitoring 

system installed in the dam is addressed and the results obtained during two years of continuous monitoring are presented. 

Finally, multiple linear regression models (MLR) and principal components analysis (PCA) are used to minimize the effects of 

environmental and operational conditions on modal properties. 

KEY WORDS: Operational modal analysis; Dam monitoring; Structural health monitoring; Data normalization 

1 INTRODUCTION 

Foz Tua hydroelectric power plant is one of the most recent 

plants in Portugal, adding an important contribution to the 

hydroelectric sector. Continuous dynamic monitoring of the 

dam is being carried out by the Faculty of Engineering of the 

University of Porto (ViBest-FEUP) and by the Portuguese 

National Laboratory for Civil Engineering (LNEC) to assess 

the dam’s structural health. The dynamic properties of the 

dam and their evolution over time are being studied taking 

into consideration the variation of operational and 

environmental conditions and their effects on the behaviour of 

the structure. 

Integrated monitoring systems considering real-time data 

directly obtained from structures, such as the one 

implemented in Foz Tua dam, are very important to the long-

term management of large civil infrastructures [1]. These 

vibration-based health monitoring systems rely on operational 

modal analysis to continuously identify modal properties, 

which can be used as monitoring features to evaluate the 

structure’s health condition evolution over time and guarantee 

high levels of operation performance [2] [3] [4] [5]. 

In the case of dams, though ambient vibration tests are 

becoming more common [6], dynamic testing is historically 

associated with experimental modal analysis and the 

performance of forced vibration tests, which are still being 

used nowadays [7] [8], since their reliability allows to 

establish correlations with numerical predictions and to 

develop and update finite element models with accurate 

results. Nonetheless, when continuous evaluation of the dam 

behaviour is intended, the installation of a full monitoring 

system is necessary. Though this type of vibration-based 

health monitoring systems is more commonly found in 

bridges, there are already a couple of applications in Portugal 

that have been successfully implemented in structures with 

geometrical characteristics similar to those of Foz Tua dam 

[9] [10] [11]. 

Nevertheless, since civil engineering structures are 

submitted to variations in operational and environmental 

conditions, and these external conditions strongly affect their 

dynamic behaviour, it is not feasible to try to monitor the 

structure without considering the minimization of such 

effects, producing features sensitive only to the effects of 

structural novelties. 

In this sense, this paper presents a brief description of the 

dynamic monitoring system installed in Foz Tua dam, the 

dynamic properties of the structure and the application of data 

normalization methods, such as Multiple Linear Regressions 

(MLR) and Principal Components Analysis (PCA), to 

minimize the effects of external conditions on the evolution of 

modal properties. 

2 INSTRUMENTED DAM AND MONITORING 

SYSTEM 

The Foz Tua hydroelectric development is located in the north 

of Portugal at the mouth of Tua river, a tributary of the Douro 

river. The power plant is equipped with 270 MW of power 

capacity, making it a very important asset in the country’s 

energy production sector. Its 27 km long reservoir, with 106 

million cubic meters of capacity, is accomplished through a 

108 m high concrete arch dam whose construction was 
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concluded by the end of 2016. The complex is equipped with 

a pumping system that allows recovering water from 

downstream, contributing to optimize the hydroelectricity 

production management of the Douro basin. 

The structure corresponds to a concrete double-curvature 

arch dam, embedded in a narrow valley zone. The 275 m long 

arch (crest length) is composed of 18 concrete blocks, 

separated by vertical contraction joints, and includes visit 

galleries at six different levels, besides the general gallery for 

drainage. The full storage level is at 170 m. Figure 1 shows a 

picture of the dam before the start of the exploration period. 

The vibration-based structural health monitoring system 

installed in the dam is composed by a set of 12 accelerometers 

that were radially disposed over the two upper visit galleries: 

4 in the upper visit gallery (GV1), being half of them on each 

side of the dam spillway gates; other 8 accelerometers in the 

second visit gallery (GV2). All the accelerometers are 

connected to a set of digitizers, and the synchronization of the 

data is assured by GPS. The system is continuously recording 

data with a sampling rate of 50 Hz, producing a data file every 

30 minutes. The position of the accelerometers installed is 

characterized in Figure 2.  

Before the application of Operational Modal Analysis 

(OMA), the recorded samples are pre-processed. The pre-

processing includes the elimination of offsets, the application 

of an eighth-order low-pass Butterworth filter and re-sampling 

with a frequency of 25 Hz.  

In the next section, the modal properties of the dam are 

identified, with its evolution being tracked over time. 

 

 

Figure 1. Aerial view of Foz Tua arch dam. 

 

Figure 2. Position of accelerometers. 

3 CONTINUOUS DYNAMIC MONITORING  

Estimates of the modal properties of the structure can be 

obtained through the application of state-of-the-art 

identification methods to the time series of accelerations 

recorded.  

In the present application, after a first analysis using the 

simple and straightforward Peak-Picking method, the modal 

identification of the structure was performed using the 

Covariance-driven Stochastic Subspace Identification (SSI-

Cov) method [12]. Five vibration modes were identified, and 

estimates for natural frequencies, damping ratios, and finally 

mode shapes were obtained, which are presented in Figure 3 

through a two-dimensional representation. The modal 

ordinates obtained from the modal identification are 

represented with blue dots and the full modal configurations 

were obtained using interpolations. Only sensors between 

number 5 and number 11 (see Figure 2) were used in this 

representation to help in the distinction between symmetrical 

and anti-symmetrical shapes. Three symmetrical (2nd, 3rd and 

5th) and two anti-symmetrical modes (1st and 4th) were 

identified. 

The continuous and automated tracking of the structure’s 

modal properties was achieved combining the SSI-Cov 

method with a routine based on cluster analysis, whose 

theoretical background is described in [13]. Natural 

frequencies, damping ratios and mode shapes were obtained 

for the first five modes, during a period of two years. Average 

frequencies (f) and damping ratios (d) of the five tracked 

modes during this two-year period are resumed in Table 1, 

along with the description of their mode shape, addressed 

before. It is worth noting that the average frequency values of 

the tracked modes vary from 3 Hz to 6.5 Hz, while average 

damping ratios between 1 % and 1.5 % were obtained, which 

is common for this type of structure. Though it is possible to 

identify higher order modes, their accurate identification and 

tracking is conditioned by the number of sensors available in 

the same horizontal alignment (GV2). 
Mode 1 

 

Mode 2 

 
 

Mode 3 

 

Mode 4 

 

Mode 5 

 

 

Figure 3. Mode shapes of the first five modes of Foz Tua arch 

dam 
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Table 1. Modal properties – two-year averages. 

Mode fmean [Hz] dmean [%] Description 

1 3.07 1.12 Antisymmetric 

2 3.29 1.38 Symmetric 

3 4.34 1.45 Symmetric 

4 5.74 1.52 Antisymmetric 

5 6.56 1.25 Symmetric 

 

However, since it is easier to understand the evolution of 

modal properties when graphically portrayed, the natural 

frequencies of the first five vibration modes identified during 

the period studied are presented in Figure 4 using 6-hour 

moving averages, which produce visually clean figures 

without losing accuracy in the characterization of natural 

frequencies’ fluctuations.  

All five modes present wave-like frequency variations in 

accordance with long-term ambient temperature evolution. 

Although, these waves are not so clear in the fifth mode, 

whose natural frequency presents the highest variations 

among the studied modes, varying inside a range of about 1 

Hz. In the case of this mode, the major external condition 

affecting natural frequency is the level of water in the 

reservoir. 

 

 
Figure 4. Time evolution of 6-hour moving average of natural 

frequencies 

4 MINIMIZATION OF OPERATIONAL AND 

ENVIRONMENTAL EFFECTS 

To minimize the effects of external conditions on natural 

frequencies a multiple linear regression model was built using 

as inputs the evolutions of reservoir water level and ambient 

temperature. A second and independent approach was 

followed through the application of principal components 

analysis, considering two principal components, in accordance 

with the two major external conditions affecting the dam’s 

dynamic behavior. Both approaches were used to predict the 

evolution of natural frequencies and then calculate the 

residuals that result from the difference between experimental 

and predicted values. In both cases, the first year of 

monitoring was used to build the model, while the second is 

used to test it.  

Table 2 presents the standard deviation of the five modes 

natural frequencies before and after the minimization of 

operational and environmental effects. In both cases data 

variability is reduced, but the reduction is considerably higher 

after the application of PCA. 

The evolution of natural frequencies 6-hour moving 

averages natural frequencies after the application of PCA is 

presented in Figure 5, in black, along with the original values 

and colors. Through the observation of Figure 5 it seems that 

most data variability due to external conditions was removed 

and that the new features are suited for statistical control and 

novelty detection. 

Table 2. Standard deviation of natural frequencies. 

Mode 
Initial Std 

[Hz] 
Std after 

MLR [Hz] 
Std after 

PCA [Hz] 

1 0.043 0.025 0.018 

2 0.038 0.020 0.016 

3 0.126 0.096 0.052 

4 0.145 0.081 0.056 

5 0.257 0.074 0.014 

 

 
Figure 5. Time evolution of 6-hour moving average of natural 

frequencies before (in colour) and after (in black) the 

minimization of operational and environmental effects 

5 CONCLUSIONS 

The dynamic monitoring system installed in Foz Tua arch 

dam was briefly described and the modal properties of the 

structure were presented. The processing of the time series of 

accelerations continuously recorded during a period of two 

years demonstrate that the dynamic monitoring system is 

adequate and reliable.  

The results of modal identification show that natural 

frequencies are strongly influenced by operational and 

environmental conditions and statistical methods were used to 

minimize the effects of such influence with good results. 

In the future, statistical control will be applied to the residuals 

obtained after data normalization with the purpose of 

verifying the suitability of the data to detect structural 

novelties.  
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ABSTRACT: This article presents the work developed in the context of the study of the turbulent wind effects on a high-voltage 
transmission line. Turbulent wind loads are in the origin of vibrations, namely Aeolian vibrations, inducing damage at the cable 
conductors and accessories. With the purpose of investigating such effects, a continuous dynamic monitoring system was 
developed and installed on a span of a de-activated transmission line. In order to validate existing fatigue models applied to the 
estimation of the remaining life of conductors, measured accelerations are processed, and CIGRÉ’s standard rules for the fatigue 
evaluations are applied. The experimental results are then mathematically manipulated according to the Poffenberger-Swart 
procedure, and the remaining lifetime estimation of the conductor is determined using the Rainflow method and Miner’s rule.   

 

KEYWORDS: Aeolian vibrations; Conductors fatigue; Conductor remaining lifetime; Dynamic monitoring; Cable failure. 

1 INTRODUCTION 

Despite the high level of standardisation currently adopted in 
the design of overhead high voltage transmission lines 
(LMAT), there remains a considerable lack of knowledge 
regarding the characterisation of the turbulent wind effects, the 
structural behaviour of conductors, their dynamic interaction 
with the towers, and also the definition of damping levels 
achieved in service and extreme conditions. The occurrence of 
damage and collapse in LMATs is not uncommon, both in 
terms of conductors and insulators, as well as in towers, which 
can cause disturbances in the distribution of electricity with 
significant economic repercussions. On the other hand, the 
difficulties related to the instrumentation of live-lines have 
limited the experimental characterisation analysis of these 
structures’ behaviour. 

However, technological developments in recent years have 
opened new perspectives in the monitoring of these structures. 
In this context, the Laboratory of Vibrations and Structural 
Monitoring (ViBest) at FEUP has designed a continuous 
dynamic monitoring system and implemented it on a LMAT’s 
representative span of the electricity transmission network’s 
infrastructure, taking into account the greenfield location and 
the atmospheric conditions. The monitoring system aimed at 
studying, among others, the effects of aeolian vibrations, which 
are the leading cause of the conductors’ fatigue failure. 

This article aims to present the continuous monitoring 
system, and some results of a study focused on the assessment 
of the remaining lifetime of a conductor, comparing the 
dynamic cable behaviour before and after installing 
Stockbridge vibration dampers.   

2 CHARACTERISATION OF THE LMAT 

 Location 
The monitored span is part of the Riba de Ave - Vermoim 1 
Line, which runs along the cities of Vila Nova de Famalicão, 

Santo Tirso, and Valongo and is currently de-activated. This 
span has an approximate length of 595 m, crossing an area of 
rural characteristics, with sparse vegetation and low 
construction density. Images of this span and the instrumented 
tower are shown in Fig.1, and an aerial view of the crossed area 
in Fig. 2. The choice of this span was based on the length 
greater than 500 meters and the location outside urban area with 
good exposure to the wind. 

 

Figure 1. LRA.VM1 Line: a) span e b) instrumented tower. 

 

Figure 2. Aerial view of the zone crossed by P43-P44 span. 

Using structural health monitoring to estimate the remaining lifetime due to fatigue 
at a conductor from an overhead high-voltage transmission line 

Raphael Faria de Mendonça1, Elsa Caetano2 

1,2 CONSTRUCT-VIBEST, Department of Civil Engineering, Faculty of Engineering, University of Porto, R. Dr. Roberto Frias, 
4200-465 Porto, Portugal  

email: raphael.mendonca@fe.up.pt, ecaetano@fe.up.pt 

                        Proceedings of the  International Conference on Structural Health Monitoring of Intelligent Infrastructure
                                                                                                                                      Porto, Portugal, 30 June - 2 July 2021 
                                                                                                                                                                       ISSN 2564-3738

1233



 Cables 
The conductor cables in the monitored span are of the ACSR 
(Aluminum Conductors Steel Reinforced) type, consisting of 
aluminium wires with a reinforcement core of steel wires, and 
the cross-section as shown in Fig.3a. The LMAT also has a 
guard-cable of the same type but with a smaller number of 
wires and a smaller cross-sectional area, schematically shown 
in Fig.3b. 

 

Figure 3. Cables cross-section a) conductor and b) guard-
cable. 

The instrumentation was applied to a conductor cable with a 
24 mm diameter and reference BEAR - ACSR 325. With the 
purpose of subsequent calibration of the numerical model, a 
topographic survey was carried out, which allowed defining the 
installed tension and the cable profile. This information is 
systematised in Fig.4. It is also noted that no connection joints 
or repairs were observed at the cable during the installation of 
the monitoring system. 

 

Figure 4. Cable profile and installed tension force. 

 Towers 
The towers P43 and P44 supporting the LMAT’s monitored 
span, are equal and designated as T1-29, belonging to the “T” 
family towers with 29m height. These are common trussed steel 
structures constituted by angle profiles and connected by bolts 
and gusset plates. 

 Structural health monitoring system 
With the main aim of characterising the conductor’s vibrations 
and the potential dynamic interaction with the towers, a 
structural health monitoring system has been designed and 
implemented. Having the intention of using this system in an 
activated line, fibre optical technology was incorporated into 
the system by means of specific developed Bragg sensor setups 
installed in five sections of the cable according to the 
representation of Fig.5. 
The measurement of in-plane and out-of-plane strains in the 
conductor at more than one section allows the identification of 
modal components associated with the conductor’s vibration. 
Simultaneous measurement of the tower vibrations using two 

accelerometers in two horizontal directions allows the 
characterisation of the dynamic interaction between these two 
substructures. The monitoring system was complemented with 
four accelerometers, located in the first and third measurement 
sections closest to the tower. Images of the accelerometers 
installed at the tower and conductor are shown in Figs. 6 and 7.  
Finally, to characterise the wind actions on the conductor and 
tower, a sonic anemometer was installed at the top of the tower 
(see Fig. 8). 

 

Figure 5. Instrumented section locations in the P43-P44 span. 

 

Figure 6. Accelerometers: a) piezoelectric (tower) and b) 
MEMs (conductor). 

 

Figure 7. Accelerometers installed: a) piezoelectric (tower) 
and b) MEMs (conductor). 

 

Figure 8. Anemometer installed at the top of the tower. 
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 Data acquisition 
The acquisition system was installed near the base of the P43 
tower, accommodating all devices for data acquisition, storage 
and management, as well as communication and power supply.  
The monitoring system was active for a period of two years. In 
order to assess the performance of Stockbridge dampers, a 
conventional damping solution for the span was designed and 
implemented, which permitted the monitoring of the damped 
conductor during  a period of 6 months. 

3 FATIGUE, DAMPERS, AND VIBRATION RECORD 
DEVICES 

 Fatigue at cable conductors 
Significant attention should be given to cable conductors since 
these components represent up to 40% of a transmission line’s 
total investment. Hence, maintenance is essential for electricity 
distributor companies. However, it is not uncommon in this 
kind of structure to confront one of the most complicated 
mechanical problems related to damage and failure: fretting 
fatigue. Fretting happens due to relative movement between the 
conductor’s internal wires and by their contact with clamps and 
dampers. In overhead high-voltage transmission lines, this 
phenomenon occurs mainly due to aeolian vibrations, also 
designated as vortex-shedding resonance. These vibrations 
occur for particular wind velocities and are due to the formation 
of alternate vortices at the top and bottom of the conductor, 
inducing a vertical cable movement that results in bending at 
the anchorage or suspension point near the tower. The 
association of bending and tension stresses at the cable may 
conduct to fatigue of the wires. 

Aeolian vibrations in cable conductors occur at low wind 
velocities from 0.5m/s to 7m/s, in a frequency range of 3Hz to 
150Hz, and the vibration amplitudes are expressed as a function 
of the conductor’s diameter, with values around 0.01 to 1 
diameter [1].  

 S-N curves and CIGRÉ’s Safe Border Line (CSBL) 
The characterisation of the fatigue performance of a material is 
commonly achieved using the stress-life method with the aid of 
S-N curves (Wöhler curves), which plot in a graph the cyclic 
stress (S) versus the number of cycles to failure (N) during a 
laboratory test.  The test stop criteria are either the failure of 
10% of the cable’s wires or of a specific number of wires. Due 
to the difficult execution and expensive costs involved in this 
kind of test, the International Council on Large Electric 
Systems (CIGRÉ) provided a safe curve, called Safe Border 
Line, in order to make it easier for companies to determine the 
lifetime of conductors without a substantial investment. Fig.9 
shows the CSBL curve in comparison with other test results for 
a variety of cable compositions [1]. 

The following equation can express the Safe Border Line 
curve 

 B
a iA N� � �  (1) 

The constants A and B are related to the number of fatigue 
cycles Ni for a specific level of stress and number of aluminium 
wire layers of the conductor. The stress amplitude is designated 
as σa and expressed in MPa. Table 1 shows the values of these 
parameters according to [1]. 

 

 

Figure 9. CIGRÉ Safe Border Line and S-N curves [1] 

 

Table 1. Constant values A and B for the CSBL curve. 

# of layers N < 2x107 N > 2x107 
 A B A B 

1 730 -0.2 430 -0.17 
> 1 450 -0.2 263 -0.17 

  

 Every Day Stress (EDS) and bending stress concept 
The Every Day Stress is the tensile strength established by 
CIGRÉ as a portion of the cable conductor’s Rated Tensile 
Strength (RTS). In general, in overhead high-voltage 
transmission lines, EDS values vary in a range of 15% to 20% 
of the RTS. Although fatigue failure in conductors is intimately 
linked with high EDS values, the increasing energy demand has 
been leading companies, over the years, to use higher values of 
EDS, which can easily achieve 35%. 

The accurate assessment of stress and strain at conductors is 
a difficult task. Poffenberger and Swart [2] developed an 
analytical formulation that establishes a relationship between 
the dynamic bending stress (σPS) at the wires’ outer layer and 
the peak-to-peak vibration amplitude (YB). The Poffenberger-
Swart equation can be expressed as  

 PS BK Y� � �  (2) 

The constant K in this equation converts the vertical 
amplitude measured at 89 mm from the last point of contact 
(LPC) into bending stress (0-to-peak), as shown in Fig.10, and 
is defined as 
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where Ea is the aluminium Young’s modulus, expressed in 
MPa, d is the wire diameter in the outer layer, expressed in mm, 
x is the distance between the measurement point and LPC, 
usually adopted equal to 89 mm, and the parameter p is 
described by  

 2 Tp
EI

�  (4) 

In equation (4), T is the tension force at the conductor 
calculated using EDS, expressed in N, and EI is the conductor’s 
minimal flexural stiffness in N.mm2 given by the following 
equation 

 
4 4

min 64 64
a s

a a s s
d dEI n E n E� �

� � � � � �  (5) 

where na is the number of aluminium wires, Ea is the aluminium 
Young’s modulus, and da is the aluminium wire diameter. The 
other parameters ns, Es, and ds are the same, but now regarding 
to the steel wires present in a multi-layer cable conductor. 
 

 

Figure 10. Schematic view of the conductor’s clamp and the 
vibration amplitude measurement point. 

 

 Stockbridge dampers 
Stockbridge dampers are the most widely used devices for 
aeolian vibration control. In general, they consist of two rigid 
masses connected to both ends of a messenger cable. A clamp 
ensures the connection between the damper and the conductor. 
This connection allows the transmission of displacements from 
the conductor to the damper (Fig. 11). The inertial masses 
attached to the messenger cable induce a cable bending, 
causing energy dissipation by friction due to the relative 
movements between the internal wires of the cable. Energy 
dissipation occurs in a frequency band close to their natural 
frequency, reaching maximum values when the Stockbridge is 
excited in that frequency range [3]. If the sum of the energy 
dissipated by the conductor and the Stockbridge damper is 
greater than the energy supplied by the wind, the conductor will 
vibrate with less amplitude and for less time. 

However, to guarantee the system efficiency, it is essential 
that dampers are placed in the correct position along the cable, 
usually at the points of the cable with the largest amplitude of 
vibration and closest to the anchored points. Installing the 
Stockbridge dampers at incorrect positions can result in an 
increase in mechanical overload on the cable, which will lead 
to a reduced lifetime. Theoretically, a Stockbridge damper 

should be placed at a distance of λ/4 from the fixed point, as 
shown in Fig.12, where λ is the wavelength of the mode to be 
mitigated. 

However, taking into account that the natural frequencies of 
the assembly damper-cable are different from the natural 
frequencies of the isolated cable, CIGRE recommends the 
damper installation at a distance [4]: 

 0.85
2

x �
� �  (6) 

Where the wavelength is given by: 

 
1

n

T
f m

� � �  (7) 

In equation (7), fn is the cable natural frequency in Hz, T is the 
tension force, expressed in N, and m is cable mass per unit of 
length, expressed in kg/m. 

 

 

Figure 11. Stockbridge damper attached to the cable 
conductor [3]. 

 

Figure 12. Theoretical and recommended distance of the 
Stockbridge installation. 

 
The resonance phenomenon occurs when the wind excitation 

frequency (Strouhal frequency) approximates the natural 
frequency of the cable. Considering the Strouhal number equal 
to 0.185, which is the recommended number for the specific 
case of cables in overhead high-voltage transmission lines, 
critical wind frequency can be extracted from the expression 

 
0.185 Uf

D
�

�  (8) 

Where U is the wind velocity in m/s, and D is the diameter of 
the conductor, expressed in m. 

 

 VIBREC500 vibration recorder 
As part of the assessment of aeolian vibrations on transmission 
line cables, devices used to measure vibration amplitudes and 
calculate the remaining lifetime are commonly used. In this 
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work, the device VIBREC500-WT (Fig.13), manufactured in 
Switzerland, by Pfisterer Sefag was used to measure the aeolian 
vibrations, recording peak-to-peak amplitudes, vibration 
frequencies and temperature. The VIBREC weight is about 0.7 
kg, including the battery, and has an autonomy of 
approximately one year, depending on the ambient temperature 
and the acquisition time interval. The device was developed for 
cables supported by suspension clamps. Therefore, they are 
usually installed next to these sections, and the measurement 
sensor is located at a distance of 89 mm from the clamp. 

 

Figure 13. VIBREC500-WT device at suspension clamp. 

Due to the necessity to manage the battery life and memory, 
the VIBREC500-WT does not continuously record data. The 
standard acquisition consists of storing 10 seconds of active-
time data within 15 minutes of an idle interval, following the 
recommendation of CIGRÉ, which determines a minimum 
monitoring period of three months. Assuming that the device 
measures for three months, only approximately 24.8 hours of 
data would be recorded, which is equivalent to 0.3% of the 
period of one year. This low percentage is one of the main 
reasons for carrying out this work, which aims at characterising 
the quality of lifetime cable estimations based on such a short 
sampling period. Table 2 shows some VIBREC500-WT 
specifications. 

Table 2. VIBREC500-WT data acquisition specifications 

Active-time of acquisition 1 – 10s 
Active-time + Idle-time 15s – 60min 

Wind velocity 0 – 30m/s 
Frequency range 0.2 – 200Hz 

Amplitude of vibration 0 – 2mm 
  
The VIBREC500-WT is also capable of calculating the 

remaining lifetime of the conductor with a software aid. The 
analysis performed by the software is following the most recent 
IEEE [4] and CIGRÉ [5] standards. Accordingly, the measured 
peak-to peak amplitudes are converted into bending stresses, 
using the Poffenberger – Swart equation (2). 

Regarding cycle counting, the VIBREC500-WT manual 
states that the device automatically stores the number of half-
cycles in a data matrix, and the software converts the data into 
a number of full-cycles. 

The data are expressed through an S-N curve relating each 
block of stress to the number of cycles, and the damage at the 

conductor is determined using the Miner’s rule using the 
expression  

 
1

m
i

i fi

nD
N�

� 	  (9) 

and the procedure shown in Fig.14. The S-N curve obtained 
with the recorded data is compared with the CIGRÉ’s Safe 
Border Line [1], obtaining the final damage value, which is 
extrapolated to a one-year period. 

 

 

Figure 14. VIBREC500-WT device at suspension clamp. 

Finally, the remaining lifetime is given by the following 
equation 

 
1V
D

�
	

 (10) 

Where D is the accumulated damage and V is the remaining 
lifetime in years. 

4 REMAINING LIFETIME ESTIMATION METHOD 

As the objective of evaluating and comparing whether the 
signal acquisition time stipulated by VIBREC is sufficient to 
characterise the phenomenon of fatigue in conductor cables, the 
present work proposes a method of calculating the remaining 
lifetime due to fatigue using structural health monitoring data. 

 Periods of analysis 
In order to use the same concepts and formulations employed 
by VIBREC500-WT, a micro-electrical mechanical 
accelerometer (MEM#3) has been installed close by the 
anchorage point to simulate the device position. This sensor 
measures the vertical accelerations of the cable (in-plane).  

In possession of a relevant continuous monitoring database, 
two specific periods of analysis were considered. The first one 
was chosen before installing Stockbridge dampers and the 
second one after the installation, both with a three-month 
duration as recommended by CIGRÉ. Different weather 
conditions were also considered when choosing the period to 
take into account the effects of temperature variations. One 
interval was defined during three months in the summer 
without dampers, and another three months of data were 
collected in the winter with the dampers already installed. 
Fig.15 and Fig.16 show the 10-minutes wind mean velocity in 
both periods of analysis.  

The calculations of the conductor lifetime were then made 
considering different record durations, starting in 5 s in every 
15-minute period, and ending with the full 15-minute period. 

 

                        Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure

1237



 

Figure 15. 10-minute mean wind velocity during summer. 

 

 

Figure 16. 10-minute mean wind velocity during winter. 

 

 Processing of acceleration signals  
Before using the acceleration signals in the cables to calculate 
the fatigue lifetime, it is necessary to resort to data processing 
procedures. The algorithm developed collects the 
accelerometer signals and then analyses and remove the offsets, 
outliers and missing values.  

Another important procedure that should be done is to filter 
the signal removing the frequency content out-of-range of wind 
vibrations. The wind-induced vibration frequencies can be 
determined using the equation (8) and the wind velocity range 
0.5-7m/s for the cable BEAR-ACSR 325. 

 

 
0.185 [0.5,7]

[4 ,60 ]
0.02345

f Hz Hz�
� 
  (11) 

 
A Butterworth signal processing filter was designed to have 

a frequency response in the mentioned passband as flat as 
possible.  

 

 Signal integration in the frequency domain 
The Poffenberger-Swart equation converts the cable amplitude 
of vibration into bending stress. This implies that the 
acceleration signals should be doubly integrated in the 
frequency domain to transform accelerations into velocities and 
afterwards velocities into displacements. It is necessary to be 
aware of the correct method to apply to integrate discrete 
signals in the frequency domain preventing the drift effect, 
which results in a corrupted signal. Table 3 shows the 
parameters used in the Poffenberger-Swart equation (2) 
considering the characteristics of the conductor under analysis.  

Once the displacement signal is converted into a stress signal, 
the cycle counting Rainflow method is applied, and Miner’s 
rule is used to determine the conductor’s remaining lifetime. 

Table 3. Poffenberger-Swart equation parameters 

Aluminium Young’s modulus, Ea 70000 MPa 
Steel Young’s modulus, Es 200000 MPa 

Aluminium wire diameter, da 3.35 mm 
Steel wire diameter, ds 3.35 mm 

Number of aluminium wires, na 30 
Number of steel wires, ns 7 

Conductor Bending Stiffness, EImin 2.163x107 N/mm2 
Cable Tension, T 23320 N 

Poffenberger-Swart constant, K 31.981 N/mm3 
Distance from LPC, x 89 mm 

  

5 REMAINING LIFETIME ESTIMATION RESULTS 

Several analyses have been performed using different 
acquisition times before and after the Stockbridge installation 
to estimate the remaining lifetime of the LMAT’s conductor 
and assess the acquisition time used by VIBREC500-WT. 
Table 4 and Fig.17 show the results of these analyses. 

Table 4. Lifetime estimations for LMAT’s conductor 

Acquisition  
time [s/15min] 

Life [years] 
Without dampers  With dampers 

5 10.05 200 
10 7.74 167 
30 6.09 136 
60 5.86 132 
90 5.86 127 

120 5.77 124 
180 5.54 126 
300 5.55 123 
600 5.27 119 

 

 

Figure 17. Remaining lifetime x Acquisition time. 

Based on the analyses, the conductor’s remaining lifetime tends 
to 5 years when increasing the time of acquisition in the cable 
without the Stockbridge damper. On the other hand, the cable 
analyses with dampers show a considerable increase in the 
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conductor lifetime, which tends to 119 years. This occurs due 
to the energy dissipated by the dampers, reducing the amplitude 
of vibration and consequently reducing the stresses at the 
anchorage point. In Fig.17, it is possible to observe that the 
acquisition time of 10s for 15 minutes used by default in the 
VIBREC500-WT is not sufficient for a reasonable estimate of 
the lifetime, and even less for time intervals of less than 10s, as 
allowed in the device configuration. It can also be observed that 
the lifetime values obtained for the undamped and damped 
condition for the different periods of data analysis exhibit an 
asymptotic variation after a period of 60s/15min of data 
acquisition. Assuming the CICRÉ’s recommendation of data 
acquisition using 10s/15min time, at the 3-month end, the 
amount of data analysed is 86400s compared to the 518400s 
using 60s/15min. As usual, the lifetime is expressed in years, 
and the data is extrapolated for this period. Considering the 
VIBREC500-WT period of acquisition, it represents 0.27% of 
a year. As stated before, this time is not enough to characterise 
the fatigue phenomenon due to aeolian vibrations. Considering 
the results obtained with this specific conductor, it is 
recommended to perform time domain analysis using at least 
120s/15min for a reliable estimation of the remaining lifetime 
of a cable conductor, which represents 1036800s or 3.3% of a 
year. Fig.18 shows the accumulated damage curve compared 
with the CIGRÉ Safe Border Line for 120s of time acquisition 
without damper. 
 

 

Figure 18. Accumulated damage x CIGRÈ Safe Border Line. 

 

6 CONCLUSIONS 

The installation of a monitoring system in a LMAT line 
allowed continuous observation through data collection and 
automatic analysis of the cable conductor’s response with the 
main aim to assess the current recommendation of the data 
acquisition system of the aeolian vibrations measurement 
devices in overhead high-voltage transmission lines. The 
proposed method in this work allowed to estimate reliably the 
remaining lifetime of the cable due to fatigue before and after 
dampers installation, evidencing unconservativeness in the 
short-term monitoring using established sampling durations. 
Although further studies should be made to validate this 
conclusion, it is shown that the use of continuous monitoring 
acceleration can provide a good alternative to evaluate the 
remaining lifetime of a conductor if compared with the 
traditional methods. 
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ABSTRACT: This article introduces a distributed optical fiber vibration sensing system based on back-to-Rayleigh scattering, 

namely a phase-sensitive optical time domain reflectometer (φ-OTDR) system, which uses a direct detection method to detect 

vibration signals along the optical fiber. The system has been applied to the real-time monitoring of oil gathering pipelines. The 

monitoring length is 12 km. Through a series of verifications, the location accuracy of the system is ±30 m, and it can realize 

the simultaneous recognition of multiple vibration events. The distributed optical fiber vibration sensing system with back-to-

Rayleigh scattering has a good application prospect in the health monitoring of oil gathering pipelines. 

KEY WORDS: Oil gathering pipelines; Back-to-Rayleigh scattering; Vibration sensing system; Location; φ-OTDR 

1 INTRODUCTION 

Oil gathering pipelines play an important role in the 

transportation of crude oil. With the rapid economic 

development and the improvement of people’s consumption 

level, the requirements for oil resources are increasing year by 

year, and more and more oil pipelines are being laid. In the 

long-term use of oil pipelines, due to natural disasters such as 

landslides, collapses, weathering and corrosion, as well as 

man-made damage, and crude oil is generally transmitted 

under high pressure conditions, it is very prone to pipeline 

rupture or loose connections. Leaked crude oil will cause 

great damage to the natural environment and also cause 

certain economic losses. Although line inspectors regularly 

check the health status of the pipelines, pipelines are generally 

buried in the soil or natural disasters occur in severe weather, 

and pipeline leaks cannot be discovered in time. Therefore, oil 

pipeline health monitoring has gradually become a research 

hotspot, and monitoring methods are also diverse. According 

to the different monitoring principles, it can be roughly 

divided into acoustic method, infrared method, piezoelectric 

impedance method and optical fiber sensing method. 

Acoustic method identifies the changes in certain 

characteristic quantities of the acoustic signal transmitted in 

the pipeline or detect the acoustic signal induced by the 

pipeline leakage, so as to determine whether there is leakage 

and the location of the leakage point. This method mainly 

includes acoustic emission monitoring, negative pressure 

wave Method, ultrasonic guided wave monitoring and sonic 

method. 

The infrared method judges whether the temperature of the 

pipeline wall is uniform by detecting the dominant 

wavelength of the radiant energy on the outer wall of the 

pipeline, and then judges whether there is a leakage and the 

location of the leakage point. 

Piezoelectric impedance method is to apply certain physical 

excitation to the outer wall of the pipeline to analyze the 

corresponding response to monitor the pipeline health status. 

Similar detection methods include magnetic flux leakage 

detection method and photographic detection method. 

The optical fiber sensing method uses optical fiber to detect 

the vibration and temperature changes along the oil pipeline to 

determine the health status of the oil pipeline. The method 

mainly includes the double Mach-Zehnder interferometry, the 

sagnac interferometry, the Rayleigh scattering method and 

Raman scattering method  basing on the ODTR principle, etc. 

Compared with other methods, the optical fiber sensing 

method has the advantages of multi-parameter, distributed, 

large-capacity and convenient networking. At the same time, 

optical fiber sensing has the advantages of strong anti-

electromagnetic interference ability, high sensitivity, good 

electrical insulation, safety and reliability. In addition, in 

recent years, with the maturity of optical fiber technology, the 

commercialization of narrow-linewidth lasers, and the 

improvement of the performance of other optical devices, 

optical fiber sensing methods have gradually become a 

research focus. 

Among many optical fiber sensing methods, the Rayleigh 

scattering-based Φ-OTDR system stands out because of its 

excellent location accuracy and the ability to detect multiple 

vibration events at the same time. This method was proposed 

by Professor Tylor of Texas A&M University in 1993. Since 

then, Φ-OTDR has been silent for more than 10 years. With 

the commercialization of ultra-narrow linewidth lasers and the 

field tests conducted by Juarez in 2005, Φ-OTDR has once 

again become a research hotspot in the field of distributed 

optical fiber sensing[1]. In 2011, the Haiwen Cai group used 

the Fourier integral demodulation method to achieve the 

vibration phase demodulation of the Φ-OTDR system for the 

first time[2]. In 2015, the Fang Li group proposed to use the 

phase generator carrier (PGC) principle to achieve the phase 

demodulation[3]. In 2016, the Yunjiang Rao group proposed 

to use the IQ method for phase demodulation[4]. In 2016, the 

Zuyuan He group proposed to use the Hilbert transform for 

phase demodulation[5]. At present, the main research 

direction for the Φ-OTDR system is to suppress the coherent 
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fading effect caused by Mach-Zehnder interference. In 2020, 

the Zinan Wang group proposed a bipolar coded Φ-OTDR 

system combined with spectrum extraction and mixing 

methods to eliminate coherent fading[6]. In the same year, 

Xuping Zhang group proposed a spatial optimization phase 

detection method based on optimal location amplitude 

tracking to suppress noise fading[7]. In order to avoid the 

influence of coherent fading effect and simplify the system 

structure, this paper adopts the Φ-OTDR system of direct 

detection mode. 

2 SYSTEM STRUCTURE PRINCIPLE 

The phase-sensitive optical time domain reflectance (Φ-

OTDR) system structure of the direct detection mode is shown 

in Figure 1. The single-mode laser emits a continuous laser of 

1550 nm, the laser linewidth is <3 kHz, and the maximum 

output power is 40 mw. The output light is modulated into 

pulsed light with a frequency of 3 kHz and a pulse width of 

100ns through the acousto-optic modulator (AOM). At the 

same time, the AOM will be driven by the driver and generate 

an 80MHz frequency shift for the laser. The modulated pulse 

light enters the circulator 1 port through the erbium-doped 

fiber amplifier(EDFA), enters the 12 km optical cable through 

the circulator port 2, and the backscattered light enters the 

avalanche photodiode from the port 3, and becomes an 

electrical signal after photoelectric conversion. A single-

channel acquisition card with a sampling rate of 100 MS/s is 

used for acquisition, and the computer processes the collected 

electrical signals and demodulates the vibration location. 

APD

Fiber 

laser
AOM

Circulator

DAQ

30kHz 

synchronizing signal
Pulse 

Generator Monitoring length 12km 

 EDFA
1 2

3

 

Figure 1. Direct detection type phase sensitive optical time 

domain reflectance (Φ-OTDR) system structure. 

The detection pulse light enters the fiber from the circulator 

port 2. The non-uniformity in the density of the fiber core will 

cause the change of the refractive index of the fiber core. This 

weak change will cause Rayleigh scattering, so the pulsed 

light will be scattered in the fiber. During the forward 

transmission, Rayleigh scattering is continuously generated, 

and the Rayleigh scattered light in the back direction enters 

the avalanche photodiode(APD) through the circulator port 3. 

The AOM and the acquisition card are triggered by the pulse 

synchronization signal at the same time to ensure that the 

pulse light generation time is consistent with the acquisition 

time of the acquisition card. The time from the AOM 

modulating the pulsed light to receiving the back-Rayleigh 

scattered light generated by the pulsed light at the location L 

in the optical fiber is t. During this period of time t, it can be 

approximated that the pulsed light propagated once from the 

circulator port 2 to the L location, so the L location can be 

determined by formula (1). 

 =
2

ct
L

n
 (1) 

Among them, c is the speed of light in vacuum, t is the time 

required from sending out the pulsed light to receiving the 

back Rayleigh scattered light generated at the location L, and 

n is the refractive index of the fiber core. 

3 DIFFERENTIAL POSITONING ALGORITHM 

The sampling rate of the acquisition card is 100 MS/s, the 

sampling interval is 1 m, and the total length of the optical 

fiber is 12 km, so there are 12,000 sampling points of voltage 

data as a set of sampling data. Repeated sampling is 

performed 50 times and the average voltage value is taken as a 

frame of data output. The frequency of the synchronization 

signal is 3kHz, and it takes 16.67ms to collect one frame of 

data. It can collect 60 frames of data per second and analyze 

the data per second. First, take the absolute value of the 

difference between the sampling points of two adjacent 

frames of data, as shown in formula (2). 

 ( , ) [ ( , 1) ( , )]= + −diff i j abs u i j u i j  (2) 

Among them, i represents the sampling point corresponding 

to the actual location of the fiber, i=1, 2, ..., 12000; j 

represents the number of data frames corresponding to 

different moments, j=1, 2, ..., 59; u(i, j) Represents the voltage 

value collected at time j at the fiber location i; diff(i, k) 

represents the data after the difference judgment of adjacent 

data frames. Take the sum of the difference data within one 

second, as shown in formula (3). 

 

59

1

( ) ( , )
=

=
j

sum i diff i j  (3) 

Set the difference threshold thre(i) according to the empirical 

value. When sum(i)>thre(i), it is considered that the location 

of i has been disturbed; when sum(i)<thre(i), it is considered 

that the location of i is No external disturbance, sum(i) is 

caused by the noise of amplifier, photodetector, or acquisition 

card. When there are multiple continuous sum(i)>thre(i), the 

average value of multiple locations i is taken as the 

disturbance center, namely the vibration location. 

4 4. TEST RESULT AND CONCLUSION 

4.1 Rockfall test 

The rock was 50 cm off the ground and fell 50 times at a 

distance of 2234 m from the headend of the optical cable. The 

moment the rock fell to the ground, observe the system 

response. The corresponding situation of the Φ-OTDR system 

is shown in Figure 2. 

 

Figure 2. Φ-OTDR system response. 
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Table 1. Sample table. 

Average 

value 

Location 

accuracy 
Location data 

2229.9 ±8.57 

2234 2232 2228 2230 2232 

2228 2228 2228 2228 2230 

2226 2228 2234 2228 2234 

2228 2228 2228 2228 2228 

2236 2229 2228 2237 2236 

2228 2228 2228 2228 2228 

2228 2230 2228 2230 2230 

2230 2230 2230 2230 2232 

2232 2230 2232 2232 2239 

2230 2232 2232 2239 2232 

 

 

Figure 3. Location scatter diagram. 

It can be seen from Table 1 that the location of 50 rock falls 

at 2234 m is approximately at 2229.9 m. After data 

processing, the location accuracy is ±8.57 m. It is obvious that 

most of the test points are distributed within 2229.9±10 m in 

the scatter diagram Figure 3. 

4.2 Walking test 

The tester started from a distance of 2240 m from the headend 

of the optical cable and walked to 2740 m. The test length was 

500 m. The tester walked normally and observed the response 

of the vibration test system, as shown in Figure 4. 

 

Figure 4. Φ-OTDR system response. 

 

Figure 5. Walking test location line chart. 

It can be seen from the line chart in Figure 5 that location 

value of the vibration signal moves from 2240 m to 2740 m in 

turn. 

4.3 Running test 

The tester ran from a distance of 1510 m from the headend of 

the optical cable to 1310 m. Running a length of 200 m, and 

observed the response of the Φ-OTDR system, as shown in 

Figure 6. 

 

Figure 6. Φ-OTDR system response. 

 

Figure 7. Running test location line chart. 

It can be seen from the line chart Figure 7 that location 

value of the vibration signal moves from 1510 m to 1310 m in 

turn. 

4.4 Simultaneous Rockfall Test 

At 1334 m and 1344 m from the headend of the optical cable, 

two testers will conduct simultaneous rock fall experiments 

with an interval of 10 m. Two testers free fall the same size 

and shape stones 50 times at the same height and time. The 

moment the stones fall, observe the response of the system, as 

shown in Figure 8, and record the location data of the system 

at the moment of landing. 

 

Figure 8. Φ-OTDR system response. 

Table 2. Sample table. 

Location data（the data with "*" is average data） 

1334m 1344m 
Diffe-

rence 
1334m 1344m 

Diffe-

rence 

1328 1346 18 1334 1348 14 

1336 1351 15 1334 1354 20 

1328 1338 10 1344 1344 0 

1320 1342 22 1331 1342 11 

1328 1338 10 1340 1344 4 

1320 1334 14 1332 1346 14 

1325 1341 15 1335 1344 9 

1337 1340 3 1332 1350 18 

1336 1345 9 1333 1348 15 

1330 1341 11 1332 1348 16 

1331 1343 11 1334 1348 14 

1331 1343 11 1350 1358 8 

1333 1345 12 1340 1348 8 

1338 1349 11 1340 1354 14 
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1346 1354 8 1340 1348 8 

1338 1348 10 1340 1354 14 

1336 1336 0 1356 1356 0 

1338 1347 9 1332 1356 24 

1337 1338 1 1335 1350 14.7 

1347 1356 9 1332 1355 23 

1346 1352 6 1332 1347 15 

1338 1338 0 1347 1356 9 

1332 1347 15 1333 1356 22.7 

1346 1354 8 1334 1351 17.3 

1340 1346 6 
1335.8* 1347.4* 11.6* 

1332 1354 22 

 

It can be seen from Table 2 that the average location values 

of the two locations are 1335.8 m and 1347.4 m respectively, 

and the average value of the distance between the two points 

is 11.6 m. 

4.5 Soil pick test 

At 2220 m from the headend of the optical cable, the tester 

carried out soil picking experiments at distances of 0 m, 1 m, 

2 m, 3 m, 4 m and 5 m along the vertical optical cable 

direction. The tester used the pickaxe to pick the soil 50 times 

with the same force and the same height above the test point. 

Recorded the response data of the system at the moment when 

the pickaxe was picking the soil. 

 

Figure 9. Vibration amplitude at 0 m, 2 m and 4 m of parallel 

optical cable. 

Taking the amplitude data at 0 m, as shown in Figure 9, 2 m 

and 4 m, we can find that the amplitude of most test results at 

0 m is higher than that at 2 m, and most test results at 2 m are 

also higher than 4 m. 

4.6 Bulldozer falling soil test 

At the test point, the bulldozer conducts a soil dump test. 

Observes the response of the system, as shown in Figure 10, 

and records the test data. 

 

Figure 10. Φ-OTDR system response. 

Table 3. Sample table. 

Location 

average 
Location data 

4232 4234 4236 4232 4232 4236 4224 4230 

 

The bulldozer has carried out soil dumping tests at 4228 m 

from the headend of the optical cable. The test results are 

shown in Table 3. It can be seen that the Φ-OTDR system can 

accurately and timely respond to the location positon of 4232 

m when the bulldozer dumps soil. The location error is less 

than 8 m. 

4.7 Pipeline rupture simulation test 

At the test site, a pit was dug to expose the optical cable, and a 

water pipe the same size as the oil pipeline was buried beside 

the optical cable. The water pipe is pressurized by the boiler 

truck until it ruptures. The response of the Φ-OTDR system is 

observed, as shown in 

 
Figure 11.  
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Figure 11. Φ-OTDR system response 

Table 4. Sample table. 

Location 

Average 
Location data 

4510 4492 4518 4503 4508 4518 4520 4516 

 

As shown in Table 4, there is a response signal between 

4500 m and 4550 m. This response signal is caused by the 

water jet. The water jet is a continuous small-scale vibration, 

so there is a continuous small-range vibration signal in Fig. 

18. The average location is 4510 m, the actual location is 

4520m, and the location error is less than 28m. 

5 CONCLUSION 

Through the above-mentioned experiments, it is proved that 

the location error of the phase-sensitive optical time domain 

reflection(Φ-OTDR) system is within ±30 m. It can detect the 

weak vibration signal near the oil pipeline (for example: 

people walking on the ground) and timely recognize multiple 

vibrations with accurate location performance. The simulation 

of oil pipeline leakage also can be found and alarmed in time. 

It can be seen that the distributed optical fiber vibration 

sensing system based on back Rayleigh scattering has a good 

application prospect in the health monitoring of oilfield 

gathering pipelines.  
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ABSTRACT: A Gravity Based Structure (GBS) is located in Italy and is operating offshore in the Adriatic sea. The GBS contains 

two LNG tanks and supports a number of topside steel structures. The design was implemented to respond to two earth-quake 

levels: an Operating Basis Earthquake (OBE) and a Safe Shutdown Earth-quake (SSE). Two types of analyses have been 

performed in the design phase: an analyses based on a three-step solution where the output describes seabed earth-quake motions 

along with the impedance functions of the rigid foundation, and an analyses based on the global (one-step) method including the 

GBS in the computational model of the soil. The output evidences the time history of earthquake motions (accelerations or 

displacement) at specified points on the structure or the acceleration response spectra at these specified points. Located on the 

GBS there are three acceleration units positioned at two different elevations, one on the East Side (top and bottom) and the other 

at the West Side (top). Each unit contains 3 linear accelerometers. Relating to the GBS concrete structure, the present paper deals 

with data collection and the statistical analysis of the structural dynamic response data continuously recorded since October 2009 

during the normal work, during the storms and seismic events. The accelerometer data are used to compare design accelerations 

of the structures, and to determine the natural frequencies and relevant model shapes after the events. For this purpose, methods 

of Operational Modal Analysis (OPA) will be used. Through the SSI analysis the spectra for January 2009 and 2019 are been 

obtained and superimposed, the trend of the frequencies was identified throughout the life of the structure from January 2009 to 

December 2019. The results of the analysis of the raw accelerometer data, recorded during the seismic events occurring on May, 

20th 2012 in Emilia-Romagna and on December, 29th 2020 in Croazia are been compared to check the structural response.  

KEY WORDS: Gravity Based Structure, Offshore, Dynamic response, Dynamic Identification, Operational Modal Analysis.

1 INTRODUCTION 

The control and the certification of offshore structures for their 

use beyond their initial life requires a design of inspection 

aimed to check-up constantly the structural element. The 

inspections, their typology and their frequency are a critical 

issue and inspection planning, were based mainly on 

probabilistic analysis (Risk Based Inspection, RBI). The check 

of structural damage is in usually hard to perform, taking in 

account both the water depth, foundations and marine growth 

that hide the structural member. To overcome these problems 

the monitoring techniques for damage identification through 

the analysis of the changes in the modal properties of offshore 

structures have been developed and the results of previous 

researches showed indexes capable to detect both offshore 

damages and mass changes, Betti et al. [1]. In this work we 

monitored the status of a gravity-based offshore structure 

(GBS) designed to operate in the Adriatic sea, using the 

frequencies as parameters. The future research should 

investigate the capacity of monitoring systems to assess 

possible structural damage in presence of environmental and 

operational variations, the Principal Components Analysis 

(PCA) and Novelty Detection can be used for this scope. This 

out-put-only black box technique, has been applied for 

eliminating environmental influences on features such as 

natural frequencies, which boils down to estimating a 

relationship between the observed features and unknown 

environmental factors, Rizzo et al. [2] and Facchini et al. [3]. 

An effective method for Structural Health Monitoring (SHM) 

in changing environmental and operational conditions is the 

kernel PCA, Reynders et al. [4].  

 

Figure 1. GBS’ overview. 

2 DYNAMIC IDENTIFICATION 

Next are shown the basic steps of the Stochastic Subspace 

Identification algorithm (SSI) that compute state space models 

from given output data as shown in Peeters et al. [5]. The used 

form is the covariance-driven version of the algorithm; a 

vibrating structure excited by white noise can be modelled by 

following stochastic state space model: the output y lx1 are 

the measurements of l outputs at discrete time instant k (t=kt, 

kN with t, the sample time); x nx1 is the state vector.  
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The output y is supposed to be generated by the unknown 

stochastic system of order n:  
𝑥𝜅+1 = A 𝑥𝜅 + 𝑤𝜅

𝑦𝜅 = C 𝑥𝜅 + 𝑣𝜅
 (1) 

with w  and v zero mean, white vector sequences with 

covariance matrices given by 

𝑬 [(
𝑤𝑝

𝑣𝑝
) (𝑤𝑞

𝑇 𝑣𝑞
𝑇)] = (

Q S

ST R
) δ𝑝𝑞 (2) 

The vector w nx1 is the process noise due to disturbances 

and modelling inaccuracies and models also the white noise 

input; v lx1 is the measurement noise due to sensor 

inaccuracy and, in case that accelerations are measured, models 

also the direct transmission of the white noise inputs. They are 

both unmeasurable vector signals assumed to be zero mean, 

white and with covariance matrices given by Eq. (2); where E 

is the expected value operator; pq is the Kronecker delta; p, q 

are two arbitrary time instants. A nxn is the state matrix, 

describing the dynamics of the system. C lxn is the output 

matrix that describes how the internal states are transferred to 

the outside world.  

The main step of Stochastic Subspace Identification problem is 

the projection of the row space of the future outputs into the 

row space of the past outputs. In addition, the stabilization 

diagram can be used to define the probability density of 

structural resonance. The Probability Density Function (PDF) 

could be built by means of a Gaussian base according to Eq. (3) 

where Omin and Omax represent the minimum and maximum 

order of the SSI model and Nf is the number of identified main 

frequencies. 
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(3) 

Once the eigenfrequencies were estimated, the corresponding 

mode shapes are retrieved by means of the Singular Value 

Decomposition (SVD).   

3 REFERENCE SYSTEM: THE GRAVITY CONCRETE 

STRUCTURE  

In this structure a monitoring system is installed in order to 

control the dynamic response during normal conditions and 

during exceptional events, witch seismic activity, high loads 

from wind, waves and marine currents.  

The structural monitoring system consists of inclinometers 

installed at the top of structure and accelerometer at the bottom 

and top slabs of the structure, Belloni et al. [6]. The static 

sensors: inclinometers have acquisition frequencies of 1 hz or 

less and allow to check the deformations; the accelerometers 

with acquisition frequency of 16 hz allow to detect the dynamic 

response of the structure during the time variable actions and 

specifically the response during an earthquake and allow to 

determine the shapes and main frequencies of vibration (see 

Figure 2). This section provides primary results of the structural 

analysis of the raw accelerometer data which was recorded 

during the seismic events occurring on May, 20th 2012 (see 

Figures 3 and 4) and the seismic event occurring on December, 

29th 2020 (see Figures 5 and 6). Through the SSI analysis, it is 

possible to obtain and superimpose the spectra for January 2009 

and January 2019. In Figure 8 and 9 the spectra graphs are 

shown. The Figure 10 shows the trend of the frequencies 

identified throughout the life of the structure, from January 

2009 to December 2019.  

 

 

Figure 2. GBS’ position of the three tri-axial accelerometers. 

 

 

Figure 3. Accelerograms for Earthquake of 2012/05/20. 
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Figure 4. Fourier spectra (FFT analysis) for Earthquake of 

2012/05/20. 

 

 

Figure 5. Accelerograms for Croatia Earthquake of 2020/12/29. 

 

 
Figure 6. Fourier spectra (FFT analysis) for Croatia Earthquake 

of 2020/12/29. 

 

The seismic events that took place between 20 May and 3 

June 2012 in Northern Italy, with an epicenter in Emilia at 

about 100 km from the Adriatic GNL Terminal, had greater 

intensity on 20 May, with 6.1 Richter Magnitudes. While the 

earthquake in Croatia of 29 December 2020, with its epicenter 

about 250 km from the Adriatic LNG terminal, has a magnitude 

of 6.3 Richter. 

The analysis were carried out both with the FFT (Fast Fourier 

Transform) technique (Figure 4 and 6)  

The frequency values measured with FFT were f1=0.78 hz, 

and f2=1.15 hz for Croatia Earthquake. 

The frequency values measured with the SSI (Subspace 

Stochastic identification) technique are showed in Figure 8 and 

9. In Figure 7 the stabilization diagram are showed.  

The SSI technique is better suited to the identification of 

structural frequencies (f1=0.78 hz, f2=1.26 hz, f3=1.77 hz) and 

to the study of their stability over a period of time. 
 

 
Figure 7. Stabilization diagram for Croatia EQ. 

 

The acceleration data of events are been recorded and 

compared, and the SSI Spectra analysis was performed in 

Figure 8. The comparison shows a greater effect of the 

earthquake of the Emilia earthquake (spectral power) while the 

main detectable frequencies are stable. 

 
Figure 8. Spectra (SSI analysis) Emilia EQ vs Croatia EQ. 

 

The analysis on the Adriatic Terminal were also carried out 

for a longer period of time from 2009 (entry into service of 

GBS) until 2019, analyzing the data at midnight (in which the 
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effects of temperature and operational on the mean frequencies 

are negligible). In Figure 9 are shown the envelope spectra for 

January 2009 and January 2019 with mean frequencies equal to 

f1,mean=0.787 hz, f2,mean =1.198 hz and f3,mean =1.264 hz for 

January 2009 and f1,mean=0.774 hz, f2,mean =1.205 hz and f3,mean 

=1.252 hz for January 2019. The values confirm the stability of 

the system over the ten-year observation period. 

 

 
 

Figure 9. Envelope Spectra (SSI analysis) of January 2009 on left, 

January 2019 on right. 

 

Figure 10 shows the analysis of the first three frequencies in 

the entire 2009-2019 period, confirming their substantial 

stability. 

 

 

Figure 10. First three frequency (SSI analysis) of January 2009-

December 2019. 

The frequency values have been cut with threshold values for 

the second and third frequencies. The dispersion of the results 

is interesting to study with PCA kernel methods.  

The dynamic identification with the SSI method allows to 

find also the GBS modal forms during Emilia’s and Croatia’s 

earthquake that are shown in Figure 11. The modal forms 

identified are those of a rigid body of translation and rotation 

around the main axes. 

 

   
Figure 11. SSI analysis, comparison earthquake 2012/05/20, 

mode at 1.23 hz and earthquake 2020/12/29, mode at 1.26 hz. 
 

Moreover the dynamic analysis allows to compute the 

amplification between the bottom slab and the top slab of GBS 

due to foundation and remove the uncertainties of the soil. 

4 CONCLUSIONS 

This work shows the investigation of the dynamic behaviour of 

an offshore concrete structure, in reference to their first three 

modal frequency and their variation over time. The method 

used, SSI (Stochastic Subspace Identification), allows the 

identification of the structural behaviour.  

A monitoring system of this type can provide important 

dynamic information and, together with an ad hoc method that 

allows the seasonal effects on frequencies to be removed (PCA 

methods), can be a valuable tool for detecting any structural 

damage. Finally, the application of this type of method, 

together with the data collected over the long term, will be able 

to function as an alarm system and the verification of vibration 

serviceability limits and can be a useful support in the risk-

based inspections.  
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ABSTRACT: This work proposes a novel structural health monitoring (SHM) method, which is grounded on a distance-based
outlier detection method and additionally makes use of the partially available damaged state data. The novelty of the method
is that the outlier detection method, specifically the one-class kNN classification method, is used in conjunction with a distance
metric learning algorithm. Unlike a generic distance metric function, the distance metric function used here is learned from
the partially available damaged and undamaged state data via a distance metric learning algorithm. Therefore, the distance
metric function is tailored specifically to the outlier detection problem at hand. The proposed method is demonstrated on a
laboratory-scale experimental model of a top-tensioned offshore riser. The performance of the proposed method was compared
with those of reference supervised and unsupervised methods. The comparison revealed that the proposed method performs
similar to the reference supervised methods for damage scenarios previously observed in the training phase. For novel damage
scenarios, on average, the proposed method outperforms the closest reference unsupervised method by 5.3% in terms of the F1 score.

KEY WORDS: damage detection, offshore structures, distance metric learning, one-class classification.

1 INTRODUCTION

The fundamental idea behind data-driven vibration-based struc-
tural health monitoring (SHM) is that damage alters mass, stiff-
ness and/or energy dissipation properties and, consequently, the
vibration characteristics of a structure. From the measured vi-
bration response of the structure, certain damage sensitive fea-
ture (DSF) can be extracted which relate the changes in measured
data to damage. The damage state of a structure can be identi-
fied by discerning DSFs representing different states of the struc-
ture by using, for example, supervised and unsupervised machine
learning tools [1]. A supervised machine learning algorithm re-
quires a training dataset, in which all DSF vectors are labelled to
represent the undamaged and damaged state(s) of the structure.
Supervised classification algorithms are then applied in an effort
to learn a mapping between the DSF vectors and labels. Using
this mapping, DSF vectors extracted from future measurements
are labelled and hence the condition of the structure is predicted.
Typical machine learning algorithms that are used in this context
include, but are not limited to, artificial neural networks (ANNs)
[2, 3], support vector machines (SVMs) [4, 5], and k nearest
neighbor (kNN) classification algorithms [6].

It is unlikely that all possible damage scenarios are encoun-
tered during the operation of a structure. Therefore, if a super-
vised machine learning algorithm is used for a data-driven struc-
tural health monitoring (SHM) application, only a small subset of
all possible damage scenarios is likely to be available for train-
ing. This may result in misclassification of novel damage sce-
narios that are encountered during the inspection of the structure.

Therefore, especially for low-level applications where the aim is
to detect rather than locate or assess the severity of damage, SHM
methods are mostly based on unsupervised algorithms. The un-
supervised machine learning algorithms that are applied in the
context of vibration-based SHM are often referred to as novelty
detection, anomaly detection or outlier detection methods [7]. In
application of these algorithms, the training dataset is assumed
to contain predominantly the DSF vectors from the undamaged
state of the structure. The aim of these methods is then to build a
model that describes the undamaged state of the structure so that
the DSF vectors that deviate from the model can be identified
as damaged. The methods used in this context include distance
based outlier analysis methods such as the distance distribution
based outlier analysis, i.e. the Mahalanobis method [8], and the
one-class kNN classification method [9, 10].

In this study, use of a distance metric learning algorithm was
proposed in an effort to learn an application specific distance met-
ric function to be used in conjunction with a distance-based out-
lier analysis method, specifically with the one-class kNN clas-
sification method, for enhanced damage detectability. Appro-
priate selection of a distance metric function is crucial for the
performance of distance-based outlier analysis methods. In the
literature of vibration-based structural damage detection, mostly
generic distance metric functions such as the Euclidean distance
metric function and the Mahalanobis distance metric function
have been used [8, 9]. However, damage detectability can be
improved with a distance metric function that is tailored to the
application of interest. A distance metric learning algorithm is
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proposed here to be used for this purpose. In the context of struc-
tural damage detection, if training data is available from both
conditions (i.e., undamaged and damaged states) of the structure,
the aim is to learn a distance metric function such that desired
DSF vectors from the same structural state are brought together
in target neighbourhoods, while selected DSF vectors from dif-
ferent states are separated by a margin from said neighbourhoods.

To facilitate experimental verification of the proposed distance
metric learning-based method, monitoring data obtained from an
experimental model of a top-tensioned riser (TTR) was used here,
which was first presented by Bayik et al. [11]. Demonstration of
the proposed method on an offshore riser model was deemed im-
portant as vibration-based SHM methods have been extensively
studied for damage detection in a vast variety of structural types;
however, their application to risers has hardly been explored to
date. In the current study, considering that training data from all
conceivable damaged states of a structure is difficult to obtain in
practice, the proposed distance metric learning-based method is
tested against novel damage scenarios in addition to damage sce-
narios previously encountered in the training phase. To that end,
two distinct scenarios are considered in training of the distance
metric learning algorithm proposed here. In the first scenario,
DSF vectors representing all the damaged states and the undam-
aged state of the structure were included in the training dataset.
In the second training scenario, the training DSF vectors that rep-
resent the same damaged state as the inspected DSF vectors are
removed from the training dataset to simulate a more realistic
training scenario, where the inspected damaged state is unseen in
the training phase. Performance of the one-class kNN classifica-
tion method with the proposed distance metric learning algorithm
(denoted by OC-kNN-DML) is compared with those of two ref-
erence methods: (1) one-class kNN classification with the Ma-
halanobis distance metric function (denoted by OC-kNN-MD)
and (2) the Mahalanobis method. Furthermore, the proposed dis-
tance metric learning algorithm is also applied in the supervised
two-class classification setting (denoted by TC-kNN-DML), per-
formance of which is compared with that of the two-class kNN
classification method used with the Mahalanobis distance metric
function (denoted by TC-kNN-MD).

The paper is organised as follows: In Section 2 the back-
ground on distance-based outlier analysis methods is presented.
In Section 3 the proposed distance metric learning algorithm is
described. In Section 4 the experimental monitoring data is de-
scribed, which is used for performance evaluation of the pro-
posed method. In Section 5 damage detection performance of
the proposed method is evaluated. Finally, the conclusions are
presented in Section 6.

2 DISTANCE-BASED OUTLIER ANALYSIS

2.1 Distance metric functions

A distance metric function, d : D ×D 7→ R, quantifies the dis-
tance between two vectors, where D is the domain of the func-
tion [12]. Although distance metric functions can be defined for
complex data types such as strings and sets, in this study DSF
vectors are constructed as vectors in real numbers. Therefore,
for m dimensional DSF vectors, only continuous distance metric
functions defined in the domain D = Rm fall within the scope of
this work. A distance metric function that may be used in this do-

main is the quadratic form distance metric function. The distance
between two vectors, say vQ and vR, can be expressed as:

d(vQ,vR,A) =
√

(vQ − vR)TA(vQ − vR) (1)

where A ∈ Rm×m is a positive semi-definite matrix. The A
matrix can be decomposed into A = LT

ALA using the Cholesky
decomposition technique and the quadratic from distance metric
function can be expressed in an alternate form as follows:

d(vQ,vR,A) = dE(v′Q,v
′
R) (2)

where v′Q = LAvQ, and v′R = LAvR. The quadratic form
distance metric function is therefore equivalent to the Euclidean
distance metric function, dE , in a transformed space where LA

is the transformation matrix.

2.2 Distance-distribution based outlier analysis — Maha-
lanobis method

In the Mahalanobis method, dataset Du, which consists of Nu

number of DSF vectors at the undamaged state, is modelled as a
multivariate Gaussian distribution. The particular quadratic form
distance metric function with A = S−1u , is referred to as the
Mahalanobis distance metric function, where Su is the estimated
variance-covariance matrix of the dataset Du. The Mahalanobis
method is based on this distance metric function to measure the
distance between an inspected vector, v, and the estimated mean
of the distribution v̄u. The distance value is directly used as an
outlier score. Therefore, a large distance from the mean indicates
that the inspected feature vector is an outlier. A damage index (or
outlier score), DIM , obtained by using the Mahalanobis method
can be defined as follows:

DIM = d2M (v, v̄u)

= d2(v, v̄u,S
−1
u )

(3)

Using the inverse variance-covariance matrix as the A matrix of
the quadratic form distance function is equivalent to using Eu-
clidean distance in a transformed space, where the transformed
coordinates are uncorrelated and have a unit standard deviation
(i.e., the variance-covariance matrix of the transformed dataset is
an identity matrix). Therefore, if the inverse variance-covariance
matrix is decomposed into S−1 = LT

SLS , the following Euclid-
ian distance function between the transformed vectors v′ = LSv
and v̄′u = LSv̄u is equivalent to Mahalanobis distance between
the vectors v and v̄u:

dM (v, v̄u) = dE(v′, v̄′u) (4)

2.3 Nearest neighbor distance based outlier analysis — one-
class kNN classification

One-class kNN classification (also referred to as the nearest
neighbor distance-based outlier analysis method [7, 13]) assume
that the distance of an outlier feature vector to its nearest neigh-
bours is larger than that of a normal feature vector. Therefore,
on the basis of a quadratic form distance metric function, an out-
lier score, DIkNN, can be defined for a tested DSF vector, v, as
aggregate of its distance to k nearest neighbours as follows [14]:

DIkNN =
k∑

i=1

d2(v, NN(i,v),A) (5)
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where NN(k,v) is the k-th nearest neighbour of v in the dataset
of normal (undamaged) feature vectors, Du. The matrix A can
be defined as any positive semi-definite matrix. Typically, it is
the identity matrix or the inverse variance-covariance matrix of
the dataset of normal feature vectors. Therefore, the quadratic
distance function is typically equivalent to Euclidean or Maha-
lanobis distance metric functions.

2.4 Multi-class kNN classification with imbalanced training
data

In the presence of data from both undamaged and damaged states
of a structure prior to the inspection phase, the outlier analysis
can alternatively be formulated as a two-class classification prob-
lem where the available data from the damaged state can be uti-
lized. Therefore, instead of the one-class kNN classification al-
gorithm, a two-class kNN classification algorithm can be adopted
for outlier analysis. In this case, the class of an inspected feature
is predicted as the majority class within the k nearest neighbours
of the inspected feature [7].

A problem associated with the use of supervised two-class
kNN algorithm, or any other typical supervised classification al-
gorithm, for an outlier analysis is the class imbalance. Class im-
balance occurs because by definition the outlier (damaged state)
data is rare compared to the normal (undamaged state) data.
Therefore, even for a feature vector from the damaged state of the
structure, the majority class in the neighbourhood may be from
the undamaged state only because the dataset contains a larger
number of feature vectors from the undamaged state. An adap-
tive resampling method, specifically the synthetic minority over-
sampling technique (SMOTE) developed by Chawla et al. [15] is
adopted in this study to address the problem of class imbalance
in the supervised setting.

3 DISTANCE METRIC LEARNING

In this section, the specific distance metric learning method used
in this study is presented. The method is described both in a
multi-class and one-class settings in the context of SHM. Ap-
plication of the method in multi-class setting is introduced first,
which is identical to the method proposed in [16]. Application
of the method in the one-class setting, however, differs from the
original multi-class application presented in [16]. The difference
will be clarified at the end of this section once the original algo-
rithm is presented in detail.

The aim of the first method presented here is to enhance
the performance of the multi-class kNN classification algorithm.
This is achieved by learning the matrix A of the quadratic form
distance metric function, on the basis of which (1) each DSF vec-
tor shares the same class (structural state) with its nearest neigh-
bours, and (2) DSF vectors from different classes are separated
by a margin. A distance metric function that satisfies these two
objectives is learned through minimisation of two competing loss
functions: εpull and εpush. In the following, these loss functions
are expressed in mathematical terms and the optimisation proce-
dure used in their minimisation is presented.

The labelled training data used in this method consists of DSF
vectors from both damaged and undamaged states of the struc-
ture. In addition to the labels assigned to the DSF vectors,
training of the distance metric learning algorithm requires tar-

get neighbours and imposters to be assigned to each DSF vec-
tor. Target neighbours of a training vector are those that are de-
sired to be the actual neighbours on the basis of the distance met-
ric function learned by the algorithm. Therefore, target neigh-
bours share the same class label (i.e., structural state). The target
neighbours are selected a priori on the basis of the Euclidean dis-
tance metric function and stored in the dataset, S = {(vi,vj) :
vj is a target neighbour of vi }, which is kept constant through-

out the learning process.
Unlike a target neighbour, an imposter DSF vector, vl, is from

a different class but invades the target neighbourhood of a DSF
vector. In mathematical terms, an imposter DSF vector is defined
by the following inequality:

d(vi,vl,A)2 ≤ d(vi,vj ,A)2 + 1 (6)

where a unit margin is added on top of the target neighbourhood.
Similar to the target neighbours, the imposters are initially deter-
mined on the basis of the Euclidean metric function. However,
the imposter feature vectors are updated during the learning pro-
cess, since a feature vector that does not invade a target neigh-
bourhood at one step in the learning process may become an im-
poster at a later step, or vice versa. The imposter DSF vectors are
stored in a set of triplets,R, in association with target neighbours
asR = {vi,vj ,vl}.

The first loss function, εpull, penalizes large distances between
each DSF vector, vi, and its k target neighbours vj as follows:

εpull(A) =
∑

(i,j)∈S

d2(vi,vj ,A) (7)

The second loss function, εpush, penalizes small distances be-
tween DSF vectors from the target neighbourhoods and the im-
poster DSF vectors. This loss function can be expressed as:

εpush(A) =
∑

(i,j,l)∈R

[1 + d2(vi,vj ,A)

− d2(vi,vl,A)]+

(8)

where [·]+ denotes the hinge loss such that for a scalar value a,
[a]+ = max(0, a). Figure 1 illustrates how these two loss func-
tions introduced above lead to a distance metric function that
separates imposter DSF vectors from the target neighbourhood
of DSF vectors by a margin. Finally, a single loss function that is
a combination of εpull and εpush can be expressed as:

ε(A) = (1− λ)εpull(A) + λεpush(A) (9)

where λ balances the trade off between the two competing loss
functions. An equivalent of Eq. (9) can be expressed as:

ε(A) = (1− λ)
∑

(ij)∈S

tr(ACij)

+ λ
∑

(i,j,l)∈R

[1 + tr(ACij)− tr(ACil)]+
(10)

where Cij = (vi−vj)(vi−vj)
T and Cil = (vi−vl)(vi−vl)

T

are m×m matrices for m-dimensional DSF vectors.
Minimisation of the loss function given in Eq. (10) is achieved

by using the solver developed by Weinberger and Saul [16]. This
solver is based on an iterative sub-gradient projection procedure.
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(a) (b)

Figure 1: Illustration of the distance metric learning method used
in a 2-dimensional vector space, v = [a1, a2] (a) The original
vector space prior to distance metric learning and (b) the trans-
formed vector space v′ = [a′1, a

′
2]. The number of nearest neigh-

bours is arbitrarily selected as k = 3.

Application of this distance metric learning algorithm differs
in a one-class setting, in which a decision is made whether a test
vector belongs to the undamaged class alone, while no decision
is made whether it belongs to a class of damaged states previ-
ously seen in the training phase. Therefore, the aim of using
the distance metric learning algorithm in this context is to bring
together only the DSF vectors from the undamaged state in tar-
get neighbourhoods, while pushing the imposter vectors (DSF
vectors from only the damaged state) away. Since no decision is
made whether a test vector belongs to a seen damaged state, there
is no interest in forming target neighbourhoods of DSF vectors
from the damaged state. Application of the presented distance
metric learning algorithm in the one-class setting is therefore dif-
ferent in terms of which classes are preserved in datasets of tar-
get neighbours and imposters, i.e., sets S andR. In the one-class
setting, target neighbours are only assigned for the DSF vectors
from the undamaged state, whereas the imposter DSF vectors are
only from the damaged state.

4 EXPERIMENTAL APPLICATION

An application of the proposed distance metric learning based
methods is demonstrated on a laboratory scale experimental
model of a top tensioned riser (TTR). The experimental model
and the monitoring data obtained from the model was presented
by the authors in [11] and only briefly described here.

The experimental model consists of the following components:
a tensioned riser rod made of acetal plastic, ten lumped masses
attached on the riser rod, a tensioner mechanism, and sensors — a
load-cell, a wave gauge and four accelerometers. The model was
installed in a wave flume and subjected to random wave load-
ing based on a JONSWAP spectrum [17]. The properties of the
model are listed in Table 1, and a schematic of the experimental
set-up is given in Figure 2, respectively.

Damage was simulated non-destructively at four different lo-
cations. The centre of the first and the uppermost damaged re-
gion is located at 720 mm distance from the top end of the model.
The remaining damage locations (2-4) are placed at 300 mm in-
tervals towards the bottom end of the model. A single damage
extent was considered at each location, which is simulated non-

Table 1: Properties of the experimental riser model.

Parameter Value

Diameter, Do [m] 0.005
Riser length, L [m] 2.7
Density of the structure, ρs [kg/m3] 1140
Density of the external fluid (water), ρe [kg/m3] 3.1
Top tension, Tt [N] 85
Total attached mass [kg] 2.208
First natural frequency, f1 [Hz] 1.58

Figure 2: Schematics of the experimental set-up. (All dimensions
in millimetres.)

destructively by 1.6% reduction in applied tension load and re-
moval of 23.5 g mass at the assumed damage location. The sim-
ulated damage is equivalent to a 18.3% cross sectional area loss
along 5.55% of the total length of the structure as discussed in
further detail in [11].

The monitoring data consists of acceleration response time se-
ries measured at the undamaged and damaged states of the exper-
imental model. For the undamaged state and each damaged state,
respectively 8 and 6 sets of 18 minutes long acceleration response
time histories were collected. Each measurement set was further
divided into 35 segments, resulting in a total of 280 and 210 time
series segments for the undamaged state and each damaged state
respectively. Each time series segment of acceleration response
was normalised by removing the mean and dividing by its stan-
dard deviation.

The DSFs are extracted from the monitoring data by fitting an
auto-regressive (AR) model to the acceleration response of the
riser and using the coefficients of the AR model as described in
more detail in [11]. The optimal AR model order, p, is deter-
mined as p = 16 using the Akaike information criterion (AIC).
To involve data collected from all four sensors in the damage de-
tection process, the DSF vectors are formed by merging p number
of AR model coefficients obtained from each sensor into a single
m-dimensional DSF vector, v, where m = 4p.

The DSF vectors from the undamaged state are collected in the
dataset Du and DSF vectors from each damage scenario are col-
lected in datasetsDd1

toDd4
, where the subscripts d1 to d4 stand

for damage at locations 1 to 4. Each dataset is divided further
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into training and test datasets. For example, the dataset Du is di-
vided into Dtest

u and Dtrain
u which include N test

u and N train
u number

of DSF vectors respectively. Similarly,Dd(i)
is divided intoDtest

d(i)

and Dtrain
d(i)

with N test
d(i)

and N train
d(i)

number of DSF vectors respec-
tively. Number of DSF vectors in the test datasets is kept constant
at N test

u = 140 and N test
d(i)

= 140 for all damage locations. In the
training dataset, N train

u = 140 and N train
d(i)

= 35.

5 RESULTS

The performance of the proposed method was evaluated for two
distinct training scenarios. In training scenario 1, all damage sce-
narios that are encountered in the test phase are included in the
training phase as well. In training scenario 2, the specific damage
scenario included in the test dataset is removed from the training
dataset to simulate a more realistic case, where the damage sce-
nario encountered in the test phase is unseen in the training phase.
Consider for example the case where the test dataset, Dtest, can
be expressed as, Dtest = Dtest

u + Dtest
d1

. In training scenario 1,
the training dataset is the same for all test datasets and can be
expressed as Dtrain

TS1 = Dtrain
u + Dtrain

d1
+ · · · + Dtrain

d4
. In training

scenario 2 on the other hand, training dataset is different for each
test dataset. For example, for the test dataset,Dtest = Dtest

u +Dtest
d1

,
DSF vectors from damage location 1 are removed from the train-
ing dataset, such that Dtrain

TS2 = Dtrain
u +Dtrain

d2
+ · · ·+Dtrain

d4
.

In the following, the performance of the proposed distance
metric learning based damage detection method is evaluated in
the one-class setting first in Section 5.1, followed by the two-
class setting in Section 5.2. In both sections, damage detection
performance metrics are obtained for both training scenarios 1
and 2.

5.1 Performance evaluation in one-class classification setting

In this section a comparison is presented for damage detec-
tion performances of the Mahalanobis method, the one-class
kNN classification method with the Mahalanobis distance met-
ric function (OC-kNN-MD), and the one-class kNN classifica-
tion method with the distance metric function learned by the
proposed distance metric learning algorithm (OC-kNN-DML).
The performance of these methods is evaluated in terms of per-
formance measures such as the receiver operating characteris-
tic (ROC) curve, area under the ROC curve (AUC), partial AUC
(pAUC), F1-score, and Matthews correlation coefficient (MCC)
(see, for example, [18] for detailed explanation of these perfor-
mance metrics). For the OC-kNN-DML method, the default val-
ues for parameters λ (see Eq. 9) and k are selected as 0.1 and 15
respectively. In the following, the damage detection performance
is first evaluated for training scenario 1, and then for training sce-
nario 2.

To determine the damage detection thresholds, damage indices
are calculated exclusively for the investigated methods. For the
Mahalanobis method the damage indices are calculated as:

(DI train
u,i )Mahal =

(vu,i − v̄train(i)
u )T (S∗(i)u )−1(vu,i − v̄train(i)

u )
(11)

where both the mean vector, v̄train(i)
u , and the shrinkage estimate

of the variance-covariance matrix, S∗(i)u , are calculated excluding
the DSF vector, vtrain

u,i , for which the damage index, DI train
u,i , is

calculated. Similarly, the damage indices for the OC-kNN-MD
and OC-kNN-DML method are calculated respectively as:

(DI train
u,i )OC-kNN-MD =

k∑
n=1

d2(vu,i, NN(k,vu,i), (S
∗(i)
u )−1)

(12)

(DI train
u,i )OC-kNN-DML =

k∑
n=1

d2(vu,i, NN(k,vu,i),A
(i))

(13)

where A(i) is the distance metric function produced by the dis-
tance metric learning algorithm excluding vtrain

u,i from the training
dataset and NN(k,vtrain

u,i ) is the k-th nearest neighbour of the
DSF vector, vtrain

u,i .
Probability density estimates of the damage indices are ob-

tained by using the kernel density estimation method with Gaus-
sian kernel functions. The optimal bandwidth for the Gaussian
kernel function is determined by using the equation proposed by
Silverman [19]. Damage detection threshold, T , is determined
from the probability density estimates for a range of requested
probability of false alarms (PFA) values (i.e. 1.0, 2.5, 5.0, 7.5
and 10.0%) as: ∫ ∞

T

f̂(x)dx = PFA (14)

where f̂(x) is the probability density estimate. For each thresh-
old value determined for a desired PFA, the observed PFA and
probability of detection (POD) are calculated and listed in Ta-
ble 2. For brevity and a more comprehensive comparison, the
POD values are calculated for a test dataset that contains all dam-
aged and undamaged states, i.e.,Dtest = Dtest

u +Dtest
d1

+· · ·+Dtest
d4

.
Further investigation of performance at different damage loca-
tions will be conducted later on in this section. The table shows
that, in most cases the observed PFA values are consistent with
the desired PFA values. The POD values obtained by using the
proposed OC-kNN-DML method are consistently greater than
those of both Mahalanobis and OC-kNN-MD methods. For ex-
ample, for a desired PFA value of 1%, POD obtained by using the
proposed distance-metric learning-based method is 21% greater
than those of the Mahalanobis and OC-kNN-MD methods.

Performance of the proposed OC-kNN-DML method is also
evaluated for a case where training scenario 2 is used in train-
ing of the distance metric learning algorithm. The aim here is
to investigate the accuracy of the proposed method in detection
of novel damage scenarios unseen in the training phase. Per-
formance of the proposed method is analysed by using the per-
formance metrics AUC, pAUC, F1-score and MCC. The pAUC
metric was calculated for a range of PFA values between 0 to
5%, while the F1-score and MCC metrics are calculated for a
detection threshold determined for a desired PFA value of 1%.
Resulting performance metrics are given in Figure 3, where parts
(a) to (d) show the results for test datasets that involve DSF vec-
tors from damage locations 1 to 4 respectively. In Figure 3a, for
the test dataset Dtest = Dtest

u +Dtest
d1

, all methods perform equally
well and close to perfect. Therefore, no clear comparison can be
made. For the test dataset Dtest = Dtest

u + Dtest
d2

however, as can
be seen from Figure 3b, the proposed method outperforms the
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Table 2: Observed PFA and POD for each damage detection
threshold corresponding to a desired PFA.

Method Desired
PFA (%)

Observed
PFA (%)

POD
(%)

Mahalanobis method 1.0 2.1 74.7
2.5 3.6 84.3
5.0 4.3 88.8
7.5 7.1 91.4
10.0 10.0 93.6

OC-kNN-MD 1.0 1.4 74.5
2.5 2.9 83.4
5.0 5.0 88.8
7.5 7.1 91.6
10.0 8.6 93.8

OC-kNN-DML 1.0 0.7 90.4
2.5 2.1 93.4
5.0 4.3 96.6
7.5 7.9 98.0
10.0 10.7 98.8

closest reference method by 2.0%, 32.5%, 11.8% and 20.6% in
terms of the AUC, pAUC, F1-score and MCC performance met-
rics respectively. For the test datasets Dtest = Dtest

u + Dtest
d3

and
Dtest = Dtest

u +Dtest
d4

, performance of the proposed method is very
close to the reference methods. For example, in Figure 3c, OC-
kNN-DML outperforms the closest method by 12.9% in terms
of pAUC whereas the closest reference method outperforms the
proposed method by 3.5% and 3.7% in terms of the F1-score and
MCC performance metrics. Similarly, in Figure 3d, the proposed
method outperforms the closest method by 4.3% and 4.0% in
terms of F1-score and MCC metric whereas the closest reference
method outperforms the proposed method by 5.1% in terms of
pAUC performance metric.

In conclusion, when applied in the one-class setting, the pro-
posed method improves the damage detection performance dra-
matically when test data is previously observed in the training
phase. Moreover, for novel damage scenarios, the performance
of the proposed methods is similar, and in some cases better than
the reference methods. On average, in terms of the F1 score, for
novel damage scenarios the proposed method outperforms the
reference Mahalanobis method and the OC-kNN-DML method
by 5.3% and 5.7%, respectively.

5.2 Performance evaluation in two-class classification setting

This section evaluates damage detection performances of the
two-class kNN classification methods applied with the distance
metric learning algorithm (TC-kNN-DML) and the Mahalanobis
distance metric function (TC-kNN-MD). In order to account for
the imbalance in the training dataset, the SMOTE algorithm is
applied to synthesize additional DSF vectors from the damaged
states of the structure such that N train

d(i)
= 70. The trade-off pa-

rameter, λ, is selected as 0.1 for the distance metric learning al-
gorithm and number of neighbours, k, for the kNN classification
algorithm is selected as 15. Performances of these two meth-
ods are also compared with that of the OC-kNN-DML method,
which in the previous section was shown to outperform the refer-
ence methods on average in terms of the F1 score.

Figure 4 shows the F1 scores calculated for the TC-kNN-

(a) (b)

(c) (d)

Figure 3: Comparison of performance metrics AUC, pAUC, F1-
score and MCC for training scenario 2. Parts (a) to (d) show the
results for test datasets that contain DSF vectors from damage
locations 1 to 4 respectively.

DML, TC-kNN-MD and OC-kNN-DML methods using training
scenarios 1 and 2. Figures 4(a)-4(d) give the results calculated for
test datasets that contain DSF vectors from damage locations 1 to
4 respectively. The figure shows that all three methods perform
almost perfect when training scenario 1 is used as the average of
F1 scores is 0.992, 0.981 and 0.986 respectively for the TC-kNN-
DML, TC-kNN-MD and OC-kNN-DML methods. Therefore,
when training scenario 1 is considered, application of two-class
kNN classification methods does not provide any significant ad-
vantage over the OC-kNN-DML algorithm.

In case of training scenario 2 however, application of two-class
classification methods results in a significant decrease in damage
detection performance. For example, when training scenario 2
is considered, performance of the TC-kNN-DML method drops
by 27.4%, 40.8%, and 87.9% respectively for damage locations
2, 3, and 4 compared to when training scenario 1 is used. In
contrast, performance of the OC-kNN-DML method drops only
by 3.8%, 19.8%, and 24.1% respectively for damage locations
2, 3, and 4 when training scenario 2 is used instead of training
scenario 1. In conclusion, when an inspected damage scenario is
previously seen in the training phase, proposed OC-kNN-DML
method performs as well as the reference methods applied in su-
pervised two-class setting while performing better for damage
scenarios that are unseen in the training phase. In other words,
the OC-kNN-DML generalizes well to damage scenarios that are
unseen in the training phase while providing perfect damage de-
tection performance for damage scenarios seen in the training
phase.

6 CONCLUSIONS

Distance metric learning based damage detection methods were
developed and applied to the experimental monitoring data pre-
sented in [11]. Performance of the proposed method was com-
pared with those of the Mahalanobis method and the one and
two-class kNN classification methods used with Mahalanobis
distance metric function, which were denoted by OC-kNN-MD
and TC-kNN-MD respectively. Two distinct scenarios were con-
sidered in training of the distance metric learning algorithms and
two-class classification methods. In the first scenario, DSF vec-
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Figure 4: Comparison of performance metrics AUC, pAUC, F1-
score and MCC for training scenario 2. Figures (a) to (d) show
the results for test datasets that contain DSF vectors from damage
locations 1 to 4 respectively.

tors representing all the damaged states and the undamaged state
of the structure were included in the training dataset. In contrast,
in the second training scenario, the training vectors that come
from the same damaged state with the test vectors were removed
from the training dataset. This way, a more realistic training sce-
nario was simulated, where the tested damaged state was not pre-
viously seen in the training phase.

Application of the proposed methods to the experimental mon-
itoring data revealed that, when training scenario 1 is considered,
two-class kNN classification methods perform almost perfect re-
gardless of the distance metric function used (i.e. the average
F1 score is 0.992 and 0.981 respectively for TC-kNN-DML and
TC-kNN-MD). However, for the same training scenario, perfor-
mance of the one-class kNN classification methods were shown
to depend strongly on the distance metric function used. For ex-
ample, while the proposed OC-kNN-DML method performed as
well as the two-class kNN classification methods, OC-kNN-MD
method performed poorly in comparison in terms of all the per-
formance metrics considered, i.e. AUC, pAUC, F1 score and
MCC.

When training scenario 2 was considered, the two-class clas-
sification methods performed poorly compared to the one class-
classification methods. The proposed OC-kNN-DML method,
for example, consistently outperformed TC-kNN-DML and TC-
kNN-MD methods in terms of the F1 score. Moreover, in terms
of the F1 score, the OC-kNN-DML outperformed the OC-kNN-
MD and the Mahalanobis method on average respectively by
5.7% and 5.3%.

In conclusion, although the supervised two-class classification
methods perform well for an ideal training dataset that contains
all the damage scenarios encountered in the test phase, their ap-
plication is infeasible when the test data involves damage sce-
narios that are unseen in the training phase. Standard one-class
classification methods (e.g., OC-kNN-MD) perform well in such
scenarios. However, their performance is inferior to supervised
two-class classification methods when the tested damage sce-
nario is seen in the training phase. In this particular application,
the proposed distance metric learning based method (i.e. OC-
kNN-DML) on the other hand, brings the best of both worlds
as it performs comparable to two-class classification methods
when the damage scenario encountered in the test phase is pre-
viously seen in the training phase and it performs, on average,

better than standard unsupervised one-class classification meth-
ods when said damage scenario is unseen in the training phase.
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ABSTRACT: As older wind farms begin to reach their design lifetime, topics such as wind turbine fatigue, the remaining useful 

lifetime and lifetime extensions also start to be discussed with greater frequency. It is in this context that wind turbine fatigue 

assessment appears as crucial contribution. Its accurate portrayal can enable informed decisions regarding lifetime extensions. 

Moreover, improvements in fatigue assessment have an impact in offshore wind farms’ design, as this is currently fatigue-

driven. Fatigue might be derived from strain gauges but, when one considers the prevailing paradigm, their installation on all 

turbines of a given farm isn’t feasible due to its expensive and time-consuming nature. To circumvent this issue, supervisory 

control and data acquisition (SCADA) and accelerometer data might be used. This would reveal itself to be an attractive 

alternative, as the SCADA data in need is already being captured by turbines following the industry’s standard and 

accelerometer installation is cheaper than strain gauges. In the present contribution, an offshore wind turbine fatigue assessment 

is carried out through the employment of a two-tier model, consisting of two independent neural networks, wherein the last 

estimates the tower fore-aft bending moment damage equivalent moment (DEM). The results are finally validated against the 

DEM of a real-life wind turbine, obtained through the rainflow counting of strain measurements.  

 

KEY WORDS: Neural Networks; SCADA; Fatigue Assessment; Offshore Wind Turbines. 

1 INTRODUCTION 

The fatigue experienced by wind turbines, their remaining 

useful lifetime and possible lifetime extensions are 

increasingly crucial topics as older wind farms are reaching 

the end of their design lifetime, currently being one of the 

utmost industrial concerns. In order to informedly take the 

decision of extending the lifetime of a wind turbine, one ought 

to take into account the fatigue assessment of said turbine, 

which can be based on measurements of the load history taken 

in the turbine [1,2]. If proper assistance is to be provided to 

wind farm operators on such decisions, an accurate fatigue 

assessment is required for all wind turbines within a given 

offshore wind farm. Due to the prohibitive costs of strain 

gauge installation, alternatives have been searched, namely 

through the combination of supervisory control and data 

acquisition (SCADA) and accelerometer data. The latter of 

which enables the incorporation of structural dynamics, thus 

ensuring a fuller picture of the corresponding fatigue 

behaviour. Within the framework of OWI-Lab’s projects 

Safelife and Supersized 4.0, data provided by a SCADA 

system and additionally installed accelerometers are used to 

get a deeper insight in the consumed lifetime of, respectively, 

jacket foundations and monopile foundations of offshore wind 

turbines.  

In addition to the SCADA and accelerometer data, based on 

an earlier research [3] which uses high-frequent SCADA and 

strain gauge signals to train a neural network, the estimated 

thrust load from 1Hz SCADA is also included as a parameter 

of interest, thus accounting for the quasi-static load behavior 

and synthesizing a number of SCADA-related parameters into 

a single feature. With the advent of widespread use of 

artificial intelligence (AI), in particular deep neural networks, 

this technique appears to be especially suitable for this 

application, wherein the tower fore-aft bending moment 

damage equivalent moment is to be calculated. As previously 

demonstrated by preceding research, neural networks are 

highly sensitive to the input data and the proper selection of 

input variables is paramount to the model’s performance, 

consisting in a good practice to uphold [4]. Closely following 

the methodologies of Vera-Tudela & Kühn [4] and 

Movsessian, et al. [5], which are applied to the estimation of 

the blade flapwise bending moment and the tower fore-aft 

bending moment on onshore wind turbines, respectively, a 

input feature engineering and selection methodology was 

developed [6]. These features consisted on 10-minute metrics 

of each acceleration-, SCADA - and thrust signal, namely, 

mean, median, standard deviation, rms, maximum, minimum, 

range, kurtosis, skewness and spectral moments (1st – 4th [7]). 

The accelerations and thrust are also cycle counted through a 

rainflow counting algorithm and the DEL calculated [8]. The 

feature selection techniques tested include Pearson’s r, 

Kendall’s τ and Spearman’s ρ, Dominance Analysis, Random 

Forest and Recursive Feature Elimination (with random forest 

and decision tree classifier algorithms). 

Finally, after the discussion of each the feature selection 

algorithm results’ validity, a second neural network is trained 

with the pertinent input features, which include thrust, 

accelerations and SCADA-related features, to estimate the 

tower fore-aft bending moment damage equivalent load 

(DEL) for the full load spectrum. Thus, the model captures 

not only the quasi-static thrust load’s contribution, but also the 

impact of wave, rotor and structural dynamics (hence the 

Two-tier model for wind turbine fatigue assessment based on SCADA-dependent 

neural networks 
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inclusion of the accelerometer data). The motivation behind 

this second 10-minute-based tier is not only to include 

environmental effects and vibration levels, but also the issues 

inherent to working with different sampling frequencies (1Hz 

SCADA, 12.5Hz accelerometer) and possible time-delays.  

2 METHODOLOGY 

In this section, the methodology of the present contribution is 

explained. This entails the overall conceptual approach, the 

way data was structured and processed, how feature selection 

was implemented and what conclusions resulted from it. 

2.1 Conceptual approach: Two-tier model 

Previous approaches [9] were predicated on the reconstruction 

of the full load signal through the merger of different signals 

acting on different frequency ranges, which then is cycle 

counted through the rainflow counting algorithm. Unlike 

those, the current methodology is based on a ‘two-tier model’. 

This entails an initial layer, where 10-minute metrics of 

different input signals are generated. In this layer, 1 Hz 

SCADA, acceleration signals and thrust predictions are 

processed into 10-minute metrics (mean, median, standard 

deviation, rms, maximum, minimum, range, kurtosis, 

skewness and spectral moments), as well as the cycle counting 

of thrust and accelerations. The thrust load predictions are 

dependent on 1 Hz SCADA, which is used by a neural 

network model able to predict them [3]. 

The second layer of the two-tier model uses the 10-minute 

metrics as inputs of a deep neural network, which directly 

predicts the damage equivalent loads (DEL), in the form of 

the tower fore-aft (FA) bending moment damage equivalent 

moments (DEM). The labels (intended output) of this model 

are obtained by cycle counting the real tower FA bending 

moment, whose signal is dependent on strain gauges placed in 

the instrumented offshore wind turbine. The schematic display 

of this model can be observed in Figure 1: 

 

 
 

Figure 1. Schematic of two-tier model. 

 

2.2 Data structure and processing 

The instrumented turbine has two different types of high 

frequency sensors that allow the attainment of data: SCADA-

related sensors placed in the nacelle (1Hz sampling frequency) 

and accelerometers (12.5Hz sampling frequency) placed on 

three different heights of the turbines' tower (the bottom, 

middle and upper levels are abbreviated as BL, ML and UL, 

respectively). Additionally, multiple strain gauge sensors are 

placed in the tower at the same height but different headings, 

which allows the calculation of the damage equivalent 

moment (DEM) of the fore-aft bending moment, the intended 

target of this research. The SCADA data includes wind speed, 

wind direction, rpm, yaw angle, ambient temperature, pitch, 

power and two lower quality accelerometers (one FA and 

another SS). The accelerometers present at 3 distinct levels 

(BL, ML and ML), produce signals in the X and Y directions, 

along with FA and SS after yaw transformations. These 

signals also undergo an additional double integration into 

displacements, in meters. 

The high-frequent SCADA data is also used to estimate the 

thrust load on a 1s basis. This parameter, apart from its 

intrinsic relevance, is of significant interest because it 

synthesizes into a single value a vast amount of information 

from the SCADA data. In addition, the thrust load is one of 

the major contributors to the structure's damage, thus its 

estimation and inclusion appear even more important.  

All of these variables (SCADA, accelerometer, thrust) are 

processed into 10-minute metrics. These include widely-

known metrics as mean, minimum, maximum, median, mode 

(most common repeated value), standard deviation, range and 

root mean square, but also spectral moments, skewness and 

kurtosis. Their implementation was enabled by the python 

package scipy.stats: 

• Spectral moments - Moments of a probability 

distribution of a random variable about the random 

variable's mean; this is useful as, unlike ordinary 

moments which are dependent on location, central 

moments are solely related to the spread and shape of 

the distribution [10]. 

• Skewness - The skewness of a function is the 

measure of the asymmetry of the probability 

distribution; that is, how much extent to which a 

function "leans" to one side of its mean. For normally 

distributed data, the skewness should be about zero. 

For unimodal continuous distributions, a skewness 

value greater than zero means that there is more 

weight in the right tail of the distribution. The 3rd 

central moment is related to the skewness. We 

calculate the sample's skewness as the adjusted 

Fisher-Pearson coefficient of skewness. 

• The kurtosis describes the shape of a probability 

distribution by measuring its 'tailedness', or how 'fat' 

the tail is. It corresponds to the 4th standardized 

moment. Usually 3 is subtracted (Fisher's definition), 

in order to have a result of 0 for the normal 

distribution, as in equation 

Additionally, the damage equivalent moment (DEM) of the 

thrust load and the damage equivalent acceleration (DEA; it 

has no physical significance, the nomenclature is just an 

adopted convention) were calculated, implementing the same 

procedure as the calculation of the tower fore-aft bending 

moment DEM (the target of this contribution). This method 

depends on the number of cycles and the stress range (or 

amplitude) of those cycles. These values are obtained through 

cycle counting, using a rainflow algorithm. The procedure for 

its attainment can be observed in Figure 2: 
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Figure 2. Schematic overview of the fatigue damage 

estimation procedure. Extracted from [8]. 

 

Finally, preliminary investigation found that the minimal 

amount of points required to ensure a representative random 

sample for the entirety of the dataset is 2500 by comparing the 

histograms of the initial and reduced (random) datasets. In this 

contribution, the actual number of selected points was 4000. 

The total amount of metrics engineered raised up to 430 in 

total. 

 

2.3 Feature Selection 

 

Feature selection, an umbrella-term for a number of methods 

focused on the reduction of input variables of predictive 

models, allows for the variables believed to be the most useful 

to the models to be selected. Input variable reduction is highly 

desirable as, through the removing of redundant variables, not 

only are the computational, memory and time costs reduced, 

but it may also improve the overall performance of the model, 

as non-informative variables can add uncertainty to the 

predictions and reduce the overall effectiveness of the model 

[11]. 

Feature selection methods can be classified as either 

supervised or unsupervised methods: if the outcome isn't 

ignored (i.e. we have a target variable), then the technique is 

supervised. As this is our case we are predicting DEM of the 

tower FA bending moment, the present contribution will 

solely focus on these (supervised) methods. They can be 

further sub-divided into filter, wrapper and intrinsic methods. 

Filter-based feature selection methods employ statistical 

techniques to evaluate the relationship between each input 

variable and the target variable, assigning a score for the 

relevance of the input variable. The scores obtained for the 

relationship between the variable and the target are then used 

to choose (filter) the inputs that will be used in the model. 

Wrapper feature selection methods generate several models 

evaluating different subsets of input variables, wherein the 

selected variables (features) are the ones that present the 

model that performs better, according to a performance 

metric, as mean squared error. These methods' models use 

processes that add/remove predictors until an optimal 

combination that maximizes model performance is found. 

Unlike filter approaches, wrapper methods are able to detect 

the possible interactions between variables. There are, 

however, disadvantages, such as an increasing overfitting risk 

(for small samples) and a very significant computation time if 

the number of variables is large. Intrinsic feature selection 

models entail built-in feature selection. This means that the 

model only includes features that maximize the accuracy, thus 

performing automatically a feature selection during training. 

These include penalized regression models and decision trees. 

We can observe all these distinctions in Figure 3.  

 
Figure 3. Diagram of feature selection methods’ classification. 

 

The full results from the feature selection, more minute 

information and description for each individual method and 

the thresholds used for these can be seen in [6]. 

Some of the key take-aways from the feature selection 

methods’ comparison were: 

• Filter-based methods capture the more linear 

relationship between the acceleration sensors' signals 

and the fore-aft tower bending moment damage (the 

target), but don't perform the same for SCADA-

related parameters; 

• Fore-aft accelerations are generally better predictors 

than side-to-side; 

• Recursive Feature Elimination and intrinsic 

algorithms are able to correctly pick-up more 

nonlinear behaviour entailed in the SCADA-related 

features, better captured by metrics as spectral 

moments, kurtosis and skewness; 

• Wrapper-type feature selection and intrinsic models 

seem to be more trustworthy than filter methods for 

this application; 

Each feature group selected by each feature selection 

algorithm was then used to train neural networks (NN). The 

number of points in the dataset was increased to 8000. The 

base feed-forward neural network presents two hidden layers 

with 50 and 100 neurons, respectively, using a rectified linear 

activation function between each layer. The number of 

neurons in the input layer is equal to the number of features 

selected by the feature selection method. The NN model 

applies an Adamax optimizer and a mean squared error loss 

function, as well as a limit of 100 epochs. The training-testing 

split was performed through k-fold cross-validation with 10 

folds and a batch size of 5. Finally, the performance of the 

models with features selected by each feature selection 

algorithm was evaluated through the mean absolute error 

(MAE) and root mean squared error (RMSE). We can observe 

this in Figure 4. In this figure, intrinsic methods are in green, 

wrapper in orange and filter-based in blue. Additionally, the 

number of selected features is presented as a percentage of the 

total amount of features that could be select. For example, in 

random forest the algorithm selected 18 features out of the 

total number of 430, thus selecting 4,19% of the features. 
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In this figure, we can see that, apart from Dominance 

Analysis, all other methods present similar values (between 

1.5 % and 1 %), with slight improvements. Upon first glance, 

one would be tempted to assume that Kendall's τ is the best 

model. However, it is also crucial to look at the number of 

features selected by each model. The intrinsic and wrapper 

methods selected around 20 features, whereas filter-based 

methods (apart from Dominance Analysis, which select 50 

features) all selected above 100 features. For these last 

methods, the higher the number of features, the better the 

model's performance. We can confer this hypothesis through 

Figure 5. 

 

 
 

Figure 5. Comparison of mean absolute error between model 

trained with features selected by Pearson's r and just the first 

50 features selected. 

 

Here we can see that, for Pearson's r, when instead of 134 

(31,16%) features selected there are only 50 (11,63%) features 

selected, the MAE increases by over 1 % (attaining a similar 

value to Dominance Analysis). So, we are presented with a 

trade-off scenario: either we have a small number of highly 

relevant features selected by recursive feature elimination, and 

thus, a high computational cost in feature selection, but 

smaller cost in neural network model training, or we have a 

high number of features selected by filter-based methods, 

which entails, a small computational cost for feature selection 

and a bigger cost for neural network model training. A good 

balance between feature selection expended time and neural 

network model training time is the Random Forest algorithm. 

Thus, the question one should pose is where will most time 

be spent; selecting features or training neural network 

models? If more time is spent selecting features, then filter-

based methods are preferable. If more time is spent training 

neural network models, then wrapper methods are best. An 

intermediate solution is the random forest algorithm. 

3 TWO-TIER MODEL RESULTS 

The discussion that arises from the previous section, namely, 

what feature selection algorithm is to be employed, is 

continued for the two-tier model. Here, as we are concerned 

with the repetitive training and fine-tuning (known as 

hyperparameter tuning) of neural networks, it is advisable to 

select an algorithm which, without sacrificing the accuracy, 

requires a low amount of input parameters. As all models have 

been tested for the relevant dataset, the input parameters 

selected by the Recursive Feature Elimination (Decision Tree 

Classifier) feature selection algorithm were chosen, totaling 

22 features, or 5,12 % of the global number of features that 

could have been selected. 

Several deep neural network topologies were tested with, as 

in the previous section, using the python keras toolbox, 

Adamax optimizer and a mean squared error loss function, a 

limit of 100 epochs, k-fold cross-validation with 10 folds, a 

batch size of 5 and monitoring of MAE and RMSE. Of the 

different tested topologies (which included autoencoders, 

e.g.), the best performing one presented 5 hidden layers with 

100, 200, 300, 200 and 100 neurons, respectively. 

The data selected for training consisted in a randomized 

sample of 8000 datapoints within a given year (the training 

dataset represented 35,7% of the available data for that one 

year). The deep neural network was then trained on this 

dataset and its performance tested on the training dataset, but 

also for a different period (same year) which was not included 

in the training period and a different year. We can see these 

results in Figure 6. 

 

Figure 4. Mean absolute error of every feature selection method as a percentage of the maximal DEM value. RFE stands for 

recursive feature elimination, RF for random forest, DTC for decision tree classifier and DA for dominance analysis. 
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Figure 6. Comparison of model performance for 2 datasets 

(percentual MAE and mean error as a percentage of the max). 

 

As we can observe, the model performs rather well for the 

period of training – the MAE is below 1% – the same can be 

said for the different period, where the model’s performance 

in terms of mean percentual error is very similar to the 

training dataset and the MAE increases slightly above 1%. 

Also for a different year, the model performs rather well, with 

a MAE of 1,45%, although a slight underprediction is 

noticeable (a positive error means that the real value is 

superior to the prediction) and there’s a bigger spread. There 

are many possible explanations for the worst performance in a 

different year which must be further investigated. One 

possible explanation is that, for the training period, the turbine 

in question presented an imbalance in the rotor which, 

naturally, radically changes the dynamics impacting the 

turbine. These hypotheses ought to be more thoroughly 

assessed in subsequent research. We can nevertheless 

conclude that the model is performing appropriately, 

presenting sufficient generalization to successfully predict for 

datasets which do not correspond to its training period, with a 

MAE around 1%.  

4 CONCLUSIONS 

In the present contribution, a deep neural network model that 

successfully predicts the tower fore-aft bending moment 

damage equivalent moment was presented. It is based on a so-

called two-tier model, wherein the first tier, or layer, 

represents the input generation processes. In this layer, 10-

minute metrics of SCADA, accelerations and thrust load 

(itself generated through a deep neural network, based on 1 Hz 

SCADA) are produced. They are: mean, minimum, maximum, 

median, mode, standard deviation, range, root mean square, 

spectral moments (1st-4th), skewness, kurtosis and cycle 

counting. These metrics are then assessed by several feature 

selection algorithms, which are appropriately classified – 

filter, wrapper and intrinsic – and explained, generating 

different sets of features. These sets are then evaluated based 

on the performance of a generic deep neural network for each 

set of features selected by each algorithm. It is then decided 

that, in order to reduce the time spent training deep neural 

networks, it is preferable to use the feature set generated by 

wrapper-type algorithms, such as the recursive feature 

elimination (RFE). Finally, a deep neural network is trained 

with the features selected by RFE and validated for one year, 

with good results. The same model is then applied to a 

different year with different dynamics (unlike the training 

period, it doesn’t present rotor imbalance), with similar 

results, if slightly worse. The MAE is kept around 1%.  

5 DISCUSSION AND FUTURE STEPS 

Some important issues and questions arise from this 

contribution, namely, the importance of feature selection and 

engineering, but also of including as varied training datasets 

as possible, if the model is to appropriately adapt to as diverse 

conditions as it might face. Naturally, many future research 

paths can be taught of: 

• It might be worthwhile adding some data from the 

‘different year’ dataset into the training dataset, as to 

enable the model to also face more situations where 

there is no rotor imbalance; 

• Perform a cross-validation of the model in a different 

turbine, with the aim of asserting the model as a true 

fleet-leader; 

• The current contribution is based on jacket 

foundations – it would be highly relevant to expand 

this research to the more common (and with 

different dynamic behaviours) monopile 

foundations. 
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ABSTRACT: Management of ageing coastal piers, mainly used in the Mediterranean Sea for oil/refined products or LNG import 

or distribution, and old port facilities is facing emerging problems due to significant changes in environmental loads, vessel size, 

safety regulations and economic conditions. For example, as concerning environmental loads, the extension of seismic prone areas 

in design regulations, depending on the development of seismic risk studies, and the increased frequency of extreme storms caused 

by the climate change are among the major causes of concern. The paper reviews some of the typical degradation/obsolescence 

phenomena affecting existing coastal piers for import/export of fluid products and port breakwaters in the Mediterranean area, 

describing characteristic damages suffered by the structures, their criticalities towards the loading conditions imposed by new 

regulations or new functions, and individuates the role that the deployment of SHM approaches can play in the management of 

the related risks. In the paper, the appropriate selection of sensing technologies and interpretation procedures is also addressed. 

KEY WORDS: Ports; Coastal Structures; Ageing; SHM 

1 INTRODUCTION 

The need of importing oil products to support industrial 

developments in Continental Europe has led, in the years from 

the 20’s to the late 60’s in last century, to the construction of 

dedicated terminals in ports and of coastal piers along the 

northern side of the Mediterranean Sea. Due to its geographical 

position, many of these facilities have been located in Italy, to 

feed refineries located onshore and pipelines to Central Europe.  

The import of raw materials for the chemical industry has also 

led to the construction of similar facilities in ports and of 

dedicated near-shore infrastructure. 

The changes in the global economy and the growth of 

environmental concern have produced substantial evolution of 

the hydrocarbon market, leading to delocalization of most 

refineries close to the oil production sites and of many chemical 

industries to newly developed countries. As a consequence, the 

import of crude oil was substantially reduced and dedicated 

terminals have often been left without proper maintenance, 

others have been transformed for the import of refined 

products, and other facilities have been practically abandoned. 

The evolution of ship size and security requirements imposed 

by new regulations have also played a significant role in driving 

asset management and infrastructure development policies in 

the field.  

More recently, natural gas has become the main source to 

feed energy production, house heating and, in the close future, 

to feed ship engines in substitution of the traditional fuel. 

Natural gas arrives to Italian coasts by means of undersea 

pipelines, also requiring dedicated coastal facilities for the 

approaching, but the import of liquefied natural gas (LNG) 

from different production sites has also become an important 

issue in the energetic strategy. Because of these 

transformations, many existing terminals and onshore plants 

are being revamped to support the new functions and to recover 

the damages caused by ageing, fouling and environmental 

actions.  However, other facilities are still in nearly abandon 

and their eventual collapse represent a risk for the protection of 

coastal environments; moreover, some of these structures may 

also represent a threat to navigation safety. 

The first part of the paper is intended to describe the state of 

conservation of some of the former oil piers and coastal 

structures recently subjected to rehabilitation for fitting new 

purposes or still awaiting to be planned for reuse. 

Because of the ageing of materials, of the critical 

environmental conditions and of the lack of maintenance 

caused by economic considerations or disuse, the state of 

conservation of these structures is very often poor or even 

severe. In addition, the changes in design codes and the new 

specifications of environmental loads (both seismic and wave 

actions) do not allow, at least in some cases and as often 

happens with existing structures, to reach full compliance with 

present structural regulations. On the other hand, the 

authorization process for building new facilities in substitution 

of existing ones is very long and may encounter strong 

opposition from environmental agencies. 

The second part of the paper is therefore devoted to examine 

the capabilities of conventional and innovative monitoring 

strategies to provide additional safety measures to revamped 

terminals and to take under control the evolution of the 

degradation state of abandoned or nearly abandoned structures. 

2 CASE STUDIES 

To describe the typical degradation states that may be 

encountered in the above situations, the following cases are 

briefly presented. Limiting the study to reinforced or 

prestressed concrete, the cases represent structural conditions 

in the north Adriatic Sea, in the central Tyrrhenian Sea, and in 

the southern coast of Sicily. The case of the near-shore port of 

Manfredonia, in the south Adriatic Sea, is also addressed. The 

four sites are characterized by relatively different climates and 
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may represent typical situations that are encountered all over in 

the Mediterranean Sea, 

In the three former cases rehabilitation works have been 

already performed while for the port of Manfredonia the 

structural rehabilitation works have been studied but decision 

concerning redevelopment is still under way. 

 Pier in the North Adriatic Sea 

The main structure of the pier under consideration is composed 

by reinforced concrete and prestressed concrete spans resting 

on pulvinus’s and piles. It has been built in 1939-1940 and it 

has been partly refurbished in the early 80’s with the 

substitution of some decks with side by side precast p.c. girders 

and the addition of steel structures for the berthing of ships, 

presently in disuse.  Figure 1 shows an aerial view of the pier 

and of the storage area onshore. 

 

 
 

Figure 1. Aerial view. 

 

The pier is composed by three parts: part 1 provides the 

walking route and carries the pipelines; part 2 is dedicated to 

the berthing of barges; part 3 is dedicated to the berthing of 

ships and is oriented along the prevailing direction of the 

strongest winds (North-East). Tankers up to 45,000 DWT and 

185 m in length are allowed to berth at the terminal.  

Sections 1 and 2 extend for 325 m in length and are composed 

by 28 spans resting on driven reinforced concrete piles with 

different inclinations. Section 3 is composed by monoliths at 

the two edges, the manifold platform at the center, and single 

span walking routes connecting the three. The deck structures 

are not uniform in cross section and static scheme, depending 

on their width, length and type of installed equipment. A fire-

fighting building is located on section 2. 

 

 
Figure 2. Spalling and corrosion in r.c. beams. 

 

Detailed on top and subsea inspections and testing have 

disclosed significant damages, including pile settlements, 

degradation of concrete, spalling, intense corrosion of 

reinforcing steel with resulting cross-section losses. 

Figures 2 to 4 depict the typical damages documented in the 

course of investigations. 

 

 
 

Figure 3. Effect of degradation closer to sea level. 

 

 
 

Figure 4. Degradation of the walking route. 

 

Beside the need of restoring steel sections after passivation 

and surface protection, the other problems faced during design 

of the retrofitting works were related to the increased number 

of pipelines that in some cases overpassed the loading capacity 

of existing structures and the seismic resistance. The site is 

relatively protected so that there was no problem for the wave 

actions. 

As common to many other cases, the area was not considered 

seismically prone at the time of construction. Upgrading of the 

structural system to resist earthquake loads has been designed 

at a preliminary stage and will be implemented in a subsequent 

phase. However, full compliance with the maximum expected 

earthquake loads cannot be easily obtained. Partial compliance 

may be admitted by Italian regulations for existing structures.  

 Pier in the Central Tyrrhenian Sea 

The pier represented in Figure 5 was built in the 60’s of last 

century as sea terminal of pipelines leading products to inland. 

 

 
 

Figure 5. Land and aerial views. 

1 

2 

3 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure  

1269 

It is composed by 4 “islands” made of reinforced concrete 

framed structures resting on driven, partly prefabricated, r.c. 

piles, except the two islands closest to shore that are composed 

by cellular caissons resting on the sea bed with r.c. foundation 

piles driven through cylindrical guides preformed at the cell 

nodes, filled with concrete and grouted to the caisson after the 

foundation soil was reached. The islands are connected by 

walking routes, in turn composed by multiple simply supported 

prefabricated girders resting on monopile supports. Total 

length of the pier is 208 m. 

The second island from the sea side is the operating platform 

that carries all the equipment for product unloading, receiving 

of pigs from pipelines, recuperating spills and fire-fighting. The 

two nearby islands allow berthing and mooring of tankers. 

Actually, the pier is in use for import of refined products. 

 Peculiar for this structure is the technology of piles. They are 

composed of precast reinforced concrete tubes, driven in the 

sea bed by nesting one precast segment on the other until 

competent foundation soil is reached.  When the pile was 

completely driven, it was filled with concrete to form a solid 

cross-section. Figure 6 illustrates the nesting of two pile 

segments. 

 

 
Figure 6. Nesting of two pile segments. 

 

Following near collapse of one of the girders, detailed 

investigations, both on top and subsea, and material testing 

were performed to assess the state of degradation of the 

structures in view of a complete retrofitting. Figures 7 to 10 

illustrate the major findings. 

 

 
 

Figure 7. Degradation of the walking route. 

 
 

Figure 8. Collapsed girder. 

 

 
 

Figure 9. Degradation of pipeline supports. 

 

 
 

Figure 10. Operating Platform. 

 

Due to the severe state of degradation, complete substitution 

of the superstructure of the walking routes was planned, 

together with refurbishment of the pulvinus’s and of the other 

structures to clean and passivate the exposed reinforcement 

steel and reconstruct the protecting surfaces. 

As in the previous case, the pier was not originally designed 

for earthquake loads since at that time the site was not 

considered seismically prone.  To cope with the requirements 

of the new Italian structural code, nonlinear pushover analyses 

were performed obtaining satisfactory results. Since the pier is 

exposed to open sea, the structures have also been verified for 

updated wave loading. Works have been recently completed. 
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 Pier in the south Sicilian coast 

The next case is concerning the pier illustrated in Figure 11. 

 

 
 

Figure 11. View of the structure from the side pier. 

 

The structure, supporting a large diameter concrete tube, was 

constructed in the early 60’s of last century as a water intake 

line to supply the refineries and petrochemical industries 

installed onshore to exploit the oil and gas deposits discovered 

in the nearby land, as well as imported oil.   

More recently, competition from other sources, economic 

difficulties and environmental concern have made the project 

declining and, starting from the late years of last century the 

plants were either dismissed or transformed for biofuel 

production. The water intake line was dismissed as the result of 

these changes. 

The discovery of large gas deposits offshore the Sicily 

Channel and the subsequent exploitation plans have renovated 

the interest to the site and the pier was selected for being partly 

transformed to support the shore approach of the subsea gas 

pipeline arriving from the offshore extraction site. In particular, 

the last nearly 500 m of the old water intake line, originally 

more than 1 km long, are being renovated for the purpose. 

As per the original design, the line is supported on reinforced 

concrete saddles resting on platforms supported by piles.  The 

idea for reuse was to keep the platforms to support the new pipe 

rack.  The platforms span 20 m from each other. As represented 

in Figure 12, another pier supporting a driveway runs in parallel 

to the water line reaching a near shore berth protected by a 

breakwater some 3 km from the shore line.   

 

 
 

Figure 12. Satellite view. 

 

The driveway and the facilities connected are outside the 

scope of the present study.  

The platforms closer to the shoreline and the part onshore are 

supported by two concrete piles; the other platforms are 

triangular in shape and supported by two concrete piles lined 

by a vibrated concrete tube and one pile lined with a steel tube.  

Prior to the design of the rehabilitation works, very detailed 

investigations on materials characteristics and state of 

degradation of pile and platforms have been performed.  In 

addition, due to the high seismicity of the site and the 

possibility of severe sea states, detailed geotechnical, seismic 

and wave climate studies have also been performed. 

To remain within the scope of the paper, the typical states of 

structural degradation are depicted in Figure 13 to 15. 

 

 
 

Figure 13. Degradation of r.c. platforms. 

 

 
Figure 14. Cracking of platforms. 

 

 
 

Figure 15. Steel piles in the splash zone. 
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Restoration of all platforms, after demolition of the 

superstructure, and reinforcement of the piles have been 

therefore designed to support the new steel pipe rack. Nonlinear 

pushover analyses have been performed to cope with the 

seismic design requirements.  

 Near-shore port of Manfredonia 

The near-shore port of Manfredonia is located in the southern 

part of the Adriatic Sea, at the south root of the Gargano 

promontory and close to the historic fishing port, now also used 

for leisure boats, ferries and passenger ships. Related studies 

have already been presented in a previous paper by some of the 

Authors [1]. 

 The port was built between 1971 and 1978 to serve a 

chemical plant under construction, never completed and 

dismissed a few years later. Today the port is from time to time 

used for import/export of dry bulk cargoes and agricultural 

products. 

The port (Figure 16) allows berthing of up to 5 ships of max 

25,000 DWT and it is connected to the shore by an approach 

pier of 2,120 m in length and 10.3 m wide; the access pier hosts 

a two lanes road and a conveyor belt.  Protection from sea 

waves is provided north and eastward by a knee-shaped 

breakwater of 950 m in length. Berths are located along the 

inner side of the breakwater and on a quay nearly 300 m long 

located westward.   

 

Figure 16. Aerial view. 

 

In view of a possible rehabilitation for a more suitable reuse, 

ten years ago a preliminary design study was performed. The 

study included detailed investigations on the state of 

degradation, particularly severe because of the long period of 

inactivity without being subjected to proper maintenance.  In 

the recent city planning new industrial settlements are foreseen 

in the area onshore, formerly destinated to the chemical plant, 

and it may induce investments to refurbish and reuse the port. 

 

Figure 17. Degradation of breakwater. 

Characteristic degradation states found at the time of the 

study are presented in Figures 17 to 19. 

 

  

Figure 18. Prestressed concrete deck of the approach pier. 

 

Figure 19. Degradation of the inner quays. 

 

3 MONITORING REQUIREMENTS 

The cases examined, although concerning different structural 

schemes, functions and economic implications, present very 

similar characteristics in terms of degradation and obsolescence 

and similar problems concerning structural retrofitting and 

reuse approaches. 

As a further comment to the case studies presented above, it 

has to be noted that retrofitting and reuse of existing coastal 

structures, beside requiring detailed and accurate design 

studies, large investments and favorable cost/benefit 

expectations also need the establishment of careful inspection 

and maintenance plans, because of the following reasons: 

• fulfilling modern code requirements for structural safety is 

not often simple; upgrading the capacity of old concrete 

structures, especially underwater, is sometimes unfeasible. 

In addition, loading conditions are usually increased with 

respect to the time of construction and tend to increase 

further. The seismicity case is an example, but the fact that 

wave actions tend to increase as an effect of climate 

changes is another aspect; 

• effectiveness and durability of repair and protection 

techniques need to be carefully monitored in order to 

ensure that the benefits of the investments are obtained in 

the planned time horizon without extra costs. 

The above comment leads to the exploration of structural 

health monitoring tools that may be the most suitable for the 

purpose. Some considerations on the subject are given in the 

following. 
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 Inspections 

Conducting visual inspection regularly and properly reporting 

the existence of damages is the traditional approach to 

monitoring and maintenance planning of infrastructure 

facilities.  For port and coastal structures, PIANC guidelines [2] 

may be for example taken as a reference. 

Modern technologies provide effective tools to reduce the 

cost of inspections with respect to full manual conductance and 

improve their quality. The use of air drones (Figure 20) of 

various size with sophisticated inspection equipment on board 

like position sensors, radar, infrared cameras and laser scanners 

[3] can provide digital images that can be stored in data bases 

and subsequently analyzed by means of image processing 

techniques to locate surficial anomalies interpretable as 

damages and trace their evolution in time. Medium and small 

size drones may be very effective in inspecting structural 

details even located in crawl spaces, like the ones between the 

sea and the intrados of deck structures, often difficult to be 

directly accessed by human operators when staying on boats. 

 
 

Figure 20. Inspection air drone. 

 

Recent development of wireless (Figure 21) underwater 

drones (ROV) and fixed docking stations [4] like in the 

offshore industry opens the way to reduce at a very affordable 

costs frequent inspections of the underwater parts of port and 

coastal structures as well.    

 

 
 

Figure 21. Wireless underwater drone. 

 SHM Systems 

Installation of permanent structural health monitoring systems 

on coastal piers and port structures is not yet very common. 

Technology reviews can be found in [5, 6]. 

Major problems for the case at hand reside in the use of 

appropriate sensor technologies for monitoring the phenomena 

that need to be taken under control.  

Appropriateness of the sensors is not simply definable in 

terms of their metrological characteristics. Durability, 

maintainability and compatibility with the operating conditions 

and with the marine environment are also important aspects to 

be considered as well. 

As shown in the case studies, the structures under 

consideration are typically one-dimensional, very long in size 

and composed by a large number of structural elements, each 

one subjected to degradation.  

The following review takes into consideration the main 

aspects of applying SHM sensor technologies in old 

refurbished reinforced or prestressed concrete structures in 

coastal and port environments. 

 Monitoring of displacements and rotations 

Monitoring global displacements can be very significant for 

assessing the global stability of the structure and detecting 

vertical settlements and permanent lateral displacements of 

piles or foundation settlements in general.   

GPS sensors can be effective to the purpose as they can be 

easily installed on the piers or similar structures ad protected 

from the marine climate. An example can be found in [7]. 

At least one reference GPS station need to be installed on fix 

ground onshore for displacement calculations. Self-powering 

with solar cells and wireless communications with a remote 

data acquisition system located in a control room can be easily 

provided. High resolution in the horizontal and vertical 

displacements can be obtained. Low frequency dynamic 

measurements are also possible. 

As an alternative, to monitor the permanent displacements 

over long periods of time, radar (SAR) satellite methods may 

be used.  

Every time a satellite, while describing its orbit, passes over 

the target site, the emitted and reflected radar waves allow 

calculating the distance from reflecting points located on the 

earth surface to the satellite along the corresponding line of 

sight. Combining earth rotation and the satellite orbit, two 

measurements can be performed (said ascending and 

descending) allowing to calculate average displacements in 

three orthogonal directions of a reflecting point between 

subsequent passages of the satellite. Relative displacements are 

obtained by referencing to fixed points. 

Several complex algorithms are available to process the data 

and many satellites provide SAR images that can be used for 

the purpose. Accuracy depends on many factors, in particular 

on the reflectance characteristics of the surfaces, on the 

characteristics of the satellite emitter and sensor and on 

atmospheric data. Experience shows that in most cases the 

results obtained are satisfactory for the monitoring of 

structures. 

If monitoring of rotations is required, conventional tilt meters 

can be used, provided protection from the marine environment 

of the sensors is obained. 

 Monitoring of corrosion  

As shown by the case studies, corrosion of reinforcing steel and 

prestressing cables is the major cause of distress in structures 

in the marine environment. 
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For prestressed elements, corrosion may cause sudden 

collapses without preventive phenomena that could be 

observed in structures with difficult accessibility for inspection, 

like for prefabricated elements with closed cross-sections or 

assembled side by side on the deck. 

Monitoring of corrosion in reinforced and, especially, in 

prestressed concrete structures is therefore a very important 

issue in such cases but to some extent it is still an open problem.  

Sensors measuring electrical potential are available that can 

be installed during the refurbishment process. One of these 

sensors for point measurements of corrosion currents is 

represented in Figure 22. 

Cathodic protection can also be installed by means of thin 

metal nets applied to the surface during the reconstruction of 

the concrete cover. Beside using applied currents to create 

cathodic protection, the metallic net can also be used as a sensor 

detecting the corrosion potential over the area. 

 

 
 

Figure 22. Sensor for measuring corrosion current. 

 

More recently, interesting applications of acoustic emission 

sensors have been developed to detect the rupture of wires in 

prestressing cables subjected to corrosion [8].  These methods 

require the application of a net of acoustic sensors on the 

surface of the structural element. 

 Strain and accelerations 

Monitoring of strain, static or dynamic, and accelerations by 

means of traditional sensors is always possible for any type of 

structures, including coastal and port structures. However, 

cabling over such long one-dimensional structures and 

protection of the sensors from the marine environment may 

represent an issue difficult to solve. 

Deployment of specially protected MEM sensors with 

wireless data transfer seems preferable.  Integrated MEM 

platforms can include sensing of temperature, strain and 

acceleration. 

 Environmental conditions and waves 

Meteorological conditions including temperature, humidity, 

winds shall be measured when a permanent SHM system is 

installed on coastal and port structures.  Meteo stations are 

usually present in ports.  Radar sensing for studying clouds and 

storm insurgence are also often present close to important 

infrastructure along the coasts.   

Wave measuring buoys are also extensively located in the 

Mediterranean Sea to provide real-time data on the sea states. 

When SHM systems are installed on coastal structures, data 

interpretation require that a complete information is available. 

Consequently, integration of external data sources with the 

monitoring data is always needed for such type of structures. 

 Fiber Optic Sensors 

Application of fiber optic sensing technologies requires to be 

separately considered.  Marine environment is a very harsh one 

and permanent structural health monitoring systems need to be 

properly selected and designed for these types of environments. 

With respect to traditional contact sensors, fiber optic sensors 

are the most suited for the application in marine environments 

because of the following reasons: 

• they are insensitive to sea moisture or other chemical 

attack; 

• they have proven to provide very long operating life; 

• fiber optic technologies are applicable to fabricate a very 

wide class of sensors, from point to quasi distributed and 

to distributed sensors, to measure a very large number of 

physical parameters; 

• development of fiber optic sensing technologies is 

continuously improving and the new developments 

normally only require changing the optoelectronic 

reading devices but the sensors need not to be 

substituted; 

• optical fibers can be installed during construction   of 

cast-in-situ as well as of prefabricated elements or 

during refurbishment works; 

• interrogation of sensors is made by light; no electrical 

currents are involved in sensors and interrogation lines 

so that no electrical interference needs be considered 

and, in addition, fiber optic sensors can be safely used in 

gas terminals or for other highly inflammable products; 

• they can be used to monitor large structures, especially 

with distributed sensing techniques. 

A recent publication from IEEE [9] lists all available 

standards for using fiber optic sensors in many different 

engineering applications. 

In particular, distributed sensors for temperature, strain and 

acoustic waves detection look to be very promising for 

application to this type of structures.  The same fiber, using 

OTDR (Optical Time Domain Reflectometry) or OFDR 

(Optical Frequency Domain Reflectometry) to interpret 

Brilloin, Raman or Rayleigh scattering can be used to measure 

different physical quantities with high spatial resolution over a 

length of many kilometers. 

4 CONCLUSIONS 

Typical structural degradation phenomena occurring in ageing 

coastal and port structures have been documented by means of 

a set of case studies concerning structures located in Italy under 

environmental conditions characteristic of the Mediterranean 

Sea. 

The objectives of retrofitting works have also been discussed 

and inspection and monitoring needs and tools have been 

examined. 

It has been found that air and underwater drones may 

represent an interesting opportunity for visual inspections and, 

for permanent structural health monitoring, remote sensing 

(GPS and SAR satellite techniques) and distributed fiber optic 

sensing offer very interesting opportunities for future 

developments. 
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ABSTRACT: The design of monopile foundations for offshore wind turbines is most often driven by fatigue. With the foundation
price contributing to the total price of a turbine structure by more than 30% wind farm operators seek to gain knowledge about the
amount of consumed fatigue. Monitoring concepts are developed to uncover structural reserves coming from conservative designs
in order to prolong the lifetime of a turbine. Amongst promising concepts is a wide array of methods using in-situ measurement
data and extrapolate these model-based to desired locations below water surface and even seabed. The modal decomposition
algorithm is used to obtain modal amplitudes from acceleration and strain measurements. In the subsequent expansion step these
amplitudes are expanded to virtual measurements at arbitrary locations. The algorithm uses a reduced order model which is iden-
tified by operational modal analysis. Furthermore the measurements which are used as input for the algorithms are constrained to
measurements from dry part of the substructure. However, with subsoil measurement data available from a dedicated campaign
even validation for locations below mud-line is possible. Time and frequency domain analysis confirms the method capable of re-
constructing strains with high precision over the entire range of operational and environmental conditions above and below seabed.

KEY WORDS: Real-world measurement data; Fatigue monitoring; Virtual sensing

1 INTRODUCTION

Fatigue loading of offshore wind turbine monopile substructures
is caused by the interaction between environmental loads and
the offshore wind turbine system. The design of these sub-
structures is most often driven by the fatigue life of welded
connections in the monopile. As a result of design optimiza-
tion typically the first welds beneath the sea bed are most fa-
tigue critical. Accurate monitoring of the health of these welds
could allow to validate the design and update the remaining life
time expectancy. Directly monitoring the structural response
at these locations is often not possible, since these don’t allow
for easy installation, inspection, replacement or retro-fitting of
sensing equipment. Model-based virtual sensing techniques can
be employed to obtain the in-situ response at locations other
than measured from e.g. tower response measurements, effec-
tively allowing to assess the health progression of any sub-soil
weld. However, modeling the dynamic behavior of the substruc-
ture on the sub-soil domain is still widely considered a black
box, inhibiting the use of model based approaches. Further-
more, validated O&M strategies are scarce due to a lack of long
term sub-soil response measurement data required for valida-
tion. This research proposes a virtual sensing approach using
accelerometers on the turbine tower in order to predict strains
of the substructure. With measurement data of the Nobelwind
campaign this technique can be calibrated and validated for any
desired part of the monopile, including subsoil locations.

2 DATA AQUISITION

The Nobelwind offshore wind farm, off the Belgian coast,
hosted a measurement campaign on three of their turbines from
2017 until end 2019. Accelerations were measured on each of
the towers and fiber optic sensors were used to measure strain
data over the entire length of the monopile (MP). This data set
provides unique insights in the sub-soil strain response. While
the accelerometers could be installed and can be maintained
freely, the optical fibers had to be mounted on the MP prior to
their installation in 2017 and remained after completion of the
measurement campaign. While not all fiber lines survived pile-
driving, the majority of sensors recorded strains over a time of
three years. A part of this sub-soil strain data is used to setup the
estimation model in 3.2 while most data is available for valida-
tion purposes. Contrarily, Acceleration measurements are solely
used as an input of the estimation model in 3.1.

2.1 Measurement Setup

For the Nobelwind project three turbines were selected in the
farm. The three turbines were chosen to reflect the condition of
the entire farm. The three turbines included the turbine at the
lowest water depth and the deepest turbine in the farm. Also
they were chosen at the opposite edges of the farm and one at
the corner of the farm. The set of three turbines thus covers the
expected range of frequencies as well as wind conditions. All
three instrumented turbines received the same basic monitoring
concept, which is exemplarily shown in Fig.1. The monitoring
system sends a measurement file to an onshore server every ten
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minutes where it is paired with SCADA data. The wind turbine
tower was equipped with accelerometers at three levels, strain
gauges were mounted at two levels of the transition piece and
on several levels of the MP. The sensor levels on the MP dif-
fer between the three turbines to accommodate for differences
in the design of the MP and different soil conditions. Resistive
strain gauges (SG) were chosen for the transition piece, while
fiber Bragg grating strain sensors (FBG) were chosen for the
MP. For more details see [4].

Figure 1: Measurement setup with independent sub-systems
[ACC: Accelerometer, SG: Resistive strain gauge, FBG: Optical
strain gauge]

2.2 Data Selection

When deciding on what data to use as input for the estimation
model measurement artifacts in the FBG data got revealed. Ran-
domly occurring over a portion of the sub-soil data sudden dis-
crete ‘jumps’ in the strain values were detected. These jumps are
the likely result of so called peak splitting, a challenge unique to
FBG measurements. In normal operation the FBG is defined by
a single reflected wave length resulting in a single measurement
of strain. The issue of peak splitting occurs when a single FBG
reflects multiple wavelengths rather than one, typically a result
of some damage to the FBG (e.g. as sustained during pile driv-
ing). The current interrogator, the unit that reads out the FBG,
does not distinct between the multiple reflections and can ran-
domly jump from one reflected wavelength to another, resulting
in jumps in the strain signal. While barely visible for conditions
with high wind speed, or in ten-minute averages, the jumps in

strain due to peak splitting can be of the same order of magni-
tude as physical strains when the turbine idles. It is crucial to
neglect contaminated data for two reasons: First, calibrating the
estimation model on this data will lower the estimation accu-
racy. Second, comparing contaminated measurement data with
correct estimation will return a mismatch which could falsely
be interpreted as shortcoming of the virtual sensing technique.
An example is given in Fig.2. The amount of measurement data
makes it necessary to automate data selection thus quality in-
dicators are defined to distinguish ‘clean’ from ‘polluted’ data.
Considering the layout of fiber lines in the MP a signal ~ε(t)
is matched by the signal of the opposing sensor ~̂ε(t). While
the strain should be a mirror image peak splitting will occur
randomly causing a distortion of the match. By measuring the
correlation in time domain between both signals via the Time
Response Assurance Criterion (TRAC) an indicator is found to
rate these signals [1]. Values range from 0 to 1, where 1 implies
a perfect match between both time series.

T RAC =
[~ε(t)T~̂ε(t)]2

[~ε(t)T~ε(t)][~̂ε(t)T~̂ε(t)]
, (1)

where (.)T denotes the transpose of the strain vector. As seen
in Fig.2 peak splitting will cause an error in amplitude of a sig-
nal. Considering that the TRAC does not accommodate for dif-
ferences in scaling linear regression between ~ε(t) and ~̂ε(t) is
performed to enhance data selection. The regression algorithm
fits ~ε(t) to ~̂ε(t) by minimizing the residuals via ordinary least
squares. One of the coefficients to minimize is a scaling pa-
rameter of~ε(t) meaning equality in amplitude corresponds to a
value of 1. With these two quality indicators measurement data
is bench-marked and only the best x% retained. In a second step
retained data is visually inspected for the absence of any peak
splitting, to guarantee the best quality of the estimation model
and validation data.

Figure 2: Example of a polluted measurement compared to the
virtual sensing strain estimate. The noisy peaks and sudden dis-
crete jumps in strain are the result of the FBG reading jumping
between two wavelengths.

2.3 Data Treatment

The data acquisition system consists of three sub-systems fol-
lowing from practical considerations (see Fig.1). System I
records acceleration measurements and the top strain gauge on
the transition piece. In system II only the bottom strain gauge
of the transition piece is contained, while all optical fibers are
recorded in system III. For the estimation model which is fed
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by data from all sub-systems temporal synchrony of the data
is of highest priority. An observed drift between clocks of the
sub-systems as shown in Fig.3 required data treatment. Since
all systems contain at least partially strain data comparing strain
time signals of different sub-systems via cross-correlation is a
simple and reliable way to fix the clock drift. Analysis revealed
low frequent oscillations having a harmful effect on the relia-
bility of used correlation algorithm which led to the approach
to cross-correlate signals only for a frequency band around the
first natural frequency.

Figure 3: Long term clock drift of sub-systems II,III compared
to system I

3 EXTRAPOLATION METHOD

This research tries to reconstruct sub-soil strain data remotely by
means of mathematical models. Subsoil measurements are how-
ever used to setup the extrapolation algorithm. The use of such
data is widely unprecedented in academia and will be usually
replaced by a numeric (finite element) model. For the model-
based estimation of strains a multitude of methods is known
from literature. Considering the basic conditions i.e. response
measurements are available while input forces are unknown the
technique of choice is found in the group of output-based re-
sponse estimation. Most prominent techniques of that group are
derived from the Kalman filtering approach[7]. While the com-
mon base is the estimation of states based on the dynamic modes
and frequencies of a structural model they diverge in terms of
complexity e.g. addition of damping and noise to the model.
In contrast the Modal Decomposition and Expansion method
(MDE) appears very streamlined. It simply composes the es-
timation as a combination of the dynamic modes [9, 5, 2]. A
comparative study of Kalman-filter based methods and MDE
concluded comparable accuracy for the application at hand[8].

3.1 MDE

The base of MDE is a set of mode shapes which spans the linear
response through the modal model. From response measure-
ments~am the contribution of every mode φi in every time step is
determined i.e. the modal coordinate~qi.

~am(t) =
n

∑
i=1

~φi,m~qi(t), (2)

where ~φi,m ∈ Rnm×1 is the vector with the components of mode
shape i at measurement location m. Rewritten after ~q the de-
composition step of MDE follows as

~q(t) =
(
Φ

T
mΦm

)−1
Φ

T
m~am(t) = Φ

†
m~am(t), (3)

where •† is the pseudo-inverse operator. Assuming modal coor-
dinates~q are valid for the entire structure an estimation of strain
~ε can be done for any location by combination with the associ-
ated mode shape components.

~ε p
dyn(t) = Φε pL

−1
{

1
s2 L {~q(t)}

}
, (4)

where Φε,p ∈ Rnp×n is the mode shape matrix of n strain mode
shapes at estimation locations p. L {•} and L −1 {•} are the
Laplace transformation and the inverse Laplace transformation,
respectively. In addition, the estimation of strains from acceler-
ation measurements requires the double integration of accelera-
tions to displacements. This double integration is performed on
the estimated modal coordinates in the Laplace domain, result-
ing in the 1/s2 operation in Eq. (4). However, during the double
integration there is a considerable risk of blowing up frequency
noise when approaching 0Hz, resulting in erroneous predictions
of displacement. As such [8] proposes to use a lower bound fl
for the acceleration data. The lower bound fl is situated well
below the first structural mode, while sufficiently high to avoid
exaggerated low frequency contributions. From the high-pass
filtered acceleration data, the dynamic contribution of the strain
extrapolation~ε p

dyn is obtained through Eq. (4).
In [6] the band below fl is then added using a static strain ex-
trapolation. Instead of accelerometers, the quasi-static strain ex-
trapolation to all virtual sensors is based on a single strain gauge
level. The quasi-static estimation step is basically a scaling of
the measured strain signal εqs with a quasi-static strain mode
shape of the substructure φqs.

~ε p
qs(t) = φqs~εqs(t) (5)

The estimated strain with this dual-band MDE approach is thus
calculated using following expression:

~ε p(t) =~ε p
qs(t)+~ε p

dyn(t) (6)

3.2 Mode Shapes

Mode shapes are at the core of MDE technique. This research
estimates mode shapes for all bands from measurement data.
In practical applications, mode shapes would be derived from
(updated) numerical models of the assets. The availability of
measurement data over the entire length of the MP in this spe-
cific case might raise the question why an estimation algorithm
is required altogether. But even if turbines would be covered
with sensors, sensor failure or low measurement quality could
be reasons to look for redundancy. Also, common strain sensors
have a life expectancy of only a few years making an estimation
algorithm desired for fatigue assessments and life time extrapo-
lation of the turbine.
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3.2.1 Quasi-static Band

MDE primarily relies on the modal model in order to estimate
strains. However, this dual-band strategy proposes a quasi static
component to cover all strains that are not a direct result of a
dynamic excitation of the modes. The big conceptional differ-
ence is that, unlike mode shapes, φqs will depend on the input
location of the quasi-static force. For this application the quasi-
static force is mainly originating from the wind pressure on
the wind turbine’s rotor, i.e. the thrust force. Thus, φqs is the
strain distribution which is the result of a force acting on the
nacelle. Would this force act on any other location, this would
result in a different φqs. To obtain φqs ten minute mean bend-
ing moments over a long period of time at the various strain
sensors are calculated. While the bending moments vary with
varying environmental conditions, the ratio of bending mo-
ments between different heights show little dependency from
environmental conditions e.g. wind speed. This is confirmed
with measurement data and shown in Fig.4. The φqs is simply
the ratio between bending curves of the different measurement
locations. A display of this ratio for different wind speed ranges
shows a minor spread amongst these curves. This is explained
rather with measurement uncertainty over a physical reason. It
was decided to use an averaged φqs instead of a mode shape de-
pendent on environmental condition to avoid an over-fit of the
model. Analysis showed that φqs is only to be used above cut-in
wind speed of the turbine. Below, measured quasi-static strains
are more affiliated to the off-center center of gravity of the na-
celle and random measurement noise and can be neglected.

Figure 4: Bending curves at the various instrumented water
depths to extract the QS-mode shape

Figure 5: Extracted QS-mode shape for different wind speed

3.2.2 Dynamic Band

In the dynamic band accelerations are used to estimate dynamic
strains. This is reflected in ’mixed’ mode shapes, i.e stacking
Φm and Φε , containing information about accelerations at mea-
surement locations on the tower and about strains at estimation
locations on the MP. By performing a operational modal analy-
sis on the combined data, strain and acceleration together, those
mixed mode shapes are estimated directly from measurement.
The used implementation is the PolyMAX algorithm [3]. Mode
shapes are estimated from a limited set of data. Yet, Selected
time stamps had to reflect a wide range of environmental and op-
erational conditions to avoid a bias. As described in 3.1 MDE is
performed in the FA - SS system. Both directions use the same
set of mode shapes since the turbine structure is symmetric for
the most part.
One of the particular challenges of offshore wind turbines turns
out to be the close proximity in frequency of the wave loading
and the OWT’s first natural frequency. In fact this proximity
is why for larger offshore wind turbines wave loads are often
fatigue drivers. Much like wind loads, wave loads exert a quasi-
static force on the structure around the water level. In addition
the wave loads excite the structural dynamics of the structure.
While the strain distribution due the dynamic excitation of the
structure is only dependent on the mode shape, the strain distri-
bution due the quasi static wave load does depend on the point
at which it is exerted. Because of this the strain distribution
across the structure is dependent on the location where the wave
load grips. Looking back at Eq. (4), this equation is agnostic of
the position of any force, and this information has to be carried
within Φε . Which actually means that Φε are more closely re-
lated to operational deflection shapes (ODS) than to pure mode
shapes.
Fortunately the extraction of mode shapes from measurements
via OMA partially resolves as the experimentally found mode
shapes are also influenced by the localized presence of the wave
loading. However, for future use of MDE it might not be suf-
ficient to simply use the FE mode shapes. But rather the ODS
have to be determined from the numerical model of the asset. In
depth discussion of this challenge is part of ongoing work and
will be published in a dedicated manuscript currently in prepa-
ration.
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3.3 Full-field Strain Reconstruction

Acceleration and strain are measured at several directions cir-
cumferentially. It follows a transformation into the coordinate
system fore-aft (FA) - side-side(SS). Reason is not only to have
a common base but also to minimize measurement errors be-
cause if more measurements are used to calculate the strains
of a cross-section than required the transformation turns into
a least-squares fit. Note, that by using a best fit information
is lost. Thus, transforming the strains back in sensor direction
will only approximate the original data. Additionally to trans-
forming, bending moments are calculated from strains. All es-
timations of bending moments are performed in this reference
system. Examples are given for FA direction by Fig.6 and SS
direction by Fig.7. After MDE extrapolates to desired height
a back-transformation in arbitrary direction can be performed
e.g. sensor direction accompanied by recalculation into strain
as performed in Eq. (7).

~ε = K~θ , (7)

where K corresponds to the stiffness and ~θ to the bending mo-
ment transformed in desired direction α:

K = 1/E
[
R/Icsin(α) −R/Iccos(α)

]
, (8)

~θ =

[
cos(α) −sin(α)
sin(α) cos(α)

][
Mtl Mtn

]
, (9)

where Ic describes the area moment of inertia, R is the radius of
the MP, Mtl the bending moment in SS direction and Mtn bend-
ing moment in FA direction respectively. The transformation of
bending moments Mtn and Mtl into strain~ε into any desired di-
rection is illustrated by Fig. 8. Note, that neglecting the acting
normal force N in Eq. (9) leads to an offset of the strain after
transformation compared to the reference system.
Following from Section. 3.2 mode shapes are estimated for the
discrete measurement heights on the MP. Therefore a full-field
strain estimation also requires an interpolation of mode shape
components over height, which is omitted in this contribution.

Figure 6: Strain measurement and corresponding estimation in
FA direction for height = −17m LAT

Figure 7: Strain measurement and corresponding estimation in
SS direction for height = −17m LAT

Figure 8: Strain measurement and corresponding estimation for
a specific location on the monopile (here aligning with a sensor
location for validation) at−17m LAT . As the contribution of the
normal force N is omitted an offset appears but dynamic strains
are correctly represented.

4 RESULTS

As described in Section 2.2 a curated dataset is established in
order to benchmark the MDE strain estimation. This way, an ar-
ray of 285 10min. strain measurements along the MP is available
containing data over the full spectrum of environmental and op-
erational conditions. The power of MDE is to expand vibration
information from a limited set of response measurements to any
part of the investigated structure. To demonstrate the capabili-
ties of the algorithm validation points are chosen over the entire
length of the MP and on six points over every cross-section i.e.
FA, SS and the 4 FBG sensor directions.

4.1 Time Domain

Comparable the data selection step to distinguish between peak
splitting afflicted and physical data measurement and estimation
are benchmarked using the quality indicators TRAC and linear
regression. A look into time series Fig.6 to Fig.8 confirms the
high values in both metrics. FA direction, i.e. aligned with the
wind direction, in Fig.6 shows more low-frequent oscillations
coming from variations in the thrust loading. The good per-
formance relates for a big part to a well calibrated quasi-static
band. Contrarily, in SS direction, i.e. cross-wind, oscillations
are primarily driven by the first mode. The near perfect fit be-
tween measurement and estimation in 7 confirms quality of the
mode shapes obtained via OMA. When transforming strains into
any arbitrary direction, contributions from both FA and SS are
mixed in a ratio depending on the prevailing wind direction and
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the chosen direction. Besides an offset explained in section 3.3
estimation after transformation reaches comparable TRAC val-
ues to the reference system. By validation of the MDE algo-
rithm over all sensor locations a full-field strain estimation is
justified. Fig.9 and Fig.10 demonstrates how strain signals can
be reconstructed for various heights simultaneously and any ar-
bitrary direction.
With 10min. strain estimates of sufficient quality the error over
a longer period needs to be determined to address fatigue, see
section 4.3.

Figure 9: Estimated strain signals over various directions for
height = −17m LAT

Figure 10: Estimated strain signals over various heights for di-
rection = 230deg

4.2 Frequency Domain

This implementation of MDE limits the modal model in MDE
to contributions of the first two structural modes. The good es-
timation quality shown in section 4.1 is explained by the low-
frequent nature of strain. Fig. 11 demonstrates this decrease
of spectral density with frequency. While close to 0Hz and for
f1 the example PSD shows similar values, already the second
mode has a spectral density of less than a tenth. This finding
motivates the use of a quasi-static mode shape to accurately de-
scribe low frequent strains. The good fit between measured and
estimated PSD especially at the peaks is achieved consistently
over different environmental and operational conditions. For
higher frequencies than f2 measurement and estimation deviate.
An inclusion of higher order modes would potentially resolve
this but the gain in estimation quality is expected to be low. Fur-
thermore, strain sensors will mainly measure noise for higher
frequencies. After a second look on Fig. 11 one could even
argue that MDE shows capabilities below the noise floor of the
FBG. Since the method uses the modal coordinates of tower ac-
celeration measurements, this phenomenon can be explained by

the better properties of accelerometers for high frequent vibra-
tions.

Figure 11: PSD of strain measurement and corresponding esti-
mation in sensor direction for height = −17m LAT

4.3 Long-term estimation

After analyzing 10min. strain estimations independently in the
previous sections an overview of the average accuracy of MDE
is desired. To emphasize the arbitrary choice of virtual location
the validation dataset is limited to measurements in sensor di-
rections. MDE including all mode shapes are defined in FA/SS
direction which makes other directions potentially more chal-
lenging. As seen in Fig.12 even for those estimation locations
a high level of accuracy is achieved with an average error of
5%. The histogram however does not show a clean distribution
of TRAC values e.g. normal distribution complicating interpre-
tation of the results. On one hand this might hint towards a
shortcoming of the algorithm on the other hand it could simply
be due to a lack of data that would average out measurement
uncertainties. In this contribution, all measurements are taken
from a single month of data. For more meaningful results the
validation dataset will be expanded. This is crucial to check for
bias in the estimation model towards seasonal effects but also to
space training data of MDE farther from validation data. The
addition of validation data will also be beneficial for subsequent
fatigue analysis, because in a small dataset a single erroneously
estimated cycle can offset the fatigue damage significantly.

Figure 12: TRAC values of all estimations in sensor direction
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5 CONCLUSION

This contribution showcases the reconstruction of strain sig-
nals in the application of an offshore wind turbine foundation.
Starting from acceleration measurements on the tower and the
dynamic modes of the entire structure an estimation model is
created capable to predict strains even for locations below the
seabed. While high accuracy is achieved for arbitrary locations
on the foundation work is to be done to evaluate the long-term
accuracy of the method in order to target the topic of fatigue life
extrapolation.
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ABSTRACT: Rina Consulting S.p.A. was commissioned by an international oil company to build and install a vibration-based 

permanent structural health monitoring system (PSHMs) on an offshore oil platform. The main function of the installed PSHMs 

is to perform continuous data acquisition and a real time damage detection analysis of the monitored structure. The data analysis, 

accomplished by using the Artemis Modal Pro software, is based on Operational Modal Analysis techniques. The used damage 

detection features are based on comparison of the observability matrix of a reference state with the same matrix obtained in a 

potential damage state. The way used in this application to compare two matrices is the Chi-Squares testing. The monitored 

structure is a very ancient structure that has undergone reinforcements and is subject to very severe weather and sea conditions. 

The monitoring of the evolution of the damage derives mainly from the safety and production requirements. The article describes 

the installation phases of the system, its measurement characteristics, as well as the description of the data analysis methods and 

it presents the first results after the first year of monitoring.

 

KEY WORDS: Operational Modal Analysis (OMA), Platform offshore, Damage detection, Structural Health Monitoring (SHM)

1 INTRODUCTION 

This paper presents the implementation of a Permanent 

Structural Health Monitoring system (PSHMs) on an offshore 

platform useful to help the owner to manage the structural 

integrity of the asset. The monitoring system was implemented 

by Rina Consulting S.p.A. on the end of  2019 in an offshore 

platform, part of an offshore oil camp situated in the middle 

East area. The present document concerns the description of the 

installed permanent monitoring system and the results achieved 

by Operational Modal Analysis (OMA) on the first two months 

of recorded data only. This because the availability of the whole 

data set has been interrupted due to the monitoring system is 

not remotely connected and the current possibility of direct 

access to the system is strongly restricted in consequence OF 

COVID-19 pandemic situation. A Finite Element Model 

(FEM) of the platform was already available thanks a previous 

project carried out by Rina Consulting S.p.A personnel. In this 

work the available FEM has been used to check OMA results. 

The FEM regards a previous configuration of the asset which 

was modified by an addition of one sleeping accommodation 

floor. This generates differences between OMA and FEM 

dynamic analysis results which will be discussed later in the 

document. 

2 MONITORED ASSET DESCRIPTION 

  The monitored offshore platform (or "monitored asset") is an 

old, fixed platform dedicated to the accommodation facilities. 

The monitored asset is built on steel legs anchored directly onto 

the seabed, located in a water depth of 30 meters. It supports 

three decks for accommodation and crew quarters. The 

platform is composed by steel jackets and the main structure is 

fabricated from steel welded pipes and is pinned to the sea floor 

with steel piles, which are driven through piles guides on the 

outer members of the jacket. The piles are thick steel pipes of 

0.6m to 1.2 m diameter. They do not have any cathodic 

protection. 

3 PSHMS DESCRIPTION 

The general architecture of PSHMs dedicated to the offshore 

platform is explained in 

.  

The Sensor Chain is composed by number 32 PCB 

Piezotronics model 393A03 acceleration sensors. The 

accelerometers are grouped inside 12 sensor boxes in bi or tri 

axial configuration. The sensor boxes are distributed on 

platform’s lower deck, which is 15 meters above the sea level, 

and connected via signal cables to the acquisition device, IMC 

Cronos flex, that is a part of the SHM_Server.  

The DAU measures, organizes, collects and send to MFS the 

data sensors. The main functionalities of the DAU are:   

• to power the installed sensors; 

• to acquire signals of installed sensors and sampling 

them in order to produce a digital version of sensor 

signals (sensor data); 

• to show, in real time, sensor data; 

• to copy the sensor data from local memory to onshore 

Server. 
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The data transmission uses the existing communication 

(radio link) features between offshore asset and the Oil 

Company Base Camp. If the communication drops, the DAU 

stores locally the new data and the MFS wait the restoring of 

data flow to carry out data analysis.  

The MFS stores all received data from DAU and performs 

automatic data analysis by Artemis Modal Pro® – damage 

detection software.  

“Fling®” is a specific, commercial software, which copies 

continuously the data files generated onboard the DAU in the 

MFS through a FTP virtual server. 

 

The SHM SERVER acquires sensor data and stores them 

locally, into the HDD of the workstation. It is settled to perform 

a Local Storage Data (LSD) besides the Main Storage Data 

(MSD). The MSD represents the system’s main functionality 

of recording data and permits to save data on Main Frame 

Server (MFS), in Oil Company Base Camp.     

The LSD locally stores the data every 2 hours on the 

workstation HDD. The acquisition sampling frequency is equal 

to 100 samples/second for each channel.  

 

 
Figure 1.SHM system architecture 

 

   
Figure 2.SHM server (a) Sensor box (b) 

 

 
Figure 3. Installed sensor box 

 

The sensor setup is composed by: 

• 8 Tri-axial Accelerometers Sensor box; 

• 4 Bi-axial Accelerometers Sensor box; 

• 32 Signal cables (coaxial and twisted pair, one for 

each accelerometer). 

The installation of the sensors and cables required the 

installation one of the following bulk materials: 

• 12 Watertight enclosures (sensor boxes) for the 

accelerometers; 

• 12 L-shaped Brackets Supports for the sensor boxes; 

• 12 Flexible conduits (Ø25 mm, metal) from 

measuring points to Junction box; 

• 1 Junction box, located in ‘through floor transit’; 

• 1 Flexible conduit (Ø60 mm - plastic), from Junction 

Box to DAU. 

 

The Table 1 reports in detail the composition of the SHM 

Server. 

 

Table 1. SHM Server composition 

Item Description  

Rack 

 

19”,  110 cm height 

Acquisition 

device 

IMC Berlin® Cronosflex 32 ch 

IEPE 

  

Work 

Station 

 

HP desktop computer 

Monitor Asus VS 197 

  

UPS APC - smart - C   SMC1500IC 

  

Surge 

Protectors 

n.16 Citel DLA2-24D3 

 

4 OMA DESCRIPTION 

4.1 Introduction 

  According to D. J. Ewins [1], the experimental pathway of 

vibration analysis starts from the knowledge of the structural 

responses, which are measured by means of transducers, and 

proceeds with the extraction of modal parameters. 

a 

b 

On-shore 

Off-shore 
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There are two different approaches in order to deal vibrational 

analysis: the classic one, called Experimental Modal Analysis 

(EMA), and the Operational Modal Analysis (OMA), which is 

more innovative than the first. The main purpose of both is to 

identify the dynamic behaviour of a structure through its modal 

parameters, i.e. natural frequencies 𝑓𝑛, damping ratios 𝜁𝑛 and 

mode shapes 𝝓(𝑛). The latter belong to one of the possible 

descriptions of systems, known as Modal Model, by which a 

three dimensional deformable solid can be represented under 

strict assumptions.  

4.2 Modal model 

  In order to introduce this representation, it is necessary to start 

from the following well-known equation, which represents the 

spatial model of the structural dynamic problem: 

 𝑴�̈�(𝒕) + 𝑲𝒒(𝒕) = 𝒆(𝒕) (1) 

where the matrices 𝑴 and 𝑲 are respectively the mass and 

stiffness ones, the column vector 𝒒(𝑡) contains the Degrees Of 

Freedom (DOFs) of each node, i.e. Lagrangian variables, and 

the last column vector 𝒆(𝑡) contains the generalized forces 

acting on the structure in each DOFs at the time 𝑡. Equation (1) 

can be associated to the following eigenproblem: 

 (𝑲 − 𝝀𝒏𝑴)𝝓(𝒏) = 𝟎 (2) 

It can be shown that, since the mass and stiffness matrices, in 

addition to be symmetrical, are respectively positive definite 

and semi-positive definite, the eigenvalues 𝜆𝑛 associated to the 

eigenproblem (2) are real and positive, while the eigenvectors 

𝝓(𝑛) are real and normal to 𝑴 and 𝑲 matrices. Therefore, it is 

possible to define: 

 𝝀𝒏 = 𝝎𝒏
𝟐  (3) 

Through some mathematical steps, it is possible to demonstrate 

that 𝜔𝑛
2 represents the pulsation, and the column vector 𝝓(𝑛) 

constitutes the modal shapes of the generic n-th natural modes 

associated with the system of equation (1). Please note that 𝜔𝑛 

and 𝑓𝑛 are connected by the following equation: 

 𝝎𝒏 = 𝟐𝝅𝒇𝒏 (4) 

Finally, adding the damping matrix 𝑪 at equation (1) and 

assuming the damping as linear viscous, it is possible to obtain 

the following equation: 

 �̈�(𝒕) + 𝟐𝜻𝒏𝝎𝒏�̇�(𝒕) + 𝝎𝒏
𝟐𝒒(𝒕) = 𝒆(𝒕), 𝒏

= 𝟏,… , 𝑵 

(5) 

where 𝜁𝑛 is the damping coefficient of the n-th mode. Equation 

(5) contains the same information of the equation (1) and it 

consists in a set, from 1 to 𝑁, of ordinary differential equations 

all decoupled among themselves. 

4.3 OMA techniques 

OMA testing techniques have been quite popular over the 

first decade of the millennium, since the structure to be tested 

does not need an artificial excitation, which must be measured 

and controlled as it happens in EMA ones. In civil engineering, 

EMA techniques need a well-defined inputs which are 

generated by shaker (hydraulic or eccentric), drop weights or 

pull back tests; rather, those OMA necessitate natural 

excitations, e.g. wind, waves and traffic, which are less 

expensive and always available in some environments. This 

characteristic allows to test and analyse the structures in their 

operational status without environmental or boundary artificial 

conditions. Additionally, only the OMA techniques often 

enable to extract modal parameters of systems when they are in 

contact with fluids or in particular test conditions. Therefore, 

they are widely applied in aeronautical and naval areas, where 

the interaction between fluid and structure also causes an 

appreciable change in structural dynamic characteristics, i.e. 

modal parameters. In the present case, typical inputs acting on 

offshore structure include loading that may occur from wind, 

micro-earthquakes, vehicular and pedestrian traffic, ocean 

waves, etc [2]. Moreover, these can be used with OMA, by 

reason of the fact that the statistical framework, on which these 

techniques are developed, requires that the structure to be tested 

is being excited by an excitation similar to white Gaussian 

noise characteristics [3]. This signal is characterized by the 

absence of periodicity in time and a constant amplitude over the 

entire spectrum of frequencies.  

 

In OMA there are two principal tracks which can be used to 

estimate modal parameters; one is based on time domain (TD), 

the other is based on frequency domain. The aim of the 

following parts is to give a brief description of the ones 

employed in this work. 

 

4.4 Frequency Domain Decomposition (FDD) 

The first used approach is a frequency domain technique 

called Frequency Domain Decomposition (FDD), which is a 

non-parametric algorithm. 

The first step of FDD is to create a matrix, called Spectral 

Density Matrix of the responses, based on the time histories 

𝑥𝑖(𝑡) of each 𝑖 − 𝑡ℎ measured DOF, as shown below: 

 𝑮𝒚𝒚(𝝎)

= [

𝑷𝑺𝑫𝟏𝟏(𝝎) 𝑪𝑺𝑫𝟏𝟐(𝝎) ⋯ 𝑪𝑺𝑫𝟏𝑵(𝝎)
𝑪𝑺𝑫𝟐𝟏(𝝎) 𝑷𝑺𝑫𝟐𝟐(𝝎) ⋮ ⋮

⋮ ⋮ ⋱ ⋮
𝑪𝑺𝑫𝑵𝟏(𝝎) ⋯ ⋯ 𝑪𝑺𝑫𝑵𝑵(𝝎)

] 

 

 

 

(6) 

Where the terms 𝑃𝑆𝐷𝑖𝑖, with 𝑖 = 1,… , 𝑁, indicate the Auto 

Power Spectral Density Functions and those 𝐶𝑆𝐷𝑖𝑗, with 𝑖, 𝑗 =

1,… , 𝑁,  indicate the Cross Power Spectral Density Functions 

of the time histories 𝑥𝑖(𝑡). Furthermore, the matrix in equation 

(6) may be estimated for each discrete frequency 𝜔𝑘  involved 

in the discrete Fourier transform of the recorded signal.   

Since it is possible to prove that each 𝑮𝑦𝑦 matrix is Hermitian, 

its Singular Value Decomposition (SVD) assumes the 

following form: 

 𝑮𝒚𝒚(𝝎)|𝝎𝒌
= 𝝓𝒌(𝝎𝒌)𝚺𝒌(𝝎𝒌)𝝓𝒌

𝑯(𝝎𝒌) (7) 

where 𝝓𝑘(𝜔𝑘)  ∈ 𝐶(𝑀𝑥𝑀) contains, in column, N left singular 

vectors and 𝚺𝑘(𝜔𝑘) ∈ 𝑅+(𝑀𝑥𝑀) is a diagonal matrix and its 

trace contains the singular values; it can be seen that for each  

𝜔𝑘 , the singular vector 𝜙𝑖 , associated with 𝜎𝑖 singular value, 

represents the mode shape which contributes to the response of 

the system. 

If the behaviour of structure can be approximated as a single 

degree of freedom (SDOF) system, when 𝜔𝑘  is near a n-th 

resonance frequency, the rank of 𝑮𝑦𝑦(𝜔𝑘) reaches a unitary 

value; at the same time, a good estimation of the mode shape is 

obtained from the singular vector associated to the unique non 

null singular value. 
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4.5 Stochastic Subspace Identification (SSI) 

   The second used approach is a TD technique called 

Stochastic Subspace Identification (SSI) [4]. Among TD 

approaches, the SSI is widely used in the industrial world, due 

to user-friendly implementation in the ARTeMIS Software [5]. 

The first step of SSI techniques is to create the so-called Hankel 

matrix, which is based on the direct measured responses 𝒚(𝑘) 

with 𝑛𝑝 number of data points and 2𝑠 number of block rows, 

as shown below: 

 

𝑯 =

[
 
 
 
 
𝒚(𝟏) ⋯ 𝒚(𝒏𝒑 − 𝟐𝒔 + 𝟏)

⋮ ⋮ ⋮
𝒚(𝒔) ⋯ 𝒚(𝒏𝒑 − 𝒔)

⋮ ⋮ ⋮
𝒚(𝟐𝒔) ⋯ 𝒚(𝒏𝒑) ]

 
 
 
 

= [
𝑯𝟏

𝑯𝟐
] 

 

 

 

(8) 

It is possible to point out that the matrix can be split in the 

middle into two block matrices 𝑯1 and 𝑯2, called respectively 

the past and the future. These are used to create a projection 

matrix 𝑶, using the following formula: 

 𝑶 = 𝑬[𝑯𝟐|𝑯𝟏] (9) 

In the SSI theory, assuming that the response signals 𝒚(𝑡) are 

zero mean Gaussian signals, the equation (9) can be easily 

calculated as: 

 𝑶 = 𝑻𝟐𝟏𝑻𝟏𝟏
+ 𝑯𝟏 (10) 

Where the apex + indicates the pseudo inverse and 𝑻21 − 𝑻11 

are block Toeplitz matrices defined as: 

 𝑻𝟐𝟏 = 𝑯𝟐𝑯𝟏
𝑻 

𝑻𝟏𝟏 = 𝑯𝟏𝑯𝟏
𝑻 

(11) 

Once the projection has been calculated, it is possible to show 

that it can also be expressed as: 

 𝑶 = 𝚪𝐗 (12) 

Where 𝚪 is the observability matrix and 𝑿 is the Kalman states 

matrix. In order to estimate the latter matrices, it is necessary 

to apply the SVD at matrix 𝑶: 

 𝑶 = 𝑼𝑺𝑽𝑻 (13) 

The diagonal matrix 𝑺 is reduced to first 𝑛 singular values, 

which correspond to 𝑛/2 modes, and, therefore, the reduced 

SVD matrices 𝑼𝑛, 𝑺𝑛 and 𝑽𝑛 contain the significant 

information; for this reason, these techniques are called 

subspace. Consequently, it is possible to estimate the matrices 

𝚪 and 𝐗 by comparing the equation (10) with (12): 

 �̃� = 𝑼𝒏√𝑺𝒏 

�̃� = √𝑺𝒏𝑽𝒏
𝑻 

(14) 

Where the apex ~ indicates that the quantities are estimated. 

Once that these quantities are estimated, the system is 

completely defined considering that modal parameters are 

contained in these matrices. In fact, this information may be 

extracted through some mathematical passages. For further 

information, see [4]. 

Finally, it is possible to develop several techniques in the SSI 

by multiplying the real-valued weight matrices 𝑾1 and 𝑾2 on 

each side of 𝑶 and performing the singular value 

decomposition on the resulting matrix: 

 𝑾𝟏𝑶𝑾𝟐 = 𝑼𝑺𝑽𝑻 (15) 

4.6 Damage detection technique and its implementation 

   In recent years, the advances in sensing hardware, better 

knowledge of structure and structural materials have led to 

improve the development of Structural Health Monitoring 

(SHM). The term SHM involves all non-destructive technique 

(NDT) used to inspect damage in structure at defined intervals.   

In particular, a number of researchers and engineers have 

explored the opportunity to use OMA for the SHM. These 

explorations can be summarised into three steps as follow: 

1. Definition of reference state: analysis of the structure 

in safe or virgin state; 

2. Monitoring: analysis of the structure over time; 

3. Damage detection. 

The first step essentially consists of estimating modal 

parameters using OMA techniques; it is important to carry out 

this information under several loading and environmental 

conditions considering that the latter might change 

significantly. The second step consists in further applications 

of OMA at defined time intervals, which usually are automated. 

Finally, data obtained in the second step can be used for the 

damage detection; in fact, a damaged structure presents 

commonly changes in modal parameters; for example: a 

reduction of its natural frequency or an evident deformation of 

its modal shapes. 

 

An optimized learning algorithm for the damage detection [6]  

is integrated in ARTeMIS Modal, which is founded on 

statistical hypothesis testing of a damage detection residual [7] 

and it is robust towards changes previously described in step 1. 

A brief description of this algorithm is given below. 

Initially, it is necessary to present a hypothetical 

parameterization of the structural properties of the considered 

system, that is denoted with 𝜃; the same quantity of the system 

in a healthy state is denoted with 𝜃∗. Then, the residual may be 

estimated from the output covariance Hankel matrix of the 

system ℋ, which is the same presented in equation (8) where 

the time series 𝒚(𝑘) are substituted from the theoretical output 

covariances of the measurements 𝑅𝑖, defined as 𝐸[𝒚(𝑘)𝒚𝑻(𝑘 −

𝑖)]. In addition, it is possible to define with 𝑈𝑟𝑒𝑓
𝜃∗  the left kernel 

obtained from ℋ𝑟𝑒𝑓
𝜃∗ , the Hankel matrix obtained from the 

system in the safe or virgin state. 𝑈𝑟𝑒𝑓
𝜃∗   is needed to nullify the 

ℋ𝑡𝑒𝑠𝑡
𝜃  when there is no damage in the system, i.e.: 

 𝑼𝒓𝒆𝒇
𝜽∗ 𝓗𝒕𝒆𝒔𝒕

𝜽 = 𝟎 , 𝒏𝒐 𝒅𝒂𝒎𝒂𝒈𝒆 (𝜽 = 𝜽∗) 

𝑼𝒓𝒆𝒇
𝜽∗ 𝓗𝒕𝒆𝒔𝒕

𝜽 ≠ 𝟎 ,𝒘𝒊𝒕𝒉 𝒅𝒂𝒎𝒂𝒈𝒆  (𝜽 ≠ 𝜽∗) 

(16) 

Based on the equation (16), the residual of damage detection is 

defined as: 

 𝝃 = √𝑵𝒗𝒆𝒄(𝑼𝒓𝒆𝒇
𝜽∗ 𝓗𝒕𝒆𝒔𝒕

𝜽 ) (17) 

Where 𝑁 is the data sample size and 𝑣𝑒𝑐 is an operator that 

transforms a matrix into a column vector by vertically stacking 

the columns of the matrix. The vector 𝜉 is zero-mean if the 

structure is healthy and different from zero if the structure is 

damaged. Finally, the statistical evaluation of residuals is 

developed to monitor the changes of the mean value of 𝜉. This 

revolves around the premise that their probability distribution 

is known and can be parameterized such that a decision about 

the fault can be reached via hypothesis testing. This result is 

achieved with the generalized likelihood ratio (GLR) test and it 

concludes with the estimation of a damage threshold, based on 

statistics values 𝜒2, which may be used to check the test state; 

in detail, there is a damage in a structure if its 𝜒𝑡𝑒𝑠𝑡
2  is above the 

𝜒𝑡ℎ𝑟𝑒𝑠ℎ
2 , which is based on several measurements of the 

structure in healthy state.  For further information, see [6]. 
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5 OMA  

  The SW used to perform the OMA analysis is the SVS 

Artemis Modal software as reported in the abstract. 

The following images show some of the time histories used for 

data analysis. Among all the available measurement sessions, 

it was chosen the one which was not affected by anthropic 

activities or by severe meteocean conditions. 

 

Figure 4. Acceleration time histories  

By the signal data, the used software permits to calculate the 

SVD described in Chapter 4. The SVD curves used for the 

analysis are shown in  Figure 5.  

 

 

Figure 5. The SVD calculated with the selected data 

 

Then the stabilization diagram of SSI Technique and 

selection of modal parameters performed on the SVD by EFDD 

Technique are respectively show in Figure 6 and  Figure 7. 

 

Figure 6. Stabilization diagram of SSI 

 

Figure 7. Selection of modal parameters by EFDD technique  

6 FEM MODEL 

  Some years ago, a structural model of the platform has been 

developed [8] after a re-assessment works carried out by 

platform’s owner in order to be consistent with the structural 

configuration actually installed.  The “AS IS” FEM model has 

been carried out starting from the design review of the available 

original drawings. After, an additional accommodation 

sleeping floor was added to the platform. A dynamic analysis 

has been performed in order to extract the natural periods, 

frequencies and mode shapes of vibration of the platform in the 

previous configuration. The number of extracted modes is such 

that the minimum participating mass is greater than 90% in the 

two orthogonal directions. 

The results in terms of the principal modal shapes are reported 

in  Figure 8, Figure 9 and Figure 10.   
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Figure 8. FEM mode 1  

 

Figure 9. FEM mode 2  

  

Figure 10. FEM mode 3  

The Table 2 shows their natural frequencies, damping and the 

corresponding directions of modal shapes. 

Table 2. Dynamic results achieved by FEM. 

Mode I II III  

     

     

FEM 

𝜔𝑛 and 𝜁𝑛 

0,89 Hz 

5% 

0,91 Hz  

5% 

0,99 Hz  

5% 

 

     

Mode 

description 

X 

translation 

Y 

translation  

Z  

rotation 

 

 

In the FEM the value of damping parameter is imposed to be 

equal to 5% while the modal shapes are separated along the 

three directions due to the fact that the software used allows to 

extract this information only along the principal axis.  In Table 

2, the I and II mode present quite close frequency values, in 

view of the fact the structure is symmetrical.   

7 OMA RESULTS   

  Table 3 shows the OMA results in terms of frequency and 

damping factor of the selected data, acquired in the current 

platform’s configuration. 

 

 

Table 3. OMA results achieved by SSI and EFDD. 

Mode I II III  

 

SSI 

𝜔𝑛 and 𝜁𝑛 

 

0,78 Hz 

2,74 % 

 

0,78 Hz 

2,74 % 

 

0,95 Hz 

9,6 % 

 

     

EFDD 

𝜔𝑛 and 𝜁𝑛 

0,72  Hz 

1,87 % 

0,72  Hz 

1,87 % 

0,97 Hz 

4,8 % 

 

     

Mode 

description 

X 

translation 

Y 

translation 

Z 

rotation 

 

 

The modes I and II, similar to those observed in the FEM 

case, present identical values of frequencies. This due to the 

fact, showed in the  SVD image (Figure 11),  that  two curves, 

referred to first and second singular values (respectively the 

blue and the red one), have a close peak value at the same 

frequency; this implies that the multiplicity of the mode is equal 

to two.   

 
Figure 11. SVD curves 

 

In addition, it is interesting to note that the comparison 

among the natural frequencies, obtained by using experimental 

and numerical approaches, shows a good match. In particular, 
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the natural frequency associated to the rotational modes 

presents a relative percentage error close to five percent. In 

opposition, the translational modes present a greater relative 

percent error. This fact could be caused by the fact that the FEM 

model refers to an old configuration of the asset which does not 

include the new additional floor. The latter, in fact, represents 

an additive mass which drops these natural frequencies.   

   

Finally, the modal shapes for both analysis techniques are 

reported from the Figure 12 to the Figure 15. 

 

 
Figure 12. EFDD mode I, II 

 

 
Figure 13. EFDD mode III 

 

 
Figure 14. SSI mode I, II 

 

 
Figure 15. SSI mode III 

8 DAMAGE DETECTION RESULTS 

The Damage Detection plug-in has been carried out in order to 

analyse during the time, the changes in structural behaviour of 

the monitored asset. As remarked at the beginning of this paper 

the actual available data are limited at about two months. For a 

good definition of the reference state, is necessarily a long 

period of acquisition of data, as described in chapter 3. With 

the available sets of data, just few sessions are used to define 

the reference state. During this period the reference state as 

built by using a few measures sessions, choosing along the 

session during the platform experiencing normal and severe 

meteocean conditions. 

  In Figure 16 the Damage detection chart, based on “Chi-

squared test” is reported. 

 
Figure 16. damage detection histogram chart 

 

 The first four histogram represent the data set choses to build 

the reference state. The following ten are dataset used for the 

validation of the reference state. Finally, the last seven 

represent the dynamic behaviour of the asset in operating 

condition. From this figure is possible to appreciate two 

histograms that overcome the threshold values. These 

histograms are referred to data achieved during severe 

meteocean and wind conditions. After these events, the 

structure’s dynamic behaviour came back below the threshold 

value, without permanent damages. 
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 The same plugin allows to check the time evolution of specific 

modal parameters; the  

Figure 17 shows the time evolution of the modal parameters in 

terms of natural frequencies during the monitoring period. It is 

interesting to note that this variation is not due to the changing 

in temperature. Instead, through the weather report, a 

dependency of frequencies with the intensity of the wind and 

the wave height has been verified.   

Regarding the rotational mode, it is not possible to extract a 

clear behaviour depending on temperature and weather 

conditions; moreover, its variation is strongly limited respect to 

the translational ones.  

 

Figure 17. Natural frequency histories 

 

9 CONCLUSION 

The experience reported in this paper shows the usefulness 

of permanent monitoring systems which are able to reliably 

measure the dynamic response of structures; this is particularly 

true, especially in the case of older assets, which are not fully 

known regarding structural modifications over the years. 

However, the analyses carried out on the recorded data showed 

a good correspondence with the FE model of the structure. 

Finally, the proposed system appears to be able to monitor the 

evolution of the dynamic response of the structure, which, in 

this specific case, has been found to be susceptible to the most 

unfavourable environmental conditions. 
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ABSTRACT: The Milan Cathedral is the most iconic symbol of Milan and is world-wide known for being one of the largest 

Heritage monuments ever built. Since October 2018, a large monitoring system is active in the monument with the main 

objective of providing the information needed for the condition-based structural maintenance; furthermore, the availability of 

large amount of experimental data will be conceivably useful to improve the knowledge of the historic building. 

The monitoring system of the Milan Cathedral includes different sensing technologies to allow appropriate tracking of 

different long-term structural behaviour. The dynamic monitoring of the horizontal response of selected piers and along the main 

spire is complemented by the measurement of the quasi-static tilt of the same sub-structures, whereas the static monitoring of 

strain in a certain number of tie-rods gives a direct evaluation of the structural condition of those elements (as the tensile force 

and stress in the tie-rods was previously evaluated). Since especially the temperature might affect the variation of structural 

parameters in historic masonry structures, the indoor and outdoor environmental parameters are extensively measured as well. 

The paper is mainly aimed at presenting selected results from the dynamic monitoring of the Milan Cathedral. It should be 

noticed that the dynamic response of the structure is continuously collected in a reasonably well distributed measurement grid 

(27 channels of data), so that mode shapes-based methods could be conveniently used for anomaly detection and localization. 

Those methods conceivably exhibit advantages because mode shapes contain also local information on the structural behaviour 

and might be less sensitive than resonant frequencies to exogenous factors. 

After a concise historic background on the historic monument and a description of the dynamic monitoring system installed in 

the Milan Cathedral, the paper focuses on the dynamic characteristics of the monument, that were identified in the first hours of 

continuous monitoring, Subsequently, the results collected in the first two years of dynamic monitoring are presented and 

discussed, with special attention being given to the influence of environmental parameters on the variations observed in the 

resonant frequencies and mode shapes. It is worth noticing that the modal deflections and the mode complexity do not exhibit 

appreciable fluctuations associated to the environmental changes, so that the possibility of using the time invariance of those 

parameters to address the Structural Health Monitoring is discussed and investigated. 

KEYWORDS: Dynamic monitoring; Environmental effects; Modal deflections; Resonant frequencies; Structural Health 

Monitoring. 

1 INTRODUCTION 

Heritage buildings are historic structures of utmost symbolic 

and cultural value, which “present a number of challenges in 

diagnosis and restoration that limit the application of modern 

legal codes and building standard” [1]. The vulnerability of 

such structures is well-known and requires the performance of 

a rigorous code of practice designed to evaluate the structural 

condition along with time and timely warn whether a 

structural anomaly is occurring [2]. 

Structural Health Monitoring (SHM) [3] is a promising 

approach for assisting the condition-based structural 

maintenance of heritage buildings, via the continuous analysis 

of diagnostic data collected by a network of sensors. Within 

this context, vibration-based SHM involves the continuous 

analysis of the dynamic response to ambient excitation. The 

dynamic characteristics (i.e., resonant frequencies and mode 

shapes) of the investigated system are continuously extracted, 

via automated Operational Modal Analysis (OMA) 

algorithms, and retained as damage indicators: a sudden 

change in the dynamic properties might testify the occurrence 

of damage [4-5]. 

It is noteworthy that continuous dynamic monitoring is 

especially suitable for heritage structures due to the non-

invasiveness of the experimental procedures, which 

continuously evaluate relevant structural features avoiding 

any destructive tests. Various applications of vibration-based 

SHM on heritage structures are documented in the scientific 

literature, especially in the last decade, and refer to various 

typologies of structures, including towers [4-7], churches 

[6,8], palaces [9], cathedrals [10] and other monuments [11]. 

Traditionally, the experimental setup usually consists of few 

sensors, so that resonant frequencies are adopted as damage 

indicators for any class of structures [4-11]. Unfortunately, the 

investigation of frequency shifts is hindered by the 

fluctuations induced by the environmental factors: masonry 

structures are especially sensitive to daily and seasonal 

variations of temperature and humidity, as those parameters 

affects the values of resonant frequencies [4-11]. 

Dealing with a reasonably well distributed grid of sensors, 

the monitoring of mode shapes seems a promising perspective 

to ease and improve the damage assessment procedure: the 
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investigation of modal deflection evaluated at each 

instrumented node may lead to damage localization. In 

addition, it is expected that mode shapes are less influenced 

by environmental effects, especially when the material 

expansion affects the entire building almost homogeneously, 

and the distribution of stiffness is sufficiently regular. 

The present paper investigates the results of a large dynamic 

monitoring system, with special emphasis on the evolution in 

time of modal deflections for SHM purposes. The vibration-

based methodology adopted for the Milan Cathedral is shortly 

addressed and selected results of two years of dynamic 

monitoring are presented and discussed. 

2 THE SHM OF THE MILAN CATHEDRAL 

The Milan Cathedral (Fig. 1) is one of the largest monumental 

heritage structures ever built, spreading over an area of more 

than 10 400 m2 and with a volume of around 300 000 m3. Its 

construction required more than 4 centuries, from the laying 

of the foundations in 1386 to the completion of the façade in 

1814 [12], whereas architectural and decoration 

works proceeded until 1965, with the installation of 

the last iron gate. 
Due to the extraordinary length of the construction works 

the Cathedral exhibits an iconic mix of architectural styles: 

mainly gothic and regional Lombard style, with neo-classic, 

neo-gothic and renaissance influences. 

Another peculiarity of the Milan Cathedral is the presence 

of 122 metallic ties, which were permanently installed 

between each couple of adjacent columns to absorb the lateral 

thrust of the vaults [12]: traditionally, the construction of 

gothic cathedrals involved the adoption of provisional ties to 

temporary strengthen the vaults, pending conclusion of the 

construction works. 

The design of a SHM strategy has been taking shape in 

order to assist the inspection activities of the Veneranda 

Fabbrica del Duomo di Milano – the historic Institution 

established in 1387 and responsible for the preservation and 

development of the Cathedral – and ease the safeguarding of 

such a complex historic structure. 

A large dynamic monitoring system has been installed in 

the Cathedral, based on 27 seismometers (electro-dynamic 

velocity sensors) installed on the capitals of 14 columns 

(Fig. 2) [13]. It should be mentioned that the dynamic 

monitoring system is complemented by a static monitoring 

system consisting of: (a) bi-axial tilt-meters installed 

at the top of selected piers and at 3 levels of the 

main spire; (b) vibrating wire extensometers 

mounted on selected tie-rods; (c) temperature and 

humidity sensors for the measurement of internal 

and external environmental parameters. 
In the present paper, distinctive results obtained 

investigating the data collected by the 27 seismometers 

installed on the columns (Fig. 2) are presented. 

The adopted data analysis and vibration-based SHM 

consists of the following steps: 

• For each hour, the velocity time series (3600 s × 100 

samples/s × 27 channels = 9720000 time samples) 

collected by the seismometers installed on the top of 

selected columns are sent to dedicated servers in 

Veneranda Fabbrica del Duomo di Milano and 

Politecnico di Milano for data storage and analysis; 

• The raw data are firstly pre-processed to compensate the 

low-frequency attenuation of the sensor. Subsequently, 

classic signal pre-processing involves de-trending, de-

spiking, evaluation of maximum and root mean square 

values, low-pass filtering and down-sampling (to reduce 

the sampling frequency from 100 Hz to 20 Hz), and 

creation of a database of files (in binary or text format) 

for the application of the modal identification tools; 

• An automated SSI-Cov algorithm [14] is applied to 

identify the characteristics of key vibration modes of the 

Cathedral (i.e. resonant frequencies, damping ratios, 

modal complexity, and mode shapes). Out of eight 

principal modes frequently identified, just the six that are 

characterized by the higher identification rate are used in 

SHM; 

• The action of “special” (extreme) events − such as 

earthquakes and strong winds − is automatically detected 

and the structural performance under those events is 

carefully investigated; 

• The correlation between resonant frequencies and 

environmental factors is investigated and the effect of 

environmental factors is removed via Principal 

Component Analysis (PCA) [15]: the PCA model is 

tuned over the frequency data identified during the first 

year of monitoring. Any significant structural alteration 

would result in a decrease of stiffness, and thus in a 

frequency shift [4-5]. Since the prediction model would 

fail to reveal small frequency drops, a Hotelling control 

chart [16] of the prediction errors is built; 

• The evolution in time of modal deflections (at each 

instrumented node per each identified mode) is examined 

as well, aiming at the detection of local anomalies. 

Furthermore, to reduce the number of variables to track 

(i.e., 27 channels × 6 modes = 162 variables), 

multivariate control charts are built for each instrumented 

node. 

It should be mentioned that the dynamic characterization of 

the Milan Cathedral in the first days of monitoring has been 

performed manually with the two-fold objective of (a) 

characterizing the key vibration modes to track, and (b) tuning 

the SSI-Cov parameters to be used in the subsequent 

automated modal parameter estimation and tracking [14]. 
 

 
Figure 1. View of the Milan Cathedral (courtesy of the 

Veneranda Fabbrica del Duomo di Milano). 
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3 MODAL CHARACTERISTICS OF THE CATHEDRAL 

Eight principal modes have been identified in the first hours 

of monitoring; typical results, in terms of resonant frequencies 

and mode shapes, are shown in Fig. 3 (where blue lines mark 

the modes with dominant transversal motion of the columns, 

whereas red lines refer to modes with main longitudinal 

motion). The inspection of Fig. 3 suggests the following 

comments on the lower modes: 

• The resonant frequencies are in the range 1-5 Hz, with 

the fundamental frequency being equal to 1.38 Hz; 

• The identified mode shapes involve displacement of the 

columns along the principal directions of the Cathedral, 

i.e. longitudinal (E-W) or transversal (N-S) direction; 

• The fundamental mode (C1, Fig. 3b) involves global 

sway deformation of all columns in the N-S direction; 

• The second mode (C2, Fig. 3c), as expected, corresponds 

to in-phase motion of all columns in the E-W direction; 

• Modes C3 (Fig. 3d) and C4 (Fig. 3e) are associated to N-

S motion of the capitals. In the mode shapes, the ideal E-

W lines connecting the capitals of instrumented columns 

exhibit 2 and 3 half-sine waves, respectively; 

• Mode C5 (Fig. 3f) involves out-of-phase transverse 

motion of the symmetric columns of each bay; 

• Mode C6 (Fig. 3g) is associated with longitudinal 

displacement of all instrumented columns, with a phase 

change occurring in the area of tiburio ((i.e., the 

prismatic structure with octagonal base, which is built 

around the dome). 

4 CONTINUOUS MONITORING OF RESONANT 

FREQUENCIES 

The methodology described in Section 2 has allowed a 

continuous analysis of the dynamic response of the Cathedral, 

and is generating a database of the modal parameters as the 

monitoring continues. In particular, the time series of the first 

8 frequencies of the Cathedral during the first two monitoring 

years are shown in Fig. 4. As expected, resonant frequencies 

exhibit a slight but clear dependency from the environmental 

factors, with the outdoor temperature playing a driving role. 

The statistics of resonant frequencies identified during the 

first monitoring year are summarized in Table 1, in terms of 

identification rate, average value and standard deviation. 

Inspection of Fig. 5 and Table 1 allows the following 

comments: 

• All the modes identified in the first hours of data 

collection are continuously tracked during 2 years of 

monitoring with high occurrence; 

 (a) 

 

(b) (c) 

  

Figure 2. Dynamic monitoring system: (a) general layout and (b,c) seismometers and recorder installed in the Cathedral. 
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Figure 3.  Milan Cathedral: identified modes shapes (17/10/2019, h 12:00-13:00). 

 

• The first 6 modes exhibits identification rates (i.e. ratio 

between the number of identification and the number of 

datasets) higher than 88%, whereas the identification rate 

of modes C7 and C8 decreases to 71% and 37%, 

respectively; 

• In the cold season, all frequencies slightly increase with 

decreased temperatures; 

• In the hot season, almost all frequencies invert their 

correlation with temperature and increase with increased 

temperature. 

The peculiar correlation between the resonant frequencies 

of the Milan Cathedral and temperature is exemplified in Fig. 

5, with reference to the values of fC1 and fC2 identified in the 

first monitoring year. The fundamental frequency fC1 (Fig. 5a) 

exhibits a non-linear correlation with air temperature, with an 

inverse correlation below 10°C and a positive correlation 

above 15°C. Conversely, fC2 reveals a linear inverse 

correlation during the entire year. 

Several studies on masonry structures [4-7,10] witness a 

positive correlation between resonant frequencies and 

temperature, conceivably associated with the closure of 

micro-cracks due to the thermal expansion of the material 

(e.g. masonry and mortar). The resulting fictitious stiffening 

of the structure is associated with the increase of frequencies 

of almost all principal modes (Fig. 4). 

Conversely, inverse correlation between temperature and 

frequencies of monumental masonry structure was found in 

[9]: the study details the results of a dynamic monitoring of a 

monumental palace, stiffened by metallic ties. Plausibly, the 

prevented shortening of the metallic tie at low temperature 

may induce a “confining” effect on the entire building, whose 

frequencies tend to increase with decreased temperatures. 

Table 1. Statistical description of the identified modes 

(16/10/2018 - 15/10/2019). 

Mode Id. Rate fmean (Hz) f (Hz) MACmean MAC 

C1 99.8 % 1.383 0.011 0.997 0.002 

C2 99.3 % 1.677 0.020 0.995 0.003 

C3 99.3 % 1.993 0.015 0.993 0.006 

C4 97.9 % 2.530 0.021 0.984 0.008 

C5 96.4 % 2.668 0.021 0.981 0.011 

C6 88.9 % 2.778 0.034 0.978 0.012 

C7 71.4 % 3.170 0.051 0.969 0.020 

C8 36.9 % 4.177 0.038 0.997 0.002 
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As previously pointed out, frequency-based SHM 

approaches are aimed at detecting an anomalous time 

evolution of the identified resonant frequencies. To this aim, 

the frequency fluctuations associated to environmental 

changes need to be identified and removed: in the present 

case, linear PCA [15] was exploited. It should be recalled that 

only the first six modes, characterized by an identification rate 

higher than 88%, are used in the SHM strategy. 

 

 

Figure 6. Control chart (by using the lower 6 frequencies). 

 

The misfits between the PCA-predicted frequencies and the 

identified ones are subsequently analyzed through a 

Hotelling’s control chart [16] (Fig. 6): each T2 is a statistical 

descriptor of the prediction errors computed over 12 

consecutive hours, and a Upper Control Limit (UCL) is 

evaluated as the 95 percentile of the T2 belonging to the 

training period (16/10/2018 - 15/10/2019). Fig. 6 shows that 

the performance of the prediction model is comparable in the 

two years of monitoring, with T2 values only rarely exceeding 

the UCL threshold. 

5 CONTINUOUS MONITORING OF MODAL 

DEFLECTIONS 

The exploitation of a relatively well distributed seismometers 

network (Fig. 2a) is herein discussed, in order to investigate 

the suitability of mode shapes monitoring in a long-term SHM 

perspective. When large monitoring systems are installed on a 

structure, the changes in mode shapes may assess the local 

dynamic behaviour along with time, addressing the 

occurrence of anomalies that affect only a portion of the 

structure. Furthermore, the mode shapes are expected to be 

rather insensitive to environmental effects, which affect 

uniformly the structure. If this assumption holds, the modal 

deflection-based SHM procedure can be directly applied to 

the identified data, without any need to filter out the 

environmental effects. 

In order to minimize the loss of data due to missed 

identification, the monitoring of modal deflections of the first 

6 modes is addressed (see identification rates in Table 1). 

The time invariance of mode shapes along with time is 

demonstrated by Fig. 7 and Table 1: the MAC coefficient of 

each mode is computed between a reference mode shape, ref , 

(identified in the first hours of monitoring) and each newly 

identified mode shape, id: 

 

(1) 

 

 

Figure 4. Time evolution of  the identified resonant frequencies of the Cathedral. 

(a) (b) 

  

Figure 5. Correlation between outdoor temperature and identified frequencies (16/10/2018 - 15/10/2019): fC1 (a) and (b) fC2. 
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Figure 7. Modes C1-C6: variation in time of the MAC (16/10/18 - 15/10/20). 

  

Figure 8. MAC of mode C1 along two years of monitoring. Figure 9. Decomposition of modal displacements n,k into real 

and imaginary components: vn,k and wn,k. 

 

The inspection of Fig. 7 and Table 1 reveals that the mode 

shapes are substantially time invariant: the MAC are 

distributions, whose upper bound is 1, with standard deviation 

increasing with the increasing mode order. The mode shapes 

monitoring is further investigated during the following months 

and leads to the identification of a significant anomaly in the 

experimental data. The MAC values of all modes soundly 

decreased in the period between December 2019 and January 

2020, as exemplified in Fig. 8 with reference to mode C1.  

Further analysis have been conducted to investigate the 

detected anomaly and to exclude the occurrence of structural 

damage. To this aim, both the real (vn,k) and the imaginary 

(wn,k) component of each modal deflection (n,k) (Fig. 9) has 

been tracked along the entire monitoring period: 

 

(2) 

In principle, the continuous monitoring of modal deflections 

vn,k and wn,k allows to detect, classify and localize the sources 

of structural anomalies, complementing and outperforming the 

monitoring of global dynamic features, such as resonant 

frequencies and MAC values. The sensitivity of modal 

displacements to slight damages requires further 

investigations, indeed. 

The inspection of the time series of vn,k and wn,k finally 

allowed to explain the source of the anomaly. The imaginary 

component of modal displacements (wn,k) of few channels are 

exemplified in Fig. 10 (i.e. mode C1 in the N-S motion of 

columns P94 and P74, respectively). In both channels, wC1,k is 

a zero-mean valued parameter during the entire first 

monitoring year. Few days after the beginning of December 

2019 the value of wC1,(P74,N-S) progressively departs from zero, 

and a similar behaviour is found for all the 6 channels cabled 

to the same digitizer. Further investigations (related to the 

other modes) confirmed that the anomaly has been induced by 

a malfunctioning of the GPS antenna of the digitizer, which 
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determined the loss of synchronization of 6 channels of data. 

In order to reduce the number of variables to monitor (i.e. 

27 channels × 6 modes = 162 variables), multivariate control 

charts are built for each instrumented node, combining the 

modal deflections of all the identified modes, as shown in Fig. 

11. 

The Hotelling’s control chart associated with the modal 

deflections of column P74 in N-S direction (Fig. 11b) reveals 

a sound trespassing of the UCL, i.e. the 95 percentile of the T2 

evaluated during the first monitoring year. It is found that the 

same anomaly is timely detected by the control charts 

associated with the channels that are cabled to one digitizer, 

thus localizing the anomaly, and ensuring it is not a structural 

issue. Progressively, the loss of synchronization cumulates 

and the anomaly increases and fictitiously affects also other 

channels, due to the adopted approach of modal deflection 

normalization, see Eq (2). In fact, he control chart associated 

with the modal deflections of column P94 in N-S direction 

(Fig. 11a) reveals a slight but sound trespassing of the UCL, 

with a delay of several weeks from the actual beginning of the 

anomaly. 

The investigation of control charts is a sound approach to 

timely detect, classify and localize the occurrence of structural 

and instrumental anomalies. 

6 CONLUSIONS 

The paper describes the dynamic monitoring system recently 

installed in the Milan Cathedral, one of the largest masonry 

monuments ever built. The continuous monitoring of dynamic 

properties for SHM purposes is addressed in the paper, with 

special emphasis on the modal deflection monitoring. 

The dynamic signatures of the Milan Cathedral are collected 

by 27 seismometers installed at the capitals of 14 columns: 

• Eight principal modes of the Cathedrals are detected in 

(a) 

 

(b) 

 

Figure 10. Mode C1: imaginary part of the N-S modal deflections of (a) P94 and (b) P74. 

(a) 

 

(b) 

 

Figure 11. Control Charts of N-S modal deflections in (a) P94 and (b) P74. 
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the frequency range 0-5 Hz. The automatically identified 

modes involve dominant sway of the columns in the 

transversal (N-S) and longitudinal (E-W) directions of 

the Cathedral; 

• Resonant frequencies undergo daily and seasonal 

fluctuations, conceivably induced by environmental 

factors: the outdoor temperature, especially, is a driving 

element for all the monitored frequencies. The 

correlation between natural frequency and outdoor 

temperature, though, is quite complex: in the cold season 

all the frequencies increase with decreasing temperature, 

whereas in the hot season almost all frequencies exhibit a 

positive correlation with outdoor temperature (with the 

latter being the typical trend observed in almost all the 

long-term studies on historic masonry structures); 

• The distinctive correlation between environmental 

factors and frequencies is conceivably exerted by the 

concurrent effect that thermal expansion has on the 

metallic ties and on the masonry: (a) in the cold season 

the increase of stress in the metallic ties has a stiffening 

effect on the monumental building so that all the natural 

frequencies increase with decreasing temperature; (b) 

during the hot season, the thermal expansion of the 

masonry blocks has a dominant effect on several 

frequencies (modes C1, C3-C8), which invert their 

behaviour and increase with increasing temperatures. 

• The frequency-based SHM of the Milan Cathedral 

involves a novelty analysis calibrated during a training 

period (from October 16th, 218 to October 15th, 2019) 

comprising: (a) PCA-based regression model for 

predicting the environmental effects on the frequencies 

and (b) Hotelling’s control chart of the frequency 

prediction errors. The procedure is applied adopting the 

frequencies of the first 6 principal modes (identification 

rate > 88% in the first monitoring year) and ensures that 

no significant change in the natural frequencies has 

occurred during the first two monitoring years. 

• Furthermore, the monitoring of mode shapes is also 

addressed, with the two-fold objective of: (a) 

investigating the time invariance of mode shapes and (b) 

studying their effectiveness for damage-detection 

purposes. It is found that the identified mode shapes do 

not exhibit appreciable fluctuations associated with the 

environmental effects, motivating their adoption for 

SHM purposes. 

• Subsequently, a novel “modal deflection”-based SHM 

approach is also addressed: a set of 27 control charts 

combining the modal displacement of the first 6 modes 

evaluated at each instrumented node. 

• It should be remarked that the continuous monitoring of 

modal deflections is a promising approach to 

complement and possibly outrun the traditional 

frequency-based SHM. In the present case, it led to the 

prompt detection and localization of sensors’ fault. 
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ABSTRACT: Despite the age of construction, masonry arch bridges and viaducts have still an essential role in the European 

infrastructural network, so that implementing techniques to control their health state is of primary interest. To this purpose, 

masonry viaducts - often characterised by high piers - can be continuously monitored with Operational Modal Analysis (OMA): 

this technique provides reliable information on the natural frequencies of the structure and the possible appearance of structural 

anomalies. Nevertheless, due to the complexity of masonry viaducts, to move from damage detection to localisation with a 

relatively simplified distribution of sensors, a calibrated numerical model is needed. The paper summarises the development of a 

Structural Health Monitoring (SHM) methodology for the model-based damage assessment in masonry arch bridges using 

frequency data. The proposed methodology involves the following steps: (i) preliminary analysis including architectural 

research and OMA; (ii) FE modelling and updating based on the identified modal parameters; (iii) creation of a Damage 

Location Reference Matrix (DLRM) from numerically simulated damage scenarios; (iv) detection of the onset of damage from 

the analysis of the continuously collected natural frequencies, and (v) localisation of the anomalies through the comparison 

between the experimentally identified variations of natural frequencies and the DLRM. The proposed SHM methodology is 

exemplified on the Olla bridge, Piedmont region, Italy. Pseudo-experimental monitoring data were generated and used to assess 

the reliability of the developed algorithm in identifying the damage location. The results show a promise toward the practical 

applications of the proposed strategy for the early identification of damage in masonry viaducts. 

KEY WORDS: Damage localisation; Arch bridges; Model updating; Historical constructions; Structural Health Monitoring. 

1 INTRODUCTION 

Within the context of Structural Health Monitoring (SHM), 

the identification of damage at an early stage of deterioration 

is of utmost importance for masonry arch bridges. These 

structures were built several decades ago, and many of them 

are still in use today, representing essential infrastructures for 

the European road and railway networks [1]. 

Recent full-scale experiences on historical structures [2]-[3] 

provided evidence that the analysis of continuously identified 

natural frequencies can reveal the onset of damage under 

changing environment. Employing natural frequencies as a 

damage-sensitive feature is especially of interest for masonry 

viaducts: due to their complex structural arrangement, 

monitoring the mode shapes evolution accurately – as it is 

usually done in beam-like structures – might require a 

complex sensor layout. Conversely, measuring the bridge 

response in the middle of arches and piers at the deck level is 

suitable to identify a relatively large number of natural 

frequencies and perform damage detection. 

However, damage detection represents only the first level 

(Level 1) of damage assessment in the classification initially 

proposed by Rytter [4] and does not answer essential 

questions on damage localisation (Level 2) and the evaluation 

of its severity (Level 3). Therefore, to move from detection to 

localisation using a relatively simplified sensor layout, a 

calibrated numerical model is needed to investigate how 

damage in a specific location affects the mutual variation of 

natural frequencies. 

The objective of the paper is to extend the capability of 

vibration-based monitoring systems for masonry bridges 

towards an effective damage localisation using frequency 

data. To this purpose, the information extracted from a 

dynamic monitoring system is integrated with the ones 

obtained from a baseline Finite Element (FE) model. The 

methodology – similarly to what has been proposed for the 

masonry towers [5] – involves the subsequent steps: (i) 

calibration of the numerical model of the structure in the 

undamaged state, (ii) creation of a reference location matrix 

from numerically simulated damage scenarios, (iii) assuming 

that the structure is permanently instrumented, after the 

cleansed natural frequencies have detected the onset of some 

anomaly, the anomaly position is defined through the 

comparison between the experimentally identified frequency  

Figure 1. The Olla bridge, view from the Stura river. 
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variations and the above-defined location matrix, containing 

information on the numerically simulated damage scenarios. 

Compared to previous studies using a sensitivity-based 

approach (see e.g. [6]-[7]), the present technique is not limited 

to academic examples or very simple structures and can be 

applied to three-dimensional structures such as masonry arch 

bridges. 

The 19th-century Olla bridge (Figure 1) is used to 

exemplify the proposed approach. The bridge, 117 m long, 

comprises five arches, four piers and two abutments; the 

arches are built in solid brick masonry, whereas piers and 

abutments are made of a good-quality ashlar stone masonry. 

The bridge crosses the Stura river along the National Road 

S.S. 21, connecting the French border with the South-West 

part of Piedmont region, throughout the Stura di Demonte 

valley. The development and the calibration of a numerical 

model of the historical bridge, based on ambient vibration 

tests, is firstly reported: the investigated structure turns out to 

be of particular interest because the use of just 14 sensors 

allows the identification of a relatively large number of 

natural frequencies (so that the installation of a dynamic 

monitoring system on the bridge has been scheduled). Pseudo-

experimental monitoring data are then generated from the 

updated model and employed to assess the reliability of the 

proposed algorithm in identifying the damage location. 

2 DAMAGE IDENTIFICATION METHODOLOGY 

The proposed SHM methodology (Figure 2) is conceived to 

use the observed changes in natural frequencies to localise the 

onset of damage in continuous monitoring systems. 

Firstly, the numerical model of the investigated structure is 

developed and calibrated based on preliminary investigations, 

namely, geometric survey and ambient vibration testing.  

The calibrated numerical model is then divided into m 

regions with homogenous material properties. The number 

and the distribution of the localisation regions depend on the 

geometry of the investigated structure and should be defined 

using engineering judgement. Differentiating arches and piers 

from the rest of the structure can be considered a general 

value choice for masonry bridges.  

Subsequently, m eigenvalue analyses are performed 

reducing the elastic modulus of each region by a certain 

quantity (e.g., the 40%). The resulting changes in the n 

considered natural frequencies – measured with a discrepancy 

function, Eq. (1) – are collected in an mn matrix called 

Damage Localisation Reference Matrix (DLRM). 

Simultaneously, a monitoring system is installed on the 

investigated structure, and the natural frequencies are 

identified and tracked by applying state-of-art techniques. The 

fluctuations caused by the environmental and operational 

effects are removed using regression analysis (e.g., PCA-

based regression [8]). For this purpose, the structure is 

analysed during a reference period – usually called training 

period – to study the effects of temperature, vehicular traffic, 

and other external factors. Once the training period is 

completed, the occurrence of structural anomalies is 

investigated through the residual errors between predicted and 

identified frequency data (see e.g. [9]). 

Control charts are then used to detect the anomalous 

variations in the data. Control charts are graphical 

representations of the evolution over time of a particular 

process with designed control limits: an observation is 

considered abnormal when the control limit is exceeded. In 

SHM, the control limits are evaluated during the training 

period when the structure is assumed to be undamaged. The 

successful use of control charts for the damage detection of 

real-monitored structures has been reported by [2] and [3]. In 

this paper, the Hotelling multivariate control chart based on 

the T2 statistic [10] is adopted. 

Once an anomaly has been detected, the corresponding 

frequency shifts must be obtained. Since the residuals are 

affected by a certain variability, a mean value of H hours (e.g., 

48 hours) is defined for both the undamaged and the damaged 

state. Notably, the mean of the residuals in the undamaged 

state should be very close to zero, while the mean of the 

residuals in the damage state should correspond with the 

correct frequency shift. Consequently, a vector with n 

experimental frequency shifts is defined. 

The effects of the damages on the natural frequencies – both 

numerically simulated and experimentally measured – are 

described through a discrepancy function, defined as: 

100
u d
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f f
DF
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(1) 

where the i-th natural frequency before and after the damage 

occurred is represented by fi
u and fi

d, respectively. 

By computing the similarity between the frequency shifts in 

the DLRM and the ones given by the cleaned observations, it 

 

Figure 2. Proposed damage identification scheme. 
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is possible to locate where the anomaly appeared. Notably, the 

Cosine Similarity is adopted to measure the similarity 

between the vector of the identified experimental frequency 

shifts (DFEXP) and the m vectors of the simulated damage 

scenarios (DFj): 

cos
j EXP

j

j EXP




=


DF DF

DF DF
 (2) 

where θj is the j-th angle between the two vectors. It is worth 

noticing that values of cos θj close to 1 suggest a good 

correlation with the identified frequency shifts while values 

lower than 0.9 suggest a poor correlation.  

In the present paper, the adopted Damage Index (DI) is 

expressed as follow: 

0.5(1 cos )j jDI  −= −  (3) 

The m DI are then plotted together to better understand the 

results and the localisation is performed considering the 

region associated with the higher DI. 

3 DESCRIPTION OF THE OLLA BRIDGE 

The Olla bridge (Ponte dell’Olla in Italian, Figure 1) is a 

multi-span masonry arch bridge built in the second half of the 

19th century over the Stura river. It carries the State Route no. 

21 (SS21, i.e., the roadway connecting the city of Cuneo with 

the French border) between the municipalities of Gaiola and 

Borgo San Dalmazzo in the northwest part of Piedmont, Italy. 

Due to its localisation, the bridge has a strategic role for the 

economy of the area since it is the only entry to the Stura di 

Demonte Valley for trucks and commercial vehicles. 

The structure is approximately 117 m long and has a 

maximum height over the river of about 42 m. It is composed 

of five masonry arches, symmetrically distributed, with spans 

of 10, 20, and 25 m, respectively. Piers and abutments are in a 

good quality ashlar stone masonry while arches and spandrel 

walls are in brick masonry. The documentary research started 

in the archive of the Local Authority responsible for the 

design (Genio Civile), but the original drawings were not 

found. Therefore, various construction details on the internal 

morphology of the structure were initially assumed according 

to the historical construction handbooks of Curioni [11] and 

then eventually modified in establishing the FE model. 

In order to obtain a complete representation of the existing 

structure, a topographic survey was performed in September 

2018 [12] using a total station (Leica TCRA 1203) and a laser 

scanner (Leica C10). Hence, the survey relied on different 

techniques, integrating local and global measurements, 

ensuring a 360° coverage of the bridge complexity. The 3D 

model resulting from point clouds was used to extract 2D 

drawings from which the FE model was developed. 

Moreover, the historical research revealed that during the 

Second World War, the Olla bridge was heavily damaged, 

leading to the collapse of the central arch. According to 

Taricco [13], the structure was detonated by the partisans on 

July 13th, 1944 to isolate the valley from the German army. 

The bridge was repaired starting from September 1945 [13], 

and the central arch reconstructed; however, no specific 

records were found on the execution of the intervention. 

 

 

Figure 3. Sensors layout during the AVT (dimensions in m): 

the red and blue dots refer to transverse and vertical sensors, 

respectively. 

4 PRELIMINARY EXPERIMENTAL SURVEY 

The experimental survey conducted on the Olla bridge 

included Ambient Vibration Tests (AVTs) and Minor 

Destructive Tests (MDTs). 

The AVT was performed on July 31st, 2018, with one lane 

open to traffic; the acceleration responses of the bridge were 

measured in 11 selected points belonging to the downstream 

side of the deck. As represented in Figure 3, the sensor layout 

was designed to guarantee a complete representation of the 

lateral mode shapes (11 transversal sensors), and a partial 

reconstruction of vertical and longitudinal ones, deploying 3 

vertical sensors placed in the centre of the major arches, 

where the maximum modal displacements were expected. 

During the test, 14 piezoelectric accelerometers with a 10 

    

L1: fEXP = 2.619 Hz L2: fEXP = 3.835 Hz V1: fEXP = 4.541 Hz L3: fEXP = 5.792 Hz 

    
V2: fEXP = 6.628 Hz L4: fEXP = 7.225 Hz L5: fEXP = 8.992 Hz V3: fEXP = 9.033 Hz 

    

Figure 4. Identified vibration modes (L = dominant lateral, V = dominant vertical). 
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V/g sensitivity were used. The sampling frequency adopted 

was equal to 200 Hz, which is more than enough for the 

considered structure whose dominant frequencies are below 

10 Hz. Therefore, low pass filtering and decimation were 

applied to down-sample the data to 40 Hz, obtaining a Nyquist 

frequency of 20 Hz. 

The modal identification was performed by applying a fully 

automated algorithm, based on the Covariance-based 

Stochastic Subspace Identification (SSI-Cov) method [14] and 

developed within a previous research [15]. The natural 

frequency estimates have also been verified through the well-

known technique of Frequency Domain Decomposition [16]. 

Overall, 5 lateral and 3 vertical vibration modes are identified 

in the frequency range of 0-10 Hz (Figure 4). 

Subsequently, the MDTs – consisting of limited coring tests 

– were performed to obtain information on arches, spandrels 

and fill. Due to the limited extension of the core drill machine, 

no information on the backing was obtained. The coring tests 

were executed in Autumn 2018. Six coring samples were 

taken from the following elements: 2 on the arches, 2 on the 

spandrels and 2 on the deck. The tests revealed that the arches 

are constituted only by brick masonry while the spandrels are 

a mixed of stone and brick masonry. The fill – as expected – 

is constituted by compacted soil and pebbles. The thickness of 

the asphalt, over the fill, is equal to 20 cm. 

5 FE MODELLING AND UPDATING 

The 3D model of the Olla bridge was developed with the FE 

code ABAQUS using the ten-node tetrahedral elements 

(C3D10). A relatively large number of elements were 

employed to obtain a regular distribution of masses, a good 

description of geometrical details, and to avoid frequency 

sensitivity to mesh size. Overall, the numerical model consists 

of 45604 tetrahedral elements with 211818 degrees of 

freedom and an average mesh size of 1.15m (Figure 6). 

Once the geometry of the numerical model is established, 

the selection of the structural parameters to be updated is the 

next key issue. To prevent the ill-conditioning of the inverse 

problem and to improve the robustness of the updated 

parameter estimates, the following aspects were considered: 

(i) the number of updating variables was kept smaller than the 

experimental parameters used as targets; (ii) only the 

uncertain structural parameters were updated; (iii) the 

sensitivity of natural frequencies to the different parameters 

was checked and low-sensitivity structural parameters were 

not updated. 

Overall, 8 regions with constant material properties were 

identified based on visual inspections and coring tests (see 

Figure 6): 1. piers and abutments; 2. the central arch 

(reconstructed in 1945); 3. lateral arches; 4. spandrels; 5. the 

base of central piers; 6. the backing over the abutments and 

the lateral piers; 7. the backing over the central piers (partially 

reconstructed in 1945); (8) the fill. 

 

Figure 6. FE model with the indication of different materials:  

1. Piers; 2. Central arch; 3. Lateral arches; 4. Spandrels;  

5. Pier foundations; 6. Backing; 7. Central backing; 8. Fill. 

In addition, the following assumptions were adopted: (a) the 

effect of soil-structure interaction was neglected, (b) all the 

materials were considered isotropic with constant mass 

density and Poisson’s ratio (Table 1), (c) the spandrels were 

assumed 1.0 m thick, and (d) the Young’s modulus of fill 

material was not adjusted due to its low sensitivity. Given the 

clear presence of superficial rocks at the river level, the base 

nodes of piers and abutments were assumed pinned. Similarly, 

the longitudinal translation of the abutments was restrained. 

A one-to-one correspondence between the experimental and 

numerical vibration modes was obtained with the initial FE 

model, providing a sufficient verification to the main 

modelling assumptions. Nevertheless, the discrepancy – in 

terms of natural frequencies – was still quite high, with a 

maximum value larger than 7%. 

 

    

L1: fFEM = 2.621 Hz L2: fFEM = 3.828 Hz V1: fFEM = 4.541 Hz L3: fFEM = 5.793 Hz 

    
V2: fFEM = 6.629 Hz L4: fFEM = 7.225 Hz L5: fFEM = 9.044 Hz V3: fFEM = 9.062 Hz 

    

Figure 5. Lateral (L) and vertical (V) vibration modes of the optimal (updated) FE model. 
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Table 1. Summary of the assumed (*) and identified structural 

parameters. 

No. Structural elements ν * γ (kN/m3) * E (GPa) 

1 Piers / abutments 0.15 20 16.10 

2 Central arch 0.15 17   7.73 

3 Lateral arches 0.15 17   3.23 

4 Spandrels 0.15 19 16.85 

5 Pier foundations 0.15 21 27.49 

6 Lateral backing 0.15 18   1.38 

7 Central backing 0.15 18   4.56 

8 Fill * 0.30 16   0.30 

 

Table 2. Comparison between experimental (SSI-Cov) and 

numerical frequencies (Updated model). 

 Mode  Exp.  Optimal model  

No. Type fAVT (Hz) fFEM (Hz) DF (%) 

1 L1 2.619 2.621 −0.07 

2 L2 3.835 3.828   0.18 

3 V1 4.541 4.541 −0.01 

4 L3 5.792 5.793 −0.02 

5 V2 6.628 6.629 −0.02 

6 L4 7.225 7.225 −0.01 

7 L5 8.992 9.044 −0.57 

8 V3 9.033 9.062 −0.32 

DFave (%) − −   0.15 

DFmax (%) − −   0.57 

 

To enhance the correlation with the experimental response, a 

model updating procedure was implemented in the MATLAB 

environment based on the Douglas-Reid method [17] with the 

Particle Swarm Optimisation (PSO) algorithm [18]. The 

updating parameters were iteratively corrected in a 

constrained range until a minimum solution for the following 

objective function was found: 
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where fAVT,i are the i-th experimentally identified natural 

frequency and fi
*(x) are the i-th polynomial approximations 

[17] of the numerical natural frequencies, expressed as 

functions of the x updating parameters. 

Table 1 lists the optimal estimates of the uncertain 

parameters of the model while Table 2 illustrates the excellent 

correlation of the updated model with the experimental results 

(DFave = 0.15%). The differences between the Young’s 

modulus of the central and lateral arches, as well as the one of 

the backing, are motivated by the different years of 

construction: as shown by the historical analysis, the central 

arch was rebuilt in 1945. As demonstrated by the coring tests, 

the spandrels are made of bricks externally and stone 

internally, justifying the high values of Young’s modulus. 

Finally, the base of the central piers is built in a better quality 

stone masonry in respect to the rest of the piers and, 

moreover, the optimal elastic modulus conceivably accounts 

for the stiffening effect provided by the compacted soils 

surrounding the piers. 

 

Figure 7. Division of the optimal FE model in 125 regions. 

6 DEFINITION OF THE DAMAGE LOCALISATION 

REFERENCE MATRIX (DLRM) 

The damage location matrix was created employing the 

previously optimised numerical model.  

As shown in Figure 7, the model was divided into a 

relatively large number of regions to capture the possible 

effect of local damages. In detail, the main elements of the 

bridge are considered separately, namely arches, piers, 

abutments, backing, fill and spandrels. Moreover, each 

structural element was divided into smaller regions, as follow: 

the two lateral arches in 7 regions each one; the three central 

arches in 14 regions each one; the abutments in 2 regions each 

one; the two lateral piers in 1 region each one; the central 

piers in 4 and 5 regions; the backing in 14 regions; the fill in 6 

regions; the spandrel walls in 34 regions.  

Overall, 125 regions were identified, and the frequency 

sensitivity was computed according to Eq. (1). The elastic 

modulus of each region was decreased by 40%, and 125 

eigenvalue analyses were performed, collecting the resulting 

variations of natural frequencies in the reference matrix. 

(a) (b) 

  

Figure 8. (a) Temperatures from Demonte weather station; (b) Temperature-Young’s modulus correlation of the central arch. 
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7 PSEUDO-EXPERIMENTAL MONITORING DATA 

To test the proposed model-based methodology for the 

damage identification, different damage scenarios (DS) were 

simulated on the pseudo-experimental monitoring data of the 

Olla bridge. The frequency data were generated based on the 

assumption that the structural response is affected only by the 

temperature changes. Therefore, the optimised FE model and 

the collected external temperatures were used to generate the 

variations of natural frequencies over one year. Subsequently, 

the environmental effects were removed using PCA-based 

regression, and the damage identification was performed with 

the proposed DLRM approach. The damage scenarios are 

assumed as permanent shifts on the natural frequencies, 

affecting only the stiffness of small portions of the masonry 

walls. 

Firstly, the temperature data (Figure 8a) between January 

2018 and December 2018 were retrieved from the Demonte 

weather station, which is about 9 km far from the investigated 

structure. The data were provided by the Regional Agency for 

Environmental Protection (ARPA) of Piedmont. As shown in 

Figure 8a, the temperatures of the winter months are often 

below zero degrees: it is worth noticing that in 2018, a sudden 

drop at the end of February up to −17°C was recorded. 

Consequently, considering the stiffening effect given by the 

low temperatures was fundamental to obtain reliable 

predictions of pseudo-experimental natural frequencies. To 

this purpose, the empirical relation between the elastic 

modulus and the air temperature was calibrated based on the 

work [19] on the Sciri tower of Perugia. In the latter research, 

an evident rise in natural frequencies was identified with 

temperatures below zero degrees. 

As shown in Eq. (5), above zero degrees, the elastic 

modulus increases with the increase of temperatures and, 

below zero degrees, the elastic modulus increases with the 

decrease of temperatures. In more details, it has been assumed 

that the i-th Young’s modulus Ei,k at time k depends on the 

temperature at the same instant k and the temperature of the 

previous 6 and 12 hours: 
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where Ei
AVT is the i-th Young’s modulus identified with the 

model updating procedure from the AVT data and TAVT is the 

average temperature during the AVT. 

Figure 8b illustrates the variations of Young’s modulus of 

the central arch obtained from the empirical relationships Eqs. 

(5)-(6). The obtained variations of mechanical parameters 

were subsequently used to generate the time series of natural 

frequencies using the metamodel created for the model 

updating. Furthermore, to simulate the presence of noise on 

the generated data, a normal distribution with a pre-defined 

standard deviation was assumed for each frequency. 

(a) Damage location (b) Damage effect (c) Effect on pseudo-experimental data 

 

 

 

Figure 9. Simulated damage scenarios (DS): actual location, percentage variation of natural frequencies and 12-days zooms of 

the natural frequencies most affected by the damage. 
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Since the proposed damage identification strategy employs 

cleansed frequency data, the fluctuations caused by 

environmental effects were removed with a PCA-based 

regression using a training period of 6 months. The regression 

model is used to predict the modal frequencies after the 

training period, possibly revealing the presence of structural 

anomalies. 

Subsequently, three damage scenarios (DS) were simulated 

(Figure 9a). The FE model was used to define the expected 

frequency decay (Figure 9b) while the DS were simulated on 

the pseudo-experimental data as permanent shifts in the 

natural frequencies (Figure 9c). In particular, the frequency 

shifts were obtained decreasing the elastic modulus of 

selected regions belonging to different parts of the structure: 

the first arch (DS1), the central arch (DS2) and the third pier 

(DS3). In more details: 

• DS1 corresponds to 20% decrease in the Young’s 

modulus of the basement of the third pier – the highest 

one – generating a maximum frequency shift of about 

0.9% in the 5th mode (V2); 

• DS2 corresponds to 30% decrease in the Young’s 

modulus of the skewback of the central arch, involving a 

maximum frequency reduction of about 0.5% in the 5th 

mode (V2); 

• DS3 corresponds to 40% decrease in the Young’s 

modulus of a masonry portion belonging to the upper part 

of the first arch and induces a maximum frequency 

decrease of about 0.5% in the 6th mode (L4). 

The damage scenarios were simulated during the summer 

season (1st of August) when the daily frequency variations are 

higher. Subsequently, the random noise was added on the 

generated data, hiding the sharp changes of natural 

frequencies in the daily variations caused by environmental 

effects (Figure 9c); it is indeed impossible to recognize the 

frequency shifts inspecting the diagram. 

8 DAMAGE DETECTION AND LOCALISATION 

The residual errors obtained from the PCA-based regression 

were used to define a multivariate control chart based on the 

Hotelling’s T2-statistic [10]. The data were divided into 

subgroups of 12 hours, and a process mean was defined using 

a period of 6 months. The structural anomalies are detected 

each time an observation lays outside the control limit. As 

shown in Figure 10a, the three damage scenarios are clearly 

detected, and more specifically: (i) during the training period 

a limited number of observations exceed the control limit; (ii) 

at the time the damage is introduced, the control limit is 

suddenly exceeded by the T2-statistic, exhibiting a more 

significant dispersion. 

Once the presence of a structural anomaly is detected, the 

localisation is performed with the DLRM approach.  

The pseudo-experimental frequency shifts were extracted 

from the cleansed observations as herein described.  

• The values of the natural frequencies in the undamaged 

(fu) state were defined as the mean of the training period – 

6 month – while; 

• The frequencies in the damage state (fd) were defined as 

the mean of the 48 hours after the detection from the 

control chart. 

The extracted frequency shifts – expressed in terms of 

percentage error, see Eq. (1) – were then compared with the 

(a) Damage detection (b) Damage localisation (c) Regions with a DI>5 

 

 

 

Figure 10. Damage detection and localisation for the three simulated damage scenarios. 
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numerically computed frequency shifts –obtained from the 

125 regions – using a measure of similarity (Eq. (2)). The 

Damage Index (DI) for each region was then computed using 

Eq. (3): the regions with a DI higher than 5 are most likely the 

regions in which the damage occurred. 

As reported in Figure 10b and Figure 10c, the damage is 

correctly localised in the three cases. In Figure 10b the red 

dashed lines represent the correct damage locations, the green 

dots are the DI of each region, and the red continuous 

horizontal line identifies the DI higher than 5. In addition, 

Figure 10c highlights the regions with a DI higher than 5, 

showing the excellent localisation for DS1 and DS2 and a less 

effective localisation for DS3. As a consequence, the 

following comments can be drawn: 

• The DS1 and DS2 are univocally localised in their exact 

location (Figure 10c); 

• The DS3 is localised in both lateral arches (Figure 10c): 

the structure is quasi-symmetric longitudinally; 

consequently, it is not easy to distinguish between the 

contribution of the two lateral arches. 

9 CONCLUSIONS 

The paper focuses on the application of the proposed damage 

identification methodology for masonry viaducts – named 

DLRM – on the Olla bridge of Gaiola, Italy.  

Firstly, the investigations included documentary research, 

geometric survey, and minor destructive and ambient 

vibration testing. Based on the information collected on-site, a 

three-dimensional FE model of the structure was developed, 

and the uncertain structural parameter optimised based on the 

identified modal parameters. 

Subsequently, the application of the proposed damage 

identification procedure involved three main steps: (i) the 

creation of the DLRM using the optimised FE model divided 

into 125 regions; (ii) the simulation of three damage scenarios 

on the pseudo-experimental monitoring data of the Olla 

bridge; (iii) the data-driven damage detection using the 

residuals of the PCA-based regression and the subsequent 

localisation of the detected anomaly using a measure of 

similarity between the detected frequency shifts and the 125 

numerically simulated frequency decays. 

In summary, the following conclusions can be drawn: 

• The documentary research on the Olla bridge revealed the 

collapsed central arch in 1944; 

• During the AVT, performed with one line open to traffic, 

5 lateral and 3 vertical vibration modes were identified in 

the frequency range of 0-10 Hz; 

• Notwithstanding the initial model represented accurately 

the geometry retrieved from the geomatic survey, a 

relatively defective correlation with the actual structural 

response was obtained (DFave = 2.46%, DFmax = 7.35%); 

• On the contrary, applying the model updating procedure 

and considering the effects of the reconstruction of 1945, 

an excellent correlation with the experimental results was 

obtained (DFave = 0.15%, DFmax = 0.57%), highlighting 

the importance of backing and spandrels in the dynamic 

response of masonry bridges; 

• Three damage scenarios were simulated on the pseudo-

experimental monitoring data. In all the considered cases, 

the damage was correctly identified and localised by 

using only the natural frequency changes. 
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ABSTRACT: This work presents the development of a software platform for the management of real-time integrated Structural 

Health Monitoring (SHM) of historic structures. The developed software code allows managing massive databases of 

monitoring records, and encompasses signal processing tools, dynamic identification through automated Operational Modal 

Analysis (OMA), pattern recognition, and automated damage detection. Data fusion between heterogeneous monitoring data 

(dynamic, static, environmental, etc.) is performed through correlation analysis and quality control charts. The effectiveness and 

potentials of the developed code is appraised through four case studies of Italian historic buildings: the Sciri Tower, the San 

Pietro bell-tower, the Consoli Palace, and the Basilica of Santa Maria degli Angeli. These historical buildings, located in the 

region of Umbria in central Italy, are permanently monitored by static/dynamic/environmental SHM systems. The reported 

results demonstrate the ability of the developed software to perform real-time system identification, feature extraction, pattern 

recognition, and damage detection. Computer-simulated damage scenarios are utilized to assess the efficiency of the code to 

detect the initiation of potential damage mechanisms and trigger an alarm signal. 

KEY WORDS: Control chart; Data fusion; Damage identification; Historic buildings; Novelty analysis; Structural health 

monitoring; Unsupervised Learning. 

1 INTRODUCTION 

The huge socioeconomic impacts stemming from the 

retrofitting, replacement and failure of structurally deficient 

constructions have fostered outstanding developments in the 

field of SHM and a large number of in-field applications. 

Essentially, SHM exploits long-term monitoring data to track 

anomalies in the structural performance caused by damage 

and, desirably, to predict the damage evolution and structural 

life expectancy [1]. In this context, historic masonry structures 

represent outstandingly challenging assets. These structures 

typically exhibit complex geometries and material 

heterogeneities, and are exposed to manifold material 

degradation processes.  

The implementation of vibration-based SHM systems for 

the management of historic constructions is becoming 

increasingly frequent owing to their non-destructive nature 

and low intrusiveness, having minimal impact on the 

architectural value and normal fruition of the monitored 

buildings. These techniques have proved extremely useful to 

correctly assess global damage, although their ability to detect 

local defects with minimal effect upon the overall stiffness is 

rather limited (e.g. freezing/thawing cycles, chemical/physical 

salt attack) [2]. For the detection of local defects, SHM 

systems involving static monitoring such as the assessment of 

crack widths or inclinations of structural members are 

typically more effective [3]. The integration of static and 

dynamic SHM systems thus offers great potentials for 

comprehensive damage detection of local and global structural 

pathologies. Moreover, it is often convenient to also monitor 

the environmental and operational conditions of structures in 

order to discriminate the initiation of damage from normal 

operational conditions. The integration of all these monitoring 

data converts the damage identification task into a Big Data 

problem where the use of Data Science and Machine Learning 

becomes increasingly necessary.  

In the realm of historic structures, correlations between 

monitoring data and environmental/operational conditions can 

vary considerably depending on the construction materials, 

structural typology, or climate. For instance, positive 

correlations between environmental temperature and resonant 

frequencies are commonly observed in masonry structures, 

which is usually ascribed to thermal-induced crack closure 

phenomena [4,5]. Nonetheless, some other works may be 

found reporting the opposite correlation such as the one by 

Gentile et al. [6] on the SHM of the Milan Cathedral in Italy. 

The static and dynamic behavior of historic structures may be 

also dominated by other environmental factors such as 

humidity, wind, snow or rain, making the SHM of historic 

constructions eminently case-dependent. In this regard, a large 

volume of research has been devoted to the characterization of 

environmental correlations in a variety of historic 

constructions, as well as to the development of a myriad of 

statistical pattern recognition techniques for the detection of 

early-stage damage (see e.g. [7-9]). 

In light of the previous discussion and the progressive 

miniaturization and cost reduction of sensor technologies, it 

seems clear that the SHM of historic constructions will tend to 

the more frequent implementation of integrated systems with 

sensor multiplexing. This will require the timely development 

of specific algorithms and dedicated software solutions for the 

management of large monitoring databases and data fusion. In 

this regard, this paper presents the development of two new 

software codes, named MOVA and MOSS, which bring 

together state-of-the-art algorithms and recent breakthroughs 
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in the field of real-time integrated SHM systems. MOVA and 

MOSS, Italian acronyms of ``MOnitoraggio delle Vibrazioni 

Ambientali'' and ``MOnitoraggio dello Stato di Salute'', 

respectively, offer automated OMA, pattern recognition, 

feature extraction, and automated novelty detection 

capabilities. MOVA focuses on Ambient Vibration Testing 

(AVT), while MOSS is dedicated to the online management 

of permanent integrated SHM systems. Since the release of 

the first version of the code reported in reference [10], the 

code has been continuously upgraded. Herein, the new 

functionalities of the codes are reported and illustrated 

through four case studies of Italian historic buildings: the Sciri 

Tower, the San Pietro bell-tower, the Consoli Palace, and the 

Basilica of Santa Maria degli Angeli. 

2 MOVA/MOSS – SOFWARE ARCHITECTURE 

The general workflow of a long-term SHM system managed 

through MOVA/MOSS is shown in Fig. 1. In general, the 

SHM system consists of a heterogeneous sensor network 

deployed on the structure of interest and a data acquisition 

(DAQ) system that permanently collects the monitoring data. 

Computer files containing records of certain time duration are 

sent through the internet or another transmission system to a 

server or to the cloud, where MOSS automatically processes 

the data and performs real-time damage detection. Originally 

developed as MATLAB toolboxes, MOVA and MOSS have 

been transferred to C++ with intuitive graphical user 

interfaces (GUIs). The code is organized in five sequential 

blocks: 

 

a) Signal pre-processing: The code permits the definition 

of signal processing sequences to minimize the effects of 

noise and the presence of abnormal events. Specifically, 

the software interface includes: signal downsampling, 

moving average filtering, linear detrend, band-pass 

filtering, Hanning window filtering of signal spikes and 

non-stationary excitations produced by swinging bells 

(common in historic structures), and a Multichannel 

Singular Spectrum Analysis (MSSA) denoising approach. 

b) System Identification: This code block incorporates the 

main capabilities of MOVA, allowing the user to define 

the geometry of the structure and select different OMA 

procedures. Specifically, five different identification 

techniques are implemented, including two frequency-

domain (EFDD and p-LSCF) and three time-domain 

identification techniques (ERA, COV-SSI and DATA-

SSI). The interpretation of the stabilization diagrams 

when using time-frequency domain techniques is 

performed by the automated procedure reported in 

reference [11], which includes a sequential algorithm 

involving modal identification for different values of 

rows and columns of the associated Toeplitz/Hankel 

matrices, noise modes elimination, and clustering 

analysis. 

c) Frequency tracking: This module is devoted to the 

tracking of modal features. The standard procedure 

consists in the tracking of user-defined reference modal 

signatures (typically from a separate ambient vibration 

test) within certain tolerances in terms of resonant 

frequencies, damping ratios and mode shapes. In addition, 

an automated approach based upon the kernel spectral 

clustering (KSC) of the time series of modal poles has 

been also recently included.  

d) Statistical pattern recognition: Module devoted to the 

elimination of outliers and definition of statistical 

regression models through multivariate statistical 

analysis. The user can freely set up several statistical 

models accounting for different estimators and predictors 

(static, dynamic, environmental variables or a 

combination of them). The damage detection task is 

performed in the subsequent module on the basis of all 

the constructed statistical models.  

e) Continuous damage assessment: This last block allows 

the online system identification and damage detection of 

a structure based upon the previously defined statistical 

models. This is accomplished by applying six sequential 

procedures to every new monitoring file, namely (i) 

signal pre-processing; (ii) automated OMA; (iii) 

frequency tracking; (iv) pattern recognition; (v) updating 

of quality control charts, and (iv) online anomaly 

detection.  

 

Figure 1. Flowchart of the management of a permanently 

monitoring structure using MOSS. 

The statistical pattern recognition and damage detection 

modules of MOSS are shown in Figs. 2 and 3, respectively. 

Let us denote the observation matrix 
NnRY ×  containing n 

damage-sensitive features (e.g. resonant frequencies, mode 

shape components, crack displacements) and N observations. 

Note that these features can be of any sort, being possible to 

fuse heterogeneous features through the construction of 

statistical regression models and subsequent quality control 

charts. In general, these features are subject to environmental 

and/or operational factors, which may mask the appearance of 

damage by daily or seasonal fluctuations. Therefore, the 
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quantities contained in Y cannot be directly used as damage-

sensitive features. Instead, a residual error matrix 
NnRE ×   

is used for this purpose and computed as: 

 YYE −=  (1) 

where Ῡ contains predictions of the time series of features 

computed from a baseline in-control population, usually 

referred to as the training period. The training period must 

statistically represent the healthy condition of the structure 

under all the possible environmental/operational conditions 

(both daily and seasonal fluctuations), being a one-year period 

usually selected. When the structure remains healthy, matrix Ῡ 

reproduces the part of the variance of the estimators driven by 

changes in environmental/operational conditions, and E only 

contains the residual variance stemming from identification 

errors and un-modelled environmental and/or operational 

effects. If a certain damage develops, this only affects the data 

contained in Y, while Ῡ remains unaltered. Therefore, matrix E 

concentrates the damage-induced variance and is apt for being 

used for damage detection purposes. MOSS includes an 

extensive gallery of statistical regression models to construct 

Ῡ, including: 

 

• Input-Output regression models: Multiple Linear 

Regression (MLR), AutoRegressive with eXogenous 

input model (ARX), and coupled MLR and Principal 

Component Analysis (MLR/PCA). 

• Input only regression models: Principal Component 

Analysis (PCA), Factor Analysis (FA), Autoassociative 

Neural Networks (ANN), and Cointegration (CI).  

 

In addition, the code also includes a Gaussian Mixture 

Model (GMM) for clustering analysis. This allows the user to 

make local extensions of the aforementioned statistical models 

based upon the identified clusters according to the procedure 

presented in reference [12].  

 

 

Figure 2. GUI of the multivariate statistical analysis module in 

MOSS. 

 

Figure 3. GUI of continuous SHM and damage detection in 

MOSS. 

 

Figure 4. Schematic of a quality control chart (a), and 

determination of optimal UCLs through the analysis of 

receiver operating characteristic curves (ROC) (b). 

Once the residual error matrix E is computed, damage 

assessment is performed in MOSS by two-class classification 

(damaged or non-damaged) through quality control charts and 

novelty analysis. As sketched in Fig. 4 (a), control charts 

furnish in time a certain statistical distance accounting for 

disturbances in the distribution of the residuals in E with 

respect to the training period population. By defining an in-

control region, the appearance of out-of-control processes, 

possibly associated to damage, is detected in the shape of data 

points violating the in-control region. MOSS includes three 

different control charts, namely the Hotelling, Multivariate 

Cumulative Sum (MCUSUM), and Multivariate Exponentially 

Weighted Moving Average (MEWMA) control charts. The 

statistical distances assessed by these control charts are 

positive by definition, so the in-control region is defined by an 

interval [0, UCL]. The definition of the upper control limit 

(UCL) conditions the sensitivity of a control chart to detect 

damage; a too low value will lead to an excessive number of 
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false alarms, while a too high value may not be able to detect 

damage. In order to optimally select UCL, as well as to 

compare the effectiveness of different statistical models, 

MOSS also includes a specific module for damage simulation. 

Here, the user can include shifts in the mean values of the 

time series of estimators (e.g. resonant frequency decays 

obtained through a non-linear modal analysis of a finite 

element model) and simulate control charts under different 

damage scenarios. Then, the quality of the damage 

classification is appraised through the analysis of the 

confusion matrix, including (i) receiver operating 

characteristic curves, or ROC curves, (ii) precision-recall 

curves, (iii) Youden’s indexes, or (iv) F1-scores. Figure 4 (b) 

shows an example of a ROC curve, and the determination of 

the optimal UCL as the cut-off threshold yielding the 

maximum vertical distance between the ROC curve and the 

diagonal curve (line of no-discrimination). The code also 

reports the area under the curves (AUC) of ROC and 

precision-recall curves as quality metrics to compare 

statistical models.  

The damage detection module, previously shown in Fig. 3, 

allows to manage permanent SHM systems in real-time and in 

a completely autonomous way. The interface includes real-

time graphs of the time series of the selected features 

(estimators and predictors) and measurement data, as well as 

the corresponding control charts. Every time a new data file is 

found, the interface graphs are updated and the software 

performs damage detection based on all the previously 

defined statistical models. To automate the novelty detection, 

MOSS implements a simple but efficient approach based upon 

the pruned exact linear time (PELT) method developed by 

Killick et al. [13]. The implemented algorithm searches for 

change-points or time instants at which the mean values of the 

residuals involved in the control chart change abruptly. If an 

anomaly is found in any of the previously defined statistical 

models, the software notifies the user with a sound-alert, an 

alert message in the console of the interface, and (if desired) 

an e-mail with an attached screenshot of the control chart with 

the detected anomaly. Moreover, if no files are found in a 

maximum period of time prescribed by the user, the software 

sends a warning notification of unintended system shutdown.  

3 APPLICATION CASE STUDIES 

In this section, the results obtained using MOVA/MOSS in 

four Italian historic structures are reported. Currently, the 

SHM of these case studies are managed in parallel and in real-

time in one single server computer located in the Laboratory 

of Structural Dynamics of the University of Perugia. The 

monitoring data recorded through permanent monitoring 

systems installed in the structures are automatically sent 

through the Internet to the cloud, where MOSS accesses 

continuously to look for new monitoring data through a file 

transfer protocol (FPT) service included in MOSS.  

3.1 The Sciri Tower 

The Sciri Tower (Torre degli Sciri) is a 41 m high civic tower 

located in the historical center of Perugia. Its construction 

dates back to the late 13th century and, nowadays, the Sciri 

Tower is the only one preserved intact among the numerous 

towers erected during the medieval period of the city. 

Originally owned by a noble family, the tower and the 

adjoining buildings were gifted to the Franciscan Third Order 

in 1680 until the ensemble became property of the 

Municipality of Perugia in 2011.  

The Sciri Tower is inserted into a building ensemble with 

approximate plan dimensions of 22 x 25 m. The tower is made 

of squared white limestone blocks and has a hollow 

rectangular cross-section of 7.15 x 7.35 m, with three façades 

connected to the adjacent buildings up to a height of 17 m, 

while the fourth one remains unconstrained all along its 

height. A brick masonry ceiling vault completes the tower, 

and a 0.5 m thick parapet along the edges of a panoramic 

terrace rises up to a total height of 41 m. 

 

 

Figure 5. Layout of the SHM system installed in the Sciri Tower. 

The tower has been continuously monitored with a low cost 

vibration-based SHM system since 2017. The monitoring 

system, sketched in Fig. 5, consists of 3 high sensitivity (10 

V/g) uniaxial PCB 393B12 accelerometers located at the top 

of the tower (z=36.7 m), as well as two K-type thermocouples 

at the roof level (z=40.5 m, indoor and outdoor). Ambient 

vibrations and temperatures are recorded at sampling 

frequencies of 40 Hz and 0.4 Hz, respectively. Monitoring 

data are acquired using a multi-channel data acquisition 

system (DAQ) model NI CompactDAQ-9184 located at the 

same level as the accelerometers. Monitoring data are 

recorded in separate 30-min long binary files, and transferred 

in real-time through Wi-Fi connection to the cloud. 

In order to extract an accurate representation of the 

reference modal properties of the tower to be used in the 

subsequent frequency tracking, a continuous AVT was 

performed from February 13th until March 10th 2019 (refer to 

reference [14,15] for further details) using a relative dense 

sensor network. The monitoring system comprised 12 uniaxial 

PCB 393B12 accelerometers installed at four different heights 

of the tower, namely z=40.5 m, z=22.5 m, z=24.0 m, and 

z=8.4 m. Figure 6 shows a screenshot of the mode shape 

viewer included in MOVA with the first mode shape of the 

tower identified using covariance-driven stochastic subspace 

identification (COV-SSI). This module allows the animation 

of complex mode shapes, and displays complexity plots as 
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well as several quality factors such as the Mode Complexity 

Factor (MCF), Mode Phase Collinearity (MPC), and Mean 

Phase Deviation (MPD). 

 

 

Figure 6. Mode shape viewer in MOVA showing the 

fundamental mode shape of the Sciri Tower identified using 

COV-SSI. 

In this case study, seven different modes in the frequency 

band 0-15 Hz have been consistently identified all throughout 

the monitoring period as shown in Fig. 7. This figure shows a 

screenshot of the frequency tracking module in MOSS with 

the identification results in the Sciri Tower using COV-SSI. 

These include four global flexural modes in the diagonal 

directions of the tower (modes 1 to 4), one torsional mode 

(mode 5), and two higher order flexural modes (modes 6 and 

7). The statistical analysis of the identified resonant 

frequencies during the training period of one year of 

monitoring is reported in Table 1. Note that all the modes 

experience annual fluctuations of up to almost 10% of the 

average values, which evidences the strong influence of 

environmental conditions in this case study. This module also 

includes a gradient-based algorithm for detection of freezing 

conditions. In masonry structures, freezing air temperatures 

may induce the formation of ice crystals in the micro porosity 

of mortar joints. This may lead to a substantial stiffening 

effect and, as a result, to substantial increases in the natural 

frequencies. Once detected, the user can dismiss these regions 

or perform a local frequency tracking. In the particular case 

studies reported herein, no freezing conditions have been 

detected so far. 

Figure 8 shows the comparison between the first two 

resonant frequencies of the tower and the statistical 

predictions obtained using PCA with two principal 

components (PCs) (explaining 80% of the variance). It is 

noted that the statistical model can reproduce well both the 

daily and seasonal fluctuations found in the resonant 

frequencies. The quality of a statistical model can be 

appraised by the analysis of the residuals, which ideally 

should be normally distributed. To this aim, the multivariate 

statistical analysis module in MOSS includes a specific 

interface for the statistical analysis of residuals. This interface, 

shown in Fig. 9 with the analysis results of the residuals 

obtained from Fig. 8, reports several graphs including the 

probability density function (PDF) and cumulative density 

function (CDF) of the residuals along with the fitting of a 

Gaussian distribution, time series of residuals, and tabulated 

results with a variety of statistical metrics of the residuals 

such as mean value, standard deviation, median, skewness and 

kurtosis, as well as two normality tests, namely the 

Kolmogorov-Smirnov and Shapiro-Wilk tests. It is noted in 

Fig. 9 that the residuals obtained with PCA (2 PCs) for the 

fundamental frequency of the tower can be assumed as 

normally distributed, which evidences the correctness of the 

pattern recognition. No clear correlations have been found 

between the resonant frequencies and environmental 

temperature, thence the damage assessment of the tower is 

being currently performed using the PCA model. Furthermore, 

no significant events suggesting the potential initiation of 

damage have been detected so far.  

 

 

Figure 7 Screenshot of the frequency tracking module with the 

identification results of the permanent SHM system installed 

in the Sciri Tower. 

 

Table 1. Tracked resonant frequencies in the Sciri Tower 

identified by automated COV-SSI in the training period from 

2017 until 2018. 

Mode Mean 

frequency 

[Hz] 

Standard dev 

[Hz] 

Variation 

[%] 

Mode 1 1.69 0.013 9.41 

Mode 2 1.89 0.016 9.81 

Mode 3 5.56 0.051 9.96 

Mode 4 5.84 0.079 9.22 

Mode 5 8.18 0.104 9.94 

Mode 6 9.56 0.151 9.84 

Mode 7 10.72 0.137 9.61 
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Figure 8. Comparison of the first (a) and second (b) resonant 

frequencies of the Sciri Tower and the predictions of a PCA 

model (2 PCs).  

 

Figure 9. Screenshot of the residual analysis module in MOSS 

with the residuals between the experimental fundamental 

frequency of the Sciri Tower and the predictions of a PCA 

model (2 PCs). 

3.2 San Pietro bell-tower  

The Basilica of San Pietro, located in the southern part of the 

city of Perugia, was built in 996, although the bell-tower was 

not erected until the 13th century. The bell-tower was 

subjected to several architectural interventions until its current 

configuration designed by the architect Bernardo Rossellino in 

the 15th century. The Benedictine abbey consists of several 

architectural units arranged around three main cloisters, 

including the basilica, a convent and other local institutions. 

The bell-tower stands out between the basilica and other 

branches of the abbey, with a total height of about 61.4 m. 

The first 17 m of the tower are restrained by the adjoining 

buildings, so only the last 45 m are free to move. The bell-

tower has been continuously monitored with a low-cost SHM 

system comprising three high sensitivity (10 V/g) uniaxial 

PCB 393B12 accelerometers installed at the base of the cusp 

(see Fig. 10) and two K-type thermocouples monitoring 

outdoor and indoor temperatures. Alike the previous case 

study, 30-min long ambient vibrations are continuously 

recorded at 40 Hz, stored into separate binary files, and sent to 

the cloud through the Internet.  

 

 

Figure 10. Layout of the SHM system installed in the bell-

tower of San Pietro. 

 

Figure 11. Correlations between the first four resonant 

frequencies of the San Pietro bell-tower and environmental 

temperature. First order bending modes in two orthogonal 

directions (a,b), global torsional mode (c), and second order 

bending mode (d). 

In this case study, six resonant frequencies are consistently 

tracked within the frequency range between 0 and 11 Hz. 

Figure 11 reports the correlations between the first four 

natural frequencies and the mean environmental temperature. 

It is observed that positive correlations are found for modes 1, 

2, and 4, while the third resonant frequency exhibits a 

negative correlation with temperature.  

In order to illustrate the usefulness of the damage 

simulation module in MOSS, Fig. 12 depicts a screenshot of 

the module with the damage detection results obtained using a 

PCA model with two PCs. A simulated damage scenario is 
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introduced in the code in the shape of a frequency decay of -

0.5% the fundamental frequency from July 1st 2020. The 

software furnishes the original control chart (undamaged) 

along with the predicted one for the introduced damage 

scenario, performs outlier analysis, and enables the quality 

assessment of the damage detection through the analysis of 

the confusion matrix. As an example, Fig. 13 shows the ROC 

curves of the damage identification results obtained using 

PCA and MLR. It is observed that, in this case, MLR 

outperforms PCA as evidenced by its larger AUC value.  

 

 

Figure 12. Screenshot of the damage simulation GUI in 

MOSS with the results of the San Pietro-bell tower. 

 

Figure 13. ROC curve of damage detection using PCA and 

MLR in the San Pietro bell-tower. 

3.3 Basilica of Santa Maria degli Angeli 

The Basilica of Santa Maria degli Angeli in Assisi was built 

between 1569 and 1679. The basilica has a 126 x 65 m Latin 

cross plan, with a nave, two aisles, and a semicircular apse. 

The central core, at the intersection of the transept and the 

nave, consists of four pillars bearing the triumphal arches and 

the drum-dome structure. The single-shell dome of the 

Basilica has inner diameter of about 20 m and variable 

thickness from 1.60 to 0.70 m. The inner and outer perimeters 

of the drum are circular and octagonal, respectively. Pilasters 

at the angles of the octagon become stiffening ribs which join 

together at the oculus, the base of the lantern, giving a total 

height of about 75 m to the structure.  

A permanent SHM system has been uninterruptedly 

monitoring the static, dynamic and environmental behavior of 

the Basilica since 2017 [16]. The monitoring system 

comprises two high sensitivity uniaxial PCB 393B12 

accelerometers, 9 LVDTs, 2 inclination sensors, 2 K-type 

thermocouples, and one laser displacement sensor. Despite the 

limited number of accelerometers deployed in the structure, 

eight different resonant frequencies are consistently found in 

the frequency range up to 7 Hz. All the monitoring data are 

automatically processed in MOSS, and several control charts 

involving resonant frequencies and static data as damage-

sensitive features are continuously assessed. For illustrative 

purposes, Fig. 15 shows the time series obtained in MOSS of 

the first four resonant frequencies and the displacements 

recorded by four LVDTs.  

 

 

Figure 14. Basilica of Santa Maria degli Angeli and location 

of accelerometers. 

 

Figure 15. Time series of the first four resonant frequencies 

and displacement measurements during the first monitoring 

year of the Basilica of Santa Maria degli Angeli. 

3.4 Consoli Palace 

Erected between 1332 and 1349, the Consoli Palace (Palazzo 

dei Consoli) is the most iconic monument of the city of 

Gubbio. The palace is 60 m high and has a rectangular plan of 

about 30 x 20 m, including a bell-tower rising up to a total 

height of 42.76 m. A long-term integrated SHM system has 

been recently installed in the palace, monitoring its static and 

dynamic behavior since July 2020. The monitoring layout, 

sketched in Fig. 16, includes 12 uni-axial PCB 393B12 
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accelerometers, four LVDTs, and five K-type thermocouples 

(refer to [17] for further details on the SHM system). 

Although the monitoring results are still very preliminary, ten 

resonant frequencies have been continuously found in the 

frequency range up to 10 Hz as shown in Fig. 17. MOSS 

allows the use of modal assurance criterion (MAC) and MPC 

values as estimators and/or predictors, which may be useful 

when the accelerometer network is sufficiently dense such as 

in this case study. Future research efforts will explore the 

possibility of using mode shapes for the discrimination of 

faulty sensors from actual damage.  

 

 

Figure 16. Layout of SHM system installed in the Consoli 

Palace. 

 

Figure 17. Frequency tracking results in the Consoli Palace. 

4 CONCLUSIONS 

This work has presented the main features of MOVA and 

MOSS, two new software tools for the management of long-

term integrated SHM systems. An overview of the potentials 

of the developed codes has been presented through four real 

case studies of Italian historic constructions located in the 

region of Perugia. These new software tools are expected to 

pave the way for a more effective technological transfer of 

scientific breakthroughs in the field of SHM to engineering 

practice, as well as to serve as a flexible software platform for 

the incorporation of future scientific developments. 
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ABSTRACT: Historic masonry buildings constitute an invaluable heritage and assessing their health conditions often implies 
the need to estimate the entity of the structural damage that they have experienced during their (most of the times centenary or 
even millenary) life. To do so, static and dynamic monitoring techniques are used. The entire process of data acquisition, post-
processing and correlation with expected structural response or periodic measurements, however, poses some difficulties that 
need to be tackled. One obvious limitation of traditional systems is that installation of sensors on historic masonry structures can 
be difficult, expensive and time consuming. Thus, the research community is recently exploring new non-contact technologies 
based on image processing and computer vision. Their main advantages rely on the possibility of high-density measurements 
and a relatively simple acquisition procedure, for which neither an expensive equipment nor advanced technical skills are 
mandatorily required. Two different post-processing techniques are here adopted and in both cases a correlation analysis is 
performed to extract the most significant components. The procedures are calibrated on the single frequency fatigue test and are 
then used to analyse the dynamic properties of the wall subjected to random white noise excitation at two different damage state 
levels, pre-processed through the application of the Motion Magnification algorithm. In this latter case, results in terms of 
frequency are compared with the ones of an accelerometric network installed on the specimen, showing the efficiency of the 
procedure. Magnifying images prior to signal processing might become essential for real field applications of computer vision 
based dynamic monitoring, when structures under environmental excitation usually undergo imperceptible vibrations that would 
otherwise be invisible.  

KEY WORDS: Computer vision, Signal Processing, Motion Magnification algorithm, Modal identification. 

1 INTRODUCTION 
Assessing structural health conditions of historic structures is 
a major concern for modern societies. This is usually done by 
a combination of measurements of either static or dynamic 
quantities, which are representative of the structural response 
of the structure. A periodic observation of these measurements 
and/or a comparison with the expected structural behaviour 
determined through numerical or analytical models, may 
provide a warning on altered conditions which compromise 
the overall security of a structure.  

Dynamic monitoring is still routinely conducted with 
traditional tools, whose reliability has allowed a recent 
advance of damage detection procedures, and other 
developments which now let this technique be used for 
multiple purposes: provide real-time baseline information on 
the system’s health, set performance standards, detect 
anomalies and deviations of the structural response from the 
ordinary behaviour, validate design models, monitor, control 
and evaluate the effectiveness of retrofit interventions and 
repair activities [1] 

Monitoring in the context of historic masonry is being 
employed with a twofold aim, that is as a diagnosis tool and as 
a control tool, and it is recognized as having anpivotal role 
throughout the entire preservation process of historic 
structures [2,3,4]. 

Scientific research in the field and the civil engineering 
community aims both at an advancement of the way in which 
data are collected and intelligently interpreted and at 

designing new monitoring techniques, based on noncontact 
tools. This paper is focused on the second aspect and a vision-
based monitoring approach is presented in the following 
sections.  

Traditional dynamic structural monitoring requires the 
installation of several sensors (accelerometers, strain gauges 
and others) on the structures in order to identify global or 
local structural parameters. The accuracy of the damage 
identification or localization depends on the number and the 
position of a predefined number of sensors and the sensor 
placement criterion is of great importance to the damage 
assessment. The monitoring of large buildings or structures 
based on traditional sensors could be expensive and might 
face limitations related to the preservation of construction 
integrity or to its accessibility. To cope with these difficulties, 
computer vision techniques represent a valuable alternative to 
traditional methods. 

The main advantages of these approaches rely on the 
possibility of high-density measurements and a relatively 
simple acquisition process, for which neither an expensive 
equipment nor advanced technical skills are mandatorily 
required.  

In fact, if, on the one hand, several applications of computer 
vision for the structural monitoring of civil engineering 
infrastructures make use of sophisticated and accurate optical 
instruments, their cost and not-always friendly usage 
stimulates the attention towards cheaper and more accessible 
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technologies, as for example commercial cameras or even 
smartphones.  

Recently, a great progress has been made thanks to the new 
algorithms developed by MIT researchers [5], the Motion 
Magnification (MM), with particular attention to the phase-
based version [6]. The idea is to amplify in video sequences 
small motions that usually cannot be detected or are hardly 
visible. The application of MM has led to excellent results in 
the field of structural engineering, with several applications, 
from laboratory experimental tests [7,8] to real study cases 
with applications on ancient constructions [9,10] or bridges 
[11]. 

In this work, preliminary results of analyses conducted on 
laboratory test video recorded with low-cost cameras are 
presented. A fatigue test on a composite specimen (a fibre 
reinforced cementitious matrix strip) and a shaking table test 
on a tuff masonry wall have been recorded and processed 
through different techniques, namely tracking the intensity 
variation of a number of selected pixels in a region of interest 
(ROI) or the displacement of a limited number of points. The 
analyses on the fatigue test (performed with constant 
frequency) allowed to draw some general conclusions and to 
validate the procedure in case of a pre-determined and unique 
frequency. In both cases a correlation analysis and a principal 
component analysis have been performed to improve the 
choice of representative signals and, consequently, the result 
in the frequency domain. 

The calibrated procedures have then been used to analyse 
the dynamic behaviour of an unreinforced tuff masonry wall 
subjected to random white noise excitation at two different 
damage states, in the context of a more extensive test 
campaign under a sequence of natural accelerograms with 
increasing peak acceleration. In this case, videos are pre-
processed through the MM algorithm in order to amplify the 
motion of the wall which would otherwise be hardly 
detectable.  

The response of the wall has been recorded with both an 
accelerometric network installed on the specimen and by an 
optical system: the estimated frequencies have been compared 
with those determined through the proposed approaches. The 
results show a good agreement between the experimental 
measures and their corresponding values obtained through the 
proposed video processing technique.  

2 METHODOLOGY 
The video recorded in the laboratory during the fatigue test is 
post-processed tracking two different quantities but resorting 
to the same signal post-processing and correlation techniques. 
Either a variation of the pixel intensity or the motion of a 
selected number of pixels are recorded and then the frequency 
of the motion is determined.  

2.1 Intensity variation 
It is known that each pixel of a gray-scaled picture/frame 

can be characterized by its grey intensity which represents the 
amount of light and that can range from 0 (black) to 256 
(white) [12]. In the proposed methodology, the video is 
converted in grayscale images and each pixel (identified by its 
coordinates xk and yk) of the single frame is characterized by 
an intensity value I(xk, yk), which is also a function of time t, 

given each time instant corresponds to a frame. Monitoring 
the variation of intensity during time can provide a series of 
time-histories, each referred to a pixel, which can be 
considered as representative of a motion, captured through the 
variation in colour/light of a number of sensors that 
corresponds to the dimension of the region of interest that is 
chosen. The selection of the ROI is an aspect of particular 
interest when dealing with image and video processing, one of 
the possible solutions is provided by [9], resorting to the 
evaluation of the average local entropy, a statistical measure 
of randomness that can be used to characterize the contrast of 
an input image: high entropy means that the selected pixel has 
a low probability of having in its neighbourhood pixels with 
the same grey intensity. This  means that pixels with high 
entropy can be better visualized and this choice also entails a 
high signal-to-noise ratio for the selected region. Once the 
ROI is selected, the total number of pixels to be monitored 
is m b h= × and a matrix T, collecting by column, the m time-
histories of the grey intensity made up of n instants can be 
formed and then post-processed.  

2.2 Motion tracking 
It is also possible to track the position of some distinctive 
points frame by frame. It is a feature-based method consisting 
in: i) selection of a ROI within the image frames, ii) detection 
of distinctive key-points within the ROI and definition of a 
region around each of them, iii) computation and extraction of 
local descriptors from that region, iv) matching of the local 
descriptors frame by frame, and v) evaluation of the position 
(x,y) of that points as per [13,14]. Points to be monitored can 
be corners, discontinuity areas, edges. Sometimes, a 
preliminary edge detection on the frames can be performed. 
Then, analogously to what described in section 2.1, the n m×  
matrix T collecting the m time-histories of the displacement of 
the selected pixels is created. 

2.3 Signal post-processing 
Recorded digital videos might however contain a number of 
irrelevant information i.e. related to noise, which can bias the 
results of the frequency analysis. These unwanted components 
can be originated by the acquisition instrument, by the 
resolution of the camera, or by light conditions in the test 
environment. There is thus the need to identify the most 
relevant components to be considered in the analysis in the 
frequency domain, that is to isolate components of the signal 
that can be related to structural response from those that do 
not carry any significant information on the structural 
behaviour. In this paper, cross-correlation analysis is 
performed prior to Principal Component Analysis (PCA). 
Cross-correlation is not mandatory but, in case of a large set 
of data, i.e. a huge number of pixels, it can help to speed up 
the PCA phase. The driving idea is that noise components 
generate time histories that are hardly comparable, and cross 
correlation first extracts time histories that are more similar to 
each other. From the n m×  matrix T, correlation coefficients 
are calculated and summarized in a m m× , symmetric matrix 
C. A cross-correlation factor threshold equal to Cmin= 0.8 
(following [15,16]) is considered in our applications, that is, 
only i-th and j-th time histories characterized by a 
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minijC C≥ are considered highly correlated, and thus a 
new n p× matrix Tc collects the p correlated time histories.  

A Principal Component Analysis (PCA) is then performed, 
to reduce the number of variables in the data set (now 
containing p elements), while preserving the information 
contained in the original one, as per [17].  

First variables are standardized in order to transform the 
variables in the same scale, so that each variable can 
contribute equally to the analysis. 

Then, highly correlated variables are extracted, computing a 
p p× covariance symmetric matrix COV, and evaluating its 

eigenvalues and eigenvectors, in order to determine the 
principal components of the data set. 

Principal components can be then defined as new variables, 
uncorrelated, containing most of the information of the 
original data set, ordered so that the first component contains 
most of the information of the analysed phenomenon.  

Finally, Power Spectrum Analysis is performed and the 
normalized spectrum of the final signal is plotted, so that  the 
main frequencies of the structure can be detected, as in [12]. 

2.4 Validationfor a simple single frequency laboratory test 
The method described above has first been validated on a 
simple laboratory test. It is a fatigue tensile test performed on 
a composite specimen made up of ultra-high strength steel 
ropes embedded in a rectangular lime-based mortar coupon, 
clamped to an MTS machine. During the test, a video was 
recorded through a commercial smartphone and then cut to10 
seconds duration. The sampling frequency equal to 30 Hz 
satisfactorily fulfils the Nyquist–Shannon sampling theorem 
( max,2sampling systemf f≥ ), since the frequency to be detected is 
pre-determined and equal to 3 Hz.  

a)  b)

     

 

c) 

     

 d)

    

 

Figure 1. a) original frame, b) entropy map, c) gray-scaled 
frame and ROI, d) tracked pixels. 

Figure 1 reports the cropped portion of the video that is 
processed showing the original generic frame (Figure 1a), the 
entropy map (Figure 1b), the selected ROI in the intensity 
variation analysis (Figure 1c), made up of m=800 pixels, and 
the monitored pixels for which motion is extracted are 
highlighted in Figure 1d.  

The results of the analysis performed according to the 
methodology described in the previous sections are 
summarized in Figure 2. 

Figure 2a shows the entire set of 800 time histories before 
any correlation is performed, while Figure 2b reports the 
principal components extracted after the correlation and the 
PCA analysis. In both cases (i.e. when pixel intensity or pixel 
motions are recorded), hammering and bandpass filter (fmin=1 
Hz, fmax = 5 Hz) are applied prior to plotting and correlation. 
Figure 2c reports the resulting spectrum for the first principal 
component in case of intensity variation and motion tracking, 
showing that the 3 Hz frequency is clearly detected and 
extracted during the video processing and that the results 
obtained following the two procedures are nearly coincident. 

 
Figure 2. a) time histories, b) time histories after correlation 

and PCA, c) spectrum. 

3 APPLICATION TO A SHAKING TABLE TEST ON A 
MASONRY WALL 

A more complex case study has also been analysed through 
the previously outlined method. It has to be remarked that, in 
this case, given the entity of the amplitude of the vibrations 
characterizing the dynamic response of the wall, a preliminary 
pre-processing of the video through the Motion Magnification 
algorithm was necessary. A detailed description of the shaking 
table test campaign and of the geometry of wall and setup can 
be found in [18]. 
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3.1 Motion Magnification 
As a non-mandatory (but often necessary) first step of the  
methodology proposed, the Motion Magnification [5] on its 
Phase-Based version [6] is here applied. This approach allows 
to evaluate and modify, through an amplification factor α , 
local motions on video sequences. This step is fundamental, 
especially when dealing with videos in which displacement is 
not visible and/or hardly detectable. The aim is to amplify 
small motions, within a given range of frequencies (bandpass 
filtering), without distorting the video sequences. 

In its simplest form, one can consider the 1D translational 
case. Defining ( ) ( ),0I x f x= as the image intensity at the 
first instant at the position x, at the generic time instant t the 
coordinate x can be subjected to a displacement ( )δ  and the 
intensity to a change, obtaining  

( ) ( )( ),I x t f x tδ= +  
Which can be approximated in a first-order expansion, 

obtaining: 

( ) ( ) ( ) ( )
,

f x
I x t f x t

x
δ

∂
≈ +

∂
 

Let us apply a broadband temporal bandpass filter to ( ),I x t  

and, if the motion signal ( )tδ  lies within the ranges of the 
bandpass filter, we can amplify the bandpass signal by α , 
obtaining: 

( ) ( ) ( ) ( ) ( )ˆ , 1
f x

I x t f x t
x

α δ
∂

≈ + +
∂

 

   
which can be derived by the Taylor's first order expansion of: 

( ) ( ) ( ) ( )( )ˆ , 1I x t f x tα δ≈ + +  
The amplification factor can be defined as function of 

spatial wavelength λ for amplifying motion, with a linear 
regression, and this relation, written as 

( ) ( )1
8

t λα δ+ <  

provides a guideline giving the largest motion amplification 
factor α  compatible with an accurate motion magnification 
of a given video motion ( )tδ and image structure spatial 
wavelength, λ , as per [5].  

The application of Motion Magnification may lead, 
however, to the introduction of additional and artificial noise 
to the video, thus, for example, attention should be paid to 
light condition during the recording of the video.  

3.2 The wall specimen 
The wall analysed is 1.5 m wide, 3.46 m high and 0.25 m 
thick, constrained to the shaking table test in vertical double-
pinned beam scheme. The tests are performed applying a 
series of natural signals in the out-of-plane direction of the 
wall, with increasing scale factor (SF) with respect to the 
original PGA. Between homogeneous SF groups of signals, 
white noise is applied for dynamic identification purpose that, 
during the test, is accomplished through a double set of 
instruments, namely accelerometers and an optical system (3D 
vision) [18]. Two videos (Video 1 and Video 2), recorded 

with a commercial camera, are analysed, referring to two 
white noise tests, performed at two different damage state 
levels, that is before and after 2 groups of natural signal tests, 
at 1.0 and 1.2 SF. The measured frequencies through 
conventional instruments are equal to 4.6 and 2.8 Hz for the 2 
tests respectively (installed systems gave the same result). 
Since the motion in the video is hardly detectable (given a 
PGA of the applied motion equal to 0.05g), prior to the 
application of the computer vision-based analysis, 
magnification algorithm is applied to the videos. 
As in the previous case, Figure 3 reports the original frame, 
the entropy map on a single frame and the gray-scaled image 
with a red rectangle marking the analysed ROI in the intensity 
variation analysis (Figure 3c) and with the selected monitored 
pixels for the motion tracking process (Figure 3d).  
 

a)  b)  

c)

     

 d)

    

 

Figure 3. a) original frame, b) entropy map, c) gray-scaled 
frame and ROI, d) tracked pixels. 

The following Figure 4 reports the results of both the 
methods after magnification is applied and videos are post-
processed. It can be noticed that the method is capable of 
detecting the actual value of the dominant frequency of the 
system (Figure 4b) and, maybe more interestingly, the decay 
in the natural frequency (Figure 4c), which can be attributable 
to a change in the elastic properties. This is a macroscopic 
evidence of the damage induced by the shaking and is 
analogously detected by the traditional acquisition systems. 

In fact, Table 1 summarizes the results obtained and those 
derived in the original reference paper [18] adopting 
accelerometers and optical measurements. Averaging the 
results of traditional methods and the computer vision ones 
(different values may be obtained tracking intensity and 
motion), a relative error is also reported. 
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Figure 4. a) time-histories of the intensity in the ROI, intensity 
variation and motion spectrum for Video 1 (b) and for Video 2 
(c). 

Table 1. Sample table. 

Analysis Video 1 Video 2 
Freq. accel.  4.60 2.80 

Freq. 3D vision 4.60 2.80 
Intensity Variation 4.55 2.71 
Motion Tracking 4.55 2.71 

Error 1.1% 3.2% 

4 CONCLUSIONS 
Monitoring historic masonry structures is necessary and, 

most of the times, difficult. The widespread of relevant 
historic masonry structures in our cities makes it an 
economically and practically unfeasible purpose to install 
traditional monitoring systems on every structure which might 
be in danger or simply subjected to ageing and/or 
deterioration.  

This circumstance leads to the need of exploring and 
developing new tools, which might make it possible to attain a 
diffused monitoring with relatively low cost and good 
accuracy.  

In this paper a computer vision-based methodology is 
presented to study the dynamic properties of vibrating 
structures, which can be easily combined with a motion-

magnification pre-processing and that serves the purpose of 
detecting principal frequencies of masonry buildings. Results 
of preliminary analyses show that the technique is promising, 
and that the accuracy attained, in spite of the relatively simple 
laboratory condition, make it a useful tool to further 
developed and applied for monitoring purposes.  
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ABSTRACT: Long-term dynamic loads represent a serious factor which compromise the safety and durability of historical 

buildings. Continued exposure to these types of loads contributes to the degradation of materials and joints, causing the initiation 

of cracks or the growth of existing ones, such that they may endanger the structure. Loads, which an undamaged structure could 

safely resist, can be critical if repeated numerous times. This risk is present in various types of historical buildings, and is 

influenced by changes in vibration magnitude, by the distance from their source, and by the quality of the building’s maintenance. 

Good maintenance, which includes regular inspections, affords early detection of any emerging damage and its subsequent repair. 

This article describes the methods and results of the measurement of dynamic response to road traffic and other types of technical 

seismicity in four historic buildings. 

KEY WORDS: Dynamic study; Historical heritage; Structural testing; Technical seismicity; Masonry structures; Reference point. 

1 INTRODUCTION 

There are many sources of technical seismicity, but currently, 

industrial blasting, machine excitations, and traffic are 

considered the most important sources. Shock initiation 

mechanisms are different for various sources, but in principle, 

waves always propagate from a source. These waves affect 

objects, people, and devices. This spreads vibration in the 

ground, which is very diverse and non-linear, and which also 

has only complex exact theoretical solutions. In general, a 

homogeneous and isotropic medium is considered, to which the 

continuum theory can be applied. 

Existing static forces, resulting from a building’s mass or the 

ground pressure, are supplemented with dynamic loads. To 

accurately measure these loads it is necessary to know not only 

their amplitudes, but also their frequencies, transformations 

over time, and total duration. When uncertainties stemming 

from the weathering process in the material (stone, bricks, 

mortar) are included, the effort to make an exact calculation 

becomes challenging. Czech engineers have a standard [1], 

which was revised and amended in 2019. The acceptable 

experimental response can be assessed and evaluated according 

to the international standard [2], as in [3,4]. This standard 

allows for estimation of the safety level of buildings exposed to 

the effects of technical seismicity, and is based on the measured 

velocities of vibrations in a building’s foundation.  

The level of vibration significantly depends on soil type and 

its stratification. For example, in a soil with reduced stiffness 

or a damp soil, the vibration level may increase significantly. 

In soils consisting of a soft silty clay reaching depths of 7 to 15 

meters, vibrations induced by traffic reach even greater values 

[5]. Generally, many research centers deal with the effects of 

technical seismicity, and numerous applications of modal 

analysis of civil structures such as bridges and tall buildings are 

known. However, the effects on historical buildings, which 

often have a complex structure, are only assessed 

exceptionally. Analysis of the dynamic effects on various types 

of buildings and their constructions can be found in e.g. [6-9]. 

Brittle materials like concrete or masonry do not have a safe 

fatigue limit like steel, which is characterized by the Wöhler 

curve. This justifies concerns that, given a sufficiently long 

period of time, even low levels of vibration may lead to 

unexpected collapses [10, 11].  

The determination of the seismic load from traffic is based 

on the analysis of the response of a road loaded with a vehicle 

of known mass. The dominant frequencies of subsoil shocks 

from road traffic are usually in the range of 10 to 80 Hz, 

regardless of the direction of vibration propagation. In the 

vertical direction, frequencies in the range of 2 to 5 Hz also 

occur. 

According to [1] the response induced by technical seismicity 

is usually measured and evaluated by the effective speed of 

vibration in the foundations, so-called reference point. The 

dynamic response of historic buildings due to technical 

seismicity, with the exception of the response from blasting 

work, does not need to be further analyzed in detail, if at the 

reference point the effective speed does not exceed the limit 

value of 0.2 mm/s. 

The authors present here four selected cases of the analysis 

of historical structures that have been analyzed from the 

perspective of dynamic loading. Thus, the work can be 

classified as a multiple-case study and may help engineers 

working in the field of historical structures gain information 

about their dynamic response. 

2 MEASUREMENT OF THE DYNAMIC RESPONSE 

Vibrations were measured using Wilcoxon Research Model 

731A accelerometers with high sensitivities of 10 V/g and noise 

characteristics of 0.5 μg RMS. The accelerometer reliably 

measures at temperatures of -10 °C to +65 °C. It has an 

integrated low-pass filter, which can eliminate high frequencies 

caused by changes in the acoustic pressure of the surrounding 
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area. The accelerometers are connected to a Dewetron 

DEWE43 sixteen-channel computer with a 24-bit AD converter 

and simultaneous sampling at 200 kS/s. The input voltage can 

be adjusted to one of four ranges: ±10V, ±1V, ±100mV, and 

±10mV. 

The data was evaluated in the MATLAB programming 

environment. The sampling frequency fs = 5000 Hz was used. 

The duration of each time record was 60 minutes. 

The dynamic response was measured at a reference point and 

other points on the X, Y, and Z axes. From the one-hour 

records, 10- to 30-second sections were selected and processed 

with a computer for evaluation.  

 Roman basilica of St Wenceslas in Stara Boleslav 

The Baroque reconstruction of this building was completed in 

1745. This is a three-nave building with a central nave and two 

separated aisles (see fig.1).  

 

 

 
 

Figure 1. Basilica st. Wenceslav in Stara Boleslav. 

 

The central nave is vaulted by a barrel vault with lunettes; the 

clearance between the vault imposts is 9.30 m, the axial 

distance between the vault imposts is 5.0 m, and the height of 

the voussoir arches is 4.0 m. The vault thickness at the peak is 

230 mm including the plaster. The clearance of the aisle is 

13.63 m. The vault is disturbed along the length of the aisle by 

a continuous crack along the top. Some lunettes are also 

damaged by cracks. The aisles are also vaulted with barrel 

vaults with lunettes; the clearance between the vault imposts is 

3.90 m for the northern aisle and 4.80 m for the southern aisle; 

the axial distance between the vault imposts is 5.0 m. The 

height of the voussoir arch is 2.30 m for the northern aisle, 2.36 

m for the southern aisle, and the vault thicknesses at the peaks 

are 250 mm including the plaster. The clearance is 6.68 m for 

the northern aisle and 7.16 m for the southern aisle. There are 

buttresses on the outside peripheral walls in the positions of the 

vault imposts of both aisles. The vault ceiling does not show 

any apparent defects, neither do the peripheral walls of the 

central nave and the aisles. According to available information, 

the building was constructed on layers of river gravel. 

There were six measuring points chosen in the premises of 

the basilica, as shown in Figure 2.  Three directions were 

measured at each points. Two measuring points were placed on 

the floor closest to the adjacent road, other two points were 

placed on the vault, near the along crack, another measuring 

points were selected in the tower and on the gable. 

 

 
Figure 2. Plan of the Basilica and accelerometer setup. 

 

Figure 3 show examples of the recorded accelerations in the 

vertical and horizontal directions and corresponding Fourier 

spectra (FFT) for time histories at the reference point. 
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Maximum effective vibration velocity, as it is apparent in 

Table 1. 

 

 

Figure 3. Lorry traveling to Prague + bus traveling to Prague. 

 

Table 1. Basilica of St Wenceslas. 

measure-

ment 

Load and ride direction   Dominant 

frequency 

[Hz] 

RMS 

 

[mm/s] 

1 bus to Prague 11.47 0.0475 

2 lorry to Prague 12.02 0.0099 

3 bus from Prague 12.57 0.0245 

4 lorry twice to Prague 12.66 0.0118 

5 lorry from Prague and 

bus to Prague 

12.33 0.0277 

6 bus and  lorry from 

Prague 

12.57 0.0307 

 

Table 1 shows that the detected vibration speed at the 

reference point does not exceed the limit values given by [1]. 

However, at points on the vault and at points in the towers, the 

limit values are exceeded. Moreover, according to the code [1], 

the vibration speed is usually higher at points different from the 

reference point. 

Therefore, as in the case of the tower, the response is 100% 

higher than at the reference point. If the measured dynamic 

response at the monitored points is twice as high as at the 

reference point, verifying the stresses with an adequate 

dynamic analysis is required. 

 The Basilica of the Assumption of the Virgin Mary 

The sacred buildings include the Basilica of the Assumption of 

the Virgin Mary with a cloister on east side (see fig. 4). We 

mention this basilica as an example of our research. The church 

is surrounded with a terrace and access staircases. The terrace 

also provides access to the cloister. 

The single-nave church has lateral chapels between pillars 

that support the masonry above the vaults, the lateral chapels, 

and the vault in the main nave. The church layout is rectangular 

with a semi-circular apse along the longitudinal axis on the east 

end. The external width of the layout is 22.2 m, the length 

including the apse is 48.0 m, the height of the main nave is 22.0 

m, and the width of the nave is 13.8 m. The barrel vault above 

the main nave has reinforcing vault strips 1.3 m wide and 7.9 

m apart; its height is 6.9 m, and the clearance of the vault 

abutments is 13.8 m. The thickness of the vault, including the 

plaster, is about 200 mm, and the face of the reinforcing vault 

strips under the face of the barrel vault is 300 mm thick. The 

abutments of the barrel vault lean against the perimeter brick 

masonry, which is 1000 mm wide in the area of the vault 

abutment. Under the level of the pilaster heads (the upper edge 

of the heads is 15.15 m above the church floor), the masonry 

widens to 1600 mm and rests on the barrel vaults of the lateral 

chapels, which create an arcade along both sides of the church’s 

inner space. These vaults form an apex 12.4 m above the church 

floor, their depth from the inner face of the perimeter masonry 

in the main nave towards the side frontage is 3.1 m, and they 

lean against pillars 1350 mm wide with axial distances of 

7.9 m. 

 

 

 

Figure 4. The front view of the Basilica of the Assumption 

of the Virgin Mary. 

 

The vault of the main nave and the presbytery is damaged by 

a longitudinal crack in the apex of the vault along the entire 

length of the interior space; moreover, the vault of the main 

nave is damaged by cracks running in the same direction in the 

funicular arches of the barrel vault. Cracks have also damaged 

the vaults of the longitudinal passages above the vaults of the 

lateral chapels. These cracks are perpendicular to the 

longitudinal axis of the church and are located in the oriels of 
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the main nave. Cracks perpendicular to the church's 

longitudinal axis have also damaged the barrel vaults of the 

lateral chapels. 

There were measured four points in three directions, as 

shown in Figure 5.  One measuring point (reference) was placed 

on the floor closest to the adjacent road, other two points were 

placed on the vault, near the along crack and last point was 

placed in the tower. 

 
Figure 5. Plan of the Basilica and accelerometer setup. 

 

Maximum effective vibration velocity, as it is apparent in 

Table 2. Figure 6 show examples of the recorded accelerations 

in the vertical and horizontal directions and corresponding 

Fourier spectra (FFT) for time histories at the reference point. 

Even in this case, the limits at the reference point were not 

exceeded 

Table 2. Basilica of the Assumption of the Virgin Mary. 

measure-

ment 

Load and ride direction   Dominant 

frequency 

[Hz] 

RMS 

 

[mm/s] 

1 bus to Prague 12.81 0.0119 

2 bus to Prague 16.60 0.0081 

3 lorry to Prague 10.49 0.0089 

4 lorry to Prague 12.94 0.0177 

5 lorry to Prague 10.01 0.0148 

6 lorry to Prague 10.74 0.0116 

 
Figure 6. Bus traveling to Prague. 

 

 The church of St. Ignatius in Prague 

The Early Baroque Church of St Ignatius in Prague 

(see Figure 7), which dates from 1670 and is located at the 

corner of Karlovo náměstí (Charles Square) and Ječná ulice 

(Ječná Street), with ground plan dimensions of 32 × 70 m, is 

built within a block of residential buildings. In the transverse 

direction, it is a three-nave building with arches that have a span 

of 6 x 17.5 x 6.5 m, and its longitudinal (northern) wall runs 

adjacent to the highly frequented Ječná Street. There are 

galleries above both the side naves at a height of about 10 m 

above the nave floor; they are carried by longitudinal and 

transverse arches vaulted between the extreme outer and inner 

columns. The ceiling above the lateral naves is made up of 

double curvature vaults; the ceiling above the central nave is 

made up of cylindrical vaults (see Figure 8). 

 

 
 

Figure 7. Church of St. Ignatius with adjacent 

communication 
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Figure 8. Diagram of the ceiling vaults in the three-nave 

space of the St. Ignatius Church 

 

The assignment was to carry out an analysis of the building’s 

condition, specifically the ceiling vaults above the galleries, 

and mainly above the northern gallery near the frequented 

(Ječna) street. These ceilings were substantially dilapidated, 

with a large number of 1mm wide cracks in the plaster; traces 

of leaks were clearly discernible at some points. The street was 

paved at the time, and the paving and tram tracks were in such 

bad condition that the traffic around the church triggered easily 

discernible vibrations in the floor of the main nave (see Fig. 9). 

It was thus necessary to assess whether these vibrations could 

further worsen the cracks in the damaged masonry of the vaults. 

 

 
 

Figure 9. The condition of the pavement and tram tracks by 

the Church on Ječná Street. 

 

Inspection of the ceiling above the gallery revealed that some 

of the cracks were covered by allegedly 12-year-old inspection 

test plaster tape. These were very thin and only stuck to the 

plaster, such that they did not penetrate into the brick wall. In 

spite of this, they gave the impression that the cracks could have 

deteriorated only slightly during this period – after removal of 

plaster around the cracks it was ascertained that the cracks in 

the wall were substantially wider, in places even over 10 mm. 

The vibrations were measured inside the church on the floor 

of the nave by the street and on the floor of the gallery. Absolute 

displacement sensors for vertical and horizontal shift with 

corresponding amplifier and recorder were used. 

Measurements were taken during a period of light traffic, such 

that it was often possible to separately monitor different types 

of vehicles.  

Some observations: 

- The amplitudes of the horizontal shifts on the floor are 

about 1.5 times to double the vertical shifts. 

- The frequency of the shifts caused by the passage of 

trams are 20 to 30 Hz and decrease with the increasing distance 

of the tram. A break in the rail that was right at the level of the 

measured point caused a high peak in the vertical displacement. 

On the pavement, the vehicles generated a frequency of about 

12 Hz. The smallest amplitudes were caused by buses; trucks 

carrying small loads cause high amplitudes in which lower 

frequencies also occurred due to the motion of the vehicle on 

its own suspension. 

- On the gallery floor, the amplitude of the vertical 

vibrations only slightly differed from the floor vibrations in the 

main nave; frequencies above 20 Hz manifested less. 

Moreover, horizontal vibrations with a frequency of about 2 Hz 

occurred, which were due to the natural frequency of the 

building in the transverse direction. 

- The maximum amplitudes of the vertical motion were 

1 μm, the horizontal 2 μm, vibration speed amplitudes 0.30 

mm/s, and acceleration 40 mm/s2. 

The vibrations are very small and would not, with respect to the 

code [1], have influenced damage to the masonry. With respect 

to the total age of the masonry, it is natural to assume that the 

dynamic loading contributed to a slow, long-term settling of the 

foundations, which contributes to the damage of the vaults. 

There is also the hypothesis that the cracks in the vaults could 

have been caused by the excessive vibrations caused by bomb 

explosions which occurred in the vicinity during the bombing 

of Prague on 14 February 1945. It was thus recommended to 

insist on the reconstruction of the tram tracks and roadway in 

Ječná Street, and also to monitor any further behavior of the 

vaulting and other masonry. For this purpose, gypsum strips 

were also installed on several cracks. 

Not long after conducting these measurements, 

reconstruction of the roadway was done along the entire street: 

the tram tracks were laid on concrete panels and the roadway 

got a solid substructure and an asphalt surface. Since then the 

church vibrations have not been discernible even though traffic 

on the street has increased several fold (with the exception of 

heavy cargo trucks which no longer run there). In subsequent 

years, reconstruction of the church interior and exterior took 

place, including the galleries. During the reconstruction, the 

gypsum strips placed over the cracks in the vaulting masonry 

were found to be either completely undamaged or only slightly 

damaged, such that the cracks could be filled in and the ceilings 

newly plastered. 

 

 The St. Vitus cathedral in Prague 

Failures were observed at the St. Vitus Cathedral in Prague as 

fragments of the stone supporting structures had fallen into the 

nave [13, 14]. These events were naturally the impulse for 

inspection of the conditions of the stone elements and the vaults 

of the temple with the task of identifying the causes of failures 

and the possibility of their recurrence (see fig. 10). Attention 

was focused particularly upon inspection of the vaults and the 

stone elements of the triforium, measurement of the 

temperature and the humidity inside the temple together with 

the dynamic response of the structure to vehicles moving in the 
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neighborhood adjacent to the cathedral (see fig 11), and the 

compressor. It had been in use for about two years and was 

distanced about 80 meters beyond the nearest perimeter walls 

of the temple. 

 

 

Figure 10. Locations of detected failures in the St. Vitus 

Cathedral.      defects,     fallen fragments. 

 

The survey focused mainly on the stone elements of the 

triforium. The triforium is an interior gallery opening into the 

cathedral space above the arcades on the monumental pillars 

lining the main nave at a height of 14.3 m. A continuous row 

of windows is located above the triforium. 

Defects were found in the subtle stone tracery; the cracks 

were located in the upper and lower quarter arch, which runs 

through the entire cross-section. The fracture surfaces were 

clean, without signs of long-term open cracks. 

 

 
 

Figure 11.  Third courtyard of the Castle with marked path 

of the truck and initial location of the compressor (marked 

with a cross K +). 

 

It should be remembered that in the past, the cathedral was 

often subjected to dynamic loads even during air shows, with 

dozens of aircraft flying approximately 100 m above it. These 

repeated shocks may have led to the accumulation of damage 

to the masonry and stone elements, which can be deduced from 

several defects in the external cladding. Construction activities 

around the cathedral have also had adverse effects: blasting, 

vibrations of construction machinery, etc. The results of 

dynamic response measurements have confirmed that these 

loads can be felt even over long distances. 

During the evaluation of the response, it is necessary to take 

into consideration the cathedral’s complex structural system; its 

components may have mutually different natural frequencies 

and vibration damping, and the measurements at selected points 

of the cathedral do not always reveal the maximum vibration 

velocity, or the components that are in resonance with the 

excitation frequency, e.g. the stained glass windows, interior 

furnishings, etc… 

Measurements of the responses at selected points on the 

paving along the outer wall of the cathedral were performed 

under the following loading regimes: 

– ambient vibration in the vicinity, 

– motion of a 22 t truck running along the road between the 

cathedral and the nearby Vikárka Restaurant, 

– operation of a compressor 

The truck travelled in both directions (Fig. 12.) and its 

forward movement was harmonically modulated by the driver 

accelerating and decelerating, such that the body of the vehicle 

vibrated vertically at a frequency of 1 to 2 Hz. 

The highest measured RMS of acceleration (velocity) during 

the three examined loading regimes: 

- from the ambient vibration 1,82 mm/s2 (0.05 mm/s) 

- from the truck, horizontally 5.99 mm/s2 (0.18 mm/s) 

- from the compressor, vertically 9.61 mm/s2 (0.32 mm/s). 

The operation of the compressor was “revealed” by analysis 

of the response spectrum, which had a significant peak at a 

frequency of 16.5 Hz, which is equivalent to a rotation speed of 

975 rpm, 

The dynamic response values exceeded the limit according to 

[1]; for this reason, the response analysis was done: 

- the load of the test vehicle was artificially increased by 

driving in fits and starts; it can be assumed that the measured 

values would not be achieved in real traffic conditions; 

- the value of the dynamic response under the compressor 

load exceeded the limit stipulated in the standard [1], which 

was also proven by the vibration of the stained glass windows 

in the northern façade of the cathedral. 

The compressor was newly installed on a platform at a 

distance of about 500 m from the cathedral. It was further 

recommended to keep the surface of the adjacent roads smooth. 

After the analysis, 3 mm/s2 (0.09 mm/s) was established as 

the permissible velocity of vibration. 

3 CONCLUSION 

The oldest buildings in the Czech Republic are about 1,000 

years old. One of the reasons for this great age is the low natural 

seismicity of our territory and therefore the low threat of 

earthquakes. This advantage fortunately continues, but 

technical seismicity, i.e. heavy traffic, manufacturing, 

underground operations, and demolitions, cause tremors that 

our historical buildings did not experience in their 'youth'. The 

existing static forces applied by the buildings' weight or ground 

pressure are supplemented by dynamic loads. Czech standard 

[1] enables an estimation of the safety of buildings exposed to 

the effects of technical seismicity based on the measured speed 

of vibrations in a building’s foundations. Of course, in the case 

of historical buildings, further uncertainties affect the 

parameters of the old masonry during long-term recurrent 

loads, therefore the reliability of such an assessment cannot be 
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considered to be one hundred percent, and thus it is advised that 

problematic objects be monitored thoroughly. 
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ABSTRACT: This paper highlights the main objectives and some of the results of an extensive structural health monitoring 

(SHM) project recently started in Khiva, Uzbekistan. The research team consisted of experts from the University of California, 

Berkeley (Berkeley, USA) and Urgench State University (Urgench, Uzbekistan). The paper presents results for the Juma 

Mosque in Itchan Kala. Itchan Kala was the first site in Uzbekistan to be inscribed in the World Heritage List in 1990. The SHM 

became the main objective of the ongoing extensive project, some results of which are presented herein. The structural health 

monitoring project was planned as a comprehensive study consisting of three major phases. In Phase 1, a terrestrial laser scanner 

would be deployed to capture 3D geometry and identify anomalies in the monument’s geometry. In this phase, the monument’s 

geometry would be captured as a collection of points, the so-called “point clouds”. In Phase 2, a monitoring of the monument 

would be conducted by means of conventional instruments (accelerometers, displacement transducers, temperature gages and 

others). Accelerometers would be used to measure the resonant frequencies due to ambient vibrations. Displacement transducers 

would be used along with the temperature gages to monitor the opening and closing of cracks under different thermal conditions 

and to measure the long-term growth trends of the cracks. In Phase 3, a finite-element (FE) model based on the as-found 

geometry of the point clouds would be generated. It would be calibrated based on the collected data to ensure acceptable 

correlations with the results of the conventional measurements. Due to the limitations of the ongoing COVID-19 pandemic, only 

Phase 1 was completed, which is discussed in this paper. 

KEY WORDS: Heritage building; Khiva; Terrestrial laser scanning; Monitoring with accelerometers; Monitoring of crack 

development; Preservation of historic monuments; Finite element analysis; Seismic loading; Development of restoration 

strategies. 

1 INTRODUCTION 

The project, results of which are described herein, was part of 

the intensive training on structural health monitoring 

conducted for faculty and students of Urgench State 

University, Urgench Uzbekistan. The training consisted of a 

course of theoretical lectures and a few hands-on practical 

projects involving both conventional and innovative 

monitoring techniques. This paper describes the results of the 

first practical project that was conducted in the ancient city of 

Khiva and it was based on the utilization of a terrestrial laser 

scanner to capture as-found geometry of a heritage structure in 

Itchan Kala (Khiva, Uzbekistan). 

Khiva's Juma Mosque was selected for this project. It is 

located almost at the heart of the Ichan Kala. A Google map 

of the mosque is presented in Figure 1. This heritage structure 

dates from the late 18th century and was designed as a large 

prayer hall surrounded by tall walls. To accommodate the 

large span between the walls, the hall’s roof is supported on 

many pillars. A tall minaret was integrated in the north wall of 

the heritage structure. 

Photos showing the exterior and interior of the historic 

monument are presented in Figure 2 and Figure 3, 

respectively. Each pillar inside of the monument is decorated 

with an ancient artistic carving and some of the pillars were 

used from other structures during construction of the Juma 

Mosque and as such, some of these are much older than the 

monument itself. One of the pillars older than the monument 

is presented in the right image of Figure 2. It is worth noting 

that the photos in Figure 2 were taken before the pandemic in 

the summer of 2019 by one of the authors of the paper.  

 

 

Figure 1. Google map view of Juma Mosque. 

In the following sections of the paper the results of the laser 

scanning project are discussed.  
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Figure 2. Interior of Juma Mosque (summer 2019). 

 

Figure 3. Exterior of Juma Mosque from two viewpoints. 

2 LITERATURE REVIEW 

Juma Mosque and its minaret was studied from a structural 

point of view by many authors [1, 2]. The construction of the 

minaret in the Juma Mosque monument is dated at 1789 [1]. 

The basic dimensions of the minaret discussed in [1] are as 

follows: (1) the bottom diameter of the minaret is 7 m, the 

narrowest diameter of the top of the minaret is 3.19 m, and the 

minaret’s height is 33.4 m from the foundation. The minaret 

has a residual inclination, which had become noticeable to the 

naked eye since 1996 [1].  

Based on the information provided in [1] a few surveying 

expeditions were conducted to measure the inclination of the 

minaret. During a survey in 1997, the maximum drift of the 

top of the minaret was measured at 1,108 m in respect to the 

foundation’s bottom located at 2 meters below the ground. In 

a subsequent survey in 1998, an increase of 50.7 mm in the 

minaret’s residual drift was measured. The direction of the 

maximum drift was estimated at 19O 26.6’ in the southeast 

direction. 

3 LASER SCANNING 

A terrestrial laser scanner, Scan Station C10 from Leica 

GeoSystems [3] was utilized for the collection of the point 

clouds. The point clouds’ registration and some preliminary 

manipulation of the point clouds was performed in Cyclone 

[4]. 

The laser scanning project was conducted on December 21, 

2020. The ambient temperature was close to zero degree 

Celsius with no precipitation. Some snow that remained from 

previous precipitations was present on the ground and roof 

levels. As noted earlier, this laser scanning project was part of 

the educational program for faculty and students of Urgench 

State University. As such, they actively participated in the 

laser scanning process. The point clouds’ registration and 

some preliminary manipulation of the point clouds was 

performed in Cyclone [4]. 

To improve the quality of the overall registration the so-

called Black-and-White (BW) targets were utilized. A typical 

installation of a BW target is presented in Figure 4.  

 

 

Figure 4. Installation of BW target. 

A total of 25 BW targets were installed throughout the 

heritage structure. Despite the cold weather and the ongoing 

pandemic there were quite a few people at the historic site that 

somewhat interfered with the scanning process. The laser 

scans were obtained from 11 positions of the scanner or the 

so-called stations. One of the typical stations from the ground 

level is presented in Figure 5. 

 

 

Figure 5. One of the typical stations from the ground level. 

Three out of eleven stations were conducted from the roof 

level with a typical station presented in Figure 6. The stations 

from the roof were conducted in the late afternoon when the 

natural light from the sun was slowly diminishing.  
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Figure 6. One of the typical stations from the roof level. 

One of the major difficulties was related to the fact that the 

historic structure is surrounded by narrow streets. As a result, 

in many cases the BW targets were scanned from acute 

angles. The latter resulted in a larger than expected error of 

the target acquisition. It is worth noting that this problem is 

quite common in laser scanning, especially when used for 

heritage structures. A possibility of error in the target 

acquisition was unintentionally created for the BW targets 

installed on curved surfaces as presented in Figure 7. The 

image shows the targets installed on a pillar and the minaret, 

both with curved surfaces. Since the laser scanning project 

was part of an educational project, these shortcomings in the 

target usage were considered part of the learning process. To 

minimize this error, the so-called High-Definition Laser 

Scanning (HDLS) targets from Leica GeoSystems will be 

used in the future. Because of their design, the HDLS targets 

can be turned in any direction to face the scanner while 

maintaining the center of the target at the same location in 

space.  

 

 

Figure 7. Installation of BW targets on the curved surface of a 

pillar and minaret (to be avoided in the future). 

A majority of scans were stitched to each other based on the 

common targets with the maximum error of 3 mm in the point 

cloud registration. The laser scans with deficiencies in target 

acquisition accuracy were stitched to each other based on the 

point cloud to point cloud stitching procedure, which is 

available in Cyclone software [4]. A final registration of the 

point cloud showing the locations of the stations is presented 

in Figure 8. It is worth noting that Scan Station C10 has a 

range of 300 meters for 90% reflectivity [3] and since no 

filters on the distance to an object were set, the final 

registration spans over more than 500 meters. 

  

 

Figure 8. Final registration showing locations of the stations. 

The final registration was cleaned of noise associated with 

people and vegetation, and it was exported in ASCII format 

for further investigations.  The detailed investigation of the 

point clouds was further conducted in the Matlab environment 

[5]. 

4 JUMA MOSQUE’S POINT CLOUD 

A resultant point cloud of Juma Mosque collected by the 

terrestrial laser scanner is presented in Figure 9. As noted 

earlier, the heritage structure consists of a prayer hall 

surrounded by tall walls and a minaret that is integrated into 

one of the walls. It is worth noting that it is one of the tallest 

minarets in Itchan Kala.  

 

 

Figure 9. Point cloud of Juma Mosque. 

The following local coordinate system was introduced. The 

Y axis was selected in such a way so as to be parallel to the 

east wall. That resulted in the X-axis being almost parallel to 
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the north wall as presented in Figure 10. The Z-axis was based 

on the gravitational vertical axis established by the terrestrial 

laser scanner. The origin of the coordinate system was 

selected at the lowest point of the intersection of the east and 

north walls (corner A). 

 

 

Figure 10. Local coordinate system and corner notations of 

Juma Mosque. 

The major dimensions of the heritage structure obtained 

from the laser scans are summarized in Table 1.  

Table 1. Overall dimensions of Juma Mosque’s exterior at 3.5 

m from the lowest ground level at point A. 

Wall 1st corner 2nd corner Length, m 

North wall D A 54.67 

East wall A B 45.14 

South wall B C 58.46 

West wall C D 45.59 

 

These measurements are based on a section of the whole 

point cloud at an elevation of 3.5 m as shown in Figure 11 by 

a magenta line. 

 

Figure 11. Section of Juma Mosque’s point cloud at elevation 

of 3.5 m. 

The resultant section at 3.5 m is presented in Figure 12 and 

shows that the point cloud is missing points at the southwest 

corner (corner C in Figure 10) of the monument. This is 

related to the fact that the wall surfaces were obstructed by 

other objects which created a shadow and prevented the 

collection of these points of the object. To address this 

shortcoming, the south and west walls were approximated 

with two straight lines. These lines are shown by a red dashed 

line for the south wall and by a green line for the west wall.  

As can be seen from Figure 12 and Table 1, the overall shape 

of the heritage structure is closer to a trapezoid than to a 

rectangle.  

 

Figure 12. Horizontal section of Juma Mosque at 3.5 m above 

the lowest ground point at corner A. 

The minaret’s as-found geometry was studied extensively. 

For this purpose it was isolated from the remaining heritage 

structure as presented in the left image of Figure 13. A 

number of horizontal sections were introduced as shown in the 

right image of Figure 13. The elevation of each section 

increased from the bottom to the top by an increment of 1 m. 

A total of 32 horizontal sections were considered.   

 

Figure 13. Point cloud of minaret with horizontal slices. 

A point cloud of each section was used to best fit to a circle. 

As a result, two critical parameters were estimated. First, a 

radius of the section was computed. Second, a location of the 

circle’s center was estimated in the horizontal plane of each 
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section. The results of the best fitting procedure are presented 

in Figure 14. To achieve better visibility of the presentation, 

only sections with 5 m increments are shown in this plot. This 

procedure was introduced earlier in [6] in a similar 

investigation of a minaret in Samarkand, Uzbekistan. This 

procedure was advanced later in [7] for the monitoring of 

residual inclinations by sequential laser scans.  

 

Figure 14. Horizontal slices approximated by circles. 

The centers of the horizontal circles best fit to the point 

cloud are shifting toward the 2nd quadrant as shown in Figure 

15. This serves as evidence that the minaret is leaning at 46.43 

degrees in respect to the negative X axis. The direction of 

leaning is shown by a green arrow.  

 

Figure 15. Center of the horizontal sections are shifting 

toward the 2nd quadrant. 

The variation of the maximum residual drift over elevation 

is shown in Figure 16. These drifts or inclinations are 

computed in the plane of the maximum inclination, which is at 

46.43 degrees to the negative X axis. The plot shows that the 

maximum drift between the bottom and the top sections is 

about 1.13 m. The drift of the minaret is estimated as 2.15 

degrees from the vertical axis. As presented in Figure 16, this 

drift estimate was based on the least squares fitting of the 

circles’ centers (red crosses) to a straight line (a green dashed 

line). As can be seen from the plot, the minaret’s inclination 

angle remains about the same throughout its elevation. The 

latter serves as evidence that the minaret’s inclination is 

related to a rigid body rotation of the minaret’s whole body. 

This could be related to compromised soil conditions under 

the minaret that are leading to continuous settlement of the 

soil under its foundation. This reason was discussed in detail 

earlier [1]. 

 

 

Figure 16. Residual drift estimates. 

The highest point of the minaret was estimated at an 

elevation of 34.74 m. To compare the residual inclination to 

that reported in [1], the latter was calculated in respect to the 

bottom of the foundation which is assumed to be 2 m deep. 

Therefore, the 2.15 degree inclination estimated in this paper 

will result in 1.378 m inclination at the very top. 

A comparison between the results reported earlier [1] and 

the inclination estimated in this paper is presented in Figure 

17. It shows that the inclination slowed down from 50.7 mm 

per year (the difference between the 1997 and 1998 

measurements) reported earlier [1]. Nevertheless, it did not 

stop and progresses with an average speed of 11 mm per year. 

The inclination obtained in 2020 by this group of researchers 

needs to be repeated ate the same time of year as those 

conducted in 1997 and 1998. 

 

Figure 17. Progression of inclination over time. 

The variation of the circle’s radius over the elevation is 

presented in Figure 18. Based on this, the original taper of the 
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minaret was estimated as 86.46 degrees from the horizontal 

plane or 3.54 degrees from the vertical line. 

 

Figure 18. Original taper of the minaret. 

The major dimensions of the minaret obtained from the 

laser scans are summarized in Table 2.  

Table 2. Overall dimensions of Juma Mosque’s minaret. 

Sections Diameter, 

m 

Elevation, 

m 

Note 

The bottom 

section 

6.99 0.7 Above sidewalks 

on all sides 

The narrowest 

top section 

3.30 31.48  

The last top 

section 

3.71 32.56  

 

All walls of the heritage structure have a taper. A typical 

example of the east wall is presented in Figure 19. It shows 

the point cloud of the wall in the bottom image and its contour 

map of deviations from a vertical plane X=0 in the top image. 

The latter colors the points of the point cloud based on the 

distance from the reference vertical plane. As can be seen 

from the plot the deviation from the vertical plane varies over 

the length of the wall with the maximum difference between 

the top and bottom of the wall at Y=17.5 m. At this location, 

the top of the wall in inclined about 0.29 m in respect to its 

bottom.  

 

 

Figure 19. Contour map (above) of the east wall (below). 

 

A detailed view of the section at Y=17.5 m with the largest 

inclination compared to that at smaller inclinations at Y=1.5 

m and Y=37.5 m is presented in Figure 20. As can be seen 

from this plot, the smallest inclination is at Y=37.5 m section 

with a maximum difference between the bottom and top of the 

wall estimated at 0.16 m. 

 

Figure 20. Sections at Y=const showing inclinations of the 

east wall. 

5 FUTURE RESEARCH 

Based on the results of the laser scanning and upcoming 

measurements by conventional instruments a finite element 

(FE) model of the historic monument was going to be created. 

The finite element modelling based on the laser scanning 

results is ongoing.  The calibration of the FE model will be 

conducted after the completion of the second round of field 

measurements with conventional instruments. The FE model 

will be used for future restoration efforts to evaluate the 

performance and efficiency (if any) of the proposed 

restoration measures. The model will be investigated under 

seismic loading to identify deficiencies of the monument. 

Based on the results of numerical simulations and health 

monitoring results, preventive measures will be developed. In 

addition, recommendations on further restoration of the 

historic monument will be developed. 

6  CONCLUSIONS 

A detailed analysis of the laser scanning data resulted in the 

following conclusions. First, a minaret in the Juma Mosque 

monument has a large residual inclination that is a result of a 

rigid body rotation of the minaret’s body. Second, the 

inclination is progressing, and it has increased by 270 mm 

since 1997. A continuous monitoring of this inclination is 

crucial for the structural integrity of the minaret and for 

finding a mitigation measure that would slow its increase. 

Third, the walls of the Juma Mosque monument have an 

inclination that is not even throughout its length with the 

maximum inclination of the east wall at its mid-span. These 

inclinations will be monitored in the future. The finite element 

model of the monument that will be developed in the future 

needs to be studied for the effects of these anomalies on the 

structural integrity of the monument under snow, wind, and 

seismic loads.  
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ABSTRACT: In this study an innovative passive control strategy, referred to as New Tuned Mass Damper Inerter (New TMDI), 

coupled with a base isolation system (BI), is presented with the aim of reducing displacements in base isolated structures subject 

to seismic actions. 

The proposed New TMDI employs the synergetic benefits of a recently developed non-traditional Tuned Mass Damper (known 

as New TMD) and an inerter device to achieve higher control performances in isolated structures. Specifically, the New TMD is 

a secondary mass system connected to the BI system by a spring and to the ground by a dashpot. In addition, in the New TMDI 

configuration, the inerter device is placed in parallel with the damper. 

The New TMDI optimal parameters are determined by performing a simplified approach which provides simple closed-form 

formulae as a quick tool to design the examined device. The reliability of the proposed approach is assessed by a comparison with 

a more accurate and computationally complex numerical optimization procedure. Further, the performance of a base-isolated 

multi-degree-of-freedom structure equipped with a New TMDI is investigated taking into account different recorded ground 

motions as base excitation. Results from time history analyses assess the mitigation effect due to the optimal New TMDI on the 

response of base-isolated structures, also in comparison with those of a conventional Tuned Mass Damper Inerter (TMDI). On 

this base, the proposed New TMDI might be considered as preventive conservation strategy for applications also in historic 

buildings, where general constraints require limited space for the base displacements. 

KEY WORDS: Base-isolation system; Tuned Mass Damper; Inerter; Optimal design. 

1 INTRODUCTION 

Nowadays, seismic base-isolation [1] is one of the most 

effective and widely used seismic protection technique to 

mitigate damage in buildings, bridges, industrial facilities and, 

in general, relatively stiffness structures, prone to the 

earthquake excitation [2] [3]. Base-isolation system introduces 

a layer of low lateral stiffness between the structure and the 

foundation, this leads to a decoupling of the building structure 

from the ground motion so the superstructure essentially 

behaves as a rigid body. In this manner, the majority of the 

displacement occurs within the base isolation sub-system, 

while displacements and accelerations of the main structure 

are greatly reduced. This effect is possible thanks to the so-

called isolators that are devices supplied concurrently by low 

lateral and high vertical stiffness. On this base, recent studies 

concerning smart structure strategies have been dedicated also 

to the development of innovative materials for the 

manufacturing of novel seismic isolation devices [4]. 

 The effectiveness of base-isolation in reducing structural 

forces is closely tied to the lengthening of the natural period of 

the structure. It is shifted to the velocity-sensitive region of the 

spectrum with a much smaller pseudo-acceleration. On the 

other hand, the deformation increases but this deformation is 

concentrated in the isolation sub-system and it leads to only a 

small deformation in the structure [5]. Isolation systems can 

also be used as a retrofit approach for existing buildings that 

are brittle and weak: for instance, unreinforced masonry 

buildings or reinforced concrete buildings of early design, not 

including the type of detailing of the reinforcement necessary 

to ensure ductile performance. It is therefore an attractive 

seismic improvement technique for monumental buildings of 

historical or architectural merit whose aspect and character 

should be preserved [6].  

Although these beneficial features have led to base isolation 

strategies being extensively employed, some detrimental 

effects have to be taken into account. Specifically, laminated 

rubber bearings are prone to undergo large and undesirable 

displacements due to their limited lateral stiffness [1]. This 

could be a problem in case of densely populated urban areas, in 

fact, adjacent buildings could be structurally compromised if 

the controlled system presents significant displacements. In this 

regard, one possibility for the reduction of this undesirable 

displacement demand could be the implementation of damped 

isolators, even providing additional damping, for instance, 

resorting to external dampers. It is worth noting, however, that 

this approach leads to an increase of inter-storey drifts of the 

main structure which means a thwarting of the beneficial effect 

of the base-isolation in converting the superstructure behaviour 

as that of a rigid body [7].  

Therefore, research efforts in the area of smart structural 

technologies have been also focused in developing a possible 

technology to enhance the dynamic performance of isolated 

structures considering a combined control mechanisms that 

avoid the use of active control systems which may cause 

undesirable effects [8]. 

As an alternative and effective strategy, some researchers 

began to consider using passive vibration control devices for 

A variant design of Tuned Mass Damper Inerter for reducing displacements of base 

isolated structures 
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the seismic response reduction of base-isolated structures. In 

this respect, the majority of these studies have analysed the 

control performances of an hybrid control strategy in which a 

classical Tuned Mass Damper (TMD) is attached to the base 

isolation sub-system [9] [10]. TMD is a simple device 

consisting of a damped spring-mass system attached to a 

vibrating main system to mitigate any undesirable vibrations. 

By connecting this auxiliary mass to the base-isolation 

subsystem it is possible to obtain better control performance 

than providing supplemental damping to the isolation layer [11] 

[12]. In addition, the application of the TMD does not alter 

base-isolation benefits in terms of inter-storey displacement 

since the small inter-storey drifts typical of base-isolated 

structures are preserved. Finally, this device allows the 

displacement demand of the base-isolation sub-system to be 

reduced [13].  

On the other hand, TMD is more effective at reducing the 

structural response for low damping. In addition, traditional 

TMD requires large masses to be effective and would need a 

large stroke to mitigate the structural responses in resonance 

circumstances, hence large spaces should be designed to 

accommodate the device. To overcome this possible drawback, 

some variants of TMDs have been proposed. In this regard, a 

novel configuration in which a so-called inerter [14] is in 

conjunction with the TMD has been recently proposed in order 

to enhance the effectiveness of the TMD without 

simultaneously amplifying the relevant mass ratio. The inerter 

is a mechanical device that ideally produces a force 

proportional to the relative acceleration between its two 

terminals.  

Several kind of inerters have been proposed [15] [16] [17] 

but in essence they act as an apparent mass (also called 

inertance) that can be orders of magnitude higher than its 

physical mass. When the inerter is placed in parallel with the 

spring and the damper of a classical TMD, it consists of a 

hybrid device generally referred to as Tuned Mass Damper 

Inerter (TMDI). Another possibility, to enhance the 

performance of a TMD attached to the base-isolation sub-

system, could be an innovative non-conventional form of the 

TMD, referred to as “non-traditional  TMD” or New TMD [18]. 

In this case a spring is placed between the TMD mass and the 

basement, while the damper is located between the ground and 

the TMD mass rather than in parallel with the spring (like in the 

classical TMD). 

In this regard, comparison with traditional TMD controlled 

based isolated structure has proved the improved control 

performance of the non-traditional  design, for different types 

of earthquake excitations, especially in terms of TMD stroke 

[18]. Inspired by the successful outcomes deriving from the 

integration of an inerter element in a traditional TMD and from 

the attractive possibility to further reduce the auxiliary mass 

displacement by considering the non-traditional  configuration, 

in this paper innovative structure strategies comprising non-

traditional  design of the TMDI, hereinafter referred to as New 

TMDI, is proposed to reduce in a more efficient way the 

displacement demand at the isolation floor of isolated 

buildings. Consider the proposed layout as New TMD 

connected with an inerter device installed in parallel with the 

damper, both located between the TMD mass and the ground. 

Adopting this non-traditional  TMDI, it could be possible to 

solve issues related to the proximity between historic buildings 

mentioned so far, offering higher control performance over an 

ordinary design. In this regard, in this paper, after the 

introduction of the analytical model of the New TMDI system 

an optimum design method is proposed. Specifically, this 

method has been performed by means of a recently developed 

procedure [19] [20], here extended to the case of the New 

TMDI attached to the base of an isolated structure subjected to 

a Gaussian white noise process. Finally, to show the validity of 

the proposed procedure and the efficiency of the New TMDI 

coupled with base-isolation sub-system, numerical simulations 

are carried out on a 5-storey building subjected to recorded 

ground excitations. 

2 PROBLEM FORMULATION 

Consider a base isolated (BI) structure shown in Figure 1 

subjected to a horizontal ground acceleration ẍg(t) . Let the 

main structure have n degrees of freedom (DOF); thus, the 

whole BI system has n+1 DOF. Denote as mb, Kb, Cb, 

respectively the mass, the stiffness and damping coefficient of 

the base isolation sub-system, assumed to behave linearly. 

Further, let Mi be the mass associated to the ith degree of 

freedom of the n-DOF main structure (i = 1,…,n), whereas Cij 

and Kij are the generic elements of the corresponding damping 

and stiffness matrices.  

 

 
Figure 1. MDOF base isolated shear-type frame 

In this way, the total mass of the system can be formulated as 

Mtot=mb+ ∑ Mi
n
i=1 . The structural response of the BI structure 

is finally given by the system of n+1 equation of Equation 1. 

 

( ) ( ) ( ) ( ) ( )

( ) ( ) ( ) ( ) ( )
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1 1
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x xt M t C x t K x t M t

M t M t C x K x t M t

x

x x x

=

= =








+ + + = −

+ + + =


−



 

 (1) 

 

where (i=1,…,n), xb(t) is the displacement of the base isolation 

sub-system relative to the ground, xi(t) is the displacement of 

the i-th DOF of the main structure relative to xb(t), as shown in 

Figure 1, and a dot over a variable stands for derivation with 

respect to time. 

Figure 2 shows the differences between the traditional 

TMDI (Figure 2 (a)) and non-traditional  TMDI (Figure 2 (b)), 

.. 
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attached to the degree of freedom of the base isolation sub-

system, where md, kd, cd, denote the mass, the stiffness and the 

damping of the considered device, respectively, and b the 

inertance.  

As can be seen, the only difference is that the damper of the 

New TMDI is not connected to the base isolation sub-system 

but directly to the ground, while the inerter is connected, in both 

cases, to the moving mass of the device on one terminal and to 

the ground on the opposite one. In this way, the force generated 

by the inerter device is directly proportional to the relative 

acceleration of the device and to the inertance parameter b.  

 

 
(a) 

 

 
(b) 

 

Figure 2. Base isolated structures: a) MDOF base-isolated 

TMDI-controlled shear-type frame; b) MDOF base-isolated 

New TMDI- controlled shear-type frame. 

The equations of motion which govern the behaviour of a base 

isolated system controlled by the traditional TMDI and of a 

base isolated system controlled  by the New TMDI are given in 

Equation 2 and Equation 3, respectively, 
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 (3) 

 

where xd(t) is the displacement of the considered device relative 

to the base. Note that if the parameter b is set equal to zero in 

Equation 2 and Equation 3, the conventional cases of the 

BI+TMD and BI+New TMD are obtained, respectively. 

Clearly, Equation 1 and Equation 3 greatly simplify if an SDOF 

main structure is considered. In this regard, Equation 1 for the 

BI structure can be rewritten as 

 

( ) ( ) ( ) ( ) ( )

( ) ( ) ( ) ( ) ( )
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1 b
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1 1 1 1 1 1
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b b b b b g

b g
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+ + + = −

+




− + + =
 (4) 

 

where µb=M1/Mtot, ωb=(kb/Mtot)
1/2, and ζb=Cb/(2ωbMtot) are the 

mass ratio, natural frequency and damping ratio of the base 

isolation sub-system, respectively. Further, ω1=(K1/M1)
1/2 and 

ζ1=C1/(2ω1M1) are the natural frequency and damping ratio of 

the SDOF main structure. Analogously, focusing on the 

BI+New TMDI system with a SDOF main structure (Figure 3 

(a) ), Equation 3 is particularized as 

 

( ) ( ) ( ) ( ) ( ) ( )

( ) ( ) ( ) ( )( ) ( ) ( )

( ) ( ) ( ) ( ) ( )

2 2

1

2

2

1 1 1 1 1 1

2 ( )

2
( )

2

b b b b b b b d d g

d

b d d d d d d gb

d

b g

dx t x t x t x t x t x t

x t x t x t x t x t x t

x t x t x t x t x t

      


  

 

  

 + + + − + = −



+ + + + = −
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where β=b/Mtot is the inertance ratio, µd=md/Mtot the New 

TMDI mass ratio, while ωd=[kd/(md+b)]1/2 and 

ζd=cd/[2ωd(md+b)] are the natural frequency and damping ratio 

of the New TMDI, respectively. 

Although to derive the so far mentioned equation, a specific 

type of inerter has not been considered, from a practical 

standpoint, the current trend emerging from the literature 

suggests the use of ball screw inerters, which might be arranged 

on a par with dampers connected to the base isolation system 

[21]. It is worth stressing some technical issues could arise 

since stand-alone inerter devices, due to geometric limitations 

and alignment requirements, would be very difficult to design. 

To tackle this kind of drawback, a configuration based on the 

use of V braces as extenders or frames [22], to transfer the 

displacement and acceleration of the TMD mass to the end 

terminal of the inerter, both allocated in the basement, might 

represent a possible solution.  

3 OPTIMAL DESIGN PARAMETERS OF NEW TMDI 

SYSTEM 

As can be seen in Equation 5, the New TMDI is characterized 

by the following parameters: the inertance ratio β, the mass 

.. 

.. 
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ratio µd, the natural frequency ωd, and the damping ratio ζd. 

Clearly, the achievement of the best TMDI system 

performances in controlling base-isolation displacements 

would require these four parameters to be conveniently chosen. 

However, taking into account that   and µd are usually 

determined on the basis of structural constraints, only ζd and 

ωd, or better to say the frequency ratio ν=ωd/ωb, are required to 

be appropriately determined through an optimization 

procedure. 

In this regard, since the system is assumed to be subjected 

to a zero-mean stationary Gaussian white noise process due to 

the intrinsic random nature of the seismic excitation. The white 

noise process is characterized by the one-sided Power Spectral 

Density (PSD) G0 and this allows the optimal parameters to be 

found by minimizing the steady-state displacement response 

variance of the base isolation sub-system 2

bX  expressed as 

( )
22

0

0

bX bH G d  


=   (6) 

where ( ) ( ) ( )b b gH X X  =  denotes the base isolation sub-

system displacement transfer function. Specifically, Fourier 

transforming the system in Equation 5, followed by some 

algebra, yields 
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where 
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Considering the complexity of solving the integral involved in 

Equation 6, the evaluation of the optimal parameters (ν, ζd) 

would require a rather cumbersome numerical optimization 

procedure, which should be implemented for each specific 

values of the input parameters to minimize the response 

variance 
2

bX .  

 

 

Figure 3. Simplified models: a) A SDOF base-isolated New 

TMDI-controlled shear-type frame; b) Base isolated rigid 

structure equipped with New TMDI. 

 

On the other hand, further simplification can be achieved 

considering that in base-isolated buildings the main structure 

essentially behaves like a single rigid body [18] [23], and the 

base isolation sub-system displacements can be order of 

magnitude higher than those of the main structure. Thus, it is 

feasible to simplify the system in Equation 5, assuming that the 

entire base isolated structure can be modelled as an SDOF 

system, as shown in Figure 3. Hence, the original system in 

Equation 5 can be recast as 

 

( ) ( ) ( ) ( ) ( ) ( )

( ) ( ) ( ) ( )( ) ( ) ( )

2 2

2

2 ( )

2

b d b b d g

b d d b

b b b d d

d
d d dd g

d

t t t t t t

t

X X X X X X

X X Xt t t Xt tX X

     


  

 

 + + + − + = −



+ + + + = − +

 
(9) 

 

where capital letters are used since ( )g tX  is a white noise 

process and hence the structural responses are also stochastic 

processes. Following the approach in [19] and [20], the base 

isolation sub-system response displacement variance of the 

simplified system in Equation 9 can be given in the form 

 

2 0

34b

b

X

b X

G

z





=  (10) 

where 
bXz  is a function of both the design parameters ν and ζd, 

and can be defined as 
b ZX Zz N D= , with 
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and 

 

( ) ( )( )
( ) ( ) ( )
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1 4 1

Z d b d d d d d b d

b d d d d d
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+
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In this regard, taking into account Equation (11) and Equation 

(12), the optimal values of ν and ζd that minimize 
2

bX  can be 

equivalently obtained from the minimum of the function 

( ), 1
bd Xz   =  which does not depend on 

0G  and on the 

natural frequency of the base isolation sub-system 
b . 

Therefore, an explicit expression for the minimum of 

( ),d    could be determined considering that the derivatives 

of this function with respect to the design parameters must be 

equal to zero. 

However, a more wieldy procedure consists in minimizing 

( ),d    by using well-known numerical minimization 

algorithms already implemented in most commercial software 

(for instance FindMinimum in Mathematica or fminsearch in 

MATLAB environment) allows to achieve these 

computationally complex expressions. In this manner, the 

optimal design parameter values νopt and ζd,opt can be directly 

found. As can be seen in Equation 11 and Equation 12, the 

function 
bXz  depends also on the damping ratio of the base 

.. .. 
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isolation sub-system ζb. Hence, the proposed optimization 

procedure can take into account also the effect of this 

parameter, and the corresponding optimal values νopt and ζd,opt 

must be found numerically.  

However, approximate solutions of the optimal parameters 

can been achieved by considering ζ
b
 tending to zero, as it 

usually happens in optimization procedures for passive 

vibration control systems [24]. Moreover, as suggested in [18], 

further simplification can be obtained assuming that for base-

isolated structures the stiffness of the attached New TMDI 

could be set approximately equal to the stiffness of base 

isolation bearings; thus, the approximate optimal frequency 

ratio can be given as 

 

( )
1

2
opt d  

−
= +  (13) 

 

Therefore, using the just proposed equation, the minimum of 

the function ( ),d    yields an analytical approximate optimal 

solution of the optimal damping ratio of the New TMDI 
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,

21 2 2 2

2
d o

d d

d
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− + + +
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+
 (14) 

 

Clearly, in this manner optimal design parameters can be easily 

evaluated. 

 

4 ANALYSIS OF THE CONTROL PERFORMANCE 

The previous optimal design procedure uses, for sake of 

simplicity, a stationary white noise as base acceleration. 

Therefore, to further assess the validity of the proposed 

analytical solution for the optimal design parameters, in this 

section, the control performances of the BI system equipped 

with the New TMDI is investigated in the time domain using a 

set of 44 real recorded ground motions with different features 

taken from the FEMA P-695-FF set described in [25]. 

In order to properly design the New TMDI device to be 

connected to the base-isolated structure, the one-sided PSD 

( )
gX

G  of the input has been evaluated at b = , thus 

determining the corresponding value ( )0 0.002
g

bX
G G = = . 

The numerical simulation takes into account the base-isolated 

five-storey planar frame building (n=5) analysed in [26]. 

Specifically, the mass of each floor of the main structure is 

equal to Mi=3,5·103 kg (i=1,…,4), the storey stiffness is 

Ki=35·106 N/m, and the dashpot damping coefficient is 

Ci=35·103 Ns/m. The natural frequencies of the structure are ωi 

[rad/s]=[28.46, 83.08, 130.97, 168.25, 191.90], and the system 

is assumed to be a classically damped structure with damping 

ratio of each mode ζi=0.0142. The base isolation sub-system 

has a mass mb=3.5·103 kg, a natural frequency ωb= π rad/s and 

a damping ratio ζb=0.02. Finally, assuming a mass ratio µd=5% 

and inertance ratio β=0.3, the optimal design parameters of the 

New TMDI device 1.69opt =  and , 0.66d opt =  have been 

determined using the aforementioned optimization procedure. 

In this way, the evaluation of the equations of motion 

(Equation 1 and Equation 2) can be retrieved by direct 

numerical integration, in order to find out the response of the 

base isolated structure, with and without New TMDI, subjected 

to the FEMA P-695-FF 44 records. Specifically, for each of the 

FEMA P-695-FF 44 records, the displacement relative to the 

ground has been determined for both the simple base-isolated 

structure and the base-isolated structure equipped with the New 

TMDI. In this regard, comparison of the corresponding profiles 

of the median, 16th and 84th percentiles are shown in Figure 4 

for the base-isolated structure with (red lines) and without 

(green lines) New TMDI. A similar comparison is also reported 

in Figure 5 in terms of total accelerations and inter-storey drift 

ratios, considering in these cases also the structural response of 

the uncontrolled system (UC) fixed at the base (grey lines). 

As can be seen, although the optimized New TMDI device 

is able to effectively reduce the relative displacement demand 

(Figure 4), this reduction may lead to slightly higher inter-

storey drift ratios and total peak accelerations compared to the 

base-isolated structure without device (Figure 5). This effect is 

probably caused by the employed optimization criterion that is 

related only to the minimization of the base displacement 

variance. Further, note that this behaviour is similar to those 

arising when highly-damped isolators are used [7] [27]. 

Nevertheless, as can be seen in Figure 5, the benefits in 

terms of total accelerations and inter-storey drift ratios of the 

BI with New TMDI system clearly are proven by the reduction 

with respect to the corresponding ones of the UC system fixed 

at the base. Thus, classical beneficial features of base isolation 

are still kept when employing the New TMDI. 

In this respect, Figure 6 shows the comparison between the 

response time histories of the base-isolated benchmark 

structure with New TMDI (red dash-dot line), with traditional 

TMDI (black solid line) and without any devices (green dashed 

line), considering two records of the FEMA P-695-FF 44 with 

different characteristics, namely the Imperial Valley and the 

Duzce earthquakes. As far as the TMDI is concerned, its 

optimal parameters have been obtained considering the same 

mass ratio and inertance as the New TMDI and the procedure 

described in [19]. In particular, the optimal design parameters 

of the TMDI device are 0.798opt =  and , 0.258d opt = . 

As can be seen in Figure 6, both devices are effective in 

controlling the base isolation displacement. However the 

proposed device achieves the better performance, compared 

with the TMDI one, for both the Imperial Valley and the Duzce 

earthquakes. Despite this, both systems show the characteristic 

feature of passive control devices which generally have 

minimal effects in the first few seconds of the excitation [28]. 

On the other hand, as previously mentioned, lower control 

performances are achieved in terms of storey drift of the last 

floor. In this regard, a comparison including also the 

uncontrolled (UC) system (grey dotted lines) is represented in 

Figure 7, for both Imperial Valley record (Figure 7 (a) ), and 

the Duzce ground motion (Figure 7 (b) ). Again, as expected on 

the basis of the results shown in Figure 5, although the New 

TMDI slightly alters the benefits of the simple BI system in 

terms of storey drifts, pertinent response is still much lower 

than the uncontrolled system (grey dotted line).  

Finally, as can been seen in Figure 8, the New TMDI design 

yields smaller displacements of the mass compared to the 
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traditional TMDI for the two considered inputs. Notably, this 

aspect can be particularly advantageous in practical cases 

where the space designed to host the device is limited. 

On this base, it can be argued that, the analytical solution of 

Equation 13 and Equation 14 leads to optimal design 

parameters that work satisfactorily also for real earthquake 

records despite they have been retrieved assuming a white noise 

base excitation. 

 
 

Figure 4. Response profiles of the peak floor displacement 

relative to the ground for the hybrid-controlled structure (BI 

with New TMDI – red lines) and base-isolated structure (BI – 

green lines) subjected to the 44 FEMA P-695-FF records: 

circles - median; crosses - 16th percentile; squares - 84th 

percentiles. 

 
(a) 

 
(b) 

Figure 5. Response profiles for the uncontrolled structure (UC 

– grey lines), hybrid-controlled structure (BI with New TMDI 

– red lines) and base-isolated structure (BI – green lines) 

subjected to the 44 FEMA P-695-FF records: a) peak floor 

total acceleration; b) peak floor inter-storey drift ratio. Circles 

- median; crosses - 16th percentile; squares - 84th percentiles. 

 
(a) 

 
(b) 

Figure 6. Base isolation displacements relative to the ground: 

a) Response to the Imperial Valley earthquake; b) Response to 

the Duzce earthquake. BI with New TMDI - red dash-dot 

lines, BI with TMDI - black solid lines; BI without devices - 

green dashed lines. 

 
(a) 

 
(b) 

Figure 7. Storey drift: a) Response to the Imperial Valley 

earthquake; b) Response to the Duzce earthquake; BI with 

New TMDI - red dash-dot lines, BI with TMDI - black solid 

lines; BI without devices - green dashed lines; Uncontrolled 

structure – grey dotted lines. 
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(a) 

 
(b) 

 

Figure 8. Displacement of the device relative to the base: a) 

Response to the Imperial Valley earthquake; b) Response to 

the Duzce earthquake; BI with New TMDI - red dash-dot line, 

BI with TMDI - black solid line. 

5 CONCLUDING REMARKS 

In this paper, a smart control vibration strategy has been 

proposed consisting of a non-traditional  layout of tuned mass 

damper inerter, referred to as New TMDI, for base isolated 

systems to further reduce base displacements with respect to 

the classical design. This novel design includes also a damping 

element, the inerter, which is directly connected to the ground. 

Optimal parameters of the proposed system have been 

determined by means of an optimization procedure based on 

the minimization of the base displacement variance of the base 

isolation sub-system. Further, corresponding approximate 

closed-form expressions have been achieved based on some 

assumptions related to the base excitation and isolation 

damping. 

A numerical investigation has been carried out using a set of 

real earthquakes records with different characteristics. From 

these analytical analysis emerged that New TMDI can 

effectively further reduce displacements of the base isolation 

sub-system compared to the system controlled by a classical 

TMDI with the same mass ratio. Although this reduction leads 

to a minor increase of storey drifts and total accelerations of the 

main structure, these are in any case significantly lower than 

those of the uncontrolled structure fixed at the base. 

On the base of the preceding observations, considering the 

excellent outcomes in reducing base-isolation degree of 

freedom displacement, it can be argued that the proposed New 

TMDI represents a smart strategy not only for new 

constructions but also for existing buildings, with a focus on 

historic or monumental one, for which conventional seismic 

retrofit approaches often cannot be used.  
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Santa Maria in Via

First results of the monitoring of the façade damage mechanism of the “Santa Maria 

in Via” Church in Camerino following the 2016 Central Italy Earthquake



History and structural system overview

Damages after the 2016 Central Italy Earthquake 

The church has a trapezoidal plan (Figure 1.a) that
incorporates a central elliptical hall, the octagonal sacristy
and other rooms. The hall major axis passes though the
entrance and the opposite main altar located in a deep
presbytery; on the minor axis, above two side entrances, there
are two small chancels. Four radial chapels, characterized by
hemicycle niches, open on the central hall. The plan of the
church appears to be massive and strong. Parts around the
central elliptical hall are characterized by three levels and
constitute a confinement for the elliptical hall, which rises
about 8 m higher with an octagonal tiburium, which
approximates the elliptical shape of the hall. Four large
windows are realised on the tiburium walls above the lateral
chapels. At the outside, the tiburium is stiffened by buttresses
in correspondence of corners. Another peculiar element of the
church is the octagonal bell tower which rises at a corner of
the plan above the last level served by a spiral staircase.



Securing system description
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ABSTRACT: Slit Damper devices (SDs) have been increasingly studied in last years for they implementation in building 

constructions to enhance the seismic resistance of structures. SDs are designed as yielding fuses that dissipate energy through 

large inelastic deformations, while the rest of the structure remains mainly elastic. They are mainly implemented in structural 

connections at pre-identified locations along the structure and should be able to sustain as much hysteretic cycles as possible 

before material collapse or fatigue failure in order to prevent local collapses and consequent loss of dissipative capacity.   

In this paper, finite element (FE) detailed models of single SD devices are presented and analysed under experimental testing-like 

pseudo-static load protocols by the commercial FE code ABAQUS®. The FE analyses of  a variety of SDs in  steel which varies 

each other in shape (hourglass-like shaped) and thickness in order to investigate hysteretic dissipation performances for the 

preliminary planning of a set of experimental tests. On the basis of the indications provided by the FE analyses, a subsequent 

experimental campaign is carried out to investigate the low-cycle fatigue damage for the proposed SDs. The SDs was designed 

for excellent fatigue performance, since the low-cycle fatigue characteristics of the steel SD can be efficiently defined by the 

Manson-Coffin relationship. These enhanced analyses provided good predictions of the onset of failure in full-scale steel castings 

across various specimen sizes and loading histories. Finally, it may be said that the newly proposed model can predict well the 

residual plastic displacements and the remaining life of the damper damaged after an earthquake. 

 

KEY WORDS: Passive damper ,Low-cycle fatigue, Metallic damper, Energy dissipation, Hysteretic model. 

 

1 INTRODUCTION 

Conventional design concepts of earthquake-resistant 

structures are not intended to avoid damage on the structures 

but to ensure the safety of humans under severe earthquakes. 

Dampers are passive control systems or passive energy 

dissipation devices that are implemented in the structures to 

protect against seismic excitation. Passive control systems 

absorb energy induced by an earthquake in various 

mechanisms, such as metal yielding, friction, fluid orifice, and 

viscous elastic deformation of solid. These passive control 

systems are categorized based on their dispersing mechanisms: 

metallic adas-device [3] , tadas-device [2], friction, thick liquid 

, and viscoelastic dampers (rigid) [19]. Metal dampers dissipate 

energy through inelastic deformation and provide a stable 

hysterical envelope. Excellent hysteretic behavior, easy 

accessibility, simple replacement after an earthquake, and low 

fabrication costs are some advantages of steel slit dampers [6]. 

Slit devices can be used at different configurations such as 

bracing joints [2,4,6], beam-to-column connections [18], and 

steel slit walls as fuses [18,6,3]. 

This paper concentrates on a detailed investigation of the 

structural performance of a slit damper and butterfly damper 

proposed by the authors. With this purpose in mind, various 

conditions focusing on real-world applications of the damper 

were established as variables, specifically loading type, loading 

rate mm/s, the material strength of the steel, and the number of 

damper plates used. From the experimental results, the 

structural characteristics are compared and discussed in terms 

of failure mode, strength, stiffness, deformation, and energy 

dissipation. 

2 DEVICE DESIGN 

The Dampers were manufactured in Kosovo, using water 

cutting technology(Figure 1, Figure 2). Water cutting 

capabilities were found to be common in large machine shops 

and therefore not expensive. The slits are rounded at their ends, 

thereby reducing stress concentration in reentrant-corners.  The 

device is a weld-free design, thus eliminating the uncertainties 

and imperfections associated with welding. 

 

  

Figure 1. Shows the water 

cutting process. 

Figure 2. After water 

cutting. 

Elastic moment of bending in the slit, Under sufficient 

displacement, plastic hinges are formed at both ends of each 

strip. Consequently, the mechanical properties of the crack 

absorber can be described in relation to the length of the strip 

L0, strip depth b, and thickness (Figure 3). Supposing elastic 

behavior perfect plastic, the device gives the load Py can be 

determined based on an analysis of the plastic mechanism. 
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Figure 3. Details of the test specimens. 

Table 1. Table test specimens. 

 

Specimens 
Materi

al 

Thickne

ss 

Widt

h 

(mm) 

Heig

ht 

(mm) 

Loading 

Amp 

Specimens.

A1 

   S-235            

20 

        

60 

      

200 

Constant

-A1 

Specimens.

A2 

   S-235            

20 

        

60 

      

200 

Constant

-A2 

Specimens.

A3 

   S-235            

20 

        

60 

      

200 

Constant

-A3 

Specimens.

A4 

   S-235            

20 

        

60 

      

200 

Constant

-A4 

Specimens.

B1 

   S-235            3         

60 

      

200 

Increasin

g-AISC 

Specimens.

B2 

   S-275           10         

60 

      

200 

Increasin

g-AISC 

Specimens.

B3 

   S-235           20         

60 

      

200 

Increasin

g-AISC 

      

3 EXPERIMENTAL PROGRAM 

 Test specimens 

The specimen properties are listed in Table 1. 

 Loading protocol 

Cyclic tests were carried out on 4 specimens: Constant cyclic 

loading, in which maximum displacement (Dmax) is constant 

over the entire cycle as 15 mm (Specimen A1), 35 mm 

(Specimen A2), 48 mm (Specimen A3), and 56 mm (Specimen 

A4). The purpose of this program is to obtain fatigue 

parameters. 

The loading protocol for the steel damper test was created 

based on the AISC code loading. The AISC protocol was 

modified by adding three extra sets of six low amplitude cycles 

preceding the prescribed loading procedure. 

 

 

Figure 4. AISC Modified protocol. 

 

 

Figure 5. Constat cyclic. 

 Experiment setup 

Various types of cyclic tests were performed using a 500 kN 

hydraulic servo fatigue test machine MTS Loading was 

controlled by displacement with an inner displacement 

transducer mounted on the test machine. The loading rate (v) 

was fixed as 0.5 mm/s, except for incremental amplitude 

cycling, Figure 6. 

 Material properties 

Plate Material Tests, five dogbone-shaped tension coupon tests 

were conducted on the fuse plate material. the tests took place 

at the Department of Structural and Geotechnical Engineering. 

the coupon specimens were tested using an MTS machine in 

Figure 7. 

 

(a)   (b)  

Figure 7. Coupon test setup: (a) Before the test, (b)Necking. 

Table 2. Summary of mechanical properties. 

Coupon 

S-235 

Fy 

(MPa) 

Fu 

(Mpa) 

Elonga-

on% 

E 

1 246.3 327.3 45.2 200000 

2 219.0 328.0 50 200000 

3 227.1 328.0 49.6 200000 

Average 230.8 327.8 48.3 200000 

a) 

 

Coupon 

S-275 

Fy 

(MPa) 

Fu 

(Mpa) 

Elonga-

on% 

E 

1 291.3 425.3 37.5 200000 

2 295.3 426.1 40.4 200000 

     

Average 293.3 425.7 38.95 200000 
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                 SET-UP METALIC DAMPERS TESTING- 

 

 

 

 
a) 

 

Figure 6. (a) Setup detail (Photo), (b)Schematic. 

 

 

Figure 8. Engineering stress-strain curves S-235. 

 

Three types of steel were selected: S-235, S-275. Figure 8 

demonstrates their constitutive curves obtained through 

uniaxial tensile tests and Table 2. 
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b) 

 

 

 

 

 
 

Figure 8”. Engineering stress-strain curves S-275. 

4 TEST RESULTS 

Four specimens deformed stably under the cyclic tests.  

Specimens butterfly was loaded until fracture during the tests. 

Ductile cracks initiated at the toe of the butterfly close to the 

rounded toes of the slits during the loading of all specimens. 

Under further loading, those cracks propagated wider and 

0

50

100

150

200

250

300

350

0.00 10.00 20.00 30.00 40.00 50.00 60.00

M
P

a

Elongation %

Coupon Nr.1

Coupon Nr.2

Coupon Nr.3

0

50

100

150

200

250

300

350

400

450

0.00 10.00 20.00 30.00 40.00

M
P

a

Elongation %

Coupon

Nr.1

MTS-Machine 

Set-up 

Set-up 

Pinned 

and links 

Damper 

Direction of Loading 

AKTUATOR 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure 

1360 

longer, which led to the decrease of the load-carrying capacity 

of the dampers. 

It is clear that all specimens have yielded at large 

displacement and exhibited very stable hysteric behavior and 

the shape of the loops which close to a rectangular indicates 

high energy dissipation capacity. 

 

 

Figure 9. Force-displacement hysteresis(SpeciementA1-

15mm). 

 
a) 

Figure 11. Photo of Speciements A1: aStart of the test,b) 

Fracture-end test 
Link: https://www.youtube.com/watch?v=oG46PPyLIrw&t=260s 

 

 

Figure 12. Force-displacement hysteresis (SpeciementA2-

35mm). 

Strength degradation started to appear when cracks slowly 

formed at the ends of the rounded corner of fixed ends due to 

stress concentration, which propagated longer and wider during 

the test until the specimen reached fracture. The tests were 

stopped after steel plates completely fractured and the load 

sustained was significantly reduced. 

 

 

Figure 10. Time History, Force-time(s). 

 

 
b) 

 

 

Figure 13. Time History (SpeciementA2), Force-time(s). 
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Figure 14. Force-displacement hysteresis(SpecimA3-48mm). 

 

 

Figure 15. Force-displacement hysteresis(SpeciemA3-56mm). 

 

 

Figure 16. Low Cycle Coffine-Manson. 

5 ENERGY DISSIPATION 

To investigate the effect of test parameters on the energy 

dissipation capacity of dampers, hysteretic curves for 

dissipated energy were shown in Figure 9, Figures 12-16. 

Figure 12 shows the failure mode of the A2 specimen under 

constant cyclic loading. For A2, small cracks start to occur at 

the 24th repeated cycle. After repeatedly receiving more than 

28 tensile and compressive loads, the cracks gradually 

deepened at the expected plastic hinge location and finally 

fractured with a sudden load reduction beyond the 32nd cycle, 

marking the end of the experiment. The low-cycle fatigue test 

of the coke damper indicates that the coke damper exhibits 

resistance to low-cycle fatigue with sufficient inelastic 

deformation beyond the 32th cycle after yielding, and the final 

fracture occurs at the expected plastic locations. 

Figure 14 shows the failure mode of the A3 specimen under 

constant cyclic loading. For A3, small cracks start to occur at 

the 6th repeated cycle. After repeatedly receiving more than 6 

tensile and compressive loads, the cracks gradually deepened 

at the expected plastic hinge location and finally fractured with 

a sudden load reduction beyond the 8nd cycle, marking the end 

of the experiment. The low-cycle fatigue test of the coke 

damper indicates that the coke damper exhibits resistance to 

low-cycle fatigue with sufficient inelastic deformation beyond 

the 8th cycle after yielding, and the final fracture occurs at the 

expected plastic locations. 

Figure 15 shows the failure mode of the A4 specimen under 

constant cyclic loading. For A4, small cracks start to occur at 

the 4th repeated cycle. After repeatedly receiving more than 4 

tensile and compressive loads, the cracks gradually deepened 

at the expected plastic hinge location and finally fractured with 

a sudden load reduction beyond the 5nd cycle, marking the end 

of the experiment. The low-cycle fatigue test of the coke 

damper indicates that the coke damper exhibits resistance to 

low-cycle fatigue with sufficient inelastic deformation beyond 

the 5th cycle after yielding, and the final fracture occurs at the 

expected plastic locations. 

6 CONCLUSIONS 

The present paper presents the experimental study of steel slit-

dampers with various depth.The number of loading cycles until 

the ultimate state of a slit-damper is found to match very well 

to the Manson-Coffin relation Figure 19. 

The following conclusions are made from this study: 

1. Damper configuration with increased height of the strip 

has low stiffness and provides stable hysteretic curve under 

large displacement irrespective of strip width at mid-height. 

2. Reducing the strip width at the mid-height has a high 

influence on the damper performance by avoiding brittle 

damage at the end from stress concentration. 

3. Further, varying the thickness and strip width at mid-

height enhance the damping of the specimen. 

4. Based on the response surface methodology, effective 

stiffness and effective damping is expressed as a function of 

strip width at mid-height (bc), height of the strip (h) and 

thickness of the damper (t). 
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ABSTRACT: Tall buildings are indispensable solutions in cities where economy and population grow rapidly. Parallel to 

advancements in technology, number of tall buildings has increased significantly in recent years. One of the most important 

parameters used to determine dynamic behavior of such structures is damping ratio. Damping ratios of structures under ambient 

conditions or earthquakes highly depend on structural, material and geometric properties as well as soil conditions beneath the 

structures. In addition, vibration amplitude of an earthquake has significant effect on amplitude of damping ratios. Therefore, 

identifying damping ratios of tall buildings is a difficult and complex study. However, damping ratios of structures can be 

determined by analyzing vibration data recorded from Structural Health Monitoring (SHM) systems. In this study, damping ratios 

of continuously monitored two tall buildings in Istanbul were inferred under ambient conditions and earthquake of 5.7 magnitude 

occurred on September 26, 2019 in Marmara Sea by using different identification techniques. These structures are very close to 

each other and located on one of the most important business centers in Istanbul. Heights of the tall buildings above ground level, 

both of which are reinforced concrete structures, are 102.5 m. and 180 m., respectively. By evaluating identified results, effects 

of characteristic properties of the structures and the earthquake on the damping ratios were investigated. 

KEY WORDS: tall buildings, seismic structural health monitoring, system identification, damping evaluation  

1 INTRODUCTION 

In today’s world, tall buildings are indispensable solutions in 

cities such as Istanbul where economy and population grow 

fast. Therefore, we see more and more of these buildings. Most 

seismic codes in the world are prepared for low-rise buildings. 

Design of tall buildings requires special research and design 

methods apart from these codes because there are many 

structural parameters distinguishing tall buildings from low-

rise buildings in terms of dynamic features and design process. 

Damping ratio is one of the most important distinctive 

dynamic properties identifying behavior of structures. It can be 

defined as energy dissipation mechanism transforming 

vibration energy to heat and some other energy. Ductile 

structural system of buildings designed according to specific 

standards or guidelines creates limited intrinsic damping 

mechanism. There are many sources contributing to intrinsic 

damping of buildings [13]. Structural material can dissipate 

vibration energy of structure based on amplitude of stresses on, 

its hysteresis behavior and geometry. In addition, structural 

connections such as welded and bolted connections, non-

structural components such as partition walls and soil-structure 

interaction mechanism provide additional damping. The other 

significant contribution to intrinsic damping arises from 

nonlinear behavior of structural components. When 

deformation of structural component exceed elastic range, 

repeated cyclic behavior creates extra damping. Coupling 

beams and structural walls are essential energy dissipation 

components for tall buildings due to their hysteretic behavior 

under an earthquake. Also, peripheral beams of tall buildings 

provides additional damping for torsional modes. 

Damping ratio for traditional buildings is accepted as 5% in 

seismic codes. However, many studies in literature showed that 

it is an order of 1.5%-3% for tall buildings [11, 16]. Also, some 

guidelines provides empirical equations to predict damping 

ratios of tall buildings [8]. However, damping ratios of tall 

buildings before, during or after an earthquake may be different 

from recommended values in seismic codes and calculated 

values from empirical equations in guidelines [4, 5, 6 and 7]. 

Structural Health Monitoring (SHM) systems enable to identify 

dynamic properties of structures from vibration response. In 

this study, thanks to SHM systems regularly recording 

vibration records of the structures, the earthquake of 5.7 

magnitude occurred on September 26, 2019 in Marmara Sea 

was recorded by two tall buildings. This paper presents changes 

in damping ratios of the buildings before, during and after the 

earthquake by using different identification techniques and 

comparison of them with calculated damping ratios from 

recommended equations in common guidelines. 

2 MONITORING OF TWO TALL BUILDINGS 

Two tall buildings located in the most popular business center 

of Istanbul were instrumented and have been monitored. 

General characteristics of the buildings and plans of SHM 

systems are shown in Figure 1. 

Two force balance accelerometers were located at points very 

close to center of the structures to record vibration data of the 

buildings in both X and Y directions. Also, additional 

accelerometers were placed on top floors and certain middle 

floors at distant points from center to identify torsion modes. In 

addition, accelerometers on the lower basement floors in 

vertical direction enable to detect rocking behavior of the 

buildings. For second building, two separate recorders; one on 

the ground floor and one on the 29th floor, were used and they 

were synchronized by GPS. 

Damping Evaluation of Two Tall Buildings under Ambient Conditions and the 

Earthquake 
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Figure 1. Sensor layout for two tall buildings - left: building 1 

right: building 2 

3 SYSTEM IDENTIFICATION APPLICATIONS 

Densely instrumented two tall buildings in Istanbul recorded 

the earthquake in Marmara Sea on 27 September 2019 (Figure 

2). In order to identify modal damping ratios and mode shapes, 

in addition to modal frequencies before, during and after the 

earthquake Enhanced Frequency Domain Decomposition 

(EFDD), Natural Excitation Technique and Eigen System 

Realization Algorithm (Next-ERA), Auto-regressive Extra 

Input (ARX) and Numerical Algorithm for Subspace State-

space System Identification (N4SID) methods were used. 

 

Figure 2. Epicenter of the earthquake and building locations 

 EFDD 

EFDD is widely used output-only system identification 

technique nowadays [1]. Detecting close modes and estimating 

modal damping ratio without input data enable significant 

advantage for monitoring of the structures. In signal 

processing, hanning window was utilized in order to prevent 

leakage and averaging was applied in time domain in order to 

decrease noise effect. Tables 1 and 2 and Figures 3-6 represent 

identification results for the tall buildings. 

Table 1. EFDD results – building 1 

Modes Before Eq 

f (Hz)/ξ (%) 

During Eq 

f (Hz)/ξ (%) 

After Eq 

f (Hz)/ξ (%) 

X-1st Tra 0.60/2.26 0.56/2.79 0.60/2.31 

Y-1st Tra 0.61/2.05 0.56/4.86 0.61/1.95 

1st Tor 0.88/1.81 0.77/2.32 0.88/1.37 

Y-2nd Tra 

X-2nd Tra 

2nd Tor 

Y-3rd Tra 

X-3rd Tra 

3rd Tor 

2.09/1.58 

2.16/2.23 

2.55/2.27 

3.43/0.58 

3.75/1.81 

4.30/0.95 

2.06/1.10 

2.14/1.40 

2.27/0.84 

3.22/1.33 

3.70/0.82 

3.89/0.47 

2..11/1.40 

2.17/1.40 

2.54/0.73 

3.46/1.64 

3.80/1.56 

4.24/0.32 

 

 

Figure 3. Mode shapes X - building 1 

 

Figure 4. Mode shapes Y - building 1 

Table 2. EFDD results – building 2 

Modes Before Eq 

f (Hz)/ξ (%) 

During Eq 

f (Hz)/ξ (%) 

After Eq 

f (Hz)/ξ (%) 

X-1st Tra 0.27/3.44 0.26/4.88 0.27/3.48 

Y-1st Tra 0.33/2.88 0.33/4.17 0.33/2.82 

1st Tor 0.57/2.02 0.56/2.19 0.57/1.87 

Y-2nd Tra 

X-2nd Tra 

2nd Tor 

Y-3rd Tra 

X-3rd Tra 

3rd Tor 

1.15/1.28 

1.25/1.44 

1.73/1.07 

2.36/1.36 

2.43/0.77 

2.60/1.07 

1.11/1.46 

1.20/1.19 

1.66/1.18 

2.27/0.90 

2.44/0.79 

2.53/1.02 

1.14/1.38 

1.25/1.14 

1.71/1.04 

2.33/1.13 

2.43/0.77 

2.56/0.79 

 

 

Figure 5. Mode shapes X - building 2 
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Figure 6. Mode shapes Y - building 2 

 Next-ERA 

Combination of Next and ERA creates state space model for 

discrete system by calculating cross-correlation functions of 

responses [2]. Singular value decomposition of Hankel Matrix 

consisting of cross-correlation functions calculates system 

matrices utilized to obtain dynamic properties of the structures. 

Dimensions of Hankel Matrix are determined according to 

number of modes to be identified. Corresponding results are 

presented in Tables 3 and 4 and Figures 7-10. 

Table 3. Next-ERA results - building 1 

Modes Before Eq 

f (Hz)/ξ (%) 

During Eq 

f (Hz)/ξ (%) 

After Eq 

f (Hz)/ξ (%) 

X-1st Tra 0.60/2.47 0.58/2.13 0.61/1.82 

Y-1st Tra 0.61/2.12 0.58/5.01 0.62/1.36 

1st Tor 0.89/0.69 0.70/1.18 0.88/1.60 

Y-2nd Tra 

X-2nd Tra 

2nd Tor 

Y-3rd Tra 

X-3rd Tra 

3rd Tor 

2.12/0.99 

2.16/1.83 

2.54/0.91 

3.42/1.77 

3.76/0.47 

4.23/3.29 

2.14/0.66 

2.15/1.62 

2.61/1.85 

3.27/0.97 

3.72/0.37 

3.88/0.82 

2.13/0.84 

2.18/1.63 

2.52/0.70 

3.43/0.34 

3.79/2.91 

4.24/0.28 

 

Figure 7. Mode shapes X - building 1

 

Figure 8. Mode shapes Y- building 1 

Table 4. Next-ERA results - building 2 

Modes Before Eq 

f (Hz)/ξ (%) 

During Eq 

f (Hz)/ξ (%) 

After Eq 

f (Hz)/ξ (%) 

X-1st Tra 0.26/3.32 0.26/4.50 0.27/2.46 

Y-1st Tra 0.34/2.79 0.32/5.48 0.34/1.95 

1st Tor 0.58/1.61 0.57/2.11 0.58/0.82 

Y-2nd Tra 

X-2nd Tra 

2nd Tor 

Y-3rd Tra 

X-3rd Tra 

3rd Tor 

1.16/1.13 

1.23/1.59 

1.73/0.74 

2.37/1.12 

2.53/0.57 

2.60/1.05 

1.11/1.31 

1.19/1.69 

1.66/1.34 

2.28/0.96 

2.15/1.86 

2.43/0.74 

1.15/1.53 

1.24/1.09 

1.70/0.95 

2.34/0.87 

2.34/0.44 

2.56/1.77 

 

Figure 9. Mode shapes X - building 2 

 

Figure 10. Mode shapes Y- building 2 

 ARX 

ARX method estimates the most suitable dynamic system by 

using least squares method [10]. During analysis, base and top 

responses of the structures are used as inputs and outputs in 

ARX method, respectively. Stability diagrams enable to 

distinguish superfluous and real modes and to select the most 

appropriate stable model order. For this method, relative 

frequency and damping less than 3% and 15% are defined as 

convergence criteria for stable models. Tables 5 and 6 present 

results. 

Table 5. ARX results - building 1 

Modes Before Eq 

f (Hz)/ξ (%) 

During Eq 

f (Hz)/ξ (%) 

After Eq 

f (Hz)/ξ (%) 

X-1st Tra 0.61/2.44 0.56/8.37 0.60/2.51 

Y-1st Tra 0.60/0.33 0.572.36 0.61/2.12 

1st Tor 0.88/4.69 0.83/12.07 0.86/5.82 

Y-2nd Tra 

X-2nd Tra 

2nd Tor 

Y-3rd Tra 

X-3rd Tra 

3rd Tor 

2.11/1.97 

2.11/3.78 

2.43/4.42 

3.43/0.89 

3.66/1.59 

4.19/1.67 

1.99/0.68 

2.16/0.83 

2.29/2.45 

3.27/2.40 

3.79/1.33 

3.89/1.37 

2.10/4.72 

2.14/3.13 

2.36/3.44 

3.43/1.32 

3.80/1.76 

4.23/0.71 
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Table 6. ARX results - building 2 

Modes Before Eq 

f (Hz)/ξ (%) 

During Eq 

f (Hz)/ξ (%) 

After Eq 

f (Hz)/ξ (%) 

X-1st Tra 0.26/1.46 0.26/0.77 0.26/0.47 

Y-1st Tra 0.33/0.41 0.32/1.48 0.33/1.53 

1st Tor 0.58/1.41 0.56/0.40 0.58/0.68 

Y-2nd Tra 

X-2nd Tra 

2nd Tor 

Y-3rd Tra 

X-3rd Tra 

3rd Tor 

1.14/0.88 

1.24/0.47 

1.72/0.46 

2.43/0.88 

2.43/1.17 

2.59/0.62 

1.11/2.11 

1.24/2.22 

1.64/1.29 

2.38/0.86 

2.19/2.80 

2.45/2.48 

1.13/1.05 

1.24/0.42 

1.71/0.35 

2.34/1.23 

2.33/0.70 

2.56/1.53 

 N4SID 

One of the most popular and advanced system identification 

technique in literature is N4SID [15]. This algorithm 

determines stable dynamic system by calculating projection of 

input and output data. Also for this method, stability diagrams 

were created. Relative frequency and damping less than 3% and 

15%, modal assurance criteria (MAC) number greater than 0.95 

are defined as convergence criteria for stable models. Tables 7 

and 8 and Figures 11-14 present the corresponding results. 

Table 7. N4SID results - building 1 

Modes Before Eq 

f (Hz)/ξ (%) 

During Eq 

f (Hz)/ξ (%) 

After Eq 

f (Hz)/ξ (%) 

X-1st Tra 0.60/8.91 0.57/9.99 0.60/7.91 

Y-1st Tra 0.61/3.26 0.58/4.62 0.61/4.08 

1st Tor 0.88/5.34 0.74/2.74 0.88/5.13 

Y-2nd Tra 

X-2nd Tra 

2nd Tor 

Y-3rd Tra 

X-3rd Tra 

3rd Tor 

2.10/0.73 

2.14/5.31 

2.53/5.48 

3.43/0.78 

3.76/6.83 

4.28/1.52 

2.09/0.86 

2.13/4.33 

2.43/2.90 

3.24/0.98 

3.69/6.63 

3.91/4.07 

2.10/1.08 

2.19/3.53 

2.53/3.05 

3.42/1.44 

3.81/6.36 

4.24/2.55 

 

 

Figure 11. Mode shapes X - building 1

 

Figure 12. Mode shapes Y - building 1 

Table 8. N4SID results - building 2 

Modes Before Eq 

f (Hz)/ξ (%) 

During Eq 

f (Hz)/ξ (%) 

After Eq 

f (Hz)/ξ (%) 

X-1st Tra 0.26/0.54 0.26/4.11 0.26/1.05 

Y-1st Tra 0.33/2.79 0.31/3.57 0.30/4.43 

1st Tor 0.58/0.78 0.59/6.39 0.58/0.61 

Y-2nd Tra 

X-2nd Tra 

2nd Tor 

Y-3rd Tra 

X-3rd Tra 

3rd Tor 

1.13/1.62 

1.25/0.76 

1.72/0.68 

2.40/0.46 

2.40/0.85 

2.60/0.74 

1.11/3.02 

1.22/2.44 

1.65/1.31 

2.25/8.24 

2.17/3.69 

2.43/2.62 

1.15/1.07 

1.24/0.27 

1.70/1.06 

2.32/0.99 

2.34/0.35 

2.54/1.62 

 

Figure 13. Mode shapes X - building 2 

 

Figure 14. Mode shapes Y - building 2 

 Half-Power Bandwidth 

A straightforward method to estimate damping ratios from 

frequency response function in literature is Half-power 

bandwidth method. This method calculates the damping ratios 

of  structures by considering difference between  lower and 

upper frequencies at points where resonance peak amplitude 

divided by square root of 2 [3]. Tables 9 and 10 represent the 

damping ratios of tall buildings calculated by using this method 

before, during and after the earthquake. 

Table 9. Half-Power bandwidth results – building 1 

Modes Before Eq 

ξ (%) 

During Eq 

ξ (%) 

After Eq 

ξ (%) 

X-1st Tra 1.48 1.77 1.41 

Y-1st Tra 1.21 2.60 1.22 

1st Tor 0.87 1.44 1.08 

Y-2nd Tra 

X-2nd Tra 

2nd Tor 

Y-3rd Tra 

X-3rd Tra 

3rd Tor 

1.05 

1.35 

1.69 

1.40 

1.42 

1.04 

2.17 

0.80 

0.49 

0.70 

0.72 

0.44 

1.23 

0.76 

0.98 

1.08 

2.33 

0.20 
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Table 10. Half-Power bandwidth results – building 2 

Modes Before Eq 

ξ (%) 

During Eq 

ξ (%) 

After Eq 

ξ (%) 

X-1st Tra 1.18 2.45 1.19 

Y-1st Tra 1.03 0.93 1.09 

1st Tor 0.79 0.77 0.64 

Y-2nd Tra 

X-2nd Tra 

2nd Tor 

Y-3rd Tra 

X-3rd Tra 

3rd Tor 

0.66 

0.42 

0.37 

0.53 

0.63 

0.26 

0.55 

0.52 

1.30 

0.67 

0.60 

0.52 

0.54 

0.54 

0.64 

0.47 

0.43 

0.31 

 Comparison of System Identification (SID) Results 

Figures 15-18 represent comparison of the damping ratios of 

tall buildings identified from aforementioned system 

identification methods. Although the damping ratios obtained 

by using different system identification techniques are not 

expected to be exactly the same, increase in the damping ratios 

of buildings during the earthquake were detected in almost all 

methods. Due to the small magnitude of the earthquake and 

dynamic properties of the buildings approaching their pre-

earthquake values after the earthquake, it was concluded that 

there were no permanent deformations in the buildings. In 

addition, while the ARX, N4SID and Half-power bandwidth 

methods estimated  first mode damping ratio of first building 

higher than that of second building, the EFDD and Next-ERA 

methods calculated first mode damping ratio of second building 

higher than that of first building. 

 

 

Figure 15. Comparison of damping ratios obtained from 

different SID techniques X – building 1 

 

Figure 16. Comparison of damping ratios obtained from 

different SID techniques Y – building 1 

 

Figure 17. Comparison of damping ratios obtained from 

different SID techniques X – building 2 

 

Figure 18. Comparison of damping ratios obtained from 

different SID techniques Y – building 2 

4 COMPARISON OF IDENTIFIED AND ESTIMATED 

DAMPING RATIOS 

There are several empirical equations in guidelines to estimate 

damping ratios of structures by considering dynamic and 

geometric properties of structures. Some guidelines includes 

single-value damping ratios for different type of structures 

based on studies in literature. However, with more extensive 

studies, various significant correlations have been developed 

between damping ratio of structure and its fundamental period, 

height and tip displacement response [12, 14]. The guidelines 

published recently have also strongly recommended the use of 

these empirical formulas. Table 11 represents the empirical 

formulas for damping ratio of structures. 

Table 11. Empirical equations for damping ratios 

Type Code/Study ξ (%) 

 

Frequency 

and Top 

Displacement 

Dependent 

AIJ  

2000 

ξ/100 = 0.014f1+ 470(X/H)-

0.0018 

ESDU  

83009 

ξ/100 = 0.0076f1+ 

150*(X/H)+0.003 

Lagomarsino 

1993 

ξ = 0.0072/ f1+ 0.07/f1+ 

(0.12*(X/H)) 

 

Single  

Value 

 

EuroCode ξ=0.72*f1+0.8 

1.2–2.0 (based on H) 

1.52 (for fixed support of 

frame structures with cracks)  

ISO 4534 

ONORM  

B4014 
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Although the empirical equations given in the guidelines, 

seismic codes and studies in literature are clear, certain limits 

for damping ratios calculated from the equations and conditions 

for the use of these equations are defined. Satake et al. [12] 

recommended limit value of X/H < 2x10-5 for use in the 

formula given in AIJ 2000. In addition, ESDU includes 

equation (60/H)+1.3 to limit calculated damping ratio. Also, 

EuroCode indicates minimum damping ratio as 1.6%.  

There are some parameters used in the empirical formulas 

shown in the Table 11. H, f1 and X are height of the building, 

first bending mode frequency and maximum top displacement 

value of the building in the corresponding direction, 

respectively. Tables 12-14 represent parameters used in the 

empirical equations and calculated damping ratios for both 

buildings. 

Table 12. Parameters used in empirical equations 

 

Buildings 

 

H(m) 

X (mm) 

X/Y 

Before-During-After Eq 

Building 1 102.5 0.2/0.2-6.5/3.6-0.3/0.2 

Building 2 180 1.3/0.7-6.4/4.3-0.2/0.1 

Table 13. Damping ratios calculated from empirical equations 

- building 1 

 

Code/Study 

Before Eq 

X/Y 

ξ (%) 

During Eq 

X/Y 

ξ (%) 

After Eq 

X/Y 

ξ (%) 

AIJ 2000 0.8/0.8 3.6/2.3 0.8/0.8 

ESDU 83009 0.8/0.8 1.7/1.3 0.8/0.8 

Lagomarsino 1993 0.1/0.1 0.2/0.2 0.1/0.1 

EuroCode 

ISO 4534 

ONORM B4014 

- 

- 

- 

1.6/1.6 

1.2/1.2 

1.5/1.5 

- 

- 

- 

Table 14. Damping ratios calculated from empirical equations 

- building 2 

 

Code/Study 

Before Eq 

X/Y 

ξ (%) 

During Eq 

X/Y 

ξ (%) 

After Eq 

X/Y 

ξ (%) 

AIJ 2000 0.5/0.5 1.9/1.4 0.3/0.3 

ESDU 83009 0.6/0.6 1.1/0.9 0.5/0.5 

Lagomarsino 1993 0.3/0.2 0.3/0.3 0.3/0.3 

EuroCode 

ISO 4534 

ONORM B4014 

- 

- 

- 

1.6/1.6 

1.2/1.2 

1.5/1.5 

- 

- 

- 

 

Figures 19-22 show comparison of values obtained from 

different system identification techniques and calculated values 

from recommended empirical equations for the first bending 

mode damping ratios in both directions. Results showed that 

the equations considering frequency, height of the building and 

top displacement response were able to predict increase in the 

damping ratios during the earthquake. However, interpreting 

changes in the damping ratios before, during and after the 

earthquake with  the guidelines or seismic codes presenting a 

single value and including empirical equations that are 

dependent only on height and first bending mode frequency 

would not be correct approach. These equations can be used 

only to compare the damping ratios under the earthquake. As 

can be seen from the results shown below, while the empirical 

equations show good agreement among themselves in terms of 

damping ratios before, during and after earthquakes, larger 

damping ratios compared to those obtained from the empirical 

equations were obtained by using different system 

identification methods. 

 

Figure 19. Comparison of damping ratios X – building 1 

 

Figure 20. Comparison of damping ratios Y – building 1 

 

Figure 21. Comparison of damping ratios X – building 2 

 

Figure 22. Comparison of damping ratios Y– building 2 
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5 CONCLUSION 

In this study, dynamic properties of two tall buildings in 

Istanbul were identified using different system identification 

methods before, during and after the 5.7 magnitude earthquake 

that occurred in the Marmara Sea. As expected, while 

frequencies of the structures decreased, their damping ratio 

increased during the earthquake. However, it was observed that 

dynamic properties of the structures after the earthquake 

approached to pre-earthquake values. This situation can be 

accepted as an indication that there is no structural damage in 

the buildings.  

Many studies in literature showed that damping ratios in tall 

buildings decrease as the height of structures increases.  In this 

study, as expected, a higher damping ratio for the first building 

is obtained by ARX, N4SID and Half-power bandwidth 

methods. However, a lower value is estimated by EFDD and 

Next-ERA methods. 

In addition to these studies, the damping ratios identified 

from different system identification methods were compared 

with results obtained from the empirical equations presented in 

various seismic codes, guidelines and studies in literature. 

According to results, although damping ratios obtained from 

the equations are not exactly the same as the system 

identification results, the equations depending on frequency, 

height of the building and the top displacement response were 

able to predict the increase in the damping ratios during the 

earthquake to a certain level. 
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ABSTRACT: The experimental seismic behavior of a typical viaduct in Italy subjected to subsequent events is analyzed. The 

structure is located along a freeway in Umbria region. Two spans and two piers were monitored in the framework of the 

Osservatorio Sismico delle Strutture monitoring network, managed by the Italian Civil Protection Department. The changes of the 

dynamic characteristics of the structures were analyzed through the analysis of the data recorded during five recent seismic events. 

These five earthquakes were characterized by different magnitude and different Arias Intensity at the site. The analysis allowed 

determining the first natural vibration frequencies of the structure in three perpendicular directions and the associated modal 

shapes. The results pointed that the horizontal vibration frequencies of the structure changed significantly during the different 

earthquakes, which had different effects at the site. Anyway, the bridge recovered its dynamic characteristics also after the 

strongest events, shoving a linear behavior. This work is part of research project on the use of SHM to support the road and 

highway operators in the knowledge of the health status of the existing bridge and viaduct network and for an effective and prompt 

response to any emergencies.  
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1 INTRODUCTION 

Italy, but also other countries in the world, have a significant 

patrimony of bridges and viaducts over 50 years old. These 

structures were built when the technical codes were very 

different from the current ones; they were designed using traffic 

loads quite different from the current ones and seismic actions 

were often neglected [1, 2]. Furthermore, in some cases they 

were realized adopting technologies and materials that are 

considered obsolete nowadays.  

The preservation of these structures is an important issue, 

especially in Italy, where, in the last years, the collapse of some 

viaducts [2, 3] underlined the importance of surveillance and 

maintenance of these structures to ensure their efficiency, 

durability and reliability. Towards that aim structural health 

monitoring (SHM) can have a critical role. SHM has been 

widely implemented for different types of structures, including 

infrastructures [4] and cultural heritage [5]. Different countries 

have invested very much in this research field [6, 7, 8].  

SHM allows monitoring the behavior of a structure in real 

time; as far as bridges and viaducts are concerned, SHM allows 

observing the actual structural response to travelling loads or 

exceptional actions and detecting changes in the structural 

behavior, which could be related to structural damage. 

Furthermore, SHM can be useful to schedule the maintenance 

works and avoid unnecessary inspections and expensive 

allocation of personnel and equipment. After a natural disaster, 

such as an earthquake, a flood or a landslide, a SHM system 

can provide information on the effective structural conditions 

of a viaduct, therefore supporting the technician and the 

authorities to develop a suitable emergency plan [9].  

With reference to the seismic analysis, SHM can play a key 

role [10], supporting the assessment of the dynamic 

characteristics of the structure, such as natural frequencies, 

modal shapes and damping. For this scope, often experimental 

dynamic analysis has been used both in the framework of the 

testing and acceptance analysis of a new bridge [11] and in the 

health analysis of an old bridge to plan for repair or retrofitting 

interventions [12]. Free vibration analyses caused by impulse 

on the deck [12] or to ambient vibrations were used to solicit 

the structure [13]. This information allows to create an accurate 

numeric model of the structure and so, to evaluate its dynamic 

performance during real seismic events. Finally, SHM allows 

to produce post-earthquake scenarios and support rescue 

operations. The majority of the new notable bridges and viaduct 

are equipped with a monitoring system [14]. 

In this paper, the Cesi Viaduct, located along a freeway in 

Umbria region, Italy, is analyzed. The aim of the study is to 

determine the changes of the dynamic characteristics of the 

structures through the analysis of the data recorded during some 

major seismic events. Five earthquakes, characterized by 

different magnitude and distance from the structure, were 

considered. For each of them the Arias Intensity at the bridge 

site was determined and a frequency domain analysis was 

performed. This analysis allowed determining the first natural 

vibration frequencies of the structure in three perpendicular 

directions and the associated modal shapes. The results pointed 

that the vibration frequencies of the structure changed 

significantly during the different earthquakes, which had 

different effects at the site. Anyway, the bridge recovered its 

dynamic characteristics. This occurrence allowed to state that 

the bridges had an elastic behavior under the recorded 

earthquakes.  
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2 THE CESI VIADUCT  

The Cesi viaduct (Figure 1) is located near the San Gemini 

Nord exit, along the freeway SS3bis, which links Terni and 

Ravenna, in the Umbria Region, Italy. The freeway is part of 

the European route E45 that connects Italy and Norway.  

Cesi viaduct has 11 spans, each span has a length of about 35 

m, for a total length of the viaduct of 385 m. The deck is 

composed of 5 prestressed reinforced concrete beams, simply 

supported at the piers (Figure 2). The deck is about 20 m wide 

and hosts two carriageways, each one 10 m wide; each 

carriageway is subdivided in 2 lanes, each one 3.75 m wide, 

plus an emergency lane 2.5 m wide.  

 

 

Figure 1. View of the Cesi viaduct along the freeway SS3bis, 

which links Terni and Ravenna, in the Umbria Region, Italy.  

 

 

Figure 2. Pier 4, composed of two columns and an upper beam. 

The column on the left has been added later and is independent 

of the pier.  

The piers are composed of two columns, having a rectangular 

cross-section, with an upper beam that support the deck beams. 

In some piers, such as Pier 4 (Figure 2), a third column has been 

added but it is structurally independent of the pier itself for both 

vertical and horizontal loadings. It supports a portion of the 

deck, which is structurally separated from the deck by means 

of a longitudinal joint. 

Two spans and two piers, Pier 3 and Pier 4 respectively, of 

the Cesi viaduct are instrumented as part of monitoring network 

“Osservatorio Sismico delle Strutture” for the seismic 

monitoring of strategic structures in Italy, managed by the 

Department of the Civil Protection of the Italian Presidency of 

the Council of Ministers.  

The monitoring system of the Cesi viaduct, schematically 

shown in Figure 3, is composed by 32 accelerometers, deployed 

in 16 locations, as follows: 

• a three-axial accelerometer is on the ground (sensors No. 

1, 2 and 3),  

• a three-axial accelerometer (sensors No. 10, 11 and 12) 

is at the base of Pier 4; two bi-axial accelerometers 

(sensors No. 13 and 14, and sensors No. 15 and 16) and 

a uniaxial one (sensor No. 29) are along Pier 4; two bi-

axial accelerometers (sensors No. 17 and 18, and sensors 

No. 19 and 20) are along Pier 3,  

• a three-axial accelerometer (sensors No. 4, 5 and 6) and 

a biaxial one (sensors No. 21 and 22) are at the top of 

Pier 4; a three-axial accelerometer (sensors No. 7, 8 and 

9) and a biaxial one (sensors No. 23 and 24) are at the 

top of Pier 3,  

• a bi-axial accelerometer (sensors No. 25 and 26) and two 

uniaxial accelerometers (sensors No. 30 and 31, 

respectively) are on the Span 3; a bi-axial accelerometer 

(sensors No. 27 and 28) and one uniaxial accelerometer 

(sensor No. 32) are on the Span 2.  

The sensors are always operative but data are recorded only 

if a certain threshold is exceeded. The recorded data have a 

sample frequency of 200 Hz.  

 

Figure 3. Accelerometric network.  

3 RECORDED DATA AND ANALYSIS  

The behavior of viaduct under different seismic event was 

analyzed, in order to check any changes in the dynamic 

characteristics and eventually to detect any induced damage.  

The first important event analyzed is the April 6th, 2009 

(01:32:40, UTC) L’Aquila Earthquake with moment 

magnitude Mw = 6.1, whose epicenter was about 75 km from 

the viaduct.  

The other four events belong to the seismic sequence that 

stroke Central Italy between August 2016 and January 2017, 

namely (Figure 4):  

• August 16th, 2016, Accumoli Earthquake (Mw = 6.0), 

epicenter 56 km distant from the viaduct,  
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• October 30th, 2016, Norcia Earthquake (Mw = 6.5), 

epicenter 50 km distant from the viaduct,  

• January 18th, 2017, Capitignano Earthquake (Mw = 

5.5), epicenter 60 km distant from the viaduct,  

• January 18th, 2017, Capitignano Earthquake (Mw = 

5.4), epicenter 63 km distant from the viaduct. 

 

 

Figure 4. Earthquakes epicenters.  

For each event, the recorded time-histories of the 

acceleration from each sensor were analyzed both in the time 

and frequency domain.  

The Arias Intensity IA was calculated for each event from the 

recordings on the ground. IA is a measure of the earthquake 

energy and of his destructive potential. It is defined by the 

equation:  

 ( ) ( ) ( )( )2 2 2

0

2 t

A x y zI a t a t a t dt
g


= + +  (1) 

In Eq. (1), 𝑔 is the gravitational acceleration and 𝑎𝑥, 𝑎𝑦 and 𝑎𝑧 

are the accelerations recorded on the ground along three 

perpendicular directions, i.e., the longitudinal, the transversal 

and the vertical direction, respectively.  

The values of the Arias Intensity for each event are reported 

in Table 1 with the main characteristics of the five considered 

earthquakes.  

In Figure 5 the moment magnitude of each earthquake is 

plotted versus the epicenter distance of the viaduct. The size of 

the circles is proportional to the Arias Intensity evaluated at the 

viaduct site, using recordings of sensors No. 1, 2 and 3. It is 

worth noting that the Norcia earthquake, which has the greatest 

moment magnitude and is closer to the viaduct, has the highest 

Arias Intensity.  

The recorded data were analyzed in the frequency domain, 

plotting the Power Spectral Density (PSD) for the time-history 

of each earthquake obtained from the sensors and the Cross 

Spectral Density (CDS) for each significant couple of sensors. 

CSDs allow extracting the resonance frequencies, while PSDs 

allow to gain the energy associated to each frequency 

component and to evaluate the modal amplitudes. 

Table 1. Recorded seismic events. 

Date 

(UTC) 

Earthquake  Mw Depth 

(km) 

Distance 

(km) 

IA 

(cm/s) 

2009.04.06 

(01:32:40) 

L'Aquila 6.1 8 75 1.94 

2016.08.24 

(01:36:32) 

Accumoli 6.0 8 56 5.86 

2016.10.30 

(06:40:17) 

Norcia 6.5 10 50 14.73 

2017.01.18 

(10:14:09) 

Capitignano 

(a) 

5.5 10 60 1.43 

2017.01.18 

(10:25:23) 

Capitignano 

(b) 

5.4 9 63 0.60 

  

 

Figure 5. Moment magnitude of the earthquake and distance 

from the viaduct. The size of blue circles approximately 

represents the Arias Intensity.  

In Figure 6, the PSD respectively along vertical, longitudinal 

and transversal direction are reported for the 2009 L’Aquila 

Earthquake. Analogously, in Figures 7, 8, 9 and 10 the PSD 

along vertical, longitudinal, and transversal direction are 

reported for the other seismic events, respectively.  

It can be seen that the first natural frequency in each direction 

of the structure is clearly recognizable. Actually, almost all the 

sensors in a direction show a peak at the same frequency. It 

must be underlined that, for some earthquakes, some sensors 

give results which suggest a malfunctioning, a misplacement of 

the device or a different orientation that has not been reported 

in the sensors deployment. In Table 2, the first natural 

frequency obtained for each considered earthquake is reported.  

Table 2. Resonance frequencies. 

Earthquake fv 

(Hz) 

fl 

(Hz) 

ft 

(Hz) 

L'Aquila 3.88 1.16 1.6 

Accumoli 3.89 1.08 1.4 

Norcia 3.95 1.01 1.36 

Capitignano (a) 4.07 1.24 1.63 

Capitignano (b) 4.07 1.36 1.64 
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Figure 6. L’Aquila Earthquake: PSDs of the (a) vertical, 

(b) longitudinal, and (c) transversal recordings. 

 

 

Figure 7. Accumoli Earthquake: PSDs of the (a) vertical, 

(b) longitudinal, and (c) transversal recordings. 

 

Figure 8. Norcia Earthquake: PSDs of the (a) vertical, 

(b) longitudinal, and (c) transversal recordings. 

 

 

Figure 9. Capitignano Earthquake: PSDs of the (a) vertical, (b) 

longitudinal, and (c) transversal recordings. 
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Figure 10. Capitignano Earthquake: PSDs of the (a) vertical, 

(b) longitudinal, and (c) transversal recordings. 

 

Figure 11 shows the resonance frequencies versus the Arias 

Intensity. In both the horizontal directions, the corresponding 

first natural frequencies decrease when the Arias Intensity 

increases. So, when the energy that reaches the viaduct is 

greater, the structure becomes more flexible. The stiffness 

variability may be caused by a nonlinear behavior of the 

structure, due to a damage in the structure as a result of the 

earthquake or a mechanical nonlinearity of the material. 

 

 

Figure 11. Fundamental frequencies estimated for the seismic 

events versus the Arias Intensity. 

Figure 12 shows the trends of the frequency and the Arias 

Intensity over time. It can be seen that the Arias Intensity at the 

site reached its maximum value for the Norcia earthquake, 

where the structure exhibited its minimum natural frequencies 

in the horizontal directions. After the Norcia earthquake, the 

successive events were characterized by a lower Arias Intensity 

at the site, i.e., a lower energy at the base of the piers. The 

bridge recovered its first natural frequencies, demonstrating 

that the effects of the previous events were not permanent. One 

can state that the structure kept in the elastic range and the 

dynamic characteristics of the viaduct did not change 

appreciably.  

The analysis in frequency domain was carried out also 

plotting the Cross Spectral Density and the modal shapes of the 

structure. In Figure 13 the modal shape of Pier 3 associated to 

the first resonance frequency is shown.  

The cross analysis pointed out some uncertainties on the 

correct orientation of some sensors.   

 

 

 

Figure 12. First resonance frequencies in the three main 

directions and Arias Intensity during the seismic events. 

 

 

Figure 13. First modal shape of Pier 3 in the longitudinal 

direction. 

4 CONCLUSIONS 

The paper presents the results of the seismic monitoring of a 

typical Italian viaduct by means of an accelerometer network. 

The structural responses to five earthquakes were studied in 

order to find out any changes in the dynamic characteristics of 

the structure.  

Five subsequent seismic events were recorded and classified 

on the basis of the Arias Intensity at the site. The recorded data 

were analyzed in the frequency domain plotting the PSDs, 

which allows to determine the first natural vibration frequency 
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of the structure in the vertical, longitudinal, and transversal 

directions.  

The results showed that the natural frequency decreases with 

the increasing of the energy at the base of the piers. This 

variation is likely due to a non-linear behavior of the structure 

rather than to some damages induced by the seismic event. In 

fact, the first natural frequencies return to higher values for 

events after the most severe earthquake at the site. So, the 

structure did not change its dynamic behavior.  

The behavior of Cesi Viaduct will be furthermore analyzed 

in the future. First of all, the authors want to check the position 

and direction of some sensors, so the CSDs and the modal 

shapes will be determining and compared with those already 

obtained. Successively, a numeric model of the structure will 

be set up and the numerical results will be compared with the 

experimental ones. A reliable procedure of Operational Modal 

Analysis will be developed to automatically elaborate the 

recorded data. 

Furthermore, if it will be possible, the accelerometric 

network will be integrated with more sensors both to extend the 

monitoring to other spans and piers and to measure other 

parameters, such as displacements and rotations. Different kind 

of sensors or monitoring systems, which have been developed 

and applied in the last years, could be used, such as: 

- Micro-Electro-Mechanical-Systems (MEMS), which 

have very little dimensions and can be used in wireless 

monitoring systems.  

- Optical Fiber monitoring systems, which are immune to 

electric and electromagnetic interference and allow to 

place the data processor and controller some kilometers 

away from the monitored structure. 

Furthermore, Earth Radar Interferometer systems (TInRAR), 

can be useful to measure the displacement of different points of 

the structure without the placement of devices on the structure 

itself.  

This work is part of research project on the use of SHM to 

support the road and highway operators in the knowledge of the 

health status of the existing bridge and viaduct network and for 

an effective and prompt response to any emergencies. The 

analyzes shown in this paper ca be carried out automatically 

also during a seismic event so that the results are immediately 

available to detect any damage in the structure [15].   
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ABSTRACT: The seismic response of a large arch dam, measured during an automatically detected seismic event, is studied in 
this paper. The recorded seismic accelerations are compared with results from finite element calculations, considering the 
seismic accelerograms measured near dam-rock interface, at the right bank, as the seismic input. The numerical simulations are 
carried out using two programs, which assume different approaches for modelling dam-water interaction and foundation 
behavior, namely: DamDySSA4.0, a 3D finite element software developed in LNEC for dynamic analysis of concrete dams, and
Code_Aster, the open source finite element software developed in EDF. One of the goals in this study is to better understand the 
energy dissipation phenomenon in large arch dams, a key factor in arch dam seismic analysis, by evaluating the required 
damping ratios to fit the computed results to the measured response. Considering Cabril dam (132 m high) as case study, high 
damping values (around 10%) were required in both programs to get a reasonable agreement between the measured upstream-
downstream accelerations and the computed results. On one hand, this shows that both modelling approaches lead to similar 
outcomes. On the other hand, the difficulties in reproducing the observed response might be related to the inadequacy of the 
seismic input: therefore, the installation of new accelerometers in Cabril dam, namely at the bottom of the valley and in the rock 
foundation, is recommended, and further studies on the dam’s seismic behavior are essential.

KEY WORDS: Arch dam; Seismic response; Monitoring; Finite element analysis; Damping; DamDySSA; Code_Aster.

1 INTRODUCTION

The dynamic behavior monitoring and safety control of large 
concrete dams tends to be conducted nowadays using (i) 
Seismic and Structural Health Monitoring (SSHM) systems,
installed in recent and older dams to assess their performance
under ambient/operational vibrations over time and during 
seismic events, and (ii) sophisticated finite element models,
specifically developed for simulating the response of dam-
reservoir-foundation systems [1,2,3].

The study of the measured seismic response of large dams
can contribute significantly for supporting seismic behavior 
monitoring and for increasing knowledge on the dynamic
response of dam-reservoir-foundation systems [4-8]. Namely, 
the combined use of data from SSHM systems and of 
numerical results from finite element analysis can provide 
valuable information to update/improve monitoring systems
and the respective data analysis software, to calibrate/validate
numerical models and support the development of new ones,
and to further investigate important aspects in dam 
engineering, particularly in what concerns the dam-reservoir 
and dam-foundation interaction, the influence of the reservoir
water level, and the energy dissipation under low to high 
intensity earthquakes.

To contribute for knowledge in this field, a study on the 
seismic response of Cabril dam is presented, based on a
previous paper from the authors [9]. The accelerations
measured in several points at the top of the dam are compared 
with results from finite element analyses. Two programs,

assuming different numerical modelling approaches, are used 
to conduct the seismic calculations, namely DamDySSA4.0, a 
3D finite element program developed in LNEC for dynamic 
analysis of arch dams, and Code_Aster, the open source finite 
element program developed in EDF.

2 CASE STUDY: CABRIL DAM

Cabril dam (Figure 1) is the highest dam in Portugal and it has
been in operation since 1954 on the Zêzere River. It is a 132 
m high double curvature arch dam, founded on a granite rock 
foundation of good quality. The crest is at el. 297 m and its
arch is 290 m long. In the central cantilever, the maximum 
width is of 20 m, at the base, and the minimum width is of 4.5 
m, about 7 m below the crest. Regarding the dam’s structural 
integrity, horizontal cracks were detected at the upper part of 
the dam, around el. 280-290m, during the first filling of the 
reservoir, and concrete internal swelling was detected in the 
late 90’s. Nevertheless, recent studies based on SSHM data
and on finite element results enabled to determine that 
structural behavior is normal [3,10]. The water level in the 
reservoir usually ranges from a minimum at el. 265 m to the 
maximum storage level at el. 295 m. In Cabril dam, a
reinforced concrete intake tower was built near the upstream 
face, being connected to the central cantilever at the crest 
level via a concrete walkway.

Measured seismic response of a large arch dam. Comparison with FE results from 

DamDySSA and Code_Aster

André Alegre1, Emmanuel Robbe2, Sérgio Oliveira1

1Concrete Dams Dep., National Laboratory for Civil Engineering (LNEC), Av. do Brasil 101, Lisbon, Portugal
2Hydro Engineering Centre, Électricité de France S.A (EDF), Av. de Wagram 22-30, Paris, France

email: andrefalegre92@gmail.com, emmanuel.robbe@edf.fr, soliveira@lnec.pt

                          Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure

                                                                                                                                      Porto, Portugal, 30 June - 2 July 2021 

                                                                                                                                                                       ISSN 2564-3738

1377



Figure 1. Cabril dam. Aerial view and technical drawings.

The continuous dynamic monitoring of large concrete dams 
in Portugal began in 2008 with the installation of a pioneer
SSHM system in Cabril dam [11], in the scope of a research 
program supported by the Portuguese Foundation for Science 
and Technology (FCT) and by Energias de Portugal (EDP).
The SSHM system (Figure 2) was developed to continuously
measure the dynamic response of the dam over time, in
normal operational conditions, and during seismic events [12].
With that aim, the monitoring scheme was designed to record 
accelerations at the upper part of the dam structure and near 
the dam-rock interface, using 16 uniaxial (EpiSensor ES-U2) 
and 3 triaxial (EpiSensor ES-T) force balance accelerometers 
from Kinemetrics Inc (www.kmi.com). The uniaxial 
accelerometers measure accelerations in the radial direction 
and are located at the upper part of the dam: 9 in the upper 
gallery, below the crest at el. 294 m, and 7 in the second 
gallery, around 20 m below. As for the triaxial sensors, one is 
positioned in the upper gallery, in the central cantilever, while 
the other two are installed near the dam-rock interface, in both 
banks. The system was also prepared with a high dynamic 
range: full-scale recording ranges of ± 0.25g and of ± 1g were 
defined for the uniaxial and triaxial sensors, respectively. 
Therefore, this system is capable of accurately measuring low 
amplitude vibrations, under ambient/operational vibrations or 
low intensity earthquakes, and motions of greater amplitudes,
caused by high intensity earthquakes. All accelerometers are 
connected to a modular system, composed by 

acquisition/digitalization units, which in turn are controlled by 
4 data concentrators. All data is sent through a local optical 
fiber network to a server, installed in an office at the dam’s 

power station. In resume, 25 accelerograms are recorded (in 
24 bit) at a sampling rate of 1000 Hz and subsequently stored,
every hour.

In order to complemente Cabril dam’s SSHM system, 
specific computational tools have been developed for 
managing and analyzing monitoring data [2,3,10]. Among 
them, there is a program that executes several tasks
automatically, including earthquake detection, based on 
simplified maxima and pattern analysis of the acceleration 
records, and email sending to engineers responsible for Cabril 
dam safety control. This program was vital for detecting the 
earthquake analyzed in this work.

Figure 2. SSHM installed in Cabril dam.

3 USED PROGRAMS AND NUMERICAL MODEL

As mentioned previously, aiming to compare the measured 
response with results from numerical simulations, the seismic 
analyses were performed using two finite element programs:
DamDySSA4.0 and Code_Aster.

3.1 DamDySSA4.0

First, the seismic analysis was carried out using 
DamDySSA4.0, a 3D finite element program developed in 
LNEC for dynamic analysis of concrete dams (Figure 3).

The dynamic behavior of the dam-reservoir-foundation 
system is simulated based on a coupled finite element 
formulation [13] in displacements (solid domain: dam and 
foundation) and in hydrodynamic pressures (fluid domain: 
reservoir). Specific boundary conditions are prescribed to 
consider dam-reservoir dynamic interaction, the propagation 
of pressure waves in water and the free surface condition [13].
Generalized (or non-proportional) damping is assumed:
Rayleigh damping is calculated element by element in the 
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solid domain, while energy dissipation in the reservoir is due 
to fluid radiation damping. The massless foundation approach 
is considered [14], and the substructure method [15] is used to 
compute the foundation block as an elastic, massless 
substructure. When using this approach, the seismic input is 
applied directly at the foundation base.

The latest version of DamDySSA includes three distinct
modules, namely for complex modal analysis, linear seismic 
analysis and non-linear seismic. Aiming to reproduce the 
seismic response of Cabril dam under a low intensity 
earthquake, the module for linear seismic analysis was used. 
In this module, the forced dynamic response of the coupled 
system with damping is calculated using a time-stepping
procedure for numerical integration, based on the Newmark 
method. Also, linear-elastic behavior is assumed for concrete 
and no joints incorporated in the model.

Figure 3. DamDySSA4.0: User interface, dam-reservoir-
foundation system, with main equations and interfaces, and 

implemented finite element formulation.

The 3D model of the dam-reservoir-foundation system 
presented in Figure 4 is used. The dam concrete and the 
foundation rock are isotropic materials, considering the same 
Young’s modulus, E = 25 GPa, and Poisson’s ratio, v = 0.2. 
The relation Edyn = 1.3 × E is assumed for dynamic 
calculations. The water is a compressible fluid with a wave 
propagation velocity c = 1440 m/s, and the reservoir level is 
chosen as input by the program user. Regarding damping, a
Rayleigh law with α = 2 and β = 0.006 is used for all dam 
elements, resulting in a damping ratio of about 10% around 
frequency band from 2 to 3 Hz (first vibration modes).

Figure 4. 3D model of Cabril dam-reservoir-foundation 
system used in DamDySSA4.0.

3.2 Code_Aster

To provide an additional source of comparison, a seismic 
calculation was also performed using the open-source 
software Code_Aster, developed by EDF 
(www.code_aster.org). This software has been used to 
conduct similar studies, to compare computed and recorded 
seismic accelerations for several other concrete dams [7,8].

In Code_Aster, fluid-structure interaction is simulated in a 
similar way to DamDySSA, but potential-based fluid elements 
are used for the fluid domain [16]. Specific boundary 
conditions are established to account for a radiation boundary 
at the end of the reservoir domain and fluid-structure
interaction between the dam and the reservoir. In addition,
fluid-structure interaction is also considered between the 
reservoir and the foundation. Regarding the foundation
behavior, a viscous spring boundary model is implemented
[17], as proposed and well described in [7,8] (Figure 5). This 
model is employed to absorb the wave energy radiating away 
from the dam and the foundation. With this method, 
earthquake input is introduced as compression and shear 
waves, vertically propagating from the bottom to the top of 
the foundation [17]. Side boundaries should not be neglected
when using a free-field column providing the propagation of 
the wave in an unbounded foundation.

For the simulations with Code_Aster, a new 3D model of 
the dam-reservoir-foundation system was used: the dam mesh 
remained the same while a new mesh of the foundation had to 
be generated (Figure 6). Concerning the dam and foundation 
material properties, the same values presented in the model 
for DamDySSA are considered. The damping in the foundation 
is related to the radiative damping due to the absorbing 
boundaries. A Rayleigh damping law is considered for 
concrete with α = 0.0036 and β = 5.57. Such values provide 
around 20% of damping at the natural frequency of 15 Hz, but 
a lower value for intermediate frequencies (15% between 4 
and 9 Hz).

Such high values of damping, needed in both models to 
roughly reproduce the dam’s response, are not very usual.
Instead, lower damping ratios, are commonly considered for 
concrete dams by other authors [4-8].
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Figure 5. Code_Aster. Dam-reservoir-foundation system with 
viscous spring boundaries model for the foundation.

Figure 6. 3D model of Cabril dam-reservoir-foundation 
system used in Code_Aster.

4 SEISMIC RESPONSE OF CABRIL DAM

The SSHM system installed in Cabril dam and the developed 
software have made it possible to record accelerations during 
earthquake events and to automatically detect those events.
This has enabled studies on the dam’s seismic response to be 
carried out, based on accelerations measured in the dam and 
near the dam-rock surface. In this work, the seismic 
accelerations recorded during an earthquake are compared 
with those from finite element analyses.

4.1 Detected seismic event and recorded accelerations

On September 4, 2018, Cabril dam was subjected to a M 4.6
earthquake, with the epicenter at about 200 km from the dam,
in the Peniche abyssal region (Figure 7). The seismic waves 
hit the dam site from the west-northwest, approximately in the 
cross-valley direction. At the time, the water level was at el. 

281.2, i.e. 15.8 m below the crest level. This distant 
earthquake event induced low amplitude vibrations in the 
dam, around 1 to 4 mg, as seen in the acceleration time 
histories presented next.

Figure 7. Earthquake detected in Cabril dam on September 4, 
2018. Distance to the dam site.

The seismic accelerations recorded near the dam-rock 
interface, with the triaxial sensor RBxyz installed at the right
bank, are shown in Figure 8. The peak accelerations were 2.2
mg (0.0216 m/s2) in the cross-valley (cv) direction, 1.4 mg
(0.0137 m/s2) in the upstream-downstream (us/ds) direction
and 1.3 mg (0.0128 m/s2) in the vertical (ve) direction.

Figure 8. Accelerations recorded at the right bank (RBxyz).
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In this work, the measured accelerations are compared with
numerical results for three positions in the upper part of the 
dam body, both in the upper gallery (el. 294 m) and in the 
second gallery (el. 275 m). Figure 9 shows the acceleration
time histories measured with the uniaxial accelerometers 
KL294 and NO294, located in the upper gallery, and with
KL275, positioned in the second gallery. The peak 
acceleration, 3.6 mg (0.0353 m/s2), was recorded in the 
central section of the upper gallery with KL294, in the 
upstream-downstream direction. Compared to the peak 
acceleration near the abutment in the same direction (1.4 mg), 
the amplification ratio is approximately 2.5. Furthermore, 
considering the record at KL275, it is interesting to note how 
the amplification ratio of peak accelerations, only 1.15, is 
surprisingly low. These amplification ratios between the 
accelerations in the dam body and in the abutment raise some 
questions about the behavior of Cabril dam that require further 
investigation. Furthermore, perhaps it would be more useful to 
do the same comparison with accelerations measured at the 
bottom of the valley, in the dam base (which is not possible 
for this dam); this could also provide an additional insight to
help explain the need for high damping values to fit computed
results to the measured response, as shown in this work.

Figure 9. Accelerations recorded in the upper gallery (KL294 
and NO294) and in the second gallery (KL275).

4.2 Measured and computed response

The comparison between the measured seismic accelerations
in Cabril dam, during the earthquake on September 4, 2018, 
and the results computed with DamDySSA and Code_Aster is
presented next. The finite element analyses were conducted
considering the model reservoir level at el. 280 m, as close as 
possible to real water level on that day. Furthermore, the 
seismic accelerograms recoded with RBxyz near the dam-rock 
interface at the right bank, are used as seismic input. In
DamDySSA the input is applied at the massless foundation 
base, while in Code_Aster the seismic accelerations the 
seismic input is introduced at the bottom of the foundation, 
vertically propagating in the foundation mass. The study 
herein is mainly focused on analysing the acceleration time 
histories, recorded in the upstream-downstream direction.

Starting with the response computed at the location of RBxyz

(Figure 10), an excellent agreement is achieved with the 
results computed with DamDySSA; in Code_Aster,
considering that the chosen input cannot be considered as 
free-field, there is no surprise that the computed response 
slightly differs from the recorded one.

As for the results obtained at the positions of KL294 (Figure 
11), NO294 (Figure 12) and KL275 (Figure 13), the 
comparitive study shows that a reasonable agreement was 
achieved between measured and computed response with both 
DamDySSA and Code_Aster. However, for Cabril dam these 
results could only be obtained with damping ratios of around 
10% in the frequencies of the first dam vibration modes.
Nevertheless, the computed response is still overestimated in 
comparison with the measured one. Taking into account that 
both programs, based on different foundation and seismic 
input modelling approaches, led to similar results, then the
difficulties faced in reproducing the measured response of this 
particular dam using lower damping ratios may in fact be
related to the inadequacy of the seismic input, which in this 
case is recorded at an elevation much higher than the base of
the dam. 

Finally, a graphical tool that evaluates specific ratios 
between the computed results and the measured response is 
shown in Figure 14. In this case, the comparison is performed
for the response measured with the triaxial accelerometer 
KL294xyz. The evaluated parameters include the peak 
accelerations (PkA), peak displacements (PkD), the 
acceleration spectrum (FFT) in multiple frequency bands and 
the associated energy (NRJ), which are shown in a circular 
chart for comparison with the results from both DamDySSA

and Code_Aster. Once again, it is possible to note a 
reasonable agreement in the upstream-downstream direction. 
However, the numerical results are generally overestimated, 
particularly for the parameters related to the cross-valley and 
vertical directions. 
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Figure 10. Comparison between measured and computed 
seismic accelerations: accelerometer RBxyz.

Figure 11. Comparison between measured and computed 
seismic accelerations: accelerometer KL294.

Figure 12. Comparison between measured and computed
seismic accelerations: accelerometer NO294.

Figure 13. Comparison between measured and computed 
seismic accelerations: accelerometer KL275.
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Figure 14. Comparison between measured and computed 
response (DamDySSA and Code_Aster).

5 CONCLUSION

This paper presented a study on the seismic response of a 
large arch dam, namely Cabril dam (132 m high), Portugal, 
for an earthquake event automatically detected at the dam site 
on September 4, 2018. The seismic accelerations recorded
with Cabril dam’s SSHM system were compared with results 
from numerical analyses, conducted using the finite element 
programs DamDySSA4.0 and Code_Aster, which are based on 
different approaches for modelling the dam-reservoir 
interaction and the foundation behavior. The seismic 
accelerograms recorded at the right bank, near the dam-
foundation surface, were used as inputs in the models.

In resume, a reasonable agreement was reached between 
measured and computed response. For the case of Cabril dam, 
the achieved comparison was only possible when using high 
damping values in both numerical models. However, the 
response was still generally overestimated. Overall, this 
comparative study showed that DamDySSA and Code_Aster,
although based on different models, enabled to achieve similar 
results. Additionally, the obtained results seem to indicate that 
the used seismic input, recorded at the dam-rock interface but 
at an elevation much higher than the dam base, is inadequate, 
hence the difficulties in reproducing the measured response.
Therefore, the installation of new accelerometers in Cabril 
dam, namely at the bottom of the valley and eventually in the 
free field, is recommended, not only to support seismic 
monitoring but also to enable more studies on the dam’s
seismic behaviour to be conducted. 

Finally, this work has also contributed to emphasize that 
further investigations are required for large concrete dams 
under low/medium and high amplitude earthquakes, 
particularly in what concerns the damping ratios to fit 
numerical results to the measured response and the seismic 
inputs used in the analyses. In this scope, as shown herein, the
combined use of monitoring data from SSHM systems and of
numerical results from finite element analyses can be 

extremely valuable for studying the seismic behaviour of 
dams, aiming to better understand the measured response and 
to investigate important aspects in numerical modelling.
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ABSTRACT: This paper presents recent results from studies on the dynamic behavior of large concrete dams in normal 

operational conditions, based on the comparison between experimental results, extracted from continuous dynamic monitoring 

data, and numerical results from finite element analysis. The case studies are Cabril dam (132 m high), in Portugal, and Cahora 

Bassa dam (170 m high), in Mozambique, two large arch dams that have been under Seismic and Structural Health Monitoring 

since 2008 and 2010, respectively. The monitoring data analysis is performed using DamModalID, a program specifically 

prepared for automatic frequency domain modal identification, while the numerical simulations are carried out utilizing 

DamDySSA4.0, a 3D finite element program developed for dynamic analysis of concrete dams. The focus in this work is on 

studying the evolution of the main natural frequencies over time, namely (i) to analyze the influence of the reservoir water level 

variations on the dynamic properties of the dam-reservoir-foundation system and hence on the frequencies’ values, and (ii) to 

evaluate the correlation with the deterioration and ageing of dams, ultimately aiming at the detection of eventual structural 

changes due to concrete damage. Based on the presented results, the relation between the frequencies’ values and the water level 

variations made it possible to verify that the dynamic response of both dams is clearly influenced by the reservoir level. 

Furthermore, the comparison between the identified frequencies and the values computed with reference models, considering 

linear behavior, enabled to conclude that the dynamic behavior of both dams has not changed over the last decade, despite the 

existing deterioration phenomena, and thus they can continue operating normally. 

KEY WORDS: Cabril dam; Cahora Bassa dam; SSHM systems, Finite element analysis; Dynamic behavior; Damage detection 

1 INTRODUCTION 

Large concrete dams are essential civil engineering structures 

for populations, by making a decisive contribution for the 

proper management of water resources, namely to water 

suppl, energy production, flood control, irrigation, etc. 

Furthermore, these are structures associated with high 

potential risks [1], considering the catastrophic consequences 

that can arise from a dam failure situation, including human, 

material and environmental damage. For these reasons it is 

fundamental to evaluate the performance of new and old dams 

in normal operational conditions and during seismic events, 

particularly those with significant deterioration phenomena 

and/or located in seismic areas, in order to ensure their safety 

for any type of hazards from the natural and man-made 

environment [2]. In this scope, aiming at supporting health 

monitoring and dam safety control, it is necessary to continue 

investing (i) in Seismic and Structural Health Monitoring 

(SSHM) systems, properly complemented with software for 

analyzing monitoring data, and (ii) in advanced finite element 

models of dam-reservoir-foundation systems and programs for 

modal analysis.  

The study of the observed behavior of large concrete dams, 

in combination with results from numerical analyses, can give 

a significant contribution for health monitoring and safety 

control, and for increasing the specific knowledge on the 

dynamic behavior of dam-reservoir-foundation systems [3-7].   

Namely, it can provide useful data to update/improve 

monitoring systems and the respective data analysis software, 

to calibrate/validate numerical models and support the 

development of new ones, and to further investigate important 

aspects concerning dam-reservoir and dam-foundation 

interaction, the influence of the reservoir water level, and the 

energy dissipation under low to high intensity earthquakes. 

In this scope, this paper presents the SSHM systems 

installed in Cabril dam (2008) and in Cahora Bassa dam 

(2010). Special reference is made to the software developed 

for both dams [3-7], and to the main results obtained from 

continuous dynamic monitoring, with focus on the evolution 

of natural frequencies over time, particularly for studying the 

influence of the water level and for damage detection. The 

potential of the developed data analysis software is 

highlighted, as well as the usefulness of this type of SSHM 

systems to increase knowledge about the dam’s behavior and 

to evaluate the structural integrity. 

2 CASE STUDIES: CABRIL DAM (PORTUGAL) AND 

CAHORA BASSA DAM (MOZAMBIQUE) 

The case studies selected for this paper are two large concrete 

dams that have been under continuous dynamic monitoring 

over the last decade, namely Cabril dam (132 m high), in 

Portugal, and Cahora Bassa dam (170 m high), in 

Mozambique. Both dams and the corresponding SSHM 

systems are described next. 

Use of SSHM data for dynamic behavior analysis and damage detection on large 

dams. The cases of Cabril dam and Cahora Bassa dam 
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2.1 Cabril dam 

Cabril dam, the highest in Portugal, is a 132 m high double 

curvature arch dam (Figure 1). It is located on the Zêzere river 

and has been in operation since 1954. The crest, 290 m long, 

reaches the elevation of 297 m. The central cantilever has a 

maximum width of 20 m at the base and a minimum of 4.5 m 

at the elevation 290 m, 7 m below the crest. Significant 

horizontal cracking occurred at the upper part of the structure 

(around 280-290 m) during the first filling of the reservoir. 

Also, a concrete swelling process has been detected in the late 

90’s. Nevertheless, the dam remains in good condition to this 

day and its behavior is considered normal. The reservoir water 

level usually ranges from a minimum of about 265 m to the 

maximum storage level of 295 m throughout the year. 

Furthermore, a reinforced concrete intake tower with the same 

height of the dam was built near its upstream face. The tower 

is connected to the central section of the dam at the crest level 

via a concrete walkway, with a joint in the contact surface, 

which opens for high water levels and closes for low water 

levels (full contact between tower and dam). 

 

 
 

 

Figure 1. Cabril dam. 

 

In Portugal, the health monitoring and safety control of 

large dams using systems for continuously measuring 

structural vibrations due to ambient excitation and during 

seismic events began in 2008, when LNEC and EDP, with 

support from the Portuguese Foundation for Science and 

Technology, installed a pioneer system to continuously 

monitor the dynamic behavior of Cabril dam over time [8]. 

This system, designed for seismic and structural health 

monitoring (SSHM) [8,9], was the result of a long-term 

research program that has been developed over more than two 

decades, with focus on numerical modeling and continuous 

dynamic monitoring, to study the dynamic behavior of large 

concrete dams. Therefore, this project included the 

development of both hardware components and software 

modules for monitoring data analysis and numerical 

modelling simulations [3-7] (see chapter 3 for further details). 

The SSHM system (Figure 2) was developed to 

continuously measure the dynamic response of the dam over 

time, in normal operational conditions, and during seismic 

events. With that aim, the monitoring scheme was designed 

[8,9] to record accelerations at the upper part of the dam 

structure and near the dam-rock interface, using 16 uniaxial 

(EpiSensor ES-U2) and 3 triaxial (EpiSensor ES-T) force 

balance accelerometers from Kinemetrics Inc 

(www.kmi.com). The uniaxial accelerometers measure 

accelerations in the radial direction and are located at the 

upper part of the dam: 9 in the upper gallery, below the crest 

at el. 294 m, and 7 in the second gallery, around 20 m below. 

As for the triaxial sensors, one is positioned in the upper 

gallery, in the central cantilever, while the other two are 

installed near the dam-rock interface, in both banks. The 

system was also prepared with a high dynamic range: full-

scale recording ranges of ± 0.25g and of ± 1g were defined for 

the uniaxial and triaxial sensors, respectively. Therefore, this 

system is capable of accurately measuring low amplitude 

vibrations, under ambient/operational vibrations or low 

intensity earthquakes, and motions of greater amplitudes, 

caused by high intensity earthquakes. All accelerometers are 

connected to a modular system, composed by 

acquisition/digitalization units, which in turn are controlled by 

4 data concentrators. All data is sent through a local optical 

fiber network to a server, installed in an office at the dam’s 

power station. In resume, 25 accelerograms are recorded (in 

24 bit) at a sampling rate of 1000 Hz and subsequently stored, 

every hour. Data storage and management of this data is 

carried out at the server using appropriate tools [6] developed 

in MATLAB, which can be accessed remotely via internet.  

 

 

Figure 2. SSHM system in Cabril dam. 

 

Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure

1386



2.2 Cahora Bassa dam 

Cahora Bassa dam (Figure 3) is a large concrete dam located 

on the Tete province, near Songo, in western Mozambique. 

The dam was built from 1969 to 1974 on the Zambezi River, 

the fourth largest river in Africa, and it impounds Lake 

Cahora Bassa, a 270 km long lake that extends to the 

Mozambique - Zimbabwe/Zambia border. 

Cahora Bassa dam is a thin 170 m high double curvature 

arch dam. The crest is at el. 331 m and its arch is 303 m long. 

The central cantilever width is of 23 m at the base and of 4 m 

at the crest. This is one of the largest dams in Africa. To 

regulate water flow and the reservoir level, the structure has 

one control surface spillway and eight half-height spillways. 

The dam is founded on a gneissic granite mass rock 

foundation of very good quality.  Regarding structural health, 

a concrete swelling process was detected in 1980. A swelling 

typical cracking pattern can be observed at the crest surface. 

Also, some small horizontal cracks are detected at the 

downstream face, probably caused by the hydrostatic pressure 

(and/or thermal variations). 

 

 
 

 
 

            

Figure 3. Cahora Bassa dam. 

 

In Africa, continuous dynamic monitoring of large dams 

began in 2010, when Hidroeléctrica de Cahora Bassa (HCB) 

installed a SSHM system in Cahora Bassa dam for 

continuously measuring accelerations over time [10-13], 

aiming to continuously study its dynamic behavior in normal 

operating conditions, under ambient/operational vibrations, 

and to measure the response in accelerations during seismic 

events, for dynamic monitoring and safety control over time 

[5]. To that end, the system was configured to record 

acceleration time series continuously and automatically with a 

1-hour duration, at a sampling rate of 50 Hz, using extremely 

low noise sensors with a full-scale recording range of ± 1g. 

The monitoring scheme includes 10 uniaxial accelerometers 

(EpiSensor ES-U2) to measure accelerations in the radial 

direction, located in the upper gallery (at el. 326 m), 5 m 

bellow the crest, and 3 triaxial sensors (EpiSensor ES-T), one 

positioned at the dam base and the other two located in the 

right and left banks (in the rock mass). All sensors are 

connected to a Granite unit with 24 channels from 

Kinemetrics for data acquisition/digitalization in 24-bit. In 

total, 19 accelerograms are continuously recorded, transmitted 

and stored, every hour, at the computer server located in the 

dam’s control center. 

Later, in 2013, a dynamic monitoring system was also 

installed for structural health monitoring of Roode Elsberg 

dam, located in Worcester, Western Cape, South Africa, after 

several years of ambient vibration tests [14,15]. 

 

 

Figure 4. SSHM system in Cahora Bassa dam. 

 

3 SOFTWARE FOR MONITORING DATA ANALYSIS 

AND FINITE ELEMENT NUMERICAL ANALYSIS 

The main goal of this paper is to the present the results 

extracted from continuous dynamic monitoring data of Cabril 

dam and Cahora Bassa dam over the last decade, and to 

perform the comparison with results from finite element 

analyses, namely for studying the influence of the reservoir 

water level in the dynamic performance of both dams and for 

providing some insight on damage detection. Therefore, the 

intended investigations require the use of appropriate software 

(Figure 5), namely for monitoring data analysis and for 

numerical analysis [3-7]. 

The software developed for analyzing the monitoring data 

of Cabril dam and Cahora Bassa dam includes several tools, 

properly adapted and optimized for each dam and the 

respective monitoring system, namely DamModalID, for 

automatic modal identification, and DamSeismicVibID, for 

automatic earthquake detection. For numerical modelling the 

dynamic response of dam-reservoir-foundation systems, there 

is DamDySSA, a 3D finite element program developed for 

Plan view 

                          Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure

1387



dynamic analysis of concrete dams. In this work, 

DamModalID and DamDySSA’s module for modal analysis 

are used.  

 

 

Figure 5. Developed software for monitoring data analysis and 

for finite element analysis. 

 

4 CABRIL DAM. DYNAMIC MONITORING OVER 

TIME (2008-2020). MAIN RESULTS 

In his section, the dynamic response of Cabril dam under 

ambient/operational vibrations is analyzed during the 

monitoring period from December 2008 to June 2019, with a 

reservoir level variation between 296 and 266 m. Over this 

time, there were some periods during which the system was 

not operational, due to malfunctions or damages in the 

hardware components. Nonetheless, the system was fully 

repaired in June 2018 and has been under periodical 

maintenance ever since. 

The evolution of the automatically identified natural 

frequencies, using DamModalID, is presented for the first five 

vibration modes in Figure 6. These results clearly show how 

the dynamic behavior of the dam is clearly influenced by the 

water level in the reservoir, considering that the values of the 

identified natural frequencies follow the water level variations 

over time. For example, the natural frequency of the first 

vibration mode (antisymmetric) varies from 2.7 Hz to 2.1 Hz, 

for reservoir water level values between 265 m to 295 m, 

respectively;  as for the second mode (symmetric), the 

frequency ranges from 2.75 Hz to 2.3 Hz, for the same  

reservoir levels. As can be noted, the first two modes are 

closer for lower reservoir water levels than the other ones.  

 

 

Figure 6. Cabril dam. Dynamic monitoring over time: 

evolution of natural frequencies (2008-2019). 

 

The finite element modal analyses are carried out with 

DamDySSA, using the reference linear model of the dam-

reservoir-foundation system shown in Figure 7. The dam 

concrete and the foundation rock are isotropic materials with 

linear elastic behavior, considering a static Young’s modulus 

E = 25 GPa and a Poisson’s ratio  = 0.2. As for the reservoir, 

the water is assumed as a compressible fluid with a pressure 

waves propagation velocity cw = 1500 m/s. Moreover, the 

water level is chosen as an input to the model and the 

reservoir mesh is automatically readjusted. For the dynamic 

calculations a dynamic Young’s modulus Edyn = 1.3 × E was 

used. The cracked zone was simulated using joint elements 

with linear behavior at the elevation 285 m. The modal 

configurations of the first five dam vibration modes, 

computed for a water level input of 293.5 m, are also 

presented: modes 1 and 4 are antisymmetric, while modes 2, 3 

and 5 are symmetric. 

The comparison between the identified natural frequencies 

over time and the computed frequencies is also displayed in 

Figure 7. The dynamic simulations are performed using the 

using the real reservoir water levels as inputs in the reference 

model (thermal variations and other time-dependent effect 

were neglected). In general, the presented results show a good 

agreement between identified and computed natural 

frequencies. It is interesting to note that for lower reservoir 

levels (below around 285 m), the intake tower is in full 

contact with the dam at the crest level, resulting in a dynamic 

dam-tower interaction that influences the dynamic response of 

the dam and thus the evolution of the natural frequencies. 

According to the experimental data, the symmetric modes are 

expected to be specially affected for lower water levels. In this 

case, it would be useful to consider a 3D model with the 

intake tower connected to the dam crest, aiming to properly 

Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure

1388



simulate the mode shapes of the global dam-tower-reservoir 

system. Still, even for the referred modes, the differences 

between identified and computed frequencies are not greater 

than 0.2 Hz. In resume, the presented results demonstrate that 

the reference linear model can accurately simulate the 

dynamic behavior of Cabril dam.  

 

 

Figure 7. Cabril dam. Numerical model. Comparison between 

identified and computed frequencies. 

 

Furthermore, for structural health monitoring and safety 

control, an important observation to be made is that the 

differences between identified and computed values remain 

the same for similar conditions (i.e. for similar reservoir water 

levels) over the ongoing monitoring period, meaning that 

Cabril dam’s dynamic performance has not changed over the 

last decade. To provide additional insight on this matter, an 

additional comparison is presented in Figure 8, to show how 

SSHM systems can be useful to automatically provide 

information about dam deterioration, by comparing 

experimental data and numerical results from finite element 

models. As seen in Figure 8.a), the natural frequency of the 1st 

mode increases when the reservoir water level decreases, and 

the experimental values identified between 2009 and 2019 are 

perfectly simulated with the reference linear model – in this 

model, a non-damaged elasticity modulus was used for the 

concrete (E = Ei), which remains constant over the referred 

period of about 10 years. The good agreement obtained 

between numerical and experimental values of the 1st natural 

frequency of the dam over the whole period under analysis 

means that the elasticity modulus of the dam concrete has not 

suffered noticeable changes. On the other hand, a small 

decrease in stiffness, e.g. corresponding to a damage value of 

less than 4%, would have been detected, as shown in Figure 

8.b). These results clearly prove the great interest of the 

continuous monitoring system installed in Cabril dam for the 

control of progressive deterioration processes associated with 

the swelling process, or eventual deterioration caused by 

exceptional events such as strong earthquakes. 

 

 

Figure 8. Cabril dam. Evolution of the 1st natural frequency 

over time (2009-2019). a) Comparison with computed values, 

considering no damage; b) Comparison with computed values, 

considering evolutive damage (d=0 to 0.04). 

 

5 CAHORA BASSA DAM. DYNAMIC MONITORING 

OVER TIME (2010-2020): MAIN RESULTS 

In this section the dynamic behaviour of Cahora Bassa dam is 

analyzed under ambient/operational excitations during the full 

monitoring period from August 2010 to June 2019, 

corresponding to a reservoir level variation from 312 to 

326 m. 

The evolution of the automatically estimated natural 

frequencies with DamModalID, is presented in Figure 9 for 

ten dam vibration modes. Once again, the results show that 

the dynamic behavior of the dam is clearly influenced by the 

water level variations, which in this case is more noticeable 

for the vibration modes with higher natural frequencies. For 

example, the frequency of the first vibration mode 

(antisymmetric) ranges from 1.95 Hz, for the water level at el. 

312 m, to 1.78 Hz, for the reservoir at el. 326 m, while the 

natural frequency of the second mode (symmetric) varies 

between 2.4 Hz and 2.16 Hz. 

The numerical analyses are carried out with DamDySSA, 

using the reference linear model of the dam-reservoir-

foundation system shown in Figure 10. The dam concrete and 

the foundation rock are isotropic materials with linear elastic 

behavior, with Young’s modulus E = 40 GPa and Poisson’s 

ratio v = 0.2, while the water in the reservoir is a compressible 

fluid with a pressure waves propagation velocity cw = 1500 

m/s. As mentioned for the analysis of Cabril dam, the relation 

Edyn = 1.3 × E was used in the dynamic calculations. The first 

five dam vibration modes, calculated for the water level at el. 

322 m (19 m below the crest level), are also presented: modes 

1 and 5 are antisymmetric, while modes 2, 3 and 4 are 

symmetric. 

The comparison between the identified natural frequencies 

over time and the frequency values from numerical analysis is 

also presented in Figure 10 for the first five vibration modes. 

Overall, a very good agreement has been achieved between 

experimental and numerical frequencies, which improves as 

the water level increases. Nevertheless, even for lower water 

levels, the obtained differences are never greater than 0.05 Hz, 

with the only exception being the fourth mode. Again, the 
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presented results demonstrate that the reference linear model 

is able to properly simulate the dynamic behavior of Cahora 

Bassa dam. 

 

 

Figure 9. Cahora Bassa dam. Dynamic monitoring over time: 

evolution of natural frequencies (2010-2019). 

 

 

Figure 10. Cahora Bassa dam. Numerical model. Comparison 

between identified and computed frequencies. 

 

Moreover, as in the case of Cabril dam, the most important 

remark to be made in the scope of structural health monitoring 

and safety control is that the difference between identified and 

computed frequencies remains constant for similar water 

levels over the whole monitoring period: thus, Cahora Bassa 

dam’s dynamic behavior has not change over the last ten 

years. Once more, to further illustrate this concept, Figure 11 

shows the evolution of the natural frequency of the 1st 

vibration mode of Cahora Bassa dam between 2010 and 2019. 

The identified values are compared with the frequency curves 

computed using the reference linear model, without damage in 

concrete (Figure 11a), and using a finite element model with 

increasing damage (d) over time, from 0 to 4%, assuming an 

uniform concrete deterioration throughout the whole dam 

body (Figure 11b). The correspondence achieved between the 

identified frequencies and the curve computed with the linear 

model helps support the conclusion that the dam’s 

performance has not during the last ten years. Otherwise, in 

case there was a significant concrete deterioration process 

affecting the dam’s properties, the changes in the evolution of 

the identified natural frequencies and the variation in the 

identified-computed relation could be noticed, as shown in the 

curve computed using the model with increasing damage. 

These results clearly prove the great interest of the continuous 

monitoring system installed in Cahora Bassa dam for the 

control of eventual progressive deterioration processes that 

can occur due to the swelling or deterioration caused by a 

strong earthquake. 

 

 

Figure 11. Cahora Bassa dam. Evolution of the 1st natural 

frequency over time (2010-2020). a) Comparison with 

computed values, considering no damage; b) Comparison with 

computed values, considering evolutive damage (d=0 to 0.04). 

 

6. CONCLUSIONS 

A complete study on the dynamic behavior of Cabril dam 

(132 m high), in Portugal, and Cahora Bassa dam (170 m 

high), in Mozambique, two large arch dams that haven been 

under continuous dynamic monitoring over the last decade 

was presented in this paper. The focus was on the evolution of 

the natural frequencies over time, in order to analyze the 

influence of the reservoir water level variations on the 

dynamic behavior of both dams, and to evaluate the 

correlation with the deterioration and ageing of dams, aiming 

at the detection of eventual structural changes due to concrete 

damage. The continuous monitoring data analysis was 

performed using software for automatic modal identification 
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(DamModalID), while the numerical calculations were carried 

out using a 3D finite element program (DamDySSA) for 

dynamic analysis of concrete dams. 

As for the results presented herein, the correlation between 

the frequencies’ values and the water level variations enabled 

to demonstrate that the dynamic response of both dams was 

clearly influenced by the reservoir level, as expected. 

Furthermore, in the scope of health monitoring and dam safety 

control, the excellent agreement between the identified 

frequencies and the values computed with the linear reference 

models allowed to conclude that the dynamic behavior of both 

dams has not changed over the last decade, despite the 

existing deterioration phenomena, and thus they can continue 

operating normally. 

The operation of the SSHM systems installed in both Cabril 

dam and Cahora Bassa dam has shown that, with the recent 

developments in the hardware and software components, this 

type of systems can effectively contribute to improve the 

safety control of large dams. In fact, these systems 

can provide (i) useful information about structural health 

condition, considering that they enable the reliable 

identification of the dam’s main modal parameters 

(frequencies, damping and configurations of the main modes 

of vibration) and their study over time, which, as is known, 

can be directly correlated with the structural health; and, 

although not addressed in this paper, (ii) important data on the 

seismic response of dams, which is of great interest for the 

development of numerical models for simulation/prediction of 

the seismic behaviour of dams, fundamental in studies to 

support the design of new dams and in seismic safety 

review/verification studies of existing dams. Also, with the 

implementation of the SSHM systems in Cabril dam 

(Portugal) and Cahora Bassa dam (Mozambique), important 

contributions were made to the development of software for 

automatic monitoring data management and analysis, 

including the comparison with numerical, which, as pointed 

out, is a fundamental component of systems for continuous 

monitoring vibrations. 

Finally, with this paper it was possible to show the potential 

of SSHM systems for studying the dynamic behaviour of arch 

dams over time, as well as the importance of the combined 

use of experimental results, obtained from continuous 

dynamic monitoring data, and of numerical modelling results , 

from advance finite element programs, namely to support 

Seismic and Structural Health Monitoring of dams. 
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ABSTRACT: Satellite interferometric data represent a promising source of information for the Structural Health Monitoring 

(SHM) of the existing built environment. This is especially true because they show differential temporal-spatial displacements 

of remotely monitored points, which can be easily interpreted with a visual inspection of their time-histories for different 

locations defined a priori. However, the interferometric information is commonly referred to extended territories (at the scale of 

city or region), thus several problems arise in the implementation of automatic SHM techniques for the damage detection, 

localization, and assessment of the built environment at a point level (scale of the building or lower). 

Despite a long list of challenges, interferometric data have also the potential to become a useful source to assess the health of a 

structure, especially for helping in define structural early warning methodologies. For this reason, in the paper, the authors 

summarize the main challenges in the use of satellite interferometric data for civil SHM, and rather than proposing remedial 

actions, try to critically analyze the challenges and perspectives for future applications. 

KEY WORDS: Structural Health Monitoring, Remote Sensing, Satellite Data, SBAS-DInSAR, Line Of Sight, ReLUIS, 

Dynamic monitoring. 

1 INTRODUCTION 

In recent years, catastrophic events have increasingly 

highlighted the fragility of the infrastructures, buildings, and 

architectural heritage structures. More in general, entire urban 

areas have proved to be particularly vulnerable to natural 

phenomena caused by climate change, such as floods and 

landslides, but also by exceptional events such as earthquakes. 

This can certainly be attributed to the exceptional nature of 

the events; however, very often, also a lack of- or inadequate 

maintenances contributed to worsening the occurrence. 

From this arises the need to find new monitoring techniques 

and technologies capable of providing data continuously and 

systematically, and with reduced costs. Among these new 

technologies, the possibility of using data gathered by 

constellations of artificial satellites, which for years have 

collected data of various nature regarding the earth's surface, 

is becoming increasingly interesting. 

Satellite data are born for different purposes and far from 

civil Structural Health Monitoring (SHM). The potential of 

the employment of satellite data for purposes different than 

environmental monitoring was highlighted by [1] and has 

been applied by [2] for monitoring urban growth. 

The employment of these data for SHM is, instead, 

extremely recent. In this regard, some satellites are aided with 

a technology called Synthetic Aperture Radar (SAR). The 

concept of SAR [3] indicates, more specifically, a satellite 

radar acquisition technique/technology that exploits the 

synthesis of an antenna with a kilometric aperture. This virtual 

antenna is simulated by acquisitions made on the same area, 

observed at different times and positions by the same satellite. 

Among the various SAR techniques, the one called 

Interferometric SAR (InSAR) [4] is characterized by the fact 

that SAR images of an area (representing for example the 

phase difference between satellite and target on the ground for 

each observed point, or more simply the satellite-target 

phase) are compared over time within a baseline time. The 

representation of the differences in the satellite-target phases 

(differences made between different temporal acquisitions of 

the same area), provides the interferogram, which, therefore, 

represents the comparison of multiple SAR images in terms of 

the satellite-target phase difference. Thus, an InSAR 

interferogram is built when in the evaluation of the phase 

difference between two instants in time, various components 

of the phase, such as the angle of incidence component and 

the topographic component, are considered. Instead, a 

differential interferogram is obtained from the Differential 

Interferometry SAR (DInSAR) [5] when in the representation, 

only the pure displacement component of the differential 

satellite-target phases is depicted. The DInSAR technique 

specializes, compared to the InSAR technique for estimating 

coherent target displacements, even if the two techniques are 

closely related. 

The DInSAR information allow the estimate, with 

processing algorithms such as the Small BAseline Subset-

DInSAR (SBAS-DInSAR) [6], [7], of displacements of the 

order of centimeters and millimeters along the Line Of Sight 

(LOS). From this point forward, we will refer to 

interferometric satellite data, or satellite data, or 

interferometric data as data coming from satellites equipped 

with SAR. 

Some first application of satellite interferometric data has 

been implemented to monitor aggregated buildings in urban 

areas [8], [9], [10], to analyze the effects of land subsidence in 

built environments [8], [11], [12], and then for detecting 

anomalies in single structures [13], or infrastructures [14], 

[15]. 
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Despite these first applications, some challenges are still 

open and need to be explained, especially as regards the 

integration of interferometric satellite data with the dynamic 

monitoring techniques commonly used by who work in the 

SHM of the built environment and the seismic monitoring of 

structures. With this paper, the authors want to critically 

analyze some of these challenges encountered in the usage of 

satellite interferometric data within the first two years of the 

ReLUIS-DPC 2019-2021 project (www.reluis.it), WP6 

Monitoriaggio e Dati Satellitari (in Italian). 

The overall main challenge consists in adopting data 

processed with techniques derived for the analysis of vast 

territories, for the civil SHM of punctual systems (e.g., civil 

structures). The difficulties subsist for two main reasons: 

• Technological discrepancy: standard civil SHM 

techniques have not been thought to be used with 

such type of data. 

• Observation scale: satellite data, which were used in 

the past (and are still used nowadays) for the 

monitoring of the environment and earth derived 

phenomena at large scales of study, find 

difficulties in observing the physics of civil 

structures, which also require the study and 

representation of “small-scale phenomena”. 

 

The aforementioned problems will probably be solved with 

the forthcoming technological advancement in Remote 

Sensing and SHM. However, without a clear picture of the 

current weaknesses in the synergistic use of these two 

disciplines some aspects could be overlooked, slowing down 

the solution of the existing problems. Thus, the main objective 

and importance of the study lies in helping to bridge the 

existing gap between civil SHM techniques, built environment 

and satellite interferometric data (Figure 1). 

This is pursued by recalling the basic rules of civil SHM 

and the standard approaches used to identify the damage 

(Section 2). Then, the main current challenges in the analysis 

and use of satellite interferometric data for civil SHM are 

outlined and discussed (Section 3). The paper flows down 

with a discussion of some perspectives, highlighting the 

potential benefits of the synergistic use of satellite 

interferometric data and civil SHM techniques (Section 4). 

Finally, some conclusions are drawn (Section 5). 

 

 

Figure 1. Gap between disciplines. 

2 STANDARD APPROACHES IN CIVIL SHM 

The SHM [16] is nowadays an active discipline in several 

applications and research fields. It can be defined as the 

process of implementing a damage detection strategy for 

engineering infrastructure [17]. The effort of the research on 

this topic brought, in 2007, to the definition of several Axioms 

[18], which instead to define an unequivocal sentence, are 

used as a starting point, like guidance, in research. Thus, they 

are assumed to be true since they are supported by a strong 

evidence that is shared by an entire community. These axioms 

can be summarized, for the SHM discipline, as follow (see 

[18] and [19] for more details): 

• Axiom I: All materials have inherent flaws or 

defects. 

• Axiom II: The assessment of damage requires a 

comparison between two system states. 

• Axiom III: Identifying the existence and location of 

damage can be done in an unsupervised learning 

mode, but identifying the type of damage present 

and the damage severity can generally only be 

done in a supervised learning mode. 

• Axiom IVa: Sensors cannot measure damage. 

Feature extraction through signal processing and 

statistical classification is necessary to convert 

sensor data into damage information. 

• Axiom IVb: Without intelligent feature extraction, 

the more sensitive a measurement is to damage, the 

more sensitive it is to changing operational and 

environmental conditions. 

• Axiom V: The length- and time-scales associated 

with damage initiation and evolution dictate the 

required properties of the SHM sensing system. 

• Axiom VI: There is a trade-off between the 

sensitivity to damage of an algorithm and its noise 

rejection capability. 

• Axiom VII: The size of damage that can be detected 

from changes in system dynamics is inversely 

proportional to the frequency range of excitation. 

 

A standard approach in civil SHM should, ideally, follow 

these basic truths. 

In addition to the previous axioms, one is emerging in the 

last years (starting from 2010) as a conjecture. This conjecture 

would state that the damage increases the complexity of a 

system, leaving, in this definition, the term complexity as a 

concept (i.e., not precisely defined), [20]. Later, the concept of 

complexity was better specified for applications in SHM  [21], 

also giving some methods to measure it, for example, through 

the use of different entropy definitions in information theory 

[22]. 

Following Axiom IVa, to make considerations on the health 

of a system, some features belonging to the same should be 

extracted and analyzed implementing either black (non-

physical based), gray (semi-physical based), or white 

(physical based) approaches. These features are extracted 

from the processing of observable quantities measured thanks 

to dedicated monitoring systems. An observable quantity 

coming from a system is commonly referred to as sensing 

structural response, and in civil SHM, especially for the 

seismic discipline, it can be an acceleration, displacement, 
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strain, etc. In this context, satellite interferometric data are 

entering the discipline of civil SHM as a new sensing 

structural response. For this reason, the paper aims to 

highlight some of the emerging challenges in the use of this 

new sensing structural response to extract structural features 

for damage identification. Generally, SHM is aimed, but not 

limited to, the identification of the damage. Damages can be 

defined as changes introduced into a system that adversely 

affects its current or future performance [17], while for 

“changes introduced into a system” is intended a change in 

material, or geometric properties, changes in boundary 

conditions or in the system connectivity properties [17]. The 

damage identification can be then classified following 4 levels 

of implementation difficulty [23]: 

• Level 1: Detection of the existence of damage. 

• Level 2: Geometric localization of damage. 

• Level 3: Severity assessment of damage. 

• Level 4: Prediction of the remaining structural life. 

 

where, in level 3, with the term severity is intended the 

quantification of the extension and/or the magnitude of the 

damage, which in principle, to make physical considerations 

on the health of a system, should always be associated with a 

type or typology. By looking at the previous levels, it is easy 

to conclude that while the first 3 concern the diagnosis phase, 

the last one deals with the more complicated prognosis stage. 

SHM should not be confused with the condition assessment. 

The latter is, in fact, more related to intensive short-term 

campaigns such as controlled load testing, dynamic testing, 

etc., while the first is commonly associated with continuous 

automated measurements in time, ranging from days to the 

entire lifetime of a system [24]. If in SHM satellite 

interferometric data are emerging as a new sensing structural 

response, in the field of Condition Assessment they could be 

advantageously used for anomaly/novelty detection [25], [26] 

for early warning, thus helping to answer the question: When 

a condition assessment (e.g., visual inspection, testing 

campaigns, etc.) should be performed, out of the ordinary 

maintenance tasks? 

 Figure 2 reports the rate of occurrence of the Ngrams 

“Structural Health Monitoring” and “Condition Assessment” 

in the Google Books database for documents dated from 1950 

to 2019. 

 

 

Figure 2. Rate of occurrence of the 3grams “Structural Health 

Monitoring” and the 2grams “Condition Assessment” in the 

Google Books database. The graph shows curves smoothed 

with a moving average (over three years) of the rate of 

occurrence in each year, 

(https://books.google.com/ngrams/graph?content=Structural+

Health+Monitoring%2C+Condition+Assessment&year_start=

1950&year_end=2019&corpus=26&smoothing=1&case_inse

nsitive=true, 2021, January 6th). 

To conclude, it is worth state that axioms, as previously 

specified, are not unequivocal sentences, and thus in principle, 

one can choose to follow or not follow them. In the 

proceeding of this paper, the authors will arbitrarily suppose 

the previous axioms as a basic truth.  

3 CHALLENGES IN THE USE OF SATELLITE 

INTERFEROMETRIC DATA FOR CIVIL SHM 

Axiom I and II state, respectively, that all materials and, from 

a broad view, structures are damaged and that the assessment 

(starting from level 1), requires a comparison between 2 

system states. The two states are the initial and the final, 

possibly damaged, state. 

Axiom III defines the need for “labels” (data are available 

from both the initial and damaged state of the system) to train 

a specific method of damage identification in case the 

assessment would face the 3rd level. The first two levels of 

damage identification, instead, can be commonly faced 

without information on the damaged state of the system, 

although in this case, the identification is often more 

complicated. From this, it is possible to conclude that damage 

can be detected and located thanks to satellite interferometric 

data just in the time windows of observation, while the 

identification of the type and the assessment of its severity 

would not always be possible with data falling in this time 

window. To clarify the concept, the damage that occurred at 

the beginning or at the end of the time of observation could 

not be assessed in its typology and severity because there 

would not be enough data before and after the occurrence of 

the damage, respectively, to deal with the 3rd level of damage 

identification. The length of signals derived from satellite 

acquisitions and processing should be thus designed in order 

to include three parts: (i) a starting part where just the first 

two levels of damage identification can be applied; (ii) a 

useful part where all the levels of damage identification can 

be reached; (iii) an ending part analogous to the starting one. 

In addition, although the missing information in time can 

complicate the achievement of the 3rd level of damage 

identification, more important, a poor spatial resolution of 

data may not enable to calibrate a model at all (i.e., supervised 

learning), and without a calibrated model it is quite hard to 

judge about damage type or to quantify its severity. 

Axiom IVa requires the need to process the sensing 

structural response and extract from it one or more features. 

Hence, in theory, satellite data showing structural 

displacement responses (or differential displacements, 

projections, etc.) should be processed before estimating 

damage indicators, which in turn should refer to extracted 

features instead of structural sensing responses. 

Axiom IVb defines a tendency to the indeterminacy of 

damage with respect to a specific measurement because of the 

existence of operational and environmental variations in it. 

The uncertainty can be reduced with intelligent feature 

extraction; thus, this axiom (IVb) is closely linked to the 

previous one (IVa) as it reiterates the need to extract 

intelligent features from satellite interferometric data instead 

of directly using the sensing structural response. Given the 
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existence of uncertainty, the axiom intrinsically recalls the 

need to carry out statistical and/or probabilistic studies. In 

addition, a study of the operational and environmental 

variations affecting satellite data is required. 

Axiom VI states that regardless of the method used, the 

minimum detectable damage threshold increases as the Signal 

to Noise Ratio (SNR) in the structural sensing response used 

for SHM decreases. This defines a limit of detectability (and 

thus a limit on all the other levels of damage identification) 

that should be studied for satellite interferometric data 

because of their slightly different nature from data commonly 

used in civil SHM. The latter, in fact, are recorded with 

systems specially designed for civil structures, which 

generate, in general, data with high SNR concentrated in 

specific frequency ranges of the response, making the (partial) 

noise rejection easier with the use of dedicated filters or de-

noising techniques. For satellite derived data, instead, the 

amount of SNR over the frequency bandwidth of 

measurement is not something straightforward to define (at 

least at this stage of the research), and the same concept of 

noise should be carefully understood. 

Finally, axiom V and VII are directly related to the (length- 

time-) scale of damage, and thus, to the observation scale. 

Based on the characteristics of what is being observed 

(satellite interferometric data in the proceeding of this article, 

i.e., Line of Sight Displacements – LOSDs or derived 

quantities), some type of damage may not be detectable. This 

is particularly true if the satellite sensing system is not 

optimized for civil SHM purposes. Then, axiom VII 

introduces the role of excitation, stating that extensive or 

severe damages are detectable with a low frequency range of 

excitation. On the other hand, small damages are detectable 

with a high frequency range of excitation. In other words, if 

the frequencies of the excitation increase, the damage 

sensitivity increases. This last axiom calls for an in-depth 

analysis of the “frequency range” and the meaning of 

“excitation” in satellite data used for civil SHM. 

Based on the previous statements, it is possible to draw 

some considerations on the use of satellite interferometric data 

for civil SHM. 

3.1 Challenge 1 

The first challenge concerns the amount of data that need to 

be processed, approximately in the order of millions of points 

for an urban area (see, for example, Figure 3). Very often, still 

today, in civil SHM, the verification of an algorithm outcome 

and the validation of its specifications, in addition to 

automatic verification and validation methods, is carried out 

manually, visualizing the result of processing. This is 

necessary because of the very complex pattern that a structural 

signal can take. If satellite data wants to be used for structural 

analyses on extended areas (i.e., a huge number of structures 

to be analyzed), and not only for analyzing singular isolated 

structures, very robust algorithms should be preferred since 

automatic techniques must be employed, and no manual 

verification can be performed. 

A clarifying example is the problem of model fitting. In this 

case, the hyperparameters of an algorithm used to estimate 

model parameters could be optimal to analyze some 

agglomerate of structures. However, they could fail to 

represent the remaining (e.g., producing overfitting or not 

catching at all the best model parameters). This is mainly due 

to the heterogeneity of systems analyzed on a large territorial 

scale. Thus, here the Axiom IVb plays an important role, 

especially for what concerns the “intelligent features 

extraction”, which in the last years is becoming synonymous 

of the use of methods belonging to the artificial intelligence, 

probabilistic (e.g., Bayesian probability), and machine 

learning disciplines.  

 

 

Figure 3. Example of map showing the numerosity of points 

obtained by satellite interferometry over a neighborhood of 

the urban area of Rome (Italy). 

3.2 Challenge 2 

From Challenge 1 directly derives this challenge. 

Discriminating structural typologies thanks to the use of 

satellite data would favor the verification and validation 

processes. For example, calibrating the hyperparameters of the 

algorithms on sets of structures having similar characteristics 

would reduce many difficulties due to the heterogeneity of the 

systems over a vast territory. This problem, therefore, calls for 

the implementation of classification techniques. The 

classification is also useful for discriminating the effect of 

operational and environmental conditions on structures since 

structures with different characteristics behave (albeit 

following a common baseline) slightly differently if subjected 

to these variations (e.g., steel and masonry structures 

subjected to temperature variations). 

3.3 Challenge 3 

The classification should be implemented to deal with another 

challenge. Satellite interferometric data are thought to capture 

points over a large area, and for this reason, some measured 

points can fall out of structural systems (e.g., road signs, trees, 

etc.). Discriminating structural points from non-structural is 

also essential for the first level of damage identification and in 

the case of detection of anomalies in signals. Anomalies in 

signals not originating from structural systems would, in fact, 

increase the uncertainty of the analyzes, not only to perform 

SHM but also to suggest tasks of condition assessment. Figure 

4 and Figure 5, for example, show the Line Of Sight 

Displacement (LOSD) obtained from satellite interferometry 

for a structural (Point A) and a non-structural (Point B) 

system. 

Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure

1396



 

 

Figure 4. Location of the points associated to the LOSD 

reported in Figure 5, 

(https://www.google.it/maps/@41.8876911,12.4683761,61a,3

5y,291.8h,55.35t/data=!3m1!1e3). 

 

Figure 5. Line Of Sight (LOS) displacement obtained by 

satellite interferometry and associated to the points depicted in 

Figure 4; Point A – latitude: 41.88781, longitude: 12.46782; 

Point B – latitude: 41.88795, longitude: 12.46738. 

3.4 Challenge 4 

Structural sensing responses obtained from satellites are the 

results of processing algorithms and thus are prone to contain 

errors. The recognition of these processing artifacts (e.g., 

ghost points), like in Challenge 3, would help to reduce the 

uncertainty of the analyzes of SHM and Condition 

Assessment on a territorial scale. 

3.5 Challenge 5 

In civil SHM, the observed data are commonly sampled at a 

constant time (i.e., coefficient of variation of the sampling 

time approaching to zero) and missing points occurring in 

time are commonly low with respect to the number of total 

recorded points in a signal. This means that interpolation 

techniques can be advantageously used to remedy the lack of 

information. For satellite recorded data, the sampling time of a 

measure is related to the revisiting time of satellites and the 

numerosity of the constellation. The current revisiting time, 

however, generates signals with large sampling time with 

respect to that one generated by a common in-situ civil SHM 

sensing system. Then, when missing points occur, they 

generate a very large gap in signals, producing non-uniformly 

sampled measures for which resampling and advanced 

interpolation techniques need to be implemented (see Figure 6 

for clarity). However, when data contain large gaps, also the 

implementation of advanced interpolation techniques may 

result inadequately for solving the issue. 

More precisely, the interpolation problem depends on 

mainly 4 factors: (i) the frequency content of the signal; (ii) 

the sampling frequency of the signal; (iii) the time length of 

the signal; (iv) the number of samples of a signal. These 

factors inspired the following challenges. 

 

Figure 6. Average Line Of Sight (LOS) displacement over the 

area of Rome (Italy). 

3.6 Challenge 6 

The frequency content of LOSD and its derived quantities 

clearly depends on the system to which they belong and the 

nature of the perturbations that act on that system. The 

perturbations that can act on a system are countless. They can 

regard: 

• Rare events such as earthquakes, floods, hurricanes, 

fires, catastrophic collapse of subsoil, etc. 

• Periodic events such as rains, snowfall, temperatures 

variations, relative humidity and atmospheric 

pressure variations, changing in soil conditions due 

to environmental factors, etc. 

• Persistent events such as subsidence, wind, vehicular 

traffic, and other anthropogenic vibrations, effect of 

tidal motions and other very low frequency 

phenomena that act on the earth, etc. 

 

All these perturbations can act simultaneously or not and 

define the sources of excitation of monitored civil structures. 

However, from a monitoring point of view, it is often 

unfeasible (or very difficult) to include all the previous 

phenomena in the measurements because data are sampled, 

and what it is possible to observe is generally limited to a 

useful “frequency range”. It is worth mentioning that 

phenomena out of this frequency range continue to exist, and 

their presence, in some cases, can still be perceived (think of 

very low frequency effects) even if not fully understood with 
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single acquisitions. For example, for satellite interferometric 

data used in the ReLUIS-DPC 2019-2021 project 

(www.reluis.it), this frequency window ranges from 3.5e-9 Hz 

to approximately 2.5e-7 Hz (time periodicity between about 

30-40 days and 8-9 years). Thus, the challenge is to 

understand how perturbations acting on these frequency 

ranges (including operational and environmental conditions) 

can affect remotely monitored civil structures and understand 

if perturbations out of the frequency range can be indirectly 

perceived with satellite interferometric data. In addition, 

concerning environmental perturbations, it is questionable 

how to solve the problem of the different spatial resolution of 

LOSD and environmental data since environmental data 

acquired in positions different from those used to measure 

LOSD may increase the uncertainty of future analyzes. Figure 

7 and Figure 8 show, respectively, the temperature history 

acquired by the ROMA station (regional ARSIAL Lazio 

network) and the LOSD obtained from satellite interferometry 

in (approximately) the same point. The temperature history 

has been resampled to the average sampling time of LOSD, 

while the LOSD history has been resampled to its average 

sampling time and interpolated with autoregressive models 

[27]. 

 

Figure 7. Temperature in Rome; latitude: 41.920555, 

longitude: 12.523626, 

(http://193.206.192.214/servertsutm/serietemporali100.php). 

 

Figure 8. Example of Line Of Sight (LOS) displacement 

obtained by satellite interferometry; latitude: 41.920560, 

longitude: 12.523500. 

Clearly, this is a very challenging task, also because the 

frequency range commonly used by civil SHM sensing 

systems (e.g., in-situ accelerometers network) falls in the 

order of hundreds of Hertz. This because the natural 

frequencies associated with civil structures are in the order of 

tenths, units, or tens of Hertz, depending on the structure. 

Therefore, the maximum frequency commonly perceived (half 

of the sampling frequency) by an operator working with 

standard civil SHM sensing systems is about 7 orders of 

magnitude higher than that one perceived by working with 

satellite interferometric data. However, it is to be hoped that 

in the not-too-distant future, these problems can be, if not 

resolved, simplified by technological progress. In doing this, it 

will be essential to understand if there is a lower physical limit 

to the revisiting time of a point monitored by satellite (e.g., a 

trade-off between sampling time and the number of missing 

points). In any case, the reduction of the revisiting time would 

allow analyzing an ever-wider band of frequencies. Currently, 

this band contemplates very low frequencies. In these 

conditions, considering the natural frequencies of civil 

structures (very high with respect to the sampling frequency 

of satellite sensing system), what it is possible to observe are 

signals mostly driven by perturbations falling in these very 

low frequencies, and probably damages mostly associated 

with very low and/or extremely severe phenomena (e.g., 

subsidence, fatigues, sinkhole, etc.). Figure 9 and Figure 10 

show the modulus of the Fourier Transform for temperature, 

relative humidity, and rain data resampled to the average 

sampling time (about 22 days) of data obtained from satellite 

interferometry (i.e., LOSDs). 

 

 

Figure 9. Modulus of the Fourier Transform (between 0 and 2 

years of period) of temperature, relative humidity, and rain in 

Rome; latitude: 41.920555, longitude: 12.523626. 

 

Figure 10. Modulus of the Fourier Transform (between 2 and 

9 years of period) of temperature, relative humidity, and rain 

in Rome; latitude: 41.920555, longitude: 12.523626. 
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3.7 Challenge 7 

The sampling frequency (object of Challenge 6) defines the 

upper boundary of the frequency range of LOSD data. This 

challenge, instead, focuses on the lower boundary, which is 

dictated by the frequency resolution of data. 

The frequency resolution is inversely proportional to the 

time length of the signal, meaning that for LOSD data (with 

time lengths of some years for the specific case of the article), 

it is possible to obtain a better resolution than those 

commonly used with standard dynamic civil SHM sensing 

systems. However, this is possible because of the lower 

sampling frequency. In fact, also standard dynamic civil SHM 

sensing systems can reach extremely fine frequency 

resolutions, as it only depends by the time length of the 

acquisitions. Low values of frequency resolutions means that 

it is possible to perceive low frequency (or long period) 

phenomena. 

Commonly, for data coming from standard dynamic civil 

SHM sensing systems, the obtained frequency resolutions are 

in the order of hundredths or thousandths of Hertz. The time 

lengths of the signals, instead, range approximately from tens 

of seconds to tens of minutes. It is clear now that the limit to 

analyze very long signals with very high sampling frequency 

is dictated by the computational time. In the next future, 

processing signals with billions of time samples will probably 

be possible. However, for the time being, to benefit of 

satellites interferometric data, some considerations on the 

characteristics of the signals derived from satellite can be 

drawn. 

If the main scope (but not the only one) of satellite data 

used for civil SHM is to catch low frequency phenomena 

compared to phenomena commonly observed with dynamic 

civil SHM in-situ sensing systems, the first limit that can be 

imposed is on the sampling frequency or sampling time. This 

depends on the perturbations that one want to catch with these 

data. It is known in civil SHM that environmental factors 

modify the structural response of the built environment. 

Sensible variations, however, are perceived over long periods 

(e.g., hours or days). Thus, a compromise to have signals with 

not too many samples and able to catch hourly variations 

could be to choose a sampling time lower than half of a day 

(corresponding to a sampling frequency higher than 2e-5 Hz). 

Then, the number of time samples should be enough to 

obtain non-grainy data (see Figure 9 and Figure 10 for a 

grainy signal). In this, data coming from standard dynamic 

civil SHM in-situ sensing systems can help. In fact, for these 

data, the number of time samples commonly ranges from 

2000 to 200000 or more. The number of samples is just the 

product between the time length of a signal and its sampling 

frequency. 

For example, supposing that data coming from satellites 

should have the same number of time samples of a signal 

coming from in-situ SHM systems, it is possible to obtain an 

estimate of the time length of data coming from satellites. 

Supposing a sampling time of 4 hours (i.e., a sampling 

frequency of about 7e-5 Hz) and 20000 samples, is easy to get 

a time length of approximately 9-10 years. Table 1 reports 

some common characteristics of signals coming from dynamic 

in-situ and satellite sensing systems. 

 

Table 1. Signal characteristics. 

Data from SHM 

system 

Sampling 

time 

[s] 

Time 

length 

[s] 

Number of 

samples 

[-] 

Dynamic 

in-situ 

0.001-0.02 20-1000 2000-20000 

Satellite 

interferometric  

Thousands Millions Hundreds 

 

3.8 Other challenges 

Other challenges can regard the study of the meaning of noise 

for satellite interferometric data, especially for what concerns 

the low frequency behaviors, which could be associated with 

meaningful information instead of baseline noise. 

Then, a questionable topic will be the research of structural 

features that can be extracted from LOSD (and their derived 

quantities) and used for civil SHM, especially because the 

natural frequencies of the monitored structures are much 

higher than the frequency range spanned by satellite 

interferometric data. Then, the definition of right thresholds 

for these features represents another challenge. Other 

questions that call for an answer are instead listed hereinafter: 

• In standard civil SHM in-situ sensing systems, the 

location of each acquisition is stable in time and space. 

For satellite interferometric data, this fact is not 

generally true. How to deal with this problem? 

• How to integrate outcomes of in-situ SHM with the 

outcomes of remote SHM? 

• and so on. 

4 PERSPECTIVES OF USE OF SATELLITE 

INTERFEROMETRIC DATA FOR CIVIL SHM  

A lot of challenges in the civil SHM with satellite 

interferometric data have been outlined. However, despite the 

long list of challenges, this new data, representing a structural 

sensing response, have also several potentials applications. 

Firstly, LOSD could be coupled to environmental data, 

helping to understand how these perturbations affect the 

response of civil structures in the long period, especially for 

what concern the alterations of soil characteristics, which 

represents a boundary condition for civil systems. Similarly, 

LOSD can be used to infer black- or grey-box models of 

structures, becoming potentially useful in helping 

vulnerability studies or in the understanding of the soil-

structure interactions and the behavior of the soil surrounding 

a building or an architectural heritage structure. 

Because of the continuous and permanent availability on a 

large area of satellite interferometric data, they may be used, 

in the future, to understand how structures behave before and 

after rare and catastrophic events and to understand if it is 

possible to extrapolate some common patterns. Then, the 

continuity of these data on a large scale would hopefully 

allow the monitoring of slow events in order to prevent 

catastrophic collapses. 

If in the future automatic methods of classification would 

allow reaching a good degree of accuracy and reliability, 

satellite interferometric data could be used to create a database 

of structures having similar structural characteristics. Then, to 

approach in a more straightforward way to the 3rd level of 
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damage identification with satellite interferometric data, in the 

near future, a database of damaged structures indicating the 

time occurrence, the type, and the characteristic of damage 

should be drawn up by the competent authorities. 

Finally, since the monitoring with satellite data has the great 

advantage to observe the behavior of structures on vast 

territories, the interconnection of the information between 

structures thanks to advanced intelligent techniques could help 

to boost the growth of smart cities by generating, for example, 

intelligent structures capable of providing mutual 

recommendations on their structural state in order to self-alert 

in the event of anomalies. 

5 CONCLUSIONS 

Satellite interferometric data, and more specifically LOSDs, 

can represent a new promising structural sensing response of 

civil structures, potentially providing “low-cost” continuous 

information on a large number of structures. Several 

challenges need to be faced in order to solve critical existing 

problems before applying these data for civil SHM with 

reliability. The importance of this study, therefore, resides in 

providing a starting point of study for those who want to deal 

with civil SHM and satellite interferometric data. Dealing 

with the challenges and the future perspectives outlined in the 

paper would also help in the definition of protocols for the use 

of satellite interferometric data for civil SHM. 
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ABSTRACT: The seismic vulnerability assessment of the existing building stock poses major challenges with tremendous 

economic and societal impact. While advanced and well-enforced building codes remain the backbone of risk mitigation, large 

parts of the European building stock have been built prior to modern building codes and thus, do not comply with the current 

seismic standards. Furthermore, the seismic assessment of individual structures suffers from large uncertainties pertaining to 

unknown material properties, soil-structure interaction and unpredictable effects of ageing, while the current state of practice for 

urban-scale vulnerability assessment relies on heavily simplified physical models. To this end, Structural Health Monitoring 

(SHM) provides tools for the interpretation of structural-response measurements in order to gather information on the structural 

condition. Measurement data can further be utilized to update computational models with the goal of refining seismic-performance 

estimations. In this contribution, the impact of amplitude-depended model updating on the expected seismic performance of an 

existing masonry building is assessed. Dynamic recordings under ambient excitation are analyzed and compared to the response 

to higher amplitude vibrations, which are generated during demolition works. Special consideration is given to the analysis of 

amplitude-dependent properties that are shown to substantially affect the response in the nonlinear range. Overall, this contribution 

aims to highlight the significance of SHM-based model update for the reduction of uncertainties in seismic risk assessment of 

individual structures that are representative of common building typologies in places of moderate seismicity.  

KEY WORDS: Seismic Assessment; Dynamic Testing of Real Structures; Measurements during Demolition; Output-only 

Modal Identification; Amplitude-dependent Stiffness; Existing Masonry Buildings,

1 INTRODUCTION 

The destructive impact that earthquakes have on structures has 

been triggering research and advances in multiple engineering 

domains throughout centuries. While new structures can 

arguably be considered earthquake-safe, existing buildings 

often fail to comply with modern seismic code prescriptions. 

Unknown material properties, boundary conditions and 

geometrical traits undermine accuracy of engineering models, 

leading to unrealistic assumptions and, ultimately, to 

unnecessary and/or inappropriate interventions or possible 

negligence of required retrofitting. Improving knowledge of the 

behavior of existing structures may extend their lifespan 

without compromising the resilience of communities with 

respect to natural disasters. 

Structural health monitoring (SHM) provides the tools to 

expand our knowledge concerning seismic performance of 

existing buildings, as a supplement to laboratory-based 

experimentation and possibly alleviating destructive testing. 

The use of SHM for dynamic characterization and monitoring 

of buildings typically exploits vibration measurements, often in 

ambient conditions, to infer the modal characteristics either as 

a proxy of structural health [1] or for  inverse parameter 

updating of computational models [2]. 

Shaking events of real structures are scarce: a limited number 

of forced excitation tests for buildings can be found in existing 

literature, including the work of Steiger et al. and Soyoz et al. 

([3], [4]), who employed an eccentric mass shaker to mobilize 

a reinforced concrete building prior to and after retrofitting, 

with the aim of assessing the efficacy of the retrofitting 

solution. Various complications undermine such controlled 

shaking experiments for testing of real structures, with perhaps 

a primary obstacle lying in the need to suspend the function of 

the tested infrastructure, or building. As a result, output-only 

modal identification algorithms ([5], [6]) for structures that are 

subjected to ambient excitation present the most common 

approach for dynamic testing. However, methodologies that 

rely exclusively on ambient vibrations are inevitably limited to 

the structural response in the commonly assumed linear elastic 

range, which may not be representative of structural behavior 

under high-amplitude loads [7]. This limitation becomes even 

more prominent for masonry structures, where non-linear 

behavior is present even for response amplitudes that one order 

of magnitude lower than the theoretical yielding point [8].  

Furthermore, the effect of the soil-foundation-structure 

interaction, which is proven to substantially affect the dynamic 

response of low-rise buildings [9], cannot be captured by 

considering only ambient excitation. To this end, Song et al.  

[10] applied a hierarchical Bayesian model updating approach 

to demonstrate the influence of the response amplitude onto the 

estimated structural parameters of a two-story concrete 

building.  Ceravolo et al. [11] attempted a rigorous derivation 

of the amount of nonlinearity that can be attributed to the soil. 

Yet a model-updating approach for both structure and soil, 

considering uncertainties, has not been accomplished. In this 

paper, excitations from planned demolition activities are used 

to derive the influence of response amplitude on the dynamic 

properties of masonry buildings. Particularly for countries with 

low-to-moderate seismic hazard, such measurements could 

offer valuable information for seismic assessment and health 

monitoring of characteristic building typologies, as recordings 

of building response to past earthquakes is scarce. 
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This paper starts with a description of the building and the 

measurement configuration, as well as the demolition process, 

which allowed to measure vibrations that exceed ambient 

levels. Section 3 delivers a description of the system 

identification framework based on ambient vibrations as well 

as on response due to higher levels of excitation. Finally, the 

parameter values of an equivalent-frame model are updated 

using a Bayesian approach and the influence of the variability 

in vibration amplitudes on the model-parameter identification 

and finally on the seismic performance are assessed. 

2 CASE STUDY AND INSTRUMENTATION 

The present case study is a two-storey masonry building, 

constructed in Switzerland in the beginning of the 20th century. 

The outer dimensions are 10.2 m in length and 8.0 m in width. 

The façade of the building at the beginning of the demolition 

and the geometry of a typical floor are provided in Figures 1 

and 2 respectively. The walls consist of clay masonry, while the 

floors are formed by timber beams, aligned parallel to the short 

direction of the building. The building is regular in plane and 

in elevation and almost symmetric in both directions. The 

geometrical and material characteristics are representative for 

central European buildings of this age and compose a 

substantial part of the residential building stock in Switzerland 

and central Europe ([12], [13]). 

The studied building was instrumented prior to demolition 

with ten triaxial accelerometers (ADXL 354) placed in similar 

positions at levels 1 and 2, as illustrated in Figures 1 and 2. The 

data acquisition was conducted by means of a National 

Instruments cDAQ-9188 at a sampling rate of 1720 Hz. 

The demolition of masonry buildings is performed 

progressively from top to bottom with the shovel of an 

excavator. Non-structural elements, including furniture, 

opening frames, glass windows, floor coverings etc. are 

removed beforehand. During demolition, buildings are 

subjected to hits and pulls of arbitrary direction and intensity, 

applied at random positions of the structure, resulting in a rich 

variety of impulse responses. In order to classify the impulse 

responses in terms of amplitude, the Root Mean Square (RMS) 

acceleration of the impulse responses was classified into four 

classes with upper limits: 1, 2, 4 and 40 mg respectively. As an 

example, the highest intensity bin (#4) comprises impulse 

responses with amplitude: 4 mg < αrms < 40 mg. Figure 3 

demonstrates a characteristic response of bin #4, captured at 

different senor positions and directions. The recorded signals 

indicate higher response amplitude in the direction of the hit 

(Z-axis). As expected, the amplitude is stronger in the vicinity 

of the sensor placed closer to the impact location. In the 

longitudinal direction (Y-axis), the time-delay of the impact 

between sensor 9 and sensor 10 is evident. Additionally, sensor 

10, for which the Y-component of the acceleration is oriented 

along the out-of-wall plane, exhibits higher acceleration in this 

direction than the sensor closest to the impact, indicating the 

possible absence of diaphragmatic behavior of the floor slabs 

for higher amplitudes of excitation. 

3 DATA-DRIVEN SYSTEM IDENTIFICATION 

Initially, a baseline identification is conducted, considering the 

ambient recordings prior to the beginning of demolition 

activities. The signals recorded during the demolition are 

segmented into separate impulse responses that are further 

analyzed in time domain with the Eigensystem Realization 

Algorithm (ERA) ([14], [15]), which provides identification of 

modal properties (frequency, mode shape and damping) for 

each impulse response. 

  

Figure 1. Studied building at the beginning of demolition. 

 

Figure 2. Dimensions of typical floor and sensor positions (1st 

and 2nd level respectively). 

  

Figure 3. Impulse responses at different sensor positions 

(amplitude bin #4).  
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 Baseline identification 

The baseline identification of the modal characteristics is 

conducted by implementing the Stochastic Subspace 

Identification algorithm [6] on the ambient recordings prior to 

demolition. The data are subjected to a standard pre-processing, 

consisting of bandpass filtering between 1 and 40 Hz, exclusion 

of linear trends and down-sampling from 1720 to 172 Hz. The 

identified modal characteristics of the first four stable modes 

are summarized in Table 1. The characteristic frequencies of 

the structure are found to lie between 6 and 20 Hz. The first two 

modal shapes correspond to the main translational degrees of 

freedom of the building (first mode in the longer direction, Y, 

and second mode in the shorter direction, Z). The third modal 

shape seems associated to a torsional mode and the fourth 

modal shape reflects a combination of rotational and 

translational degrees of freedom. It is mentioned that the 

building is softer in the longitudinal direction (axis Y), which 

is attributed to the large openings of the corresponding facade. 

This baseline identification serves as reference for the 

subsequent time-domain analysis at the beginning of the 

deconstruction process, before any visible structural damage to 

the first two floors occurred and before any inelastic changes to 

the modal properties have been noted. 

Table 1. Baseline Identification results 

Mode # Frequency [Hz] Modal shape 

1 6.4 Translation Y-axis 

2 7.3 Translation Z-axis 

3 9.3 Rotational 

4 17.6 Combined 

 Operational Modal Analysis during demolition 

During demolition, the response amplitude exceeds typical 

levels of ambient vibrations. Although it is impossible to 

quantify the input directly, response impulses of various 

amplitudes are utilized to identify the modal characteristics at 

different amplitude levels. The range of the response amplitude 

in terms of RMS acceleration during each impulse goes up to 

0.04 g, which is over 2 orders of magnitude higher than ambient 

vibration levels. The signal measured by sensor 9, placed at 

level 2 on the demolition side, is illustrated in Figure 4 under 

hits of varying excitation level. Although the calculation of 

displacements based on numerical integration of acceleration 

recordings is not precise, it can be used to provide an estimate 

for the amplitude reached by the total displacements. As the 

maximum computed displacement is lower than 0.05 mm and 

the equivalent linear range, according to subsequent analysis 

(Section 4.3), covers the displacement range up to 1 mm, it can 

be assumed that the structure responds in the elastic range 

during demolition and no damage due to excessive lateral 

loading is expected. 

In order to highlight the systematic influence of vibration 

amplitude on the global dynamic response, a statistical 

approach is performed. As the hits can be assimilated to 

impulse-like responses, the ERA method is used to derive the 

natural frequencies, the equivalent viscous damping and the 

modal displacements for each detected hit. Due to the short 

duration of impulses, their arbitrary input (location, direction 

and amplitude) and the inherent measurement noise, the 

operational modal analysis procedure is only able to identify 

the excited modes during the studied impulse. In order to ensure 

consistency of the identified modal properties and to limit 

identification to the global modal shapes, criteria that compare 

the baseline identification with the ERA results, as well as the 

goodness of fit in time domain between ERA predictions and 

real response are deployed. These criteria aim to balance two 

competing goals: exclude erroneous identification results, 

which would artificially increase the uncertainty in identified 

modal properties and yet include with high probability the 

changes in modal properties that originate from increasing 

amplitudes of excitation. All detected hits during the first 90 

minutes of the deconstruction process (before the demolition 

activities reached structural parts of the two main floors and 

before any residual change in modal properties has been 

observed) are clustered into groups of similar response 

amplitudes. The first three modes are detected in the majority 

of the impulses, while the 4th mode is identified in nearly 40% 

of the hits.  

 

Figure 4. Impulse responses for different amplitude levels 

(sensor #9). 

 

Figure 5. Left: Amount of impulses extracted from the 

response, classified to amplitude related bins. The acceleration 

notation indicates the upper bound of each intensity bin. Right: 

Descriptive statistics of the identified frequency of the 1st mode 

for different amplitude levels. 
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Figure 6. Descriptive statistics of the identified eq. viscous 

damping of the 1st mode for different amplitude levels. 

 

The baseline identification tends to overestimate the 

frequency, as it lays above the 75th percentile for all amplitude 

bins. This shows that even for small-amplitude hits, the global 

dynamic response of the building demonstrates a softening 

behavior. Furthermore, it can be observed that the identified 

frequency shows a clear decreasing trend for increasing RMS 

amplitude of the analyzed impulses. The reduction of median 

frequency between the first and the fourth amplitude bin is 5%. 

Given the approximate value of inter-storey drifts of 0.5-1 10-5 

m, these values of reduction in stiffness are in line with 

previous studies [8]. It is mentioned that similar trends are 

observed for the higher modes, with almost constant variability 

(coefficient of variation approximately 5%), with an increase 

in variability for the third (rotational) mode, which could 

possibly be linked to the uni-directional nature of hits. The 

observed amplitude-dependent softening of the system is not 

attributed to permanent structural damage, as the frequency 

drops appear to be transient. Increasing response amplitude is 

accompanied by an increase in the identified equivalent viscous 

damping, as shown in Figure 6. As expected, damping 

estimates are characterized by significant uncertainty and the 

values derived from ambient vibrations give unrealistic 

estimates. The damping estimates for the first three modes are 

similar, with median values around 1.5 % for low-amplitude 

hits and roughly 2 % for hits with higher amplitudes. This 

increase in damping may be explained by energy absorption 

from non-linear behavior due to opening and closure of micro-

cracks or due to hysteretic behavior of soil, which is shown to 

exist even for very low strains, in the theoretical linear elastic 

regime [9]. Nevertheless, further studies would be necessary to 

explore energy dissipation at relatively low vibration 

amplitudes, but they fall outside the scope of this paper.  

4 STRUCTURAL MODEL AND DATA-DRIVEN 

PARAMETER UPDATING 

 Model description 

The studied structure is modelled using the commercial 

structural analysis software SAP2000, (version 22) as a three-

dimensional equivalent frame model. The structural walls are 

discretized into piers and spandrels with cross sections in 

accordance with the real dimensions of the structure. The 

concrete walls in the basement are considered elastic above and 

rigid beneath the ground level horizon. The foundation 

impedance is simulated with three translational and three 

rotational springs, placed at the geometrical center of the 

foundation, according to the analytical formulations proposed 

in [16]. To account for the nonlinear behavior of masonry, 

plastic hinges have been adopted at the edges and the middle of 

all spandrels and piers, following the assumptions originally 

described in [17].  

Uncertain parameters pertaining to material properties  and 

boundary conditions are considered random variables with 

uniform distributions in predefined ranges that are chosen 

according to Swiss building codes [18]–[20] and engineering 

judgment. The uncertain parameters and the prior ranges are 

summarized in Table 2. For the walls, apart from the modulus 

of elasticity, the length of the overlapping parts between 

spandrels and piers, which defines rigid regions, is considered 

uncertain. The timber beams of the slabs are aligned parallel to 

the short direction of the building, causing an orthotropic 

behavior. In order to account for the stiffness and mass 

distribution of timber floors, equivalent orthotropic shell 

elements are adopted. The ranges for the elastic properties are 

calculated in accordance to the timber floor dimensions (square 

beams with 25 x 25 cm section at a distance of 70 cm). The 

equivalent elastic properties of the soil are considered unknown 

and thus, wide prior parameter ranges are defined according to 

[21].  Finally, the effective foundation embedment, accounting 

for loose contact with soil, according to [16], is bounded 

between 30 % and 100% of the total embedment. 

Table 2. Prior ranges and point estimates of the uncertain 

parameters for different response amplitude bins.  

 Prior range Amp. 

Bin #1 

Amp. 

Bin #4 

Ewalls [GPa] 0.6 – 3 1.64 1.34 

rspandr/beams [%] 30 – 100 95 97 

Eslabs //y [GPa] 1 – 5 1.6 1.2 

Eslabs //z [GPa]  1 – 2 1.0 1.1 

Gsoil [MPa] 50 – 100 67.8 67.7 

rfoundation [%] 30 – 100  30 30 

 Bayesian Model updating 

In order to determine the model parameters that best fit the 

identified modal properties, a Bayesian inference framework 

[22] is implemented through the UQLab toolbox [23]. In this 

framework, uncertain model parameters are considered as 

random variables with uniform prior distributions (per Table 

2). These prior distributions are updated upon availability of 

measurement data, so that the posterior distributions are 

informed with the modal identification data. For the Bayesian 

model updating, the modal displacements and frequencies of 

the first two modes are considered. The posterior distributions 

are computed via Markov-Chain Monte-Carlo sampling [24], 

by considering 20 Markov chains of 5’000 samples. The 

computational model provides modal response predictions for 

a given set of input parameters. To account for measurement 

errors and model inaccuracy, a discrepancy term is considered, 

as a Gaussian random variable with zero mean and diagonal 

covariance matrix with constant variance equal to 0.0025. This 

assumption does not compromise the purposes of this analysis, 

which focuses on the comparison of the inferred model 

parameters for different response amplitude levels. The 

Bayesian Inverse update is conducted for the amplitude-related 
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bins defined in Figure 5 (left). The posterior distributions for 

all uncertain parameters result narrow, centered on the 

maximum a posteriori (MAP) values, which are further 

considered as point estimates for the updated models. The point 

estimates for the amplitude bins 1 and 4 are summarized in 

Table 2.  

The identified modal frequencies tend to drop with increasing 

response amplitudes, indicating nonlinear behavior in the 

equivalent elastic range of the response, before any damage 

occurs. To this end, the results from Bayesian model updating 

for increasing response amplitudes provide valuable insights 

into the properties that cause these shifts. In this case study, the 

governing parameter for the system softening due to increasing 

response amplitudes is the elastic modulus of masonry. The 

comparison of the inferred values of elastic modulus for 

increasing amplitude exposes a stiffness reduction of 18 % 

between amplitude bins 1 and 4. The corresponding shift of the 

predicted frequencies is significantly lower (below 5 %) and 

less evident. Hence, Bayesian model updating, based on 

identified modal properties, provides robust estimates of the 

equivalent elastic properties that are sensitive to changes in 

stiffness, due to increasing response amplitude.  

The goodness of fit between the baseline identification and 

the modal predictions of the updated models for amplitude bins 

#1 and #4 are summarized in Table 3. While the frequencies for 

the amplitude bin #1 overestimate the frequencies compared to 

the baseline identification, the predictions for amplitude bin #4 

are lower. The Modal Assurance Criterion (MAC) comparison 

between the baseline identification and the amplitude-

dependent models is suboptimal, which can be attributed to the 

effect of response amplitude on the modal shapes.  

Table 3. Baseline identification results and model predictions 

for amplitude bins #1 and #4. The MAC compares the baseline 

identification with the updated models. 

 Baseline 

identification 

Amp. 

Bin #1 

Amp. 

Bin #4 

F1 [Hz]  6.35 6.52 6.37 

F2 [Hz] 7.24 7.40 7.04 

MAC1 [%] 1 0.70 0.71 

MAC2 [%] 1  0.80 0.81 

 Impact of parameter updating on seismic assessment 

Understanding the influence of the response amplitude on the 

properties of masonry buildings may enable a more refined 

prediction of the seismic displacement demand and capacity. 

Since regional risk assessment models broadly rely on bi-

linearized capacity curves, for which assumptions regarding 

reduced stiffness are taken, monitoring-driven knowledge of 

amplitude-dependent stiffness can provide valuable insights. 

The pushover curves, obtained via imposed displacements 

that are proportional to the translational modal shapes, are 

reported in Figure 7. As it can be observed, the elastic 

parameters, namely the elastic modulus of masonry, bear an 

important influence on the overall nonlinear capacity curve. In 

order to demonstrate the effect of the uncertainty in the elastic 

stiffness on the calculated seismic performance, the lower and 

upper bound for the elastic modulus, according to relevant 

literature and existing building standards [20], have been 

considered. The estimated shear capacity varies between 136 

kN, with practically no ductility, and 280 kN, with ductility 

over 3. These extreme cases expose the uncertainty pertaining 

to seismic assessment without prior information on the 

equivalent elastic stiffness. To this end, model updating is 

necessary in order to obtain robust estimates of the stiffness and 

reduce the uncertainty of the expected seismic performance.  

Comparing the predictions resulting from model updating for 

amplitude bins 1 and 4, the E modulus drops by 18 % (Table 

2). This significant reduction also impacts the predicted global 

seismic performance. According to Swiss standards [20], the 

ultimate displacement of the capacity curve is defined as failure 

of the first load-bearing element. While the ultimate 

displacement and the maximum shear strength do not vary 

much, the reduction in stiffness increases the yield 

displacement and thus, reduces the post-yield displacement 

capacity. In addition, the displacement demand depends 

directly on the elastic branch of the equivalent bilinear capacity 

curve. Therefore, lower stiffness values (for an overall stiff 

building typology, such as the low-rise shear building under 

study) translate to higher displacement demands.  

 

Figure 7. Pushover curves for varying E-modulus of masonry.  

It is noted that both nominal and monitoring extracted values 

of the E-modulus are further reduced by 50% for the pushover 

analysis, to account for cracked material. The value of 50% can 

be considered to be arbitrary and the extent to which it covers 

stiffness changes under low amplitudes is debatable. Stronger 

hits and measurements under earthquake loads would be 

required to quantify the stiffness drop at the equivalent yield 

point. Local collapse mechanisms (such as out-of-plane failure 

of walls) are not examined, as they do not belong to the scope 

of this analysis. 

Overall, while the pushover analysis is highly simplified, and 

application to additional buildings is required to formalize the 

findings, it is concluded that systematic measurement of 

buildings that are being demolished can provide a better 

understanding of the dynamic properties, and by extension of 

the seismic safety, of existing structures that are representative 

of building typologies that cover significant part of the existing 

building inventory.  

5 CONCLUSIONS 

This paper studies the influence of response amplitude on the 

dynamic properties of a masonry structure and consequently on 

its expected seismic performance. Based on the presented 

monitoring campaign on a real masonry building, equipped 

with sensors during planned demolition, the following 

conclusions are drawn: Transient nonlinear behavior is 

observed in what is commonly assumed as the linear elastic 

regime. Low-cost sensors prove adequate for this task, which 
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carries the potential for a systematic analysis of this behavior, 

particularly in countries with low-to-moderate seismicity, 

where little data from earthquakes is available. Increasing 

levels of shaking are linked to a reduction in stiffness of the 

masonry, and not to transient changes in the foundation 

properties. The stiffness reduction at low excitation levels, 

which is modelled to be linear in classical engineering 

assessment approaches, may substantially affect the global 

seismic performance of the structure. 

With the feasibility of such approaches established, future 

work is planned in order to systematically study the 

phenomenon on multiple buildings. Such an analysis reveals 

the influence of building types on the sensitivity of model 

parameters with respect to the response amplitude, thus 

providing a valuable starting point for many applications in 

structural health monitoring.  
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ABSTRACT: Uncertainty quantification (UQ) assimilating earthquake response monitoring data can be used for reducing 
uncertainties of structural model parameters in the seismic risk analysis of existing civil structures. Here, the seismic fragility 
curves with attention to model parameter uncertainties due to deterioration and damages should be considered. This paper first 
shows an UQ procedure of model parameters of bridge structure considering the use of earthquake response monitoring data under 
various seismic intensity and response spectra. Fragility curve was estimated using the posterior distributions in each case of 
healthy and deteriorated conditions at the seismic rubber bearing. The results showed that the uncertainty of failure probability of 
the bridge pier structure could be properly considered to evaluate the effect of deterioration.  

KEY WORDS: Fragility analysis; Uncertainty quantification; Isolated RC pier; Seismic rubber bearing; Deterioration. 

1 INTRODUCTION 
Structural health monitoring (SHM) can contribute not only to 
the data-based damage detection or structural condition 
assessment, but also to the simulation-based structural capacity 
evaluation of existing structures. Here, the measurement data 
are used for the validation of model parameters to consider the 
present structural conditions by adopting some kinds of model 
updating procedure. In this respect, the Bayesian posterior 
distributions of model parameters, which are the updated 
probability distributions by observation data, can be applied to 
the structural reliability analysis, which is the simulation-based 
statistical evaluation of structural capacity to the required 
performance, with considering the present structural conditions.  
Uncertainty quantification (UQ) is the procedure to reduce and 
update possible uncertainties of model parameters by 
estimating the Bayesian posterior distributions using 
observation data. For the UQ of existing structure models, the 
SHM data are expected to be applicable as the observation data, 
and the posterior distributions can be used for the structural 
reliability analysis. Authors are working on this study with the 
motivation of applying the posterior distributions of model 
parameters, which are derived by the Bayesian UQ procedure, 
to the evaluation of seismic capacity of existing structures, 
including the risk evaluation to the future huge earthquakes. 
The purpose of numerical modeling here is thus the nonlinear 
time-history analysis; therefore, the uncertain model 
parameters to be considered are not only the linear properties 
but also the nonlinear ones. In this respect, the use of 
earthquake response monitoring data in SHM is considered in 
this study. Especially in Japan; the earthquake prone country, 
the SHM system can acquire the dynamic response data to 
earthquakes in various intensities continuously. The long-term 
earthquake response monitoring data contributed to the 
understandings of structural properties changes over time due 
to the earthquake loading histories in some existing structures, 
e.g., [6]-[8]. In the use of earthquake response monitoring data 
for the estimations of posterior distributions, it must be 

considered that the sensitivity of data to model parameter 
uncertainties, which is the global sensitivity, greatly depend on 
the input earthquake load that has varieties of intensity and 
response spectra. In this study, the UQ of the seismic response 
analysis model, i.e., the nonlinear time-history analysis model, 
with combination of the GSA is shown for the effective use of 
earthquake response monitoring data in existing structures. 

2 TARGET STRUCTURE 

 Numerical model of seismic RC pier and uncertainties 
The isolated bridge pier model used in this study was the 
numerical model of one of piers of a general five-span 
continuous girder bridge with the total length of 200m, as 
presented in Fig.1. The bridge consists of the superstructure 
with five steel-plate girders and the RC slab, the substructures 
with RC piers and footing foundations, and the five lead rubber 
bearings (LRB) are installed in each bridge pier for the seismic 
isolation. The designed structural properties, i.e., geometries, 
properties of steel and concrete materials, cross-sections of the 
RC slab and the RC piers, and the bi-linear hysteresis properties 
of the LRB, are all presented in the Japanese Design 
Specification of Highway Bridges (Part V: Seismic Design) [1]. 
A 2DOF lumped-mass model was then constructed for the 
target bridge pier based on the given bridge properties, as 
shown in Fig. 2 (a). Table 1 also shows the nominal properties 
of the model parameters. Figure 2 (b) and (c) are the nonlinear 
characteristics of the spring stiffness for the isolated bearing, 
and the RC piers, respectively. Here, the force-displacement 
relationship for the RC pier was described in the Takeda-model 
[2] with unloading stiffness degrading parameter α=0.3 and 
reloading parameter β=0.6. The structural damping was also 
applied by the Rayleigh damping with assumptions of damping 
ratios of ξ RC= 2% for the bridge pier and ξI = 0% for the 
isolation bearing, which are the values also indicated in [12]. 
The nonlinear time-history analyses in this study were then 
conducted by adopting Newmark-beta method (β =0.25) for the 

Seismic risk analysis of existing bridges considering structural condition 
uncertainties 
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(a) Designed isolated RC pier 

 
(b) Lumped-mass model of RC pier 

Figure 1. Numerical model of isolated 

Table 1. Nominal model parameters and their uncertainties 

Parameters (Unit)  Nominal Prior 
uncertainty 

Mass of superstructure 
(kg) MU 604000 

±10 % 

Mass of pier (kg) MRC 346300 
Initial stiffness of pier 
(kN/m) KRC1 110000 

Post-yielding stiffness 
of pier (kN/m) KRC2 8250 

Yield force of pier (kN) QyRC 3399 
Initial stiffness of 
bearings (kN/m) KI1 40023 

Post-yielding stiffness 
of bearings (kN/m) KI2 6154 

Yield force of bearings 
(kN) QyI 1117 

 
time integration with time increment of 0.001 sec. 
The uncertainties of linear and nonlinear model parameters are 
set to the uniform distributions with lower and upper ranges of 
±10%, as shown in Table 2. The range was determined by 
referencing the statistics of material properties of RC structures 
and seismic rubber bearings evaluated in some previous 
literatures. 

 Time-history analysis and comparative feature 
Input ground motions for the seismic response analysis was the 
ground motion in Kobe earthquake, occurred on January 17th 
in 1995, recorded at Japan Railway Takatori-station with Japan 
Meteorological Agency (JMA) intensity of 6.5. The ground 
motion data was obtained from the database of K-NET/ 
National Research Institute for Earthquake Science and 
Disaster Prevention, Japan, as shown in Fig.2(a). 

 
(a) Kobe earthquake input ground motion (PGA: 599.8 gal) 

 
(b) Hysteresis loops derived from calculated responses 

Figure 2. Numerical model of isolated 
 
The input earthquake load in each case of the seismic response 
analysis was applied in the x-direction in Fig.1(b), which is the 
longitudinal direction of the bridge. The time-history of 
acceleration, the hysteresis loop of the isolated bearing, and that 
of RC pier are shown in Fig.2(b). It can be seen that the 
isolation system with LRBs is well-functioned.  
The comparative feature in the use of SHM data for the UQ was 
a vector of thirty root-mean-square (RMS) acceleration time-
history within 1 sec. over the 30-seconds-long data at each DOF. 
This can be obtained by the dynamic measurement in SHM 
with sensor locations at the top of bridge pier and on the lower 
flange of main girder above the rubber bearing.  

3 UNCERTAINTY QUANTIFICATION 

 Artificial measurement data 
Structural monitoring data is essentially required for the 
uncertainty quantification of model parameters. In this study, 
an artificial data set is created by adding Gaussian noise zero 
mean to simulated time-history responses of the structure. A 
high signal-to-noise (SNR) of 40 dB, i.e., 1% white noise to 
response RMS, was assumed for displacement responses.  

 Global Sensitivity Analysis 
One of common GSA methods is the variance-based sensitivity 
analysis (VBSA) with the indices of the Sobol’ decomposition 
[3]. The main effect index here is often used to rank the 
influence rate of parameters, and the total effect index is used 
for the identification of uninfluential parameters. Here, the 
numerical model that expresses the relationship between 
influential input factors xi with number of d (i =1–d) and output 
Y is given by Y= f (x1, x2, …, xd). The variance of output Y due 
to the variance of input xi is then described as Vi =V [Ex~i (Y | 
xi)], where x~i denotes all inputs except i-th one, E(.) and V(.) 
represent expectation and variance, respectively. The variance 
Vi quantifies the first-order variance contributions in the Sobol’ 
decomposition. The calculation of the Sobol’ indices based on 
the Monte Carlo sampling of input parameters, which depends 
on properties of random generation, generally requires 
thousands of samplings, and thousands of simulations runs. 
Therefore, there is an increasing demand for developing 
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alternative mathematical models; i.e., metamodels or surrogate 
models to reduce the computational cost. 
The GSA was then conducted using the constructed surrogate 
Kriging metamodels. The number of Monte Carlo sampling 
here was fixed to 1×106 samples, which was determined by 
checking the convergence of main and total effects by the 
bootstrap method. The unnormalized sensitivity effect can then 
be used for evaluating two kinds of sensitivity: the total effect 
to fix uninfluential parameters (factor fixing), and the main 
effect to rank the importance of each influential input 
parameters (factor ranking). Those sensitivities can be used not 
only for extracting significant response features and data, but 
also for reducing the dimensionality of the input parameters 
space for the Bayesian inference in the UQ.  
Figure 3 shows the total effects of uncertain model parameters, 
i.e., inputs influential factors, with indicating the breakdown of 
main effect and interaction under two selected earthquake load 
inputs with PGAs of 60 gal and 600 gal of Kobe earthquake 
waveform. Here, the response features, which is output Y, are 
the RMS of time-history acceleration of the superstructure 
within the 30 sec. time duration. From this figure, the 
parameters that do not show total effects, such as the mass of 
RC pier MRC and the post-yield stiffness of RC pier KRC2, can 
be recognized as the uninfluential factors relatively in both 
earthquake waveform cases. The factor ranking can also be 
addressed by comparing the main effects of the parameters 
under the same earthquake. For instance, the mass of 
superstructure MU is specified as the most sensitive factor to the 
RMS of acceleration time-history of the superstructure under 
PGA of 60 gal, and the post-yield stiffness of isolation bearing 
KI2 holds the most influential parameter in the case of PGA 600 
gal. The difference in the sensitivity of the model parameter 
uncertainties under different PGAs of earthquake load is due to 
the nonlinearity of responses. In the case of PGA 600 gal, the 
response of superstructure is isolated due to the function of 
seismic rubber bearings, as shown in Fig. 4 (a). Therefore, the 
properties of isolated bearing including nonlinear ones, KI1, KI2, 
and QyI, showed high sensitivities relatively compared to the 
case of PGA 60 gal, in which the nonlinear responses did not 
occur both in the isolated bearing and the RC pier. The 
parameters that show relatively high sensitivities properly 
reduced their uncertainties in the estimation of posterior 
distributions. Therefore, the evaluation of global sensitivities of 
prior parameter uncertainties can provide two points; which 
model parameter uncertainties can be negligible, and which 
parameter uncertainties may be reduced appropriately, in the 
UQ procedure. 

 Posterior distribution 
Uncertainty quantification (UQ) using Bayesian formalism can 
predict posterior distributions of model parameters via 
observed system responses and prior knowledges [4], as 
generalized in following formula: 

 ( ) ( ) ( ),p Y p f Yθ θ θ∝                           (1) 

where ( )p θ  and ( )p Yθ   describe prior and posterior 
distributions of uncertain parameter θ, and ( )f Y θ  is 
likelihood function, which quantifies the probability of 
observation Y for the given value of θ. To implement Eq.(1) in  

 
Figure 3. Total effects of model parameter uncertainties on the  
      feature of RMS acceleration time-history of superstructure 
 
multi-dimensional input space, the method based on the Monte 
Carlo sampling is required to approximate target posterior 
distributions. The Differential Evolution Adaptive Metropolis 
(DREAM) algorithm [5][6] can be used to draw random 
samples from multi-modal and high-dimensional target 
distributions. It is the method based on the Markov chain Monte 
Carlo (MCMC) algorithm with enhancement of automatically 
tuning the scale and orientation of proposal distributions 
forward to the target posterior distributions.  
The prior distribution was the uniform distributions ±10% 
variability, as shown in Table 1. To facilitate the inverse 
inference, the sample values were normalized by the nominal 
value in each parameter. The observation data was the artificial 
measurement data explained in section 3.1. The posterior 
distributions are the 50000 samples with 5000 burn-in with 5 
steps thinning.  
Figure 4 shows the obtained marginal posterior distributions of 
the eight model parameters using the features characterized by 
RMS of acceleration time-history response for each one-second 
under the original Kobe earthquake input (around 600 gal PGA), 
and under the 10% scaled input (around 60 gal PGA). The case 
of 10% scaled input is performed, because, in the idea of SHM, 
the responses under small or middle earthquake events should 
be used in the UQ of numerical model for the safety evaluation 
for future rare earthquake events.  
The effects of global sensitivities, that are shown in Fig.3, on 
the derived posterior distributions can be evaluated by 
comparing the results in the cases of input earthquake PGAs of 
60 and 600 gal. It is noticed that the sensitivity in Fig.3 is 
roughly evaluated by using the responses characterized by 
RMS of the whole time-histories with the length of 30 seconds. 
The model parameters, Mu, Krc1, Ki1, Qy in case of 60 gal PGA 
hold higher main effect, and the others have less effect to the 
responses than ones in the original input of 600 gal PGA. From 
the results in Fig.4, it can be seen that the posterior distributions 
of Mu, Krc1, Ki1, Qy  under the input of 60 gal PGA shows 
significant uncertainty reductions with the estimated maximum 
a priori (MAP) values close to 1. In the case of 60 gal PGA, 
parameter Mu is the most sensitive parameter in the main effect, 
and the variations of Mrc, Krc2, and Qrc have no sensitivities to 
the RMS response in the total effect. The posterior distribution 
of Mu is well-constrained by the data, and has the most 
probable point estimates, MAP and mean being closely equal 
to 1. The posterior distributions of Mrc, Krc2, and Qrc do not 
show significant uncertainty reduction relatively. This is 
because the nonlinear response is not occurred in the response 
to the earthquake input with the PGA of 60 gal. In case that the  
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Figure 4 

 
response shows nonlinearity, the uncertainties of nonlinear 
parameters can be well reduced by the UQ procedure. By 
examining sensitivity under various seismic loadings, the 
optimal posterior distributions for each parameter can be 
achieved. 

4 CONCLUSIONS 
Uncertainty analysis of posterior distributions of input model 
parameters under various seismic levels is investigated on the 
isolated bridge in Japan design specifications for highway 
bridges. This study indicates that sensitivity degree of the 
uncertain parameters is varying under various seismic levels. 
This variability depends on the structure’s response 
characteristics including nonlinear behavior of the piers and 
isolators under large seismic excitations. To what follows, the 
posterior densities of input parameters can be precisely inferred 
from Bayesian uncertainty quantification based on this 
sensitivity evaluation. A sequential model updating procedure 
can be then constructed using available measured data. 
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ABSTRACT: Rapid post-earthquake assessment of bridges is imperative to secure emergency vehicle routes and to reopen 

transportation networks to suppress economic impacts. While structural displacement is an essential indicator of structural 

soundness, direct measurement is difficult. Indirect estimation by numerical integration of acceleration, on the other hand, is 

inaccurate due to integration errors. In this research, estimation of displacement including residual components by using only 

acceleration measurements is proposed. Extended Kalman filter (EKF) assuming a simple tri-linear hysteretic behavior and a 

genetic algorithm to optimize parameters of the tri-linear model are combined to achieve the displacement estimation. The 

Robbins-Monro algorithm calculates the process noise covariance matrix to deal with modeling error. In the first simulation case, 

the target structure follows a trilinear hysteretic model. The proposed method can successfully approximate the trilinear model 

parameters and estimate the displacement.  In the next case, the target structure follows a complex hysteresis, which cannot be 

represented by the trilinear model. An RC pier tested at a large-scale three-dimensional shake table, E-defense, is simulated 

considering concrete nonlinearities and the acceleration responses are analyzed with the proposed method. The displacement 

estimation is shown to be accurate.  

 

KEY WORDS: Displacement Estimation, Kalman Filter, Genetic Algorithm, Hysteretic model. 

1 BACKGROUND 

The post-earthquake health assessment of bridges and other 

structures must be carried out quickly in order to ensure the 

passage of emergency vehicles and evacuation routes, and to 

reduce the economic impact of traffic restrictions. If the 

displacements of structures are obtained, structural soundness 

can be evaluated quantitatively and quickly based on the 

displacements and hysteretic characteristics, as shown in 

Figure 1 [1]. 

 

 

Figure 1. Example of determining damage to an elevated 

bridge. 

 

Direct measurement of displacement is difficult because of 

difficulty in obtaining a reference point. On the other hand, the 

method of estimating displacement by numerical integration of 

measured acceleration results in accumulation of integration 

error. Although divergence of the integrated value can be 

avoided by applying a high-pass filter, low-frequency 

components such as residual displacement cannot be evaluated. 

Therefore, the simple method to estimate displacements 

including residual displacements is needed. 

his paper proposes a method to estimate displacement 

including the residual displacement component, based on a 

Kalman filter using seismic response acceleration and a 

trilinear hysteresis model, whose parameters are optimized. 

The proposed method is further applied to a problem where the 

hysteresis properties of the target structure are more complex 

than those of the trilinear model. 

2 DISPLACEMENT ESTIMATION METHOD BASED 

ON ACCELERATION MEASUREMENT 

The components of the proposed method are first summarized 

and the displacement estimation method are then explained. 

2.1 Extended Kalman Filter 

The extended Kalman filter (EKF) is a nonlinear filter that is 

used when the non-linearity of the model is strong, unlike the 

Kalman filter that estimates the state under the assumption of 

linearity. In this paper, the extended Kalman filter is used for 

structures that potentially experience damages due to seismic 

motion and show nonlinearity.  

The state equation and the observation equation of a 

nonlinear system are described by nonlinear functions of state 

variables, process noise and observation noise as follows [2]. 

 𝑥𝑘+1 = 𝑓(𝑥𝑘) + 𝑤𝑘  (1) 

  (2) 

Here, 𝑥𝑘+1  is the state vector at time k+1, 𝑓(𝑥𝑘)  is a 

nonlinear function of the state variables at time k, and 𝑤𝑘 is the 

process noise vector. 𝑧𝑘  is the observation vector, ℎ(𝑥𝑘) is a 

Displacement estimation based on measured acceleration and tri-linear hysteresis 

parameter optimization 
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observation function of the state variables at time k, and  𝑣𝑘 is 

the observation noise vector. 

In the extended Kalman filter, the Taylor series expansion of 

a nonlinear function is calculated up to the first-order term by 

partial differentiation. The nonlinear functions of the state 

equation and the observation equation in EKF are expressed as 

follows [2]. 

 𝑓(𝑥𝑘) ~ 𝑓(�̂�𝑘) + 𝐴𝑘(𝑥𝑘 − �̂�𝑘) (3) 

 ℎ(𝑥𝑘) ~ ℎ(�̂�𝑘
−) + 𝐻𝑘(𝑥𝑘 − �̂�𝑘

−)  (4) 

where �̂�𝑘
−

 and �̂�𝑘 are the priori and posteriori estimates of the 

state variables. The coefficient matrix 𝐴𝑘  and the coefficient 

vector 𝐻𝑘 are Jacobians by partial differentiation, which can be 

calculated as follows [2]. 

  (5) 

  (6) 

2.2 The Robbins-Monro Method 

In EKF, the process noise and the observation noise are 

assumed to follow normal distributions with zero mean and 

covariance matrices of 𝑄𝑘 and 𝑅𝑘. 

In this research, the observation noise covariance matrix is 

determined by estimating the observation noise in advance, and 

the Robbins-Monro method [3] is used to predict the process 

noise covariance matrix adaptively based on the estimated state 

variables. 

Thus, 𝑄𝑘 is calculated by the following equation. 

 𝑄𝑘 = (1 − 𝛼𝑄)𝑄𝑘−1 + 𝛼𝑄𝐾𝑘(𝑧𝑘 − �̂�𝑘
−)(𝑧𝑘 − �̂�𝑘

−)𝑡𝐾𝑘
𝑡 (7) 

Here, 𝛼𝑄  represents the weighting factor, which takes into 

account the weight of covariance matrix at time k-1 and 

covariance matrix obtained from the Kalman gain (𝐾𝑘) and the 

observation estimation error. 

2.3 Displacement Estimation Method 

The algorithm proposed in this study is briefly shown in Figure 

2. The ground motion acceleration and response acceleration 

are used as the observed values, and the response displacement 

is estimated as one of the state parameters by applying a 

nonlinear Kalman filter under the assumptions on the hysteretic 

characteristics model.  

Although EKF does not accurately represent the hysteretic 

characteristics of the structure, the state equation include a term 

corresponding to modeling errors. The modeling error can be 

expressed as a process noise covariance matrix, and the 

parameters of the hysteretic characteristics model are optimized 

by a genetic algorithm to minimize the modelling errors. 

 

 

Figure 2. Overview of the proposed method. 

In this study, a trilinear model, which has a small number of 

parameters to be optimized, is adopted because it is difficult to 

identify many parameters. As shown in the Figure3, five 

parameters to optimize are initial stiffness (Ke), secondary 

stiffness ratio (η1), tertiary stiffness ratio (η2), primary yield 

point (α1), and secondary yield point (α2). Although the 

bilinear model was also studied, the results of the study using 

the more general trilinear model are presented here. 

 

 

Figure 3. An example of Tri-linear model. 

3 CASE WHERE THE TARGET STRUCTURE AND THE 

MODEL HAVE THE SAME HYSTERITIC 

CHARACTERISTICS 

Before considering a system as complex as a real structure, 

optimization for the case where the hysteretic characteristics of 

the target structure and those in EKF are both represented by a 

trilinear model is considered. 

In the analysis, 5% white noise was added to the acceleration 

in order to account for the measurement noise, and Takatori 

wave was used as the input seismic wave (Figure 4). The mass, 

damping, and identification parameters are shown in Table 1 

below.   

 

 

Figure 4. Ground acceleration of Takatori wave. 

Table 1. Details of parameters in genetic algorithms. 

Parameter True Value Search range 

Mass (kg) 252.5 × 103 ― 

Damping (%) 1 ― 

Ke (MN/m) 16.3 1.63 ~ 80.0 

𝜂1 0.25 0.01 ~ 1.00 

𝜂2 0.01 0.005 ~ 0.50 

𝛼1 (𝑚) 0.05 0.01 ~ 0.25 

𝛼2 (𝑚) 0.10 0.05 ~ 0.50 
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The estimation results of displacement and hysteretic 

characteristics obtained as a result of parameter identification 

are shown in Figure 5. 

 

 

 

Figure 5. Estimation of displacement and hysteretic 

characteristics of trilinear models. 

 

 

Figure 6. Accuracy of initial stiffness and displacement 

estimation. 

 

The same analysis was repeated several times, and the 

estimation accuracy varied due to the randomness of the genetic 

algorithm. In addition, the accuracy of the displacement 

estimation also depends on the magnitude of the observation 

noise. By comparing the accuracy of displacement estimation 

with the accuracy of each identification parameter, the 

correlation between the identification accuracy and the initial 

stiffness is found to be high as shown in Figure 6. In other 

words, if the initial stiffness is accurately estimated in advance 

from small earthquake records, the displacement can be 

estimated with a high accuracy. 

4 APPLICATION OF THE PROPOSED METHOD TO 

SYSTEMS WITH COMPLEX HYSTERETIC 

CHARACTERISTICS 

The proposed method is applied to responses simulated to 

reproduce a bridge pier shake table experiment in E-defense 

[4][5]. The simulation is performed by reinforced concrete 

nonlinear analysis software, COM3D [6]. 

 

 

Figure 7. Analysis simulating E-defense bridge pier shaking 

table experiment [6]. 

 

 

Figure 8. Comparison of experimental and simulated hysteretic 

characteristics. 

 

Figure 6 shows the hysteretic characteristics of the COM3D 

analysis results, and the hysteretic characteristics are as 

complex as the actual structure. 

4.1 a medium earthquake case 

Because the estimation accuracy of the initial stiffness has a 

great influence on the estimation accuracy of displacements 

and hysteretic characteristics, the initial stiffness is estimated 

in advance using the results of a medium earthquake. 

 

Table 2. Analysis condition. 

Parameter Value 

Mass (kg) 10000 

Damping (%) 1 

Ke (MN/m) 1.6 ~ 81.5  

𝜂1 0.0001  ~ 1.00 

𝜂2 0.0001  ~ 1.00 

𝛼1 (𝑚) 0.0001  ~ 0.10  

𝛼2 (𝑚) 0.0001  ~ 0.10  

 

The model used for the Kalman filter is a trilinear model, and 

the noise level is set to 0% and 1%. Table2 shows the values of 

the parameters used in the estimation. The estimation results 

for the case with 0% noise are shown in Figure 9.  
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Figure 9. Estimation result (Input: 30% of Takatori wave). 

 

Table 3 shows the initial stiffness values identified and the 

stiffness read as the slopes of the hysteresis loop during two 

seconds at the beginning and the end. The initial stiffness is 

estimated accurately. 

 

Table 3. Initial stiffness estimation accuracy. 

Estimated initial stiffness (MN/m) 28.0 

Stiffness at the beginning (MN/m) 30.9 

Stiffness at the end (MN/m) 21.7 

 

4.2 Takatori wave case 

The displacement and hysteretic characteristics are estimated 

by the trilinear model using the initial stiffness (28.0 MN/m) 

identified from the medium earthquake. The results of the case 

without noise are shown in Figure 10.  

When the nonlinearity is strong, the accuracy of the 

hysteretic characteristics estimation is not necessarily high. The 

displacement can be, however, estimated accurately. 

 

 

Figure 10. Estimation result (Input:Takatori wave). 

 

To demonstrate the usefulness of the proposed method, a 

comparison with two other displacement estimation methods is 

shown in Figure 11, one of which replaces the nonlinear 

Kalman filter in the proposed method with a displacement 

response simulation.  In this method, it is difficult to take into 

account the modeling error of the hysteretic characteristic 

model. Another method is to estimate the state and hysteretic 

parameters simultaneously by using the unscented Kalman 

filter (UKF) [7]. This method requires an accurate hysteretic 

characteristics model. Figure 11 shows that only the proposed 

method can estimate the displacement accurately including the 

residual component. 

 

 

Figure 11. Comparison of displacement estimation results. 

 

5 CONCLUSION 

The conclusion of this study is as follows. 

• A method of displacement estimation based on 

acceleration measurement is proposed by combining the 

state estimation by nonlinear Kalman filter and the 

optimization of hysteretic model parameters by a genetic 

algorithm. 
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• The proposed method was applied to the results of 

nonlinear analysis of a reinforced concrete pier, which 

shows complex hysteretic characteristics. The 

displacement was successfully estimated. 
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ABSTRACT: Recent changes in the global climate raise the risk of scouring under bridge piers or abutments in a cold region 

where the amount of rainfall is increasing. Bridges in such regions have rarely suffered from severe flood and then they have a 

smaller safety margin comparing to bridges in a warmer region. These cold regions are generally low population density that the 

investment for infrastructures is limited. On the other hand, the climate environment is much severe in the winter season. This 

situation requires much effort and innovation for improving structural health monitoring techniques. The low-cost and efficient 

monitoring network system saves people's life even if the structure itself damaged and the system improves the resilience of the 

local community. In this study, a remote inclination monitoring system with a high sensitivity MEMS sensor, and an LPWA 

network module was developed for safety monitoring of scoured bridges. The behavior of tilting substructure under scouring is 

also simulated to determine a warning threshold for examining the specification of the monitoring system. A typical RC abutment 

FE model with soil spring elements was modeled, and nonlinear static analysis performed in the simulated case of scour as deleting 

soil spring elements. Analytical results qualitatively agreed with the outdoor test in an experimental channel. The warning 

threshold of inclination and the required specification of the monitoring system are discussed from these results. 

KEY WORDS: Scoured bridge, Remote monitoring, LPWA, LoRa. 

1 INTRODUCTION 

Recent changes in the global climate raise the risk of scouring 

under bridge piers or abutments in a cold region where the 

amount of rainfall is increasing. Bridges in these regions have 

rarely suffered from severe floods, and then these bridges have 

a smaller safety margin comparing to bridges in warmer 

regions. These cold regions are generally low population 

density that the investment for infrastructures is limited. On the 

other hand, the climate environment is much severe in the 

winter season. This situation requires much effort and 

innovation for improving structural health monitoring 

techniques [1] [2]. 

In the 2016 Hokkaido heavy rainfall disaster in northern 

Japan, 111 bridges have suffered and suspended their services 

[3]. Some vehicles fell into the flooded river at damaged 

bridges. In these bridges, foundation ground scoured and above 

abutment or pier tilted. To prevent such vital accidents, the 

inclination or deformation of structures should be detected in 

its early stage, and the situation needs to be warned to road 

authorities. The low-cost and efficient monitoring network 

system saves the life of people even if the structure itself have 

damaged, and the monitoring system improves the resilience of 

the local community. 

In this study, a remote inclination monitoring system for 

bridge sub-structures with a high sensitivity MEMS sensor and 

an LPWA network module was developed for safety 

monitoring of scoured bridges. 

A warning threshold of tilting should be determined before 

its severe damage for the road authorities. This threshold 

should be set as a smaller value because the monitoring system 

needs to detect the abnormal movement of the structure before 

becoming apparent stage of the structural damage or 

unevenness of the road surface. The measurement precision of 

the monitoring system should have enough performance to 

detect this small tilting. Therefore, the behavior of tilting 

substructure under scouring is simulated by using a FEM to 

determine a warning threshold for examining the specification 

of the monitoring system. A typical RC abutment FE model 

with soil spring elements was used, and nonlinear static 

analysis was performed in the simulated case of scour as 

deleting soil spring elements. 

To achieve the above requirement, the developed MEMS 

sensor system adopted digital filtering and regression analysis 

to eliminate thermal fluctuation and other external 

environmental effects such as wind, ambient vibration. As the 

R&D target, the measurement precision of tilting is smaller 

than 0.05°, and the system has low-temperature tolerance under 

-30℃. 

The monitoring system is to be deployed in the depopulated 

area to ensure their life and industry. There are critical technical 

problems in provincial areas that are poor radio communication 

environment, difficulty accessing the site and unavailability of 

a commercial electric power source. This study proposes a 

hybrid radio communication with LoRa and LTE 

communication modules. The radio communication tests for 

the developed LoRa communication system were performed in 

both summer and winter. The power consumption of both the 

MEMS sensor system and the LoRa communication module 

was also measured in a laboratory test. The development target 

A development of a hybrid remote safety monitoring system for scoured bridge 

substructures 
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of the radio communication range is 15km to apply the system 

in the depopulated area, and the battery life is five years to meet 

the period of the detailed visual inspection of the bridge itself. 

2 MONITORING SYSTEM 

 Monitoring system 

We developed a prototype monitoring system that can remotely 

diagnose bridges tilting in off-grid areas during the winter 

season in cold regions. The measurement unit installed on the 

top of the bridge pier measures the tilt angle caused by the 

vertical displacement of the bridge piers with high accuracy 

MEMS sensors, and the unit transmits the data to the gateway 

via LoRa communication. The data received by the gateway is 

resent to the cloud server via LTE communication. The data 

sent to the cloud server is analyzed by software to diagnose the 

displacement of the bridge. The communication module of the 

monitoring system uses the 920MHz frequency band, which 

has a longer wavelength compared to the 2.4GHz frequency 

band that is conventionally used for sensor networks, and it has 

superior radio wave wrap-around characteristics, which makes 

it tolerant from communication obstacles and enables the 

construction of a wide-area network. Also, the modulation 

method of LoRa communication is the spread spectrum using 

chirp signal, which enables demodulation of low-level signal 

and long-distance communication. Table 1 shows the 

specifications of the measurement unit. Figure 1 shows the 

communication board of the prototype of the measurement unit. 

The communication board consists of a LoRa communication 

module, a communication device with a MEMS sensor, a 

power supply unit such as a lithium battery, and a 

microcomputer that controls the measurement, communication, 

and power supply. 

 Remote communication tests 

To fundamentally verify the performance of the LoRa 

communication module, we conducted a long-distance 

communication experiment. The transmission and reception 

conditions were observed between two LoRa communication 

modules under the following different experimental cases. The 

experimental cases and results are summarized in Table 2. 

Test #1 was conducted in the city area of Sapporo. Although 

there were buildings that were obstacles to radio 

communication, the communication was successful for a 3km 

distance between the modules due to the wrap-around 

characteristics of the 920MHz band wave. Test #2 was 

conducted in the suburbs with good visibility. The 

communication distance was 9.7 km, and the received power 

was -123 dBm. On the other hand, Test #3 in the coastal area 

was a failure because of a large-scale power plant of an electric 

power company. In the vicinity of the power plant, many radio 

waves can interfere with communication, and the radio 

communication failed due to the lack of visibility of the Fresnel 

zone on the radio waves. In Test #4, the transmission and 

reception points were in good condition with good visibility 

due to the elevation difference. The tests were completed with 

the longest communication distance of 14.5 km in the snow-

free season. Figure 2 shows the experimental situation in Test 

#4 at Mt. Moiwa. 

In the snow season, the first experiment with a prototype 

monitoring system was conducted in January 2020 in Sapporo, 

Japan. Figure 3 shows the measurement unit and the gateway. 

The measurement unit was located at the observation site as 

same in Test #4 in the radio communication test, and the 

gateway was in the city area of Sapporo.  The distance between 

the measurement unit and the gateway was 9.7 km. The weather 

was snowy, and the temperature was -1℃. Although there was 

no visual line of sight due to snowfall, communication 

commands could be sent and received in a two-minute interval, 

Figure 1. The measurement unit. 

Table 1. Specification of the monitoring system. 

Item Specification 

Range ±30°（X-axis, Y-axis） 

Precision 0.006° 

Radio frequency band 920.6 - 928.0 MHz 

Modulation system 
LoRa modulation 

(spread spectrum) 

Bandwidth 62.5 - 500 kHz 

Transmission rate 146 - 22k bps 

Transmission Output Less than 13 dBm 

Connection mode Star network 

Maximum 

communication distance 
15km 

Operating temperature 

limits 
-30℃ - 60℃ 

 

Table 2. Cases of the remote monitoring tests 

Test 

# 

Experimental 

condition 

Distance 

(km) 

Received 

power 

(dBm) 

Weather 

1 City area 3.0 -115 
Cloudy 

with 

occasional 

rain 

2 Suburb area 9.7 -123 

3 Coastal area 15.6 - 

4 
Observation 

site 
14.5 -105 Fine 
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and the tilt angle of the unit could be measured successfully. 

Through this experiment, we confirmed that this measurement 

system using LoRa communication is capable of 

communicating even when the weather is snowy and cold. 

A communication experiment in an off-grid area was 

conducted in February 2020 at the Mikuni Bridge near Mikuni 

Pass on Japan National Highway R273. Mikuni Pass locates in 

the mountain area of central Hokkaido, and the experimental 

site is out of range of LTE and 3G wireless communications. A 

bridge in this area had severe damage during the 2016 

Hokkaido heavy rain disaster. On the day of the experiment, the 

weather was sunny, occasionally snowy, and the temperature 

was -10℃. Figure 4 shows the experimental setup of the test. 

The measurement unit was placed near the left bank of Mikuni 

Bridge, and the gateway was at the roadside from 1.1km of the 

measurement unit. The antenna height of the measurement unit 

and the gateway were 1m and 5m, respectively. From the 

experimental result, it was possible to send and receive 

communication commands in two-minute intervals, and the tilt 

angle data was also transmitted, although the visual line of sight 

was not clear due to the forest and undulating terrain. The 

received power was -106 dBm. When radio waves propagate 

from the transmitting antenna to the receiving antenna, the 

radio waves do not travel in a straight line but spread out in an 

elliptical shape. This spread of the radio wave is called the 

Fresnel zone, and the radio wave attenuates if an obstacle enters 

within 60% of the radius of the zone. The Fresnel zone radius 

is shown in Equation (1). 

 

 

𝑟 =  
300

𝑓
×
𝑑1×𝑑2

𝑑1+𝑑2
  

 (1) 

 

where, r: Fresnel radius (m), f: Radio frequency (MHz), d1, d: 

distance (m). For f = 928 MHz, d1 = d2 = 550 m, The Fresnel 

radius is 9.42 m, and 60% of the Fresnel radius is 5.65 m. 

Therefore, the antenna heights of the measurement unit and the 

gateway were adjusted, so that no obstructions would be within 

5.65 m in this test. 

 Low-temperature test for the inclination sensor 

We also conducted an experiment of LoRa communication and 

tilt angle measurement accuracy in the cold environment of -

30°C in the low-temperature room of Kitami Institute of 

Technology. The measurement unit was fixed on the tilting 

stage as shown in Figure 5, and the tilt angle was measured with 

the MEMS sensor by changing the tilt at 0.22° pitch. The 

measurement data was calculated by the microcomputer in the 

measurement unit and transmitted to the gateway via LoRa 

communication. The measurement unit worked without any 

error in the cold environment of -30℃. The maximum 

measurement error in this experiment in the X and Y axis were 

-0.022° and -0.024°, respectively.  This error satisfies the R&D 

target of ±0.05° for the monitoring system. 

Figure 2. LoRa module in Test #4. 

LoRa module 

  

Measurement 

Unit 
  

Gateway 
  

PC 
  

Figure 3. Prototype monitoring system. 

Measurment 

Unit 
  

Gateway 
  

Figure 4. The experiment in an off-grid area. 

Measurement Unit 
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Google Maps   
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3 SCOURING EXPERIMENT OF AN ABUTMENT 

 Overview of the experiments 

A flood simulation experiment was conducted in a 

multipurpose open-air waterway constructed at the 

experimental field of Kitami Institute of Technology. Figure 6 

shows the experiment layout of the multipurpose waterway. 

The channel was 70m long, and water was circulated by pumps 

through a reservoir at both the upstream and downstream ends. 

The channel width was 3 m, and the depth was 0.3 m. The 

bridge is a simple girder with a span of 2.81m supported by two 

reinforced concrete abutments. Figure 7 shows a general view 

of the bridge model, and Figure 8 shows the dimensions and 

reinforcement of the abutments. The backfill of the bridge 

abutment was constructed with clayey soil on the left bank and 

sandy soil on the right bank. The incarnation and deformation 

of the abutments were measured by a commercially available 

biaxial inclinometer at the top of the abutments and strain 

gauges on the main reinforcement bars in the abutments. The 

data were sampled at 4-second intervals for  about 2 hours from 

the start to the end of the experiment. 

 Tilt of the abutment and strain of steel bar 

Figure 9 shows the time histories of the tilt angles of the 

abutments on both banks. The bridge abutment on the left bank 

inclined gently toward the channel right after the experiment 

beginning, and then rapidly increased at 0:45 and 1:45 of the 

experiment time. At the right abutment, the inclination 

increased stepwise toward the channel and upstream at 1:25 and 

2:05 of the experimental time. The tilt angle of the left abutment 

reached 0.45° toward the channel, and 0.27° toward the 

upstream at the end of the experiment. In the right abutment, 

0.60° toward the channel, and 0.45° toward the upstream in the 

same manner. The reason for the rapid change in inclination is 

that the sediment that had been scoured under the footing of an 

abutment washed out at a moment. The inclination at the end 

of the experiment in any direction was less than 1°. The 

accuracy of the inclinometer developed in this study satisfied 

as mentioned above. The inclinometer can detect the 

deformations of the scoured bridge. The strains of the steel bars 

were smaller than the yield strains of steel material at all 

measured points, and the stress changes inside the abutment 

were small in this experiment. 

 Scouring under the footing 

After the experiment, the bridge abutment was lifted by a crane 

and the scour under the footing was measured after the open 

channel was fully drained. The scour depth contour diagram is 

shown in Figure 10. The maximum scours depth was 4 cm on 

Figure 5. Cold room test. 

Tilting stage 
  

Measurement unit 

(b) Plan view 

Figure 7. General view of the bridge model. 

(a) Side view. 

(a) Side view                      (b) Plan view 

Figure 8. General view of the abutment model. 

Rebar 
Strain gauge 

Figure 6. The multipurpose waterway. 

Bridge model 

Length: 70ｍ 

Waterway Upstream 

reserver Downstream reserver 
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the left bank and 2 cm on the right bank. The ratio of the 

scoured area of the bottom of the footing was 63% on the left 

abutment and 20% on the right abutment. The area of the scour 

on the left bank was greater than that on the right bank, and this 

difference corresponds to the fact that scours started from the 

left abutment as shown in the angle of abutments mentioned 

above. 

4 FE ANALYSIS OF THE BRIDGE 

Nonlinear static analysis was conducted to quantify the 

inclination of the bridge abutment due to scouring. MidasFEA 

which is a general-purpose FEM analysis software was used in 

this study. 

The objective bridge shown in Figure 11 was a simple girder 

bridge with parallel-type abutments, which was assumed a 

typical real bridge. The abutments were modeled using 

nonlinear solid elements for the concrete, and used truss 

elements for the reinforcing bars, which has bilinear nonlinear 

characteristics. The main girders and the RC slab were modeled 

using linear solid elements. The supports were modeled by 

spring elements, and gap spring elements connect between the 

ends of the main girders and parapets to model the contact of 

structural members. The ground stiffness is assumed to have an 

N factor of 30, which is generally considered to be a good 

bearing layer, and spring elements were connected to each node 

on the bottom of the abutment footing to represent the bearing 

ground. Scour was represented by deleting the ground springs 

in a diagonal direction in a stepwise manner. 

Figure 12 shows the inclination of the abutments against each 

scouring ratio. As the scouring ratio increases, the tilt increases, 

and as shown in the open channel experiment, the tilt 

progresses upstream and toward the channel. The tilt increases 

rapidly over 70% of the scouring ratio. Even the scouring ratio 

exceeded 90%, the maximum tilt angle was only 4.1°, and the 

abutment did not fall out.  

Figure 13 shows the crack distribution on the abutments in 

80% of the scouring ratio. Cracks firstly appeared on the 

abutment, which has movable support at a scouring rate of 

30%. The cracked area gradually expanded on the front of the 

abutments and the bottom surface of the footings as the 

increasing scouring rate. 

From these results, the threshold for maintaining structural 

stability can be chosen at 0.3° of the maximum inclination 

angle, when the supporting ground under the abutment footing 

is scoured 60% in the present analytical model, and it can be 

detected with an accuracy of ±0.05° in the prototype 

monitoring system verified in this study. These results mean 

that the accuracy of ±0.05° of the inclination monitoring system 

is sufficient for the detection of scouring the bridge. 

5 CONCLUSIONS 

In this study, a remote inclination monitoring system with a 

high sensitivity MEMS sensor, and an LPWA network module 

was developed for safety monitoring of scoured bridges. The 

behavior of tilting substructure under scouring is also simulated 

to determine a warning threshold for examining the 

specification of the monitoring system. A typical RC abutment 

FE model with soil spring elements was modeled, and 

nonlinear static analysis was performed in the simulated case 

of scour as deleting soil spring elements. Analytical results 

qualitatively agreed with the outdoor test in an experimental 

channel. The warning threshold of inclination and the required 

specification of the monitoring system can be discussed from 

these results. 

This study proposes a hybrid radio communication with 

LoRa and LTE communication modules. Two cases of radio 

communication tests were performed by using the LoRa 

communication system. The first case in the summer season 

with fine weather completed sending communication 

commands with the 15km distance between communication 

(a) Left abutment            (b) Right abutment 

Figure 10. The scour depth contour diagram. 

Figure 11. Bridge FE model. 

(a) The left abutment. 

(b) The right abutment. 

Figure 9. Time histories of the tilt angles. 

Y 
X 

Z 

In
c
lin

a
ti
o

n
 (

°)
 

In
c
lin

a
ti
o

n
 (

°)
 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure 

1424 

nodes. The second case test in the winter showed that wireless 

communication was properly performed at a roadside in a 

mountainous area. The power consumption of both the MEMS 

sensor system and the LoRa communication module was less 

than 0.2W each in a laboratory test. The MEMS sensor operates 

intermittently at the programmed period and the power could 

be saved during idle time. Therefore expected operating life of 

the system will achieve five years by selecting appropriate 

batteries and that means the maintenance period of the system 

is the same as the period of the detailed inspection of the bridge 

structure itself. Therefore the high efficiency of both structural 

maintenance and monitoring system maintenance is proven. 

From the results of FE analysis, the threshold for maintaining 

structural stability can be chosen at 0.3° of the maximum 

inclination angle. This inclination can be detected with an 

accuracy of ±0.05° in the prototype monitoring system verified 

in this study. 

For a further study, the proof experiment will be performed 

in in-service bridges with a spread foundation on a scoured 

river bed. 
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(a) Abutment with movable support. 

(b) Abutment with fixed support. 
Figure 12. The inclination of the abutments. 

The scouring ratio: 80% 

Figure 13. The crack distribution on the abutments. 
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ABSTRACT: In this study, a structural model enhanced seismic damage detection method using acceleration data from 

structural health monitoring system and Artificial Neural Network (ANN) was proposed. The feasibility and performance of the 

proposed method for the damage recognition with the help of both numerical models and large shake table test data has been 

studied. Different lumped mass models (SDOF and MDOF) are considered for non-linear analysis and are numerically 

simulated to get the structural responses under 18 different designed earthquakes. Further, damage degree evaluation using ANN 

in SDOF model was also be tested. Feasibility and performance of such method has been verified by using E-Defense data. 

Tests data for two steel structures were used to build the test data sets.  

KEY WORDS: Machine Learning; Damage Detection; Seismic Response; Acceleration. 

1 INTRODUCTION 

Damages to rubber bearings were arising issues after onsite 

damage observation in the 2011 Great East Japan Earthquake 

and the 2016 Kumamoto Earthquake. It is difficult to estimate 

the cause from a static point of view from the appearance of 

damage remaining after these earthquakes, and dynamic 

earthquake records are required. Aiming for a resilient 

society, in preparation for a large earthquake that will occur in 

the near future, early damage identification for transportation 

systems during earthquakes and smart infrastructure suitable 

for smart cities are new topics.  

With the development of IoT and MEMS, high dense 

Structural Health Monitoring is becoming possible. Based on 

this background, more direct and structural model based AI 

approaches are considerable.  

Here, an approach based on structural dynamic simulation 

model and Artificial Neural Network (ANN) was proposed to 

detect structural damage in their seismic record from 

Structural Health Monitoring (SHM). The feasibility and 

performance of this model has been studied. To using data-

driven model the quality and quantity of structural seismic 

response with damage and without damage are the key issue. 

However, generally it is difficult to find enough amount of 

data to train the model.  

Generally, numerical simulation or experimental shake table 

test with scaled model specimen are commonly used for this 

purpose. However, this can easily lead the trained model can 

only detect obvious damage or over fitted to be feasible to 

numerical data only.  

To overcome this problem, large scale Monte Carlo seismic 

nonlinear simulation and near full scale shake table test in E-

Defense were incorporated to train a straight-forward ANN 

damage detection model. 

Different lumped mass models (SDOF and MDOF) are 

considered for non-linear analysis and are numerically 

simulated to get the structural responses under 18 different 

designed earthquakes. In the ANN model, the structural 

acceleration and displacement from structural model based 

method are used as the input data. The different damage labels 

(damaged or undamaged) would be obtained from the output 

layer.  

Non-linear seismic simulation has been conducted to 

generate database, which has been used for training the 

network and classifying the input data into two output classes. 

Typical three layers ANN and Deep ANN models are 

compared.  

In first part of the study, the network is trained only using 

the acceleration and calculated displacement from SDOF 

model and tested with the test data from the same structural 

model.  

Moreover, in the second part of the study, both acceleration 

and displacement signals from SDOF are used in the training 

the network and test data sets that are generated using MDOF 

models were used to test the network. The classification result 

shows very high accuracy in the first case and later case 

respectively.  

Further, the damage labels are divided into five different 

levels and used in the training and testing the Neural Network. 

Overall result shows good classification accuracy in almost all 

categories of damage levels with one exception. 

 Establishment of a universal framework for detecting 

damage on structures based on a trained network with certain 

structural parameters has been explored. ANN algorithm 

trained by using data from simple model has been used in 

classification of labelled data from complex models.  

Feasibility and performance of such method has been 

verified by using E-Defense data. Tests data for two steel 

structures were used to build the test data sets.  

The prediction result in multiple floor building tests showed 

good agreement with the test data, however the high-rise 

building case performance well only when the data are filtered 

to very narrow frequency band. The limitation and need of 

further research work in this method has also been discussed. 

Structural model enhanced seismic damage detection in structural health monitoring 

acceleration by artificial neural network 
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2 STRUCTURAL EARTHQUAKE DAMAGE 

DETECTION USING AI 

2.1 Dense Structural Seismic Sensing Using IoT 

"Why was the bridge collapsed by the earthquake?" is the 

questions engineers is asked after disaster earthquakes. 

Therefore, it is necessary to support it dynamically with the 

data observed on the actual bridge. In recent years, mainly in 

the applicant's laboratory, using smart devices, development 

of vibration observation application, long-term seismic 

observation of bridges, AI that automatically recognizes 

seismic motion from a large amount of data, seismic damage 

of structures from vibration data He has achieved many 

achievements such as AI. 

In the research of bridge seismic observation, the principal 

investigator and the research coordinators have developed a 

new IoT sensor for long-term observation. Thus, Dense 

Structural IoT Sensing can be applied to important bridges, as 

shown in Figure 1.  

The IoT sensors can, not only measure the acceleration due 

to ground shake or traffic or wind vibration, but also 

programable and conducts some calculations. CNN based 

vibration realization has been proposed by Ashish et. al.[4], 

thus earthquakes can be sensed automatically and the seismic 

structural safety evaluation procedure can be conducted by AI 

based method, as proposed in this study. 

earthquake

IoT sensor

IoT sensor

IoT sensor

Edge AI 

 

Figure 1. Dense Structural IoT Sensing 

 

2.2 Damage Detection using Machine Learning 

In the previous research, damage recognition by machine 

learning was realized with high accuracy for the problems of 

fracture of steel members[5]. However, the actual bridge is a 

complicated vibration system, and as common earthquake 

damage to the bridge, excessive deformation of the girder, 

collapse of the girder, breakage of the bearing, step, 

inclination and collapse of the pier have been seen in the past 

earthquakes. There is. It is necessary to analyze vibration data 

including multiple damage scenarios of bridges and to learn 

vibration data considering damages such as digit steps, 

collisions, collapses of bridges, and pier tilt collapse as AI that 

recognizes bridge earthquake damage in real time. However 

as an basic step, this research focus on more common and 

fundamental issue, the nonlinear behavior involved seismic 

response accelerations. 

To train a damage detection machine, firstly training data 

can be generated from numerical simulation. Here 

acceleration of SHM system and associated displacement 

were used as input data.  

As an AI model, there is many methods. In this research, 

discussion is focused on one the most simple one, the ANN 

models. After trained by the numerical data base, the trained 

ANN can be used to detect structural damage using the real 

measured acceleration and calculated displacement. 
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Figure 2. Structural Dynamic Damage Machine Learning 

 

2.3 Structural Model Enhanced Training 

Firstly, the network is trained only using the acceleration and 

calculated displacement from SDOF model and tested with 

the test data from the same structural model.  
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Figure 3. Structural Model Enhanced Machine Learning. 
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After that, both acceleration and displacement signals from 

SDOF are used in the training the network and test data sets 

that are generated using MDOF models were used to test the 

network. The classification result shows very high accuracy in 

the first case and later case respectively. 

 

3 NUMERICAL MODEL AND DAMAGE DATABASE 

3.1 Numerical model 

Two different models, simple SDOF and MDOF bridge 

model, with damping ratio of 5% are considered in this study. 

Figure 4 represents the simple SDOF and MDOF lumped 

mass bridge model. Simple one degree of freedom system 

with point mass (m) and stiffness (k) has been considered for 

the generation of simulated response data for the training of 

the Neural Network.  

A single pier transverse direction bridge model has been 

considered as bridge model, each mass representing mass of 

bridge deck, pier and piles respectively. This model could also 

be used to represent the lumped mass model of multiple-

storied buildings. The input data (acceleration and 

displacement) are generated from Non-linear Analysis using 

18 different designed earthquakes (Level 1 and Level 2) to 

excite these models. Lumped mass model with the structural 

parameters as in the Table 1 are considered. 

 

 

Figure 4. Structural Models. 

Table 1. Setting of Nonlinear Parameters. 

Parameters SDOF MDOF Remarks 

Time-Period 

(T) 

0.3~2 secs 0.5~2 secs Eigen Value 

Analysis 

Stiffness (k) 

  

Depends on 

value of T 

(N/m) 

Mass (m) 1 1 Unit mass 

(kg) 

2nd Stiffness 

Ratio (α) 

0.1~0.6 0.1~0.6  

Yield 

acceleration 

(ay) 

0.2~1.2 0.2~1.2  

 

The value of stiffness ratio (α) for all the considered models 

ranges from 0.1 to 0.6, yield acceleration value (ay) from 0.2 

to 1.2 m/s2.  

However, during the simulation, these values are chosen 

randomly to consider different kinds of structures with 

equivalent properties of steel or concrete with short or tall pier 

and short span or long span. Structure with time-period 

ranging from 0.3 to 2 secs are considered in this study. Unit 

mass has been considered for all the point mass for 

simplification of the calculation. Stiffness values are 

calculated depending on the time-period for both models. All 

the models are considered as a bilinear model in the analysis. 

3.2 Nonlinear Damage  

For each spring, i th input data for damage detection is of 3 

second spring deformation data {ui} = {ui,1 ~ ui,300} and 3 

second normalized spring force {fi}={fi,1 ~ fi,300}. As sampling 

rate is 100 Hz, the number of deformation (ui) and force (fi) 

are of 300 each. 

Nonlinearity of the structure can be measured in terms of 

ductility, which is the ratio of maximum displacement to the 

yield displacement. The curvature of the ductility depends on 

the material properties and cross-section of the structure. 

Damaged class was determined with simple condition,  

when the ratio of maximum value of response displacement 

(Dmax) the Yield displacement (dy), the ductility is greater than 

1 and undamaged class, if the ratio is less than 1. The visual 

interpretation of the same can be seen in Figure 5. 

 

Figure 5. Definition of Damaged and Undamaged Class. 

 

3.3 Data Normalization 

Simulated data has been processed for the data normalization 

to reduce data redundancy and improve the data integrity. 

Another merit for this process is that it reduces the 

computational time during training and classification. Simple 

method of data normalization has been carried out in this 

study. Min-Max scaling method has been adopted to get the 

normalized data in the range of 0 to 1. Both response 

acceleration and calculated displacement equal to the length 

of the earthquake waves during the simulation are normalized 

to the length of 300 (150 data from maximum values at both 

ends) in each case. Figure 6 shows a sample of a normalized 
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acceleration data. Similar normalized data for training and test 

the Neural Network has been presented in the later chapter. 

 

 

Figure 6. Data Normalization. 

4 DAMAGE DETECTION BY ANN 

4.1 ANN models 

4.1.1 ANN-1 model 

ANN-1 is a multi-layer feedforward network (one input layer, 

one hidden layer and one output layer), with a sigmoid 

transfer function in a hidden layer, and a Softmax transfer 

function in the output layer. In this neural network, the 

structure response (displacement and acceleration) were used 

in the input layer and then the damage label (damaged or 

undamaged) would be obtained from the output layer.  

The operation mechanism of ANN can also be referred as 

supervised learning. Inputs: acceleration and displacement 

data were normalized to 300 number each, so the input vector 

of length 600 was fed to 100 hidden layers of the neural 

network with sigmoid transfer function and then passed 

through softmax classifier to output the probability of 2 target 

classes. Figure 7 shows the view of 2-Layer Neural Network 

used in this study. 

 

Figure 7. ANN-1 Model. 

4.1.2 ANN-2 Model 

The three-different layer (autoencoder-1, autoencoder-2, 

and softmax), were stacked together, as shown in Figure 

8, to form ANN-2. The 600-dimension input was 

reduced to 100-dimension in first encoder layer and fed 

forward to second encoder of 50 dimension for feature 

extraction and then softmax classifier was used in output 

layer to output 2 predicted classes. 

 
 

 

Figure 8. ANN-2 Model. 

4.2 Training ANN models 

Neural Network was trained using three different size of 

training data set (Data-1, Data-2 and Data-3) of 1DOF. 

Normalization of data was carried out and then labelled 

as well. The normalized acceleration vs. displacement 

data that has been used in training the model can be 

visualized as shown in Figure 9 and Figure 10 shows the 

normalized test data from the bridge model. 
 

 

Figure 9. Training Data Visualization in SDOF model. 

 

Figure 10. Training Data Visualization for MDOF model. 

 

When the validation data (20% of training data size), 

was used for the testing of the trained Neural Network, 

the results showed very high accuracy up to 95%. The 

results can be seen in the tabulated form in Table 2 and a 
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sample of classification result in form of confusion 

matrix in Figure 11. The accuracy got better with 

increase in the size of the training data set. ANN-1 

showed results increasing from 84.8% to 93% and 

ANN-2 showed results increasing from 90.6% to 95.5%. 

The difference between the accuracy in two networks 

can also be seen in the table. The deeper network with 

Autoencoder shows higher accuracy than the simple 2-

layer network. These results show that approach method 

can classify or detect the damage from the structural 

response data. Further, test data from Model A was used 

to test the same trained Neural Network and found out 

that the same Neural Network can successfully classify 

the data with classification accuracy above 80% in all 

the cases. The results got better with deeper network and 

larger training data size as in prior. 
 

 

Figure 11. Test Confusion Matrix after Training. 

 

Table 2. Testing Results for ANN models. 

 

 

Models 

Classification Network 

ANN-1 ANN-2 

Data-1 Data-2 Data-3 Data-1 Data-2 Data-3 

1DOF 84.8% 89.9% 93.0% 90.6% 94.7% 95.5% 

MDOF 81.0% 82.0% 84.30% 83.0% 86.7% 88.0% 

 

5 DAMAGE LEVEL DETECTION 

Same Data-3 from SDOF model, with 6 different damage 

labels namely; DL0, DL1, DL2, DL3, DL4, DL5 and DL6 

was used for the classification performance of the Neural 

Network. The different levels were determined with different 

range of ductility values. The training data with uneven 

samples of different damage labels were used to classify the 

data of total 4000 (Test Data) as shown in the Table 3. 

Table 3. Damage Level Definition. 

S.N DL 
 

Data-4 Test Data 

1 DL0 
 

4504 760 

2 DL1 1<  6111 1024 

3 DL2 2<  3776 584 

4 DL3 3<  2303 445 

5 DL4 4<  1407 226 

6 DL5 
 

5899 961 

 

The confusion matrix in Figure 12 shows overall accuracy 

of about 84%, which is also pretty much good result in all the 

damage label with one exception for DL4. This classification 

has only been carried with the training data from SDOF only. 

Further work need to be carried for testing the neural network 

using test data from other models.  

 

 

Figure 12. Tested Confusion Matrix for Damage Level 

Detection. 
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6 VARIFICATION BY SHAKE TABLE TEST DATA 

6.1 Data from shake table tests 

Two shake table tests namely, “Experimental study on seismic 

safety measures for steel buildings damaged by earthquakes” 
[6], and “Quantification of collapse margin of steel-framed 

high-rise buildings” [7], called as Test-1 and Test-2 here after,  

shown in Figure 13, were referenced and their data were 

collected and extracted as verification data. 

Those shake table tests were conducted at Hyoko 

Earthquake research Center, normally called as E-Defense, the 

largest shake table experimental facility. All experimental 

data are opened and can be downloaded freely. 

 

 

Figure 13. Reference[6],[7] Shake Table Tests 

 

6.2 Data mining 

However, it is difficult to use those raw data directly. Some 

preprocess is necessary. 

Firstly, from all the shakes test, the damage occurred data 

were extracted, and peak data parts were picked up. 

Next, as same as any real-world measure data, base-line 

corrections for seismic shake acceleration were conducted. 

And displacement waveforms were found from frequency 

domain integrations. Extracted data for Test-1 and Test-2 is 

shown in Figure 14. 

6.3 Training Result 

Simply, SDOF model data trained two layer ANN-1 was used 

to verify the result. The confusion matrix charts of the tests 

were shown in Figure 15. It can be seen that Test-1 data is 

easier to be recognized as damage, all the results were 

successfully detected. However, the results for Test-2 showed 

great error. 

The reason is that the 18 floor building showing great 

bending deformation, thus the floor deformation is not the 

simple shear spring. Building’s bending deformation effects, 

high frequency modes should be considered as future works. 
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Figure 14. Extracted Test Data for Test-1 (up) and Test-2 

(bottom).  
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Figure 15. Test result for Test-1 (up) Test-2 (bottom). 
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7 CONCULUTIONS 

Numerical simulation was carried out to generate the 

structural response data that would cover the range of damage 

state of structure due to ground excitation. Random selection 

of non-linear parameter and different scale of input 

earthquake generated wide range of response. Such response 

acceleration and respective calculated displacement data was 

used for the training of the neural network from simple 1DOF 

model representing a bridge.  

The non-linear dynamic analysis used in this study was 

found out to be unstable for the structures with higher 

frequencies. Limited number of iterations for the correction of 

response values could be one of the reasons for the instability 

seen in the analysis.  

This study limits only to the lower frequency ranges. So, 

further study is needed to explore about the reason for the 

instability of the system. The numerical models were 

considered lumped mass and the damage labelling to the 

structure was implemented in very simple manner for easy 

calculations and can form a basis for future research work in 

similar study.  

More complex models and real values for the structural 

parameters can also be used for more accurate response as in 

the real structures. Simulated data was used, thus, the method 

studied has yet to be verified with the real structural response 

data gathered in the real structures. Also, not having a model 

of the structure and different damage scenarios prevented 

from being able to physically interpret the cause of the 

behaviour in the structure.  

Data of two large scale shake table tests conducted in E-

Defence was used to verify the trained model. It is shown 

good accuracy in 3 floor lower building. The 18 floor high 

rise building’s damage was not detected successfully, due to 

the bending or higher mode behaviour. 

REFERENCES 

[1] Ashish Shrestha, Ji Dang, Keisuke Nakajima, Xin Wang: Image 

Processing-Based Real-Time Displacement Monitoring Methods Using 
Smart Devices, Structural Control and Health Monitoring, Vol.27, 

Iss.02, pp.e2473.1-18. 2019. 

[2] Ashish Shrestha, Ji Dang, Xin Wang, Shogo Matsunaga: Smartphone 
based Bridge Seismic Monitoring System and Long-Term Field 

Application Tests, ASCE's Journal of Structural Engineering, Vol.146, 

Iss.02, pp.04019208-1-14, 2019. 
[3] Ashish Shrestha, Ji Dang, Xin Wang: Development of a Smart-device 

based Vibration-measurement System: Effectiveness examination and 

application cases to existing structure, Structural Control and Health 
Monitoring, Vol.25, Iss.3, pp.e2120.1-18. 2018. 

[4] Ashish Shrestha, Ji Dang: Deep Learning-Based Real-Time Auto 

Classification of Smartphone Measured Bridge Vibration Data, Sensors, 
Vol.20, Iss.9, pp.2710.1-21. 2020. 

[5] Luyao Wang, Ji Dang, Xin Wang: Pseudo Damage Training for Seismic 

Fracture Detection Machine, Proceeding of the 8th EVACES, Vol.8, 
pp.103. 2019. 

[6] ASEBI: Archives of E-Defense Shakingtable Experimentation Database 

and Information, https://doi.org/10.17598/nied.0020. Research Name: 
“Experimental study on seismic safety measures for steel buildings 

damaged by earthquakes”, Last Access : 2021.1.9. 

[7] ASEBI: Archives of E-Defense Shakingtable Experimentation Database 
and Information, https://doi.org/10.17598/nied.0020. Research Name: 

“Quantification of collapse margin of steel-framed high-rise buildings”, 

Last Access : 2021.1.9. 
[8] Nikesh Maharjan, Ji Dang, Ashish Shrestha: Bridge Damage 

Recognition from Structural Acceleration Data Using Machine Learning, 

Proceedings of the Ninth Symposium on Disaster Mitigation and 

Resilience of Infrastructures and Lifeline Systems, Vol.9, pp.64-70, 

2019. 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

https://doi.org/10.17598/nied.0020
https://doi.org/10.17598/nied.0020


Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure 

1432 

 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 



ABSTRACT: The strain visualization device is a strain measurement sensor developed to contribute to maintaining the soundness 
of structures.The principle of moiré fringes is used for the measurement principle of the strain visualization devicé, and the 
characteristic that the moiré fringes can magnify and display minute displacements makes it possible to measure minute 
displacements at the strain level. In addition, by simply utilizing the principle of moiré fringes, the most problematic power source 
for sensors for Structural Health Monitoring is not required. The strain visualization device is truly the ultimate power-saving 
sensor.In addition, it has unique features not found in conventional strain measurement sensors, such as (1) strain can be read 
directly by naked eye, (2) strain can be measured with a digital camera, (3) self-temperature compensation type, and (4) high 
environmental resistance performance for over 10 years. 
The strain visualization device has a reading capacity of ±500 µε, a visualization resolution of 50 µε, and a measurement accuracy 
of ±10 µε ±10 µε (2σ), which satisfies the performance as a sensor for Structural Health Monitoring. 
In this paper, we show the performance and measurement method of the developed strain visualization device in detail, and also 
introduce the example applied to the actual structure. 

KEY WORDS: Strain; Moiré; Health Monitoring; Visualization. 

1 INTRODUCTION 
In Japan, operation and maintenance standards for structures 

were strengthened following the Sasago Tunnel ceiling panel 
collapse accident in December 2012. Measures included 
enactment of legal inspection standards for bridges and tunnels 
and stricter periodic inspections with a frequency of once every 
5 years. 

Japan has approximately 720 000 bridges and 10 000 tunnels. 
Although operation and maintenance of this massive social 
capital is extremely important, at present, there is a possibility 
that maintenance may become impossible due to reductions in 
maintenance and repair budgets and the decreasing number of 
expert engineers engaged in maintenance work for bridges and 
other structures. 

Because many parts of periodic inspections based on close-
range visual inspection depend on manpower, and a shortage of 
expert engineers is foreseen in the near future, monitoring 
technologies that enable even unskilled personnel to determine 
the condition of a structure in a simple manner are strongly 
desired. Conventionally, structural monitoring has been 
performed by sensors connected to a data logger, but this 
method has various problems, as many structures are 
constructed in locations with poor accessibility, sources of 
electric power are not readily available, and frequent 
maintenance is not possible. As other problems, the cost of 
introduction is high, and running costs are also incurred in this 
method. For these reasons, monitoring has generally been 
limited to important, large-scale structures. However, among 
the above-mentioned 720 000 brides in Japan, approximately 
510 000, or 71 %, are located not on national highways but on 
city, town, or village roads, and maintenance of these medium- 

and small-scale bridges is also extremely important for 
protecting the lives of people. 

Under such social circumstances, the authors focused on 
strain, which is one monitoring item, and developed a strain 
visualization device (Figure 1) by enabling simple, inexpensive 
measurement by anyone, with the aim of establishing a remote, 
noncontact strain measurement technique [1][2][3]. The strain 
visualization device is a new type of sensor for use in strain 
measurement which based on the principle of moiré fringes, 
and has the following features: 

i)  Strain can be visualized quantitatively. 
ii)  Because absolutely no electrical elements are used, a 

power source is not necessary and electrical 
malfunctions are not an issue. 

iii)  For the same reason, the device is not affected by 
electrical noise. 

iv)  By using an ordinary digital camera, strain can be 
measured remotely, without contact, and with higher 
accuracy than by visual inspection. 

v)  Maintenance is easy. 
In work to date, the authors improved the measurement 

accuracy of the device, developed a self-temperature 
compensated type, and also developed an image analysis 
application to enable use of the strain visualization device in 
field measurements [1][2][3]. As described in this report, a 
number of improvements were made to solve several problems 
that arise in long-term monitoring, and practical application of 
the strain visualization device was successfully achieved. This 
paper presents details of the performance and measurement 
method of the developed strain visualization device and 
introduces an example of application to an actual structure.  

Development of the strain visualization device and application example 
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2 DEVELOPED STRAIN VISUALIZATION DEVICE

Measurement principle 
As shown in Figure 2(a), when a line grating 1 with a pitch p

is overlaid with a line grating 2 having a pitch p+Δp which is 
Δp (<<p) larger than the pitch of grating 1, a striped pattern with 
a pitch W larger than that of gratings 1 and 2 appears. This 
pattern is called a moiré fringe. The strain visualization device 
uses the principle of moiré fringes. The relationship between 
the pitches of the line gratings and the pitch of the moiré fringes 
is expressed by Equation (1). The display of original pitch p can 
be visually enlarged by (p+Δp)/Δp times by the moiré fringes. 
This magnification factor is termed M. 

� = ��⊿�
⊿� ・�

Equation (2) expresses the amount of movement Δxm of the 
moiré fringes in direction A in case line grating 1 is moved Δx
in direction A, as shown in Figure 2(b). In other words, the 
display of displacement Δx can be visually enlarged by a factor 
of M. This principle enables measurement of extremely small 
(microscopic) amounts of displacement and visualization of 
strain in the measurement object. 

⊿�� = �・⊿�

Structure and specifications 
Figure 3 shows the structure of the strain visualization device. 

The strain visualization device comprises mainly a glass front 
plate and rear plate, which form the line grating or characters, 
and a steel temperature compensating plate, and is assembled 
into a unit by the fixing rings. The length, width, and thickness 
of the strain visualization device are 120 mm, 17 mm, and 6.8 
mm, respectively, and the gauge length is 105 mm. In addition, 
the strain visualization device has three types of display 
patterns. The top row is a character pattern with a scale of 100 
με pitch, which makes it possible to read strain values directly 
with the unaided eye, and the center row is a moiré fringe 
display for strain measurement by image processing. The 
bottom row is a fixed reference scale which is used to improve 
accuracy in image analysis. 

Table 1 shows the specifications of the strain visualization 
device developed with the structure described above. 
Nonlinearity and repeatability were confirmed in previous 
laboratory tests using a precision stage [3]. 

Verification of performance 
In long-term monitoring in outdoor environments, stable 

measurement for long time is required in the sensors, but the 
influence of temperature is frequently a problem. In addition, 
sensor life is sometimes reduced by deterioration caused by 
ultraviolet radiation, or by corrosion. Therefore, in order to 
verify the environmental performance of the strain 
visualization device, tests were conducted to verify the 
temperature characteristics, weathering resistance 

(1)

(2)

Figure 1. Schematic illustration of the Strain 
Visualization Device

Moiré fringeLine grating1

Line grating2

Line grating1 �(= ∆�)

�(= ∆��)

�

� + ∆� �

(a)

(A)(b)

Figure 2. Example of a moiré fringe

Figure 3. Structure of Strain Visualization Device

Table 1. Specification of the strain visualization device

Gauge length 105mm
Reading capacity ±500με (F.S.=1000με)
Visualization resolution 50με
Nonlinearity ±1% of  F.S.
Repeatability (2σ) ±10με
Outer dimensions W:17×H:6.8×L:120mm
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(weatherability), and corrosion resistance of the device. The 
results are presented in the following sections. 

(1) Temperature characteristics 
When a strain visualization device is fixed to an object of 

measurement by gluing, and a temperature change occurs in 
addition to the strain caused by external force, apparent strain 
is generated by the difference in the linear expansion 
coefficients of the material being measured and the sensor used 
in the strain measurement. The term “self-temperature 
compensated strain measurement sensor” refers to a type of 
sensor which minimizes the apparent strain generated by 
temperature changes. Among strain gauges, which are a 
representative type of strain measurement sensor, those in 
which apparent strain is within ±1.8 με/°C in the specified 
temperature range when affixed to a compatible material are 
called self-temperature compensated strain gauges. In these 
devices, self-temperature compensation is realized by adjusting 
the temperature coefficient of resistance of the resistive 
element of the strain gauge so as to be compatible with the 
material being measured.  

In previous work, the authors developed strain visualization 
devices with a self-temperature compensate function for 
measurement of concrete members and steel members [2]. 
Figure 4 shows the relationship between the temperature of the 

test specimen and apparent strain. The apparent strain of the 
strain visualization device was less than ±1.0 με/°C, confirming 
self-temperature compensation. It is particularly noteworthy 
that the self-temperature compensation range of the developed 
strain visualization device is significantly wider than that of the 
conventional strain gauge, as apparent strain was very small 
even under extreme temperature conditions, being only about 
20 με under a high temperature of 70 °C and –20 με at –20 °C 
below freezing. These results demonstrated that the strain 
visualization device, in which a temperature compensating 
plate was incorporated in the device structure, is a self-
temperature compensated strain measurement sensor with 
temperature characteristics superior to those of conventional 
strain gauges. 

(2) Weathering resistance 
An accelerated weathering test was conducted to confirm 

weathering resistance, that is, whether the various materials 
that comprise the strain visualization device are degraded by 
ultraviolet radiation (UV). The strain visualization device was 
placed in the testing device and irradiated continuously with a 
xenon lamp (180 W/m2), and was also exposed to steam for 
18 min during each 2 h period. The temperature in the testing 
device was 63 °C (38 °C during exposure to steam), and the 
relative humidity was 50 %. 
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The sample was removed at specified time intervals, the strain 
scales were photographed, and the operation of the device was 
checked. The test was conducted up to a test time of about 2 000 
h. 

In a test conducted under the conditions described above, 200 
hours of test time is equivalent to about 1 year under a natural 
environment. 

As a result of this test, no abnormalities such as discoloration 
of the surface of the strain visualization device or the formed 
pattern were observed, and no problems were encountered in 
reading the strain values by visual inspection or in analysis of 
the photographed images during the test. Accuracy was also 
verified by using a precision stage after the completion of the 
weathering test, confirming that the device has the required 
performance. These tests confirmed that the weathering 
resistance of the strain visualization device under a natural 
environment is 10 years or more. 

(3) Corrosion resistance 
Because steel is used in some parts of the strain visualization 

device, the possibility that corrosion of these steel parts might 
affect the normal functioning of the device was a concern. 
Therefore, an accelerated corrosion test was carried out to 
confirm corrosion resistance. 

The strain visualization device was placed in the testing 
device and subjected to a repeated cycle of saltwater spraying 
(5 % NaCl, 35 °C) for 2 h, drying (60 °C, 25 %RH) for 4 h, and 
humidity (50 °C, 98 %RH) for 2 h. The test was conducted up 
to approximately 800 h. 

Here, 80 hours under the above-mentioned test conditions are 
equivalent to about 1 year under a natural environment 
(exposure in a coastal region). 

Figure 5 shows the condition of the strain visualization device 
before and after the corrosion resistance test. During the test, 
no obvious rust was observed on the steel parts of the strain 
visualization device, and visual reading of the strain values and 
analysis of photographed images were possible without any 
problem. Accuracy verification using the precision stage was 
also performed after completion of the corrosion resistance test, 
and it was confirmed that the device has the required 
performance. These results confirmed that the strain 

visualization device has corrosion resistance of 10 years or 
more under the natural environment (i.e., exposure in a coastal 
region). 

3 MEASUREMENT METHODS

Measurement by visual inspection 
Figure 6 shows an example of the change in the strain values 

in the visualization part (numerical characteristic display). The 
strain value is obtained by reading the number with the darkest 
appearance among numerical values with intervals of 100 με. 
When two numbers appear in same darkness, the strain value 
can be obtained with 50 με resolution by reading between those 
two numbers. 

Measurement by digital camera 
In measurement by digital camera, the camera is set up facing 

the strain visualization device as squarely as possible, and the 
device is photographed so that the black circles located in the 
four corners are sufficiently within the shooting screen. During 
photography, the photographer must be sure that the flash of 
the camera, the LED lighting and the background behind the 
photographer are not reflected on the strain visualization device. 

The strain value can be calculated by analyzing the 
photographed image with the strain calculation application 
shown in Figure 7. The analysis by the strain calculation app is 
carried out by an import of a still image, extracting the moiré 
fringes, and fitting the measured values and the theoretical 
values of the luminance distribution of the moiré fringes. In 
actual operation, strain values can be calculated simply by 
selecting the black circles in the four corners of the strain 
visualization device in order and clicking the “Analyze” button. 

4 EXAMPLE OF APPLICATION TO EVALUATION OF 
BRIDGE LOAD BEARING CAPACITY

To confirm the applicability of the strain visualization device 

Select black circles in four corners in order

Extraction of 
moiré fringes

“Analyze” 
button

Figure 7. Stain calculation application
Figure 6. Change in strain value of visualization part
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in the field, the device was applied to a bridge in Kagoshima 
Prefecture. Strain measurements were conducted during a 
loading test, and an evaluation of the load bearing capacity of 
the bridge was carried out. 

Specifications of the bridge 
Figure 8 and Table 2 show the appearance and specifications 

of the target bridge. The bridge is a 3 span post-tensioned PC 
simple T-girder bridge (5 girders) located in Kagoshima 
Prefecture. 

The bridge had been in service for 46 years since construction, 
and a large number of cracks caused by the alkali-aggregate 
reaction had occurred in the main girder in the bridge axial 
direction. 

Loading test procedure 
In the evaluation of load bearing capacity, a reconstruction 

design is prepared based on the design standard at the time of 
construction and the current condition of deterioration of the 
bridge. Here, the validity of the reconstruction design was 

verified by a loading test, and the load bearing capacity of the 
bridge against loading was confirmed. 

Figure 8. Appearance of the bridge

Table 2. Specifications of the bridge 
Bridge length 102.230 m 

Girder length 30.750 + 40.750 + 30.550 m 
Span length 30.050 + 39.950 + 29.850 m 
Effective width Vehicle road: 6.750 m, walk 

way: 1.500 m 
Total width 9.250 m 
Superstructure 
construction system 

Post-tensioned PC simple  
T-girder bridge (5 girders) 

Year of construction 1975 

A1 P1 P2Symbols

: Strain visualization device : Strain gauge : Deflectometer

Figure 9. Arrangement of measuring devices

Mounting jigs

Anchor bolts 

Figure 10. Condition of installation of a strain 
visualization device
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(1) Arrangement of measuring devices 
Figure 9 shows the arrangement diagram of the measuring 

devices. The targets of verification of load bearing capacity 
were the A1-P1 span and the P1-P2 span. Strain gauges and 
deflectometers were installed on the underside of each girder in 
the center of the spans. Strain visualization devices were also 
installed near the strain gauges on girders G3 and G4 of the A1-
P1 span and girders G1 and G4 on the P1-P2 span. 

Figure 10 shows the condition of installation of a strain 
visualization device. The device was installed using dedicated 
mounting hardware, and was fixed to the concrete by using 
anchor bolts. 

(2) Measurement method 
The measurement method used with the strain visualization 

device was measurement with a digital camera, as described in 
the above section 3.2. First, initial images were taken in the 
unloaded condition, and still images were then taken for each 
loading case. The acquired images were analyzed by the strain 
calculation app shown in Figure 7, and the strain was calculated. 

The measurements by the strain gauges and deflectometers 
were performed using dedicated instruments. 

(3) Loading method 
Figure 11 shows the vehicle (truck) loading cases in the 

loading test. The bridge was loaded with 200 kN dump truck(s) 
which had been weighed in advance, and the test was conducted 
for the case of loading on the inbound lane, the case of loading 
on the outbound lane, and the case of loading on both the 
inbound and outbound lanes on the respective spans. The 
bridge was loaded by dump trucks so that the center of the rear 
wheels of the truck was located at the center of the span in each 
span. 

Results of loading test and evaluation of load bearing 
capacity 

This section presents the strain measurement results for the 
G3 and G4 girders of the A1-P1 span and the G1 and G4 girders 
of the P1-P2 span, where both the strain visualization devices 

A1 P1 P2

Center of Span

A1 P1 P2

A1 P1 P2

A1 P1 P2

A1 P1 P2

A1 P1 P2

CASE1 CASE4

CASE2 CASE5

CASE3 CASE6

outbound line

inbound line

outbound line

inbound line

outbound line

inbound line

outbound line

inbound line

outbound line

inbound line

outbound line

inbound line

Center of Span

Center of Span

Center of Span

Center of Span

Center of Span

Figure 11. Loading cases

Table 3. Results of strain measurements in loading test

G3 G4 G1 G4 G3 G4 G1 G4
CASE1 24 54 - - 32 55 - -
CASE2 27 43 - - 39 26 - -
CASE3 52 64 - - 70 81 - -
CASE4 - - 3 21 - - 4 29
CASE5 - - 8 20 - - 27 19
CASE6 - - 20 42 - - 35 47

CASE
Strain Gauge（με）

A1-P1 P1-P2
Strain Visualization Device（με）

A1-P1 P1-P2
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and strain gauges were installed. Table 3 shows the results of 
the strain measurements during the loading test. The results 
shown for the strain visualization devices are the average value 
of the results of an analysis of multiple images for each loading 
case. 

With the exception of girder G4 of the A1-P1 span for Case 2, 
the strain visualization devices showed slightly smaller values 
than the strain gauges. However, generally similar results were 
obtained in all cases, and the largest difference between the 
strain visualization device and the strain gauge was only 19 με. 

This result satisfies the overall accuracy of ±20 με 
(nonlinearity: ±1 % of F.S., repeatability (2 σ): ±10 με), which 
is the specification of the strain visualization device, and 
verifies the applicability of the strain visualization device to 
field measurements. 

5 CONCLUSION 
The authors developed a strain visualization device that 

enables simple health monitoring of structures even by 
relatively unskilled personnel, and successfully applied the 
developed device under practical conditions. Laboratory tests 
verified that the strain visualization device has weathering 
resistance and corrosion resistance of 10 years or more, which 
is a necessary condition for long-term monitoring in the field.  

Results generally in agreement with those of conventional 
strain gauges were obtained when the developed device was 
applied in an evaluation of the load bearing capacity of an 
actual bridge, and it was possible to confirm the validity of the 
reconstruction plan based on the current condition of 
deterioration of the bridge and the load bearing capacity of the 
bridge against loading. The strain visualization devices 
installed on the bridge will be left in place, and monitoring of 
time-dependent changes in strain is planned. In the future, the 
authors intend to accumulate actual results of long-term 
monitoring, and hope to contribute to health monitoring of 
structures. 
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ABSTRACT: When a large earthquake occurs, it is quite important to quickly figure out the damage distribution of housing 
structures for disaster prevention measures. Currently, the information is confirmed manually by local public organizations, which 
takes a lot of time. Therefore, it is required means to gather the information more immediately and objectively. In this research, a 
novel method to detect damage of each building from a set of multi-temporal satellite imagery is developed by applying a recent 
machine learning approach.  The damage detection system is designed as a deep learning model that uses multimodal data set 
information, consisting of optical satellite images and structural attributes. The proposed method achieved over 90 % detection 
accuracy of damaged housing of the affected area in 2016 Kumamoto Earthquake Japan from satellite imageries taken by Spot 6 
and 7 and structural attributes. 

KEY WORDS: Multimodal learning, Earthquake damage detection of housing structures, Satellite remote sensing 

1 INTRODUCTION 
When a natural disaster occurs, obtaining accurate information 
about the damage situation is the first priority for an appropriate 
response. Typically, information-gathering in an emergency 
relies on on-the-ground assessments by staffs of public 
organizations and reports from citizens. However, these 
measures by humans are highly time-consuming, and gathering 
prompt information becomes more difficult when the scale of 
the disaster is large. Therefore, a faster and more objective 
method of gathering information on damage is required. 

One promising method of gathering information on damage 
is the use of remote sensing technologies. Specifically, 
satellites can be used as platforms for optical sensors, which 
gather precise imagery, and for synthetic aperture radar, which 
can record terrain regardless of weather and daylight. By their 
nature, these technologies are well suited to gathering 
information on damage from natural disasters in terms of area 
of coverage, speed, weather tolerance, etc., and work is 
proceeding on adapting these forms of information for disaster 
response. 

On the other hand, after an earthquake, it is important to 
assess building collapses at the micro level of individual 
residential structures to save lives. However, detecting such 
structural damage requires a spatial resolution be-yond the 
limits of current satellite sensing data; therefore, it is 
insufficiently precise for detecting damage, making more 
precise detection an important research focus. 

Considering this context, we have proposed and developed a 
technology for assessing the state of damage at the level of 
individual residential structures, based on wide-area 
photographic images from satellite sensors, by applying recent 
machine learning techniques. The technology we propose in 
this paper comprises two processes. First, with the information 
on the positions and shapes of structures in a GIS database, we 
identify the photographic scope of each residence in wide-area 
photographic images and extract small photographic fragments 

on the level of individual structures. Second, using a classifier 
to determine whether these individual fragments depict 
collapsed structures or not, we assess the damage of residential 
structures in the affected area. As the classifier we propose a 
multimodal machine learning model to detect the damages 
based on the integrated data of optical satellite images and 
structural attributes. The effectiveness of the proposed model is 
verified using a dataset constructed from satellite images of the 
affected area in 2016 Kumamoto Earthquake in Japan taken by 
Spot 6 and 7. 
 

2 RELATED WORK 
As a comprehensive review by Dong et al. [1] shows, for the 
detection of building damage induced by an earthquake via 
remote sensing, data obtained through various sensors, such as 
the optical, SAR, and Lidar has been used. Many studies focus 
on the change in the observation data before and after the 
disaster: Both Tong et al. [2] and Matsuoka et al. [3] propose 
methods of determining the collapse of a structure based on the 
thresh-old of a certain index, with the former following the 
calculation of the difference in height of each structure de-rived 
from DEM before and after the earthquake, and with the latter 
following the calculation of the difference in the backscattering 
coefficient of the SAR radar. Further, re-cent studies have 
utilized machine learning models in detecting earthquake 
damage, as Mansouri et al. [4] applied a SVM model, based on 
features of an optical image difference before and after the 
disaster. Bai et al. [5] applied the K-nearest neighbor algorithm 
to features of the difference value of SAR images before and 
after the earthquake.  

In this way, for the detection of the earthquake damage to a 
structure via satellite sensing, techniques to classify the extent 
of damage based on the pattern recognition models on features 
of image differences before and after the earthquake have often 
been adopted. Meanwhile, as it is well known, the pattern 

Monitoring earthquake damage of housing structures based on multimodal machine 
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recognition technology has drastically improved its 
performance in recent years with the progress of deep learning 
[6]. The convolutional neural network, the effect of which has 
been demonstrated by Krizhevsky et al. [7], has improved the 
performance of classification tasks, by automatically 
constructing filters that extract features from an image via back 
propagation. In recent years, we have seen many cases where 
CNN filters are extended 3 dimensionally and are used for the 
extraction of features from spatio-temporal data. Tran et al. [8] 
discussed the theoretical differences and advantages of 3-d 
CNN with cases where a group of images are stacked in a 
feature dimension to which a 2-dimensional filter is applied. Ji 
et al. [9] applied a 3D CNN to human action recognition based 
on time-series images and demonstrated its effectiveness. This 
study tries to apply this recent machine learning technique to 
satellite sensing imagery, with the aim of improving the task 
processing capability for earthquake damage detection. 

Further, one of the recent developments in deep learning 
models is to treat multimodal data, which improves the 
performance of the models for feature learning and task 
processing [10]. In the detection of earthquake damage, it is 
expected that the detection performance can be improved by 
using not only satellite images but also various other data that 
can be obtained in advance. Therefore, in this study, we design 
a neural network that can handle such multimodal data. 

 

3 METHODS 

 Overview of the proposed method 
The proposed earthquake damage detection system consists of 
processes as shown in Figure 1: First, from the GIS database on 
the suffered region by an earthquake, it extracts information on 
the position and the shape of an individual residential structure. 
Then, based on the information, it identifies the pixel position 
at which the concerned structure is shown in the broad satellite 
imagery and isolates the small image segment corresponding to 
the structure. It applies this operation to the entire residential 
structures in the target region to create a small image for each 
structure. A classifier determines the collapse or non-collapse 
of the structure shown in the small image and determines the 
damage to each structure in the affected region.   
 

Figure 1: Flowchart of the proposed scheme  

Among the above process, information extraction from the 
GIS database and identification of a location of structures in the 
satellite imagery can be performed with ease, because the 
locational information has been attached to each pixel in the 
satellite image. When creating a dataset used for an assessment 
experiment to be described later, the program codes' validity 
was manually confirmed. Thus, in this article, we will focus on 
the development of a classifier to be applied to small images. 

 Classifier architecture 
In case of a large earthquake, we can use satellite images taken 
before the earthquake as well as those taken after the 
earthquake occurs. Most researches have used the image 
subtraction between pre-and post-earthquake images. However, 
this value is just one of the numerous characteristics that can be 
obtained from multi-temporal images, which suggests that the 
use of additional features can potentially improve the accuracy 
of damage detection. Accordingly, a three-dimensional 
convolutional neural network (3-D CNN) is applied as a 
classifier for solving classification tasks from a group of 
temporal images. 

Furthermore, structural attributes such as building ages, 
which are often collected by municipalities and are publicly 
accessible, could be key information for inferring details about 
structural damages. Therefore, the proposed scheme integrates 
this information with the satellite images, and we design a 
classifier as a multimodal learning model [9]. The overview of 
the proposed model architecture is depicted in Figure 2. 

 

 
Figure 2: Architecture of multimodal learning neural network 

 Dataset 
To verify the performance of the above machine learning model, 
based on the results of field research conducted in Mashiki 
town, one of the areas affected by the 2016 Kumamoto 
earthquake in Japan, we constructed a dataset of satellite 
images of affected residences, comprising 330 collapsed 
buildings and 2030 unaffected buildings. The damage 
distribution in the area was investigated on-site by 
Architectural Institute of Japan [11]. In this research, we placed 
a particular focus on data obtained through optical sensors. 
From a set of pre- and post-disaster images, first on December 
14, 2015 and second on April 20, 2016 by optical satellites 
Pleiades, a small image segment for each residence was 
obtained. The data resolution was 0.5 m/pixel, and each image 
was resized to 40×40 pixels to adjust the size, which varies 
according to the residence's footprint. 

Similarly, we collected two structural attributes for each 
building: building age and structural type. The building age was 
classified according to the time at which the seismic design 
standards in Japan were revised. The structural type was also 
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classified into four categories: wooden, steel, reinforced 
concrete, and others. 

 Comparative study 
For a cross-validation test, the dataset was divided for 

training and test as shown in Table 1. Note that data 
augmentation via rotation and mirror inversion of the images 
was applied to the training data. The 3 architectures shown in 
Table 2 were compared to verify the effectiveness of the spatio-
temporal convolution layer and multimodal architecture. In 
case 1, the image subtraction between the pre- & post- disaster 
images is computed and 2-D convolution layers are applied. On 
the other hand, in cases 2 and 3, multi-temporal images are 
retained as spatio-temporal data without subtraction, and 3-D 
convolution layers are applied. Further, the multimodal 
architecture is only adopted in case 3. Each model was trained 
and tested using the dataset, and their performances as a 
classifier of structural damage were evaluated.   
 
Table 1: Number of building data for the cross-validation test: data 
augmentation is applied to the training data. 

 Non-Damaged Damaged 
Training Data 8120 (=1015*8) 1240 (=155*8) 
Test Data 1015 155 

 
Table 2: model architectures for comparative study 

Case # Convolution layer Structural attribute 
1 2-D convolution Not used 
2 3-D convolution Not used 
3 3-D convolution Used 

 

4 RESULTS AND DISCUSSIONS 

 Model performance 
Table 3 lists the classification performance of each model for 
test data. The performances of the models are evaluated in 
terms of accuracy, precision, recall, and ROC-AUC. 

Case 2 generally exhibits better performance relative to case 
1. Because the 3-D convolution filters can extract more general 
features from spatio-temporal data, including image difference 
values, the deep learning model is considered to have acquired 

features that contribute to earthquake damage detection through 
the learning process. 

Regarding the effect of integrating multimodal data, case 3 
achieves the best performance. In particular, the high ROC-
AUC value obtained is a desirable characteristic in terms of 
using anomaly detection for damage detection [12]. Thus, the 
integration of various prior information and usage of 
multimodal learning model is effective for earthquake damage 
detection. 
 
Table 3: Comparison of the model performance 

Case # Accuracy Precision Recall ROC-AUC 
1 0.66 0.26 0.86 0.82 
2 0.72 0.30 0.85 0.85 
3 0.92 0.88 0.47 0.90 

 
Figure 3 shows the inference result obtained by the pro-

posed classifier using the combination of 3-D CNN and 
multimodal architecture. Note that both the inference result of 
1170 training data and that of 1170 test data are included in this 
figure. Compared to the ground truth data, the inference result 
well reproduces the extent of damage in each region. 

 Nature of the misclassified data 
Although the proposed method achieved 91% classification 
accuracy on the test data, we analyzed the nature of the 
remaining 9% of the data that was misclassified. 

In the post-earthquake field survey, buildings were 
categorized as grade D0 (no damage) to grade D6 (complete 
collapse). In this study, we reclassify such grades D5 and D6 as 
damaged and the rest as non-damaged. Figure 4 shows the 
percentage of this original damage grades in the misclassified 
test data. It can be seen from the figure that more than half of 
the misclassifications are concentrated in D5. This is thought to 
be because D5 includes destruction modes such as the collapse 
of only the first floor and the building's tilt, which are difficult 
to capture in principle by shooting directly above satellites. 
Therefore, it is considered that the proposed method achieves 
enough classification accuracy to be feasible from satellite 
images, and different data such as ground-based images are 
needed to understand the damage patterns such as misclassified 
D5.  

    
(a)ground truth                                                                                  (b)inference 

Figure3: The result of earthquake damage detection by the proposed scheme 
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Figure 4: Percentage of original damage grade in misclassified data 
 

5 CONCLUSION 
This paper proposed a novel scheme for earthquake damage 
detection by using integrated data from satellite imagery and 
structural attributes with recent machine learning techniques. 
Considering the properties of time series images, we verified 
the effectiveness of 3-D CNN, which is regarded as a 
generalized method for image subtraction. Further, we 
integrated structural attributes, including structural age and 
structural materials, with satellite images via a multimodal 
learning structure. The effectiveness of these techniques was 
discussed using a dataset constructed from satellite imagery of 
the area affected by the 2016 Kumamoto Earthquake, Japan, 
captured by Pleiades. 

 The proposed model achieved 91 % accuracy, which enough 
to detect regional damage extent. Also from the analysis of 
nature of the misclassified data, it is indicated that most of the 
misclassified data may not be known in principle from satellite 
aerial photography. As a future task, we plan to conduct 
research on the construction of a more detailed damage 
assessment system by combining data from ground-based 
photography and other sources. 
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ABSTRACT: This paper focuses on the potential of satellite data to provide a large-scale structural monitoring method that 
can contribute to predict the occurrence of extreme events triggered by natural or even human-made factors. The concept is 
based on exploring Interferometric SAR (InSAR) techniques to detect subtle deformations of critical assets of the transport 
network, using images collected by the Sentinel-1 mission of the EU Copernicus Programme. Multi-temporal InSAR technique 
is proposed for the analysis of time series of available images since 2014 to 2020. The methodology is tested in the region of 
Lisboa to Cascais (Portugal), where a large-scale monitoring is required to evaluate the resilience of that coastal area to future 
extreme events related to flooding. The methodology shows the reliability of the StaMPS-PSI method for monitoring 
infrastructures through time series if a large amount of data is used. In this sense, the data offered by Sentinel-1 is of great value 
for monitoring thanks to its free and open access. 

KEY WORDS: Infrastructure health monitoring; satellite monitoring; deformation analysis; MT-InSAR. 

1 INTRODUCTION 
Our society is aware of the increasing number of extreme 
events, mainly natural (where climate change plays an 
important role) but also man-made (accidents, negligence, 
vandalism, or terrorism), so there is a need for the promotion 
of concrete actions to improve the resilience of transportation 
infrastructures to these events. For that reason, new methods, 
tools and strategies to design and build safer infrastructures 
are being developed and validated by both research 
organizations and private companies and administrations. 
However, in many countries the infrastructure network is 
huge, and a large number of assets in the terrestrial 
transportation network are subjected not only to deterioration 
processes (which are typically not quantified) but also to 
sudden events. The number and the geographical dispersion of 
these assets makes necessary to develop tools for a global 
monitoring and evaluating at a large scale, as well as to 
prioritize detailed studies on those structures whose risk is 
bigger. Different Agencies around the World are promoting 
the aforementioned actions, and particularly, many of them 
propose the usage of new tools based on satellite and 
terrestrial remote sensing technologies to monitor the 
evolution of these infrastructures and their surrounding areas 
and obtaining data that can feed new decision making systems 
based on predictive models. [1-5]. 
In this context, this paper focuses on the potential of satellite 
data to provide a large-scale structural monitoring method that 
can contribute to predict the occurrence of extreme events 
triggered by natural or even human-made factors. The concept 
is based on exploring Interferometric SAR (InSAR) 
techniques [5], [6] to detect subtle deformations of critical 
assets of the transport network, using images collected by the 
Sentinel-1(S1) mission of the EU Copernicus Programme [7].  

S1 data is available at a high temporal resolution (every six 
days) and allows for a very accurate analysis, but also very 

demanding in terms of data processing, given the size of each 
image (approximately 2 to 4 GB per every compressed image) 
[8]. 

The different approaches developed in the last decades for 
the analysis based on Interferometric Synthetic Aperture 
Radar can be classified in two main categories [6], [9]: 
Pixel selection criterion by Amplitude dispersion: An example 
of these is the Persistent Scatterer Interferometry (PSI). The 
interferograms in this methodology are created using a single 
master (reference) image, and a selection of coherent pixels 
(or PS). PS are selected based on a parameter of phase 
stability, the Amplitude Dispersion Index of the 
interferograms (Da), which is related to the standard deviation 
of the interferometric phase (σψ) of every pixel (Eq. 1): 
  

σψ ≈ σa/A = Da            (1) 
 
where σa and A are, respectively, the standard deviation and 
the average temporal values of Amplitude images. This index 
is calculated for each pixel, by selecting those pixels that 
show a value of σψ below a threshold, typically between 0.25 
and 0.4. 
Those pixels that show great temporal phase stability (small 
value of Da) are correlated with those points on the ground 
that have a point-type reflection or reflector-type behavior. It 
should be noted that a large density of this type of reflector 
only happens in urban environments. The main advantage of 
this type of reflector is that the reflection of the SAR signals 
at these points is very large and stable over time. The 
reflection at these points is practically independent of the 
spatial baselines, so that all interferograms can be formed 
using the reference image (Fig. 1 a). Once the PS candidates 
have been identified, the phase information is analyzed in 
time coordinate, and is compared to a point on the master 
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image that is considered motionless. The process is repeated 
for every PS [5], [9]. 
Pixel selection criterion by Coherence: An example of these 
approaches is the Small Baseline Subsets (SBAS) technique. 
The selection criterion is based on the spatial coherence (ρ), 
that allows evaluating the interferometric phase stability. 
Those points that show more coherence are not punctual 
reflectors, as it happens in the PSI methods, but they 
correspond to distributed reflectors or targets. This is, large 
areas that remain unaltered. This type of reflectors are more 
sensitive to the perpendicular component of the baseline 
(perpendicular baseline). For that reason the combination of 
interferograms is made following criteria that minimize the 
spatial and temporal separation (baseline). This way, the loss 
of spatial coherence and possible topographic effects is 
minimized. This also produces temporal decorrelation, which 
may cause the some sets of interferograms (subsets) without 
common images among them (Fig.1 b). Those pixels that 
present a high average spatial coherence are selected  
(eg. ρ ≥ 0,3) [9-11]. 
 

 

 
Figure 1. Multi-temporal DInSAR techniques. a) Permanent 
scatters (PSInSAR) where the master image is shown in red; 
b) Small Subset Baseline (SBAS) with 2 subsets created after 

imposing limits in the perpendicular (Bperp) and temporal 
(Btemp) baselines [9]. 

 
The SAR interferometry differential (DInSAR) technique 

for infrastructure monitoring has evolved to the analysis of 
large temporal series, known as Multi-temporal DInSAR 
(MT-InSAR), due to its proven robustness and reliability [12], 
[13], [14]. In our work, we propose using MT-InSAR to detect 
subtle deformations of critical assets of the transport network. 
For that purpose, we have used a time series using the 
available images collected between 2014 and 2020 by the 
Sentinel-1 mission of the EU Copernicus Programme. This 
analysis is performed for the region of Lisboa-Cascais 
(Portugal), where a large-scale monitoring is required to 
evaluate the resilience of that coastal area to future extreme 
events related to flooding. 

The main objective of our work is to explore the MT-InSAR 
technique for the monitoring of large infrastructure. 
Particularly, the analyses were made using the Persistent 
Scatterer Interferometry (PSI) using Stanford Method for 
Persistent Scatterers (StaMPS) [15]. 

This paper is organized as follows: section 2 includes a 
description of the data used and the methodology 
implemented for the analysis. Section 3 presents the results 
obtained for the case study and includes a discussion about the 
findings and the methodology followed. Finally, section 4 
includes the conclusions of the work. 

2 MATERIALS AND METHODS 

2.1 Case Study 
The area of studio is located in the Lisbon to Cascais region 
(Portugal) in order to analyse how extreme weather conditions 
affects the coastal infrastructures. 
Being close to the coast, the study area presents a soft and 
moderate topography showing, in a radius of 16 km, moderate 
variations in altitude around 507m near Cascais and lower 
variations around 365 m in Lisbon [16-17]. 
The period with the highest wind speed in Cascais lasts 7 
months (November to May) with average speeds of 19.6 
km/h, while in Lisbon it lasts approximately 10 months, 
(November to August), with average wind speeds over 17.5 
km/h. Therefore, the Cascais-Lisbon area has slight seasonal 
variations throughout the year [16-17]. 
The average water temperature has a gradual variation during 
the year. The average temperature of the water in warm 
season exceeds 18 °C (July to October), presenting average 
values of 15 °C in the coldest season (January to April). 
The climate is warm and temperate in the Cascais-Lisbon 
area. The average temperature in Cascais and Lisbon is 
15.8°C and 16.9°C, respectively. The approximate 
precipitation in Cascais is 752mm, being 691mm in the area 
of Lisbon [18], [19]. 
 

2.2 Data Used 
There exist many different satellites that provide suitable 

images for InSAR analysis. Table 1 shows different past and 
current operative SAR missions. These satellite have three 
main limitation in the access to the data: i) first, the access is 
not free of charge; ii) the non-regular availability of images or 
frequency, which becomes even worse in the case of old 
satellites; iii) the images may present geometric limitations if 
the satellite has to modify the incidence angle due to the 
request of users to monitor emergencies (this is a clear 
disadvantage because InSAR cannot be applied to images 
acquired with different geometries) [8].  

One of the parameters that limit the results of the multi-
temporal analysis is the wavelength, as it will constrain the 
sensibility of the data to the topography and the changes in the 
vegetation. Additionally, the revisiting time of the satellite 
influences the temporal decorrelation of the data, thus the 
multi-temporal coherence and the density of persistent scatters 
increase as the time interval between later consecutive images 
decrease [20]. 

The spatial resolution of Sentinel-1 data is ~ 20 m and 
250km swath with a stable acquisition geometry. This large 
scale make this technique very suitable for the monitoring of 
large infrastructure networks. 
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Table 1. Synthetic aperture radar (SAR) missions overview [8]. 

Mission 
Name 

(Agency) 

Start–End 
Date Free Frequency Repeat Cycle (Days) Incidence Angle 

(Mid-Range) Resolution (m) 

ERS-1 
(ESA) 

July 1991–
Mar 2000 Yes C 3/35/168 23° ~20 

ERS-2 
(ESA) 

Apr 1995–
Sep 2011 Yes C 3/35 23° ~20 

Envisat-
ASAR 
(ESA) 

Mar 2002–
Apr 2012 Yes C 35 7 image swaths 

from 19° to 43.85° ~20 

TerraSAR-
X (DLR) Jun 2007– No X 11 20°–55° 16/3/1 

TanDEM-X 
(DLR) Jun 2010– No X 11 20°–55° 16/3/1 

COSMO-
SkyMed 

(ASI) 
Jun 2007– No X 

16 (1 satellite) 4 (full 
constellation) <12 h (emergency 

mode) 
22.5°–54.75° 3/1 

ALOS-
PALSAR 
(JAXA) 

Jan 2006–
May 2011 No L 46 9.9°–50.8° 100/30/20/10 

ALOS-
PALSAR 2 

(JAXA) 
May 2014– No L 14 9.9°–60.8° 100/10/6/3 

Radarsat-1 
(CSA) 

Nov 1995–
Mar 2013 No C 24 7 image modes, 

23.5°–47° 100/10 

Radarsat-2 
(CSA) Dec 2007– No C 24 7 image modes, 

23.5°–47° 100/3 

Sentinel-1 
(ESA) Sep 2014– Yes C 6 3 image modes, 

33.725°–43.875° ~20 

Iceye Jan 2018 No X 1 15°–35° 10/3/1 
 
 

2.3 Methods: 
The processing of the aforementioned data involved 144 

image acquisition of Single Look Complex (SLC) of Sentinel 
data, lasting the period between 2014 to 2020. 

The dataset contains backscatters at VV polarization in 
ascendent orbit in C band (wavelength ~5cm) with a time 
interval of 12 days in most of the cases. The identification of 
persistent scatters (PS) highly depends on the dispersion of the 
amplitude of the backscatter signal in time. In order to make a 
more reliable selection of pixels a threshold based on temporal 
coherence is set. It must be noted that the more urbanized the 
area, the higher density of points will be detected [20]. 

The output of the PSI is a map that shows the velocity of 
every point along the Line of Sight (LOS) of the satellite of 
those selected points in the PSI processing. For further details 
on the multi-temporal InSAR processing see [21]. 

The velocity of the points account for the relative 
displacement between satellite observations (in ascendent 
orbit) and this must not be interpreted as the real displacement 
of the terrain (Figure 2). For this last purpose, a 
decomposition between both ascendent and descendent 
images is mandatory to obtain the vertical and horizontal 
components of terrain displacement. 

 

 
Figure 2. Relation between Line of Sight (LOS) and vertical 

displacement (ΔΖ). 

The displacement of every point is given by a linear trend 
obtained from the multi-temporal series. This provides useful 
information about its evolution along time. Using the 
information provided by the whole set of points the 
deformation trend of the area of study can be obtained. 
However, the linear deformation trend has a large uncertainty 
due to several factors, namely: number of images and its 
temporal distribution, density of PS, coherence, the 
characteristics of the deformation along time themselves, the 
quality of the reference points, the distance to the reference 
points, etc. [20]. In spite of the aforementioned uncertainty, 
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different works have demonstrated that the PSI techniques are 
suitable for the accurate monitoring of land [6].   

2.3.1 Analysis of data using StaMPS-PS 
The first step of the data processing consists of identifying the 
master image to be used as a reference to be compared with 
the other images using the SNAP software [22]. Next step 
consists of selecting the minimum burst that cover the area of 
study and whenever possible in a single subwath (IW). This 
strategy optimizes the data processing by minimizing the time 
and volume of data required to produce the results. 
Additionally, images are coregistered using TOPSAR Split 
operator, and subsequently, a precise orbit correction is 
applied using the Apply-Orbit-File operator. Finally, using 
snap2stamps application [23], the interferograms obtained 
from slave images are automatically processed. After this 
processing is done, those pixels with a higher amplitude 
stability are selected for the phase analysis. The recommended 
thresholds for the amplitude dispersion index is 0.40-0.42; the 
larger the threshold, the higher number of pixels for the phase 
analysis [24-26]. 
StaMPS-PS analysis is done using MATLAB, whose main 
steps are: i) loading the PS candidates; ii) calculating the 
temporal coherence by estimating phase noise; iii) selection of 
PS; iv) Pixels selected in the previous step are weeded, 
dropping those that are due to signal contribution from 
neighbouring ground resolution elements and those deemed 
too noisy. Data for the selected pixels are stored in new 
workspaces; v) phase correction; vi) phase unwrapping; vii) 
estimating spatially-correlated look angle error; viii) filtering 
noise caused by atmospheric disturbances [24-28]. Once the 
deformation map is obtained, it is exported to QGIS where the 
results are further analyzed. 

 

3 RESULTS AND DISCUSSION 
After the StaMPS-PSI analyses, a set of millimetre accurate 

points are obtained, thus this becomes a reliable technique to 
be applied to deformation monitoring of large infrastructure. 
The evolution of deformation along time can lead to positive 
or negative values of velocity that indicate relative motion 
towards and away from the satellite, respectively. The 
deformation is given with in the satellite LOS, and the vertical 
and horizontal components can be obtained when ascendent 
and descendent orbits are combined in the processing. Our 
work only comprises images in ascendent orbit, consequently 
the deformation cannot be resolved into components. This 
does not prevent the efficiency of the work, as the objective is 
to develop and test a methodology to detect a deformation 
pattern that might be related to the occurrence of sudden 
events in the surroundings of linear transport infrastructure. 
The incidence angle of the Sentinel-1 is approximately 38º 
[8], [29]. 

Two different analysis are presented in this paper: first, the 
analysis is done for every year; second, the analysis of the 
whole period is performed. These two approaches are 
executed in order to identify which is the best option for the 
analysis of displacements in transport infrastructure. The 
spatial coverage is overall good for both approaches (Figure 
3), however, when analysis the entire period there are less PS 

(Figure 4). This is due to the larger number of images that are 
analyzed within every year compared to the number of images 
available when the images are processed for the entire period 
(all years). Consequently, it is easier to find PS for the first 
situation than for the later. However, the advantage of the 
second method is that there is a larger set of points to estimate 
the trend of deformation in the second approach, being more 
reliable than in the case of evaluating every year separately. 

 
Figure 3. PS obtained in the analysis considering every year 

separately in the area of study. 

 
Figure 4. Comparison of the density of PS obtainend through 

the two approaches: year by year (red) and for the entire 
period (blue). 

 
For both approaches it was found that most of the points 

correspond to stable area, as the values of the displacements 
are in the range of ± 2 mm/year (Figure 5). 

 

 
Figure 5. Map of displacements obtained from the PS of year 

2015. 
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In order to evaluate whether the areas of greater 
deformation are persistent along time or not, which represent 
areas of higher risk, different further analysis where 
performed using QGIS. Figure 6 shows a risk map where the 
deformations are in moderate values (± 5-15 mm/year) and no 
presence of extreme deformations is detected (± 15-35 
mm/year), either for subsidence or outcrop displacements. 

Using the second approach of analysis for accounting for 
the deformations for the entire period, the areas experiencing 
motion are more evident, as the deformation rates are directly 
presented. However, the magnitude of displacement are in 
general low values and thus, these cannot be considered to be 
risky areas. 

 
Figure 6. Zones with higher risk obtained after making the 

analysis for both, the year by year, and the entire period 
approaches.  

 
Figure 7. Detail of some zones identified as higher risk 

obtained after making the analysis for both, the year by year, 
and the entire period approaches. 

In sight of the results obtained with the two approaches of 
analysis, it is found that the year by year analysis has some 
advantages: i) it allows discriminating the trend in 
deformation and detecting if the displacement is continuous or 
correspond to sudden events (Figure 8); ii) detecting a larger 
number of areas with potential risk due to the higher density 
of PS detected, even though the precision can be weaker. 

Thanks to the graphs plotted for each PS it is easier to 
comprehend the magnitude of deformation (velocity), its 
reliability (standard deviation) and its evolution along time 
(the linear trend). In general, the standard deviation obtained 
for the PS obtained in the area of study are below 2mm/year, 
which is an indicator of the good precision of the MT-InSAR 
technique (Figure 9). 

 

 

Figure 8. Displacement trend for a single PS in year 2015. 
 
 

 
Figure 9. Standard Deviation of the PS detected for the 

analysis of 2020. 

4  CONCLUSIONS 
A methodology for the satellite monitoring of large 
infrastructure has been developed and tested. The concept is 
based on exploring Interferometric SAR (InSAR) techniques 
to detect subtle deformations of critical assets of the transport 
network, using images collected by the Sentinel-1 mission of 
the EU Copernicus Programme. Multi-temproal InSAR 
technique has been adopted to perform different analyses of 
time series using available images from 2014 to 2020. The 
methodology has been tested in the region of Lisboa to 
Cascais (Portugal), where a large-scale monitoring is required. 

The methodology shows the reliability of the StaMPS-PSI 
method for monitoring infrastructures through time series if a 
large amount of data is used. In this sense, the data offered by 
Sentinel-1 is of great value for monitoring thanks to its free 
and open access. 

Current limitations are being addressed as future work. 
Most relevant ones are: i) quantification of errors by 
comparing the displacements obtained with a ground truth 
measured with more accurate techniques (eg. GNSS); ii) not 
only using the images in ascendent orbit but also in 
descendent orbit in order to resolve the displacements into 
vertical and horizontal displacements. 

Finally, the MT-InSAR technique using StaMPS seems to 
be a suitable method to predict and quantify the risk of sudden 
events associated to terrain displacements, contributing this 
way to the improvement of infrastructure resilience. 
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ABSTRACT: River patrol has an aptitude to application of UAV and AI. Weather-proof UAV appear and the ordinary use case 
is increasing all over the world. On the other hand, training AI in civil engineering is still unstable because data often has a 
boundary condition which is defined difficultly. Large amount data can relax this constrain, however anomaly data is less and 
various. In this study, the applicability of UAV and AI to river patrol is verified using aerial image of dummy illegal dumping 
with data augmentation. Additionally, for stabilization and improvement of learning, whether the feature in aerial image is 
complemented by ground image which is selected based on several criterion or deep network is validated. The ground image 
selected by Bounding Box Occupancy rate and deep network (ShuffleNet and Inception v3) can improve the score, the validity of 
complement by data of different back ground was confirmed. 

KEY WORDS: River Patrol, UAV, AI, Features of Data in Civil Engineering. 

1 INTRODUCTION 
The global warming has a great possibility to makes water 

disasters intensified [1]. In urban area, flood often occurs rather 
the huge economical loss than human damage [2]. River 
embankment are also the infrastructure which has a part of the 
living space, and require regular patrols and maintenance. For 
example, in Japan, there are over 30,000 rivers, and a few great 
flood in every year. Area along with river has many objects 
(garbage, bench, small ships etc...), they can expand the 
damage of flood at overtopping. For keeping the state of 
embankment, the patrol stipulated by law are carried out 
however the efficiency is not high because of patrol by human. 
Since this patrols is also be done to check the breakage, there is 
dangerous for the confirmation works. If the UAV can patrol in 
this situation and the state of the embankment can be confirmed 
safely and quickly, the damage of flood can be reduced and the 
resilience after disaster become higher. 

River space is open, it is suitable for UAV flight and also 
easy to apply image processing by AI technology. Recent year, 
although the UAV patrol under a water disaster is often 
disturbed by strong wind and heavy rain, some feasibility 
studies try the real time detection by UAV and analysis for 
embankment breakage, under an extreme good conditions [3]. 
The progress is drastic, and the weather-proof UAV has begun 
to appear [4]. Promotion of UAV/AI application in river space 
will be a milestone for application to river infrastructure 
inspection such as bridges. This study focuses the detection of 
illegal dumping which is seem to be effective capturing image 
from UAV [5] because it can have various contexts. 

AI needs a learning with rich dataset. A lot of application 
case to civil engineering fields has be appeared, however, 
learning is often sensitive and difficult because of a less 
particular data, for instance, in the abnormal or damage states. 
As methodological improvements, there is unsupervised 
learning [6], however, the learning is often unstable. This 
results from the problem of which the boundary condition of 

data in civil engineering fields cannot be defined at ease. On 
the other hand, as learning dataset improvements, Data 
Augmentation is most popular, yet this method is not so 
almighty in less data. In previous study about self-attention 
which is SoTA technology in Natural Language Processing [7], 
it is confirmed that the map in network can be recovered by the 
first few largest singular values. Thus, it is suggested that the 
selection of appropriate feature can improve the dataset quality. 

At start of the UAV river patrol, dataset can be defined as 
what less aerial image taken by UAV and much ground image 
(taken by patrol staff and others). If ground image can be reused 
to learning AI for objects detection, dataset cover the features 
value which aerial image doesn’t have. Thus, this study tunes 
the extraction method of dataset which can contribute for 
improvement of learning. The best method is better to be able 
to embed the new data to pre-dataset with increase of dataset, 
however this study doesn’t limit the method and adopt the 
stochastic or geometrical ones, or both of them. t-SNE (T-
distributed Stochastic Neighbor Embedding) [8] and k-NN (k-
nearest neighbor) [9], k-means clustering [10], and Bounding 
Box Occupancy rate (BBO: our proposal criterion) are applied 
to the dataset which aerial and ground image are mixed. BBO 
is the rate of Bounding Box area in annotation and pixel image 
size. Similar criterion is used for improvement dataset [11]. 
Additionally, this study also verifies the effectiveness for 
selection of data by pre-trained network, such as ShuffleNet 
[12] or Inceptionv3 [13]. The ground image in RiMaDIS (River 
Management Data Intelligent System: data store in Ministry of 
Land, Infrastructure, Transport and Tourism [14]) and UAV 
aerial images in practice is used for verification. As object 
detection AI, Faster R-CNN [15] is used. The three 
contributions of this study are shown as below: 

 
1. This study aims to apply image processing 

technology with UAV and AI to river patrol 
automation. The feasibility is validated by the 
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detection AI which learned the aerial image of 
dummy illegal dumping with data augmentation. 
 

2. This study focuses on ground images, for 
complement of feature in less aerial images. 
The availability is verified by learning the 
supplemented dataset with on-ground image 
which selected based on several similarity 
criterions. 
 

3. This study proposes that the data selection by 
above similarity criterions regards as prefilter 
for improvement of dataset. The difficulty of 
defining boundary condition for data in civil 
engineering cause often the instabilization for 
learning and over fitting on modeling. This 
study validate whether their criterion improve 
dataset and grow score by selecting better 
ground images. The comparison results suggest 
that Boundary Box Occupancy and pre-trained 
network such as ShuffleNet or Inceptionv3 are 
useful criterion or prefilter for improvement of 
datasets by complement of features. 
 

This study tries proposing the methodology for improvement 
of dataset (especially for image data) in civil engineering based 
on the feature extraction. Finally, the improvement score by 
BBO and networks have been verified, and cover the feature 
value which is less in aerial images (e.g.: plastic bottle) has 
been confirmed. 

2 METHODOLOGY 

 Faster R-CNN 
Faster R-CNN is an object detection deep learning model 

which is developed by Microsoft in 2015. At the ILSVRC in 
2012, a team using deep learning left excellent results [16], and 
the research has progressed rapidly as an image recognition 
technology. In 2015, some models exceeded human cognition 
of classification [17]. 

There are several networks for deep learning. Faster R-CNN 
uses CNN (Convolutional Neural Networks) for the extraction 
of feature maps. The output of full-connected MLP (Multi-
Layer Perceptron) [18] becomes one-dimensional simple 
vector, however by adding a convolutional layer, features 
which maintain the input dimension are extracted enables more 
advanced learning. Faster R-CNN is performed in two stages: 
the object detection stage of specifying the object range by 
RPN (Region Proposal Network) and the object classification 
stage reuses same feature map which is used in RPN. The loss 
function of RPN is shown below from [15]. 

({ }, { }) = 1 ( , ∗)
+ ∗ ( , ∗)

 

(1) 

Where,  is the index of Anchor point,  is the probability that 
Anchor point  is object. ∗ is a compared label with Ground-
Truth: when Anchor point  is object, ∗  is 1, others is 0.  

indicates the coordinates of predicted Bounding Box, and ∗ 
indicates coordinates of Bounding Box in Ground-Truth. In 
[15],  is the mini batch size, and  is the number of 
Anchor in feature map.  is balanced parameter for the second 
term in right hands. In this paper, = 10 based on Reference. 
In the environment which can use GPU,  often depends on 
the number of GPU. , the classification loss in whether 
object or not, is described by cross entropy. , the estimation 
loss of Bounding Box can be described with rectangle 
regression smooth  as below:  

         ( , ∗) = smooth ( − ∗), (2) 

        smooth ( ) =     0.5          if | | < 1| | − 0.5     otherwise.  (3) 

In the object detection stage,  Anchor Boxes with different 
aspect ratios are applied around each Anchor point of the CNN 
to classify whether or not they are objects. At this time, the IoU 
(Intersection over Union) of the Bounding Box in the Anchor 
Box and Ground-Truth images is calculated, and a threshold is 
set to distinguish the background from the object. In this 
experiment, IoU < 0.3 is the background and IoU > 0.6 is the 
object. Here, the second term on the right side of Eq. (1) is not 
considered if the object is not detected. That is, it is calculated 
only when IoU > 0.6. Through this algorism, , which is the 
deviation between each Anchor Box and the Bounding Box in 
the Ground-Truth image, is regressed. 

At the object classification stage, the RoI Pooling layer is 
applied to the feature map output by CNN and converted into a 
fixed-length feature vector. This is connected to two fully 
connected layers to obtain the classification of the presence or 
absence of an object and the output for rectangular regression. 
The model is learned by alternately updating the gradient of 
these two steps. 

As other detection models, You Only Look Once (YOLO) 
[19] or Single Shot multi-box Detector (SSD) [20] are known. 
These models are composed only one step which is combined 
detection and classification, thus their inference speed is higher 
than Faster R-CNN. However, their accuracy of inference is 
inferior to Faster R-CNN. Additionally, because YOLO and 
SSD learns back ground of image by their own each 
architecture, it suggests that they don't suite for object detection 
in river patrol, for instance, illegal dumping which the back 
ground can change for every time to take image. Therefore, this 
study focuses Faster R-CNN. 

 Features for select of Dataset 
In this study, in order to select the images used for training 

data, t-SNE (T-distributed Stochastic Neighbor Embedding: t-
distributed stochastic neighbor embedding method) and k-
nearest neighbor method, k-means method, BB occupancy 
(Bounding Box occupancy in the entire image: proposed in this 
paper), ShuffleNet and Inception v3, these five features and 
feature extraction method are used. The first two are the 
similarity for each pixel, and can be said to indicate the 
similarity of the background information of the image. The 
same applies to the third one, however it was used as an index 
to indicate the taking conditions for image: how much the target 

Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure

1452



object is captured in the image. Both of deep network has 
different characteristic respectively. ShuffleNet has less 
parameters than other models. Inception v3 has similar number 
of parameter with ResNet50 [17] which is used for feature 
extraction in Faster R-CNN in this study. However, input size 
of ResNet50 and ShuffleNet is 224 pixels square, on the other 
hands, Inception v3 is 299. In this study verifies whether the 
difference can affect the detection result. 
 
a) t-SNE and k-NN 

t-SNE is a nonlinear dimensionality reduction method. Find 
the distance ( , )  between the data at points ,  in the 
high-dimensional data , and define the similarity |  as 
follows:  

   | =
exp − ,2

∑ exp − ( , )2  

   | = 0 

(4) 

When the above equation  is the Euclidean distance, if  is 
selected in proportion to the Gaussian distribution with respect 
to , the similarity is expressed by a conditional probability. 
Next, the coupling probability  is defined below by 
symmetry of the conditional probability. However, N indicates 
the number of data. 

   = | + |2  (5) 

Next, when the similarity is calculated for the points in the 
low-dimensional space data , and it is as follows: 

       = 1 + y − y
∑ ∑ 1 + | − |  

        = 0 

(6) 

At this time,  assumes a t distribution, which is the reason 
for naming t-SNE. The amount of Kullback-Leibler 
information between the joint distributions  and  from Eq. 
(5) and Eq. (6) is expressed as follows: 

             ( || ) = log   (7) 

By minimizing this index, which indicates the difference 
between the two probability distributions, t-SNE reduces the 
dimension. 

In this study, k-NN applies to the two-dimensional data of 
the image obtained by t-SNE, and the ground image around the 
aerial image are selected for learning. Note that t-SNE 
minimizes the amount of Kullback-Leibler divergence, thus it 
is considered that images with stochastically close feature are 
selected for the entire image. Additionally, note that t-SNE 
enables high accurate non-linear dimension reduction, however 
it requires the entire calculation again to classify the data 
obtained after. This cycle is not suitable for practical schema, 
however this is adopt at first in this study because the method 
is based on stochastic theory clearly. 

b) k-means method 
The k-means clustering method is a non-hierarchical 

clustering method. For each data ( = 1, … , ), clusters are 
randomly assigned and the center of each cluster ( =1, … , )  is calculated. The operation of finding the distance 
between each  and , and reallocating to the nearest 
cluster is repeated until the threshold is satisfied (Eq. (8)). 

    arg min ,… min −  (8) 

As this algorism shows, k-means method depends on the 
initial value. Thus, the improved method k-means ++ [10] is 
used in this study. As the same as t-SNE, the distance between 
each data is used, however the dimensional reduction isn't 
involved. Therefore it is considered that a ground image similar 
to the aerial image can be selected retaining the feature. 

 
c) BB occupancy rate 

BB occupancy is proposed in this study. Since object 
detection involves separation of background, the smaller the 
area of the background, the less likely the tensor of features will 
be sparse. This idea is used for improvement of dataset in a 
previous study [11]. Here, when the Bounding Box area is 
about the same as the input image size, it is considered that the 
same amount of features can be extracted. In this study, the area 
of the pixel ratio of Bounding Box for image size were 
calculated, and ground images were selected due to match to 
the mean of aerial images. 
 
d) ShuffleNet 

ShuffleNet is developed for fast inference such as edge 
computing. This model has 1.4 million parameters. It is much 
smaller than ResNet50 ones which is 25.6 million. ShuffleNet 
enables high accurate feature extraction with 100 MFLOPS 
order due to Group Convolution and Channel Shuffle. Group 
Convolution carries out dividing the feature map to kernel 
channel and calculates convolution only in divided group. This 
process reduces FLOPS to 1/G: G is number of groups. Channel 
Shuffle is used for convolution between channels along with 
Group Convolution in ShuffleNet. This shuffle enables Group 
Convolution to include the feature of between Groups. 

Layer of Group Convolution and Channel Shuffle is different 
with general other model ones, for example, VGG [21], ResNet 
ones. In this study, this difference can be expected as 
complement of features in ResNet50. 

 
e) Inception v3 
Inception v3 is developed from GoogLeNet which has 
Inception module. This module is micro network which is 
composed with multiple convolution and pooling layer, and it 
was inspired from Network in Network [22] which is composed 
convolution layer and MLP. In addition, Inception v3 has also 
batch normalization layer for balance of between calculation 
batches. The principle of effect by batch normalization has 
been clear yet, it suggests that this process can avoid the 
complexity of increasing weight in deep learning [23]. In civil 
engineering context, these process can be expected as 
avoidance method of overfitting to abnormal or singular data 
which are very few in practice. 
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3 EXPERIMENT 

 Feasibility confirmation 
The feasibility of applying UAV and AI technology to river 

patrol is verified by AI detecting dummy illegal dumping in 
images taken from UAV. Original images size are 3840 x 2160 
and the number of them is 1209. The object is box or plastic 
sheet or plastic bottle (red box in Figure 1(a)). When images 
input to AI without cropping, the dumping size becomes small 
by resizing from 3840 x 2160 to 224 square and it may be 
vanished. In this study, learning image is cropped to 640 x 480 
from original image also for data augmentation (orange dashed 
line box in Figure 1(a)). This size is defined because 224 square 
cropping from original directly is too small to learn efficiently 
and 640 x 480 are popular size in RiMaDIS (Figure 1(b)). 

Cropped image are augmented to 17016 with shift. Training 
dataset is 10209, and test dataset is 6807. In order to improve 
the efficiency of feature extraction, pre-trained ResNet50 by 
ImageNet is used, and the extraction layer is 40 ReLU layers. 
An RGB image input is resized to 224 x 224 and used for 
learning. The MATLAB 2020a environment is used for 
learning, the gradient optimization is SGDM (Stochastic 
Gradient Descent with Momentum) [24], the mini-batch size is 
2, the learning rate is 0.001, and epochs is fixed at 10. 

The inference score and inference result sample are shown in 
Figure 2(a), (b) respectively. Training time is 77 hour with two 
TesraK80. In Figure 2(a), the score of average precision (AP) 
which is an area under the PR (Precision-Recall) curve is 0.89. 
In Figure 2(b), almost object can be detected. The yellow frame 
indicates the inferred Bounding Box, and the numbers indicate 
the confidence. This is high enough to be used in practice 
because an object can be captured in several images with 
continues through flight. This model is called FC model or later. 

 Benchmark experiment for feature complement 
The score in FC model is high, however, this may result from 

large data augmentation which can cause overfitting to input, 
and thus the applicability to real various object which can be 
assumed as illegal dumping and there are not in dataset is not 
proven. In order to confirm whether the detection accuracy is 
improved by adding ground images, the benchmark is the case 
where only aerial images are used. This data is same as cropped 
ones used in FC model. 280 aerial image training data and 20 
inference data are used. In this study, maximum of 800 ground 
images can be used. The aerial image is taken from the sky 
above the illegal dumping. Therefore, while the aerial image 
captures illegal dumping from almost directly above, the 
ground image is from the horizontal direction. The difference 
in this condition is expected to have an effect on how shadows 
are evaluated as features. The hyper parameter is same as FC 
model except the learning rate is 0.0001 because the amount of 
dataset becomes small than FC model one. These settings will 
not be changed for subsequent experiments. 

 Figure 3(a) shows the PR (Precision-Recall) curve and 
Figure 3(b) shows an example of the inference results for the 
inference results of the benchmark experiment. About half of 
the illegal dumping on the left side is caught in the Bounding 
Box, however it can be seen that the accuracy and reliability are 
not high. Plastic bottles (near the center) and magazines (upper 
right) have not been detected well. Since the blue object in the 
upper left is cut off, it is not set as illegal dumping in this 
training image, thus there is no problem even if it cannot be 
detected this time. On the other hand, since the center of 
Bounding Box is in the shadow of object, it can be supposed 
that the shadow is paying more attention. One of the causes is 
that the background is gray and bright, which is considered to  

  
(a) Aerial image (3840x2160 [pixel]). (b) Ground image (640x480 [pixel]). 

Figure 1. Aerial and Ground image for learning. 
 

    
(a) The PR curve. (b) Inference sample.  (a) The PR curve. (b) Inference sample. 

Figure 2. Feasibility Confirmation. Figure 3. Benchmark. 
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have increased the attention to shadows. These results suggest 
that sufficient learning has not been carried out and the 
background and illegal dumping cannot be discriminated. 
Compared with this model, the ground image is added to the 
learning image and it is verified whether the accuracy is 
improved. 

 t-SNE and k-NN 
Figure 4(a) shows the two-dimensional data of each image 

data using t-SNE. The horizontal axis represents the first 
component  and the vertical axis is the second component . 
The red circle shows aerial images (legend: Drone), and the 
blue circle shows ground images (legend: Ground). In this 
study, the group of red circle on the left in the center (103 data) 
which has more blue circles around them are used for learning 
as aerial image. The k-NN selects 215 ground images around 
above group, and they are added to learning (black x: Ground 
added to Train in Figure. 4(a)). The ratio of the number of data 
is summarized in Table 1 in the discussion chapter. The PR 
curves of the inference results, and detection sample are shown 
in Figure. 5(a) and Figure. 5(b) respectively. Compared with 
PR curve of the benchmark, it is confirmed that score doesn't 
grow at all. In Figure. 5(b), the object, which was captured in 
case of the benchmark at least within about half of their area, 
was hardly detected. Focus on the background, it seems that the 
ground with light and dark like footprints is detected as object. 
From the results, it can be supposed that the feature amount of 
the aerial image is disturbed by ground image ones, and the 
detection accuracy becomes low. 

 k-means method 
The k-means method classifies aerial and ground images to 

two class (Figure. 4(b)). The vertical axis expresses the class 
number and the horizontal axis is the data number. 277 aerial 
images (red circles) and 482 ground images (blue circles) 
classified into the same class (class 2) are used for learning. 
Compared with the t-SNE + k-NN experiment, the total training 
data has increased, and especially the ground image has more 
than doubled. The PR curve and an example of the inference 
result are shown in Figure. 6(a) and Figure. 6(b). The PR curve 
and mean Precision are better than the results of the t-SNE + k-
NN, however not enough. At the example of the inference 
results, a plastic bottle near the center, which could not be 
detected even by the benchmark, was detected. It is assumed 
that this is because there was a lot of plastic bottles on the 
ground image, and it became possible to detect plastic bottles 
that were difficult to capture in aerial images. The idea about 
complement of the feature by the other data set isn't so rare (e.g. 
transfer learning), thus it suggest that this result has a validity. 

 BB occupancy rate 
The BB occupancy rate (BBO) is the total value of the 

Bounding Box area of the image divided by the image size. In 
this study, the overlap of Bounding Box is allowed. Figure. 7 
shows a histogram of the BBO in aerial images. The horizontal 
axis is the BBO, and the vertical one is frequency. The average 
was 8.88 [%]. Ground images (95 images) with a BBO which 
is range ±25% of the average value is selected for learning. 

  
(a) Scatter plot of t-SNE and k-NN result (b) Scatter plot of k-means++ result 

Figure 4. Classification result by t-SNE and k-NN, and k-means++ 

  

    

(a) The PR curve. (b) Inference sample. (a) The PR curve. (b) Inference sample. 

Figure 5. t-SNE and k-NN. Figure 6. k-means++. 
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The PR curve is shown in Figure. 8(a). The AP is improved 
from the benchmark (0.50). An example of the inference result 
is shown in Figure. 8(b). It has higher confidence than before, 
and boxes are not duplicated or overlooked. In addition, as 
same as the case of k-means method, plastic bottles which 
could not be detected by the benchmark are detected with high 
confidence. Therefore, by increasing the number of ground 
images, complement of the features which is less in the aerial 
image data set and improvement of score can be confirmed. 

 ShuffleNet 
For applying deep network to improvement of dataset as 

prefilter, it must be learned, for example, such as two-class 
classification. However, in the case of only aerial image are 
unsupervised learning, and can become unstable. On the other 
hand, classification learning of aerial image and some ground 
image can be affected from input ground image feature. This 
study uses back ground images which didn't capture an object 
for learning, as second class. Back ground image is not only 
easy to obtain, but also can be learned directly as adversarial 
data to aerial image which captures an object. Thus, it suggests 
directly that classified ground images as back ground is 
unsuitable for learning.  

Training data uses 280 aerial image as same for detection 
model. Back ground image with 640 x 480 pixel size (309 
images) is obtained from remains in cropping. The first class is 
aerial, the second one is back ground. Network is pre-trained 
by ImageNet. Validation rate is 0.3, learning rate is 0.0001, 
epoch is 8, mini batch size (MBS) is 128, final validation loss 
and accuracy (FVL and FVA) is 0.15, 0.93. These parameter is 

shown Table 3. On the inference, classified ground image as 
first class is 161 with threshold 0.85. The PR curve is shown in 
Figure 9(a). The AP becomes higher than BBO result. An 
example of the inference result is shown in Figure 9(b). The all 
confidence becomes higher and left object is detected at center 
in box. This result shows the validity of deep network as 
prefilter for improvement of dataset. 

 Inception v3 
As same as ShuffleNet, Inception v3 is trained with back 

ground image. The changed parameter in Inception v3 is epoch 
and MBS, and they are 9 and 32 respectively. They are defined 
so that loss can become similar to ShuffleNet, and to make the 
condition match as possible and to avoid memory leak. FVL 
and FVA is 0.14, 0.98. These parameter is shown Table 3. On 
the inference, classified ground image to first class is 109 with 
threshold 0.85. The PR curve is shown in Figure 10(a) and the 
AP becomes higher than BBO result, however, it is inferior to 
ShuffleNet ones. An example of the inference result is shown 
in Figure 10(b). Detection is duplicate on right object. Others 
has highest confidence. From this result, the improvement is 
confirmed, however, it is suggested that merely to use deep 
network as prefilter without strategy has limit to improve. 

4 DISCUSSION 
Consider the six experiments carried out, including the 

benchmark. Tables 1 and 2 show the data distribution used in 
each experiment and the average Precision, which is the score 
of the obtained detection accuracy. The case numbers: Case 1 
is benchmark, Case 2 is t-SNE and k-NN, Case 3 is k-means++, 

 (a) The PR curve. (b) Inference sample. 

Figure 7. Histogram of BBO in aerial images. Figure 8. BBO. 
  

  
(a) The PR curve. (b) Inference sample.  (a) The PR curve. (b) Inference sample.  

Figure 9. ShuffleNet. Figure 10. Inception v3. 

Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure

1456



Table-1 The ratio of aerial and ground image in each experiment. 

Case 1 2 3 4 5 6 
Aerial image 280 83 277 280 280 280 
For Case 1 0 -197 -3 0 0 0 
Ground image 0 215 482 95 161 109 
Total 280 298 779 375 441 389 

Unit: image. 

Table-2 Average Precision 

Case 1 2 3 4 5 6 
Average 
Precision 0.50 0.0004 0.002 0.54 0.65 0.61 

For score of 
Case 1 0 -0.4996 -0.498 +0.04 +0.15 +0.11 

 

Table-3 The parameter and score in 
training deep network for prefilter. 

 ShuffleNet Inception v3 
Learning 

Rate 0.0001 

MBS 128 32 
FVL [%] 0.15 0.14 
FVA [%] 0.93 0.98 

 

 
Case 4 is BBO, Case 5 is ShuffleNet, and Case 6 is Inception 
v3. Due to the selection by pre-filtering, it is possible that the 
number of aerial images will decrease, however, it can be 
considered that the data is also cleansed by narrowing down the 
features to be learned. In order to confirm the trade-off between 
data decreasing and cleansing, the increase / decrease of the 
aerial image used against the benchmark is compared. In Case 
2, which has the lowest score, the number of ground images 
increased significantly, however the number of aerial ones 
decreased. Because many aerial images with lower similarity 
than ground images are excluded based on the features in Case 
2, it suggests that the training dataset to learn becomes too less. 
In Case 3, where the number of aerial images used is almost the 
same as the benchmark, it seems that more ground images can 
be added to increase the training data, however the score 
deteriorated. It is suggested that learning became difficult by 
selecting ground images with features which are not common 
to aerial images. However, since plastic bottles that could not 
be detected by the benchmark were detected, thus it is 
suggested that addition of the ground image can complement 
the object which is difficult to detect only by the features of the 
aerial image. 

Case 4-6 learning uses the same number of aerial images as 
the benchmark. The addition of ground images can improve the 
score and plastic bottles were successfully detected as in Case 
3. According to the previous study, if the ratio of the 
background and the object is biased, AI assumes the correlation 
between the background and the object, and makes it difficult 
to learn properly [25]. This suggests that it is effective to utilize 
images with different backgrounds for robustness of AI. Based 
on this suggestion, in addition to complement of the training 
data as in the case of data augmentation, by selecting an 
appropriate image feature amount, different situations (e.g.: an 
image of a plastic bottle or an illegal bonfire itself) can be 
combined with back ground in aerial image, and they can be 
added to the training data. Therefore, it may detect even for 
object which cannot be obtained from aerial images. From 
these experiments and consideration, improvement of training 
data by adding images with different shooting conditions such 
as ground images to the aerial images taken is confirmed.  

Finally, deep networks as prefilter are focused on. Inception 
v3 has more parameter and larger image size, however, 
ShuffleNet becomes the best model in this experiment. At first, 

in Case2 and 3, it can be assumed that the similarity is 
calculated based on each probability density function (PDF), 
and selected images have similar shape of PDF because of 
selection of similar stochastic values (e.g. standard deviation) 
corresponding to edge. On the other hand, in Case 4, BBO can 
be assumed as the feature about an area of probability density 
function between images, thus the texture. Previous study 
suggests deep networks prefer the texture [26], thus deep 
networks can be assumed as the prefilter which has the feature 
about texture at least. These consideration suggests that large 
parameter and dense image is not dominant for improvement of 
dataset and fitting prefilter input size to feature extraction layer 
input ones in detection model is more important. The other 
reason why ShuffleNet is better is seem to be robustness to less 
data by shuffle layer. Inception v3 has larger parameter and the 
learning needs larger time and data. Thus, larger input size 
cannot be over the effect of less data and it may not be suitable 
in assumed situation in this study. For pre-filtering, large 
network often take a longer time to learned or inference, thus 
more small network are preferable for use case in practice. 
Therefore, ShuffleNet can be assumed as more appropriate 
prefilter. On these analysis, the validity of deep network 
prefilter can be confirmed. 

5 CONCLUSION 
The aim of this study is the improvement of dataset with 

overfitting avoided by addition of ground images to the training 
data obtained only from aerial images taken by drones. This 
study explored and verified appropriate indicators and methods. 
Conclusion is summarized in the following four. 

 
1) Feasibility study for application of UAV and AI to river 
patrol was carried out by dummy illegal dumping image with 
data augmentation and verified. Due to avoid the overfitting 
and improve the dataset, six features (t-SNE + k-nearest 
neighbor method, k-means method, Bounding Box occupancy 
(BBO), ShuffleNet and Inception v3) is proposed as data 
selection method and their improvement was compared. Based 
on the proposed features, ground images with high similarity to 
aerial images were selected as learning data, and the effect of 
difference in features to score was confirmed. (Correspond to 
Contribution 1.) 
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2) The BBO, ShuffleNet and Inception v3 can improve the 
average Precision over the benchmark which was learned only 
from the aerial images. On the other hand, t-SNE and k-nearest 
neighbor method and the k-means method deteriorated the 
score. These results suggest that the training data can be 
improved by selection of images in pre-filtering by appropriate 
features. (Correspond to Contribution 1.) 
 
3) Addition of ground images enables AI to detect objects 
(plastic bottles, etc.) which cannot be sufficiently detected from 
aerial images alone. This result suggests that addition of an 
appropriate feature for learning can complement the dataset 
even if the image has different shooting conditions from the 
aerial image. (Correspond to Contribution 2.) 
 
4) As prefilter, deep network, ShuffleNet and Inception v3, are 
proposed. Nevertheless Inception v3 has larger parameter and 
denser image than other ones, ShuffleNet becomes the best 
prefilter in six proposal criterion. This result suggests that large 
parameter and dense image is not dominant for improvement of 
dataset and fitting prefilter input size to feature extraction layer 
input ones in detection model is more important. Therefore, it 
can be confirmed that small network such as ShuffleNet is 
enough to apply as the prefilter to improve the dataset. 
(Correspond to Contribution 3.) 
 

The images used in this learning had the almost minimum 
number for both of aerial and ground, thus it cannot conclude 
perfectly that it doesn’t any data bias and any effect of the 
algorithm of Faster R-CNN. However, it is considered that the 
feature of texture such as BBO and deep networks causes this 
improvement at least. In process of drone river patrols with AI 
become more common, various ground images can be used for 
supplement of features which cannot be obtained with aerial 
images sufficiently. RiMaDIS has hundreds of thousands of 
images even if it is limited to illegal dumping, this study can be 
applied efficiently, because BBO is objective values and deep 
networks are applicable for mass image data at ease. As a future 
work, SSD (which isn’t shown due to limitations of space in 
this study) is compared with Faster R-CNN. The input size of 
SSD is 299 as same as Inception v3, thus the score can become 
higher based on this study. In addition, this finding may be 
applied to the other context in civil, for example, corrosion of 
steel by FTIR (Fourier Transform Infrared Spectroscopy). 
Through these verifications, the strategy for improvement of AI 
in civil engineering context with the boundary condition 
defined difficultly can be revealed, and AI can recognize an 
anomaly place and degree after disaster accurately for 
suppression of damage expansion and increasing resilience. 
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ABSTRACT: This study examined physical damage to and functional impacts on telecommunications facilities in Chiba 

Prefecture, Japan, that were exposed to Tropical Cyclone Faxai (named Typhoon No. 15 in Japan), which made landfall in 

September 2019. We aimed to assess damage to the facilities managed by Nippon Telegraph and Telephone East (NTT EAST) 

and to confirm the extent of affected telecommunication services supplied by those facilities as well as determine the functional 

disruption to telecommunication buildings by the related electric-power failures. We also set out to show quantitively, in time 

series, the physical impact on telecommunication poles and cables due to the associated strong winds, the slope and road failures 

during the passage of the typhoon, and the number of failed lines between the telecommunication buildings and the supplied units, 

as reported by users. Regarding damage to mobile-phone communication facilities managed by SoftBank, we focused on the 

characteristics of disruption to mobile-phone communication across the served communication areas in Chiba Prefecture and 

analysed the data in time series. Finally, we gathered information on responses made and damage countermeasures introduced 

immediately after the event by both NTT EAST and SoftBank, particularly from an engineering perspective, and started 

discussions in preparation about the resilience of telecommunications facilities for anticipated communication-infrastructure 

damage by a future catastrophic typhoon disaster. 

KEY WORDS: Tropical Cyclone Faxai; Typhoon No.15 in Japan; Catastrophic disaster; Resilience; Physical damage; Functional 

impact; Telecommunications facility; Mobile-phone communication facility; Strong wind; Slope and road failures; Power failure. 

1 INTRODUCTION 

In this study, we review the impact on service and the physical 

damage to communications equipment caused by Tropical 

Cyclone Faxai (named Typhoon No. 15 in Japan) and assess 

the response, including countermeasures, as well as the status 

of recovery. ‘Communication equipment’ refers to the mobile 

telephone communication facilities of the SoftBank 

Corporation (SoftBank) and the fixed telephone transmission 

network of the Nippon Telegraph and Telephone East 

Corporation (NTT East).  

In the following sections 2 to 4, damage to NTT East facilities 

will be discussed. The sections 5 to 6 look at SoftBank’s 

facilities. NTT East facility damage figures and charts feature 

public information from their websites in References [1] and 

[2]. All of the figures shown in the sections below were created 

by the authors based on the information shown in Reference 

[2]. SoftBank facility damage information was obtained from 

public information on the web [3] in the same way as in the 

public survey on November 12, 2019.  

The terms ‘damage’ and ‘disorder’ refer specifically to 

network equipment damage, such as damaged communication 

cables and utility poles, whereas ‘failure’ is used for damaged 

equipment belonging to ‘customers’ or individual users. The 

authors’ usage of these terms adheres to the same conventions 

as the aforementioned literatures in References [1] to [3]. 

2 IMPACT ON LANDLINE TELEPHONE-RELATED 

SERVICES 

Figure 1 shows the trend of the number of affected telephone-

related landlines following the disaster. The number of affected 

lines refers to the number of analogue telephone lines, Hikari 

Denwa (above, telephone services) and hikari (optical fibre) 

access services affected. ‘Number of disconnected lines 

between the customer's house and the telecommunications 

building’ is not included. The figure shows changes in the 

telecommunications building’s ability to deliver service as well 

as the extent of the effects of a power outage that means 

interruption of commercial power supply on the 

telecommunications building’s functionality, as shown below. 

From 13:00 to 21:00 on September 9th, the number of affected 

lines was zero. 

 
Figure 1. Number of lines affected over time. 
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Figure 2. Spatiotemporal impact on telecommunications building functions due to power outages. 
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Figure 3. Resilience of the number of completed restorations of utility poles and cables. 

 

In Fig. 1, we see that, on the following day, September 10th, 

at 7:00, 32,000 telephone service lines and 22,000 hikari access 

service lines were impacted. This peaked at 7:00 on September 

11th, when about 102,000 telephone services lines and 70,000 

hikari access services lines were affected. Therefore, we 

consider 172,000 lines to be the maximum number of impacted 

lines. Emergency power supplies were deployed from all over 

the country to mitigate the impact on these services. By 7:00 on 

September 12th, the number of affected lines had decreased to 

about 26,000 for telephone services and 32,000 for hikari 

access services. With the help of emergency power 

deployments, all telecommunications buildings had their 

functions restored by 14:00 on September 13th, even in areas 

where power outages had occurred and commercial power had 

not yet been restored. 

Figures 2 shows the spatiotemporal impact on 

telecommunications building functions due to power outages. 

These figures account for the operational status of backup 

power sources, such as batteries and mobile power supply 

vehicles, in telecommunications buildings (indicated in 

yellow), ‘buildings where service provision may be affected by 

difficulty in maintaining a backup power supply’ in red, 

‘buildings where it may be difficult to maintain a backup power 

supply’ in pink and ‘buildings whose service provision is 

affected by the depletion of emergency power sources’ in grey. 

According to these figures and the 17th report of Reference [2], 

as of 21:00 on September 9th, out of 211 telecommunications 

buildings in the jurisdiction, 125 buildings maintained 

telecommunications building functionality using a backup 

power supply during the prolonged power outage, and 10 

buildings were powered by mobile power supply vehicles. By 

7:00 on September 11th, when the number of affected lines was 

peaking, the number of buildings that were able to maintain 

functionality using a standby power supply had decreased 

sharply to 43, including 35 that were powered by mobile power 

supply vehicles. Service was therefore unavailable in up to 67 

buildings that had lost power. As of September 12th at 7:00, 

after shifting to mobile power supply vehicles - owing to 

battery power supply running out, even in standby mode - the 

power supply reached up to 45 buildings. At 14:00 on 

September 13th, the recovery of commercial power was in 

progress. While 32 power supply buildings still relied on 

mobile power supply vehicles to run, all telecommunications 

service capacities had been restored. Eventually, 75 mobile 

power supply vehicles from all over the country were urgently 

deployed. 

3 DAMAGE STATUS OF UTILITY POLES AND 

CABLES, AND TRENDS IN THE NUMBER OF 

BREAKAGES 

Figure 3 shows the gradual completion of the restoration of 

utility poles and cables located between telecommunications 

buildings and users, classified by maintenance area. The 

‘exclusion zone’, where road traffic is obstructed owing to 

landslides or other issues, is not included. Further service 

interruptions may occur owing to service lines failures in the 

user's home, but such cases are not counted in Fig. 3. According 

to the same figure, as of September 18th, a number of locations 

were affected (by area): Narita area - 430 locations, Choshi area 

- 264 locations, Chiba area - 70 locations, Ichihara area - 73 

locations, Mobara area - 180 locations, Kisarazu area - 233 

locations, Tateyama area - 91 locations, for a total of 1,341 

impacted areas. As of September 27th, around 90% of the 

Choshi-, Ichihara-, Mobara- and Tateyama-area locations had 

been restored. As of September 28th, about 90% of the Narita-

area locations had been restored. Restoration was completed in 

all areas by September 30th. The Chiba and Kisarazu areas took 

the most time to have their services completely restored. 

Even if the telecommunications building shown in Fig. 2 

recovers functionally, users will only have their services re-

established once the network’s wiring equipment, such as 

utility poles and cables, is fully restored. The index that most 

realistically considers obstacles on the user end is the 

chronological representation of the number of failures shown 

in Fig. 4. The number of failures here refers to ‘the number of 

failures (lines) that can be confirmed based on the customer's 

report, etc.’ received mainly through calls to ‘fail line 113’. 

Figure 4 shows the cumulative number of failures and 

restorations that were detected each day since September 21st. 

As of October 11th, the cumulative number of cases is the total 

number of failures and restorations in each area.  
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Figure 4. Time transition of the cumulative number of failures and restorations. 

 

 
 Figure 5. Time transition of recovery rate. Figure 6. Time transition of the number of unrestored cases. 

 

Figure 5 shows the change in the recovery rate over time, 

which is found by dividing the number of resolved cases by the 

number of failures. Figure 6 shows the number of unresolved 

cases out of the number of failures in the same period. Figure 

7 shows this situation spatiotemporally. According to Figs. 4 

through 7, despite the increasing recovery rate in each area 

from September 21st to October 11th, the number of failures 

reported day by day exceeded the number of recovery cases, 

meaning that overall, restoration could not catch up. It is 

evident that the number of unresolved cases increased to a 
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Figure 7. Spatiotemporal transition of the number of unrestored cases. 
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certain level in each area, peaked and then the restoration 

progressed while the number of unrestored cases decreased to 

a certain level by October 11th. In addition, in the Tateyama 

and Kisarazu areas, where the cumulative number of failures 

was high, the number of failures reported daily far exceeded the 

number of restorations. The number of unresolved cases clearly 

continued to increase until September 29th or October 4th, and 

the restoration rate did not improve as steadily, resulting in a 

significant prolongation of the restoration process. This is 

considered a major feature of the resilience on 

telecommunication facilities based on the analyses of the 

restoration process for damage to landline telephone equipment 

caused by Typhoon No. 15. 

4 RESTORATION MEASURES AND DEALING WITH 

SERVICE IMPACT 

According to the 17th report in Reference [2], 

telecommunications personnel from all over the country 

responded to the crisis, and as of September 20th, there were 

about 7,600 people working to repair the damage to 

communication equipment and to restore services. 

From September 9th, immediately after the disaster, about 

7,000 public telephones became available for use free of charge 

throughout Chiba Prefecture. At the request of the disaster-

stricken area’s local government, special public telephones 

designated for disaster use were installed at evacuation centres 

from September 12th to October 11th. Furthermore, from 

September 13th, approximately 2,100 free public hikari stations 

(Wi-Fi access points) were opened throughout Chiba Prefecture 

and were accessible until October 11th. In response to difficulty 

getting through to the 113 fail line, the number of fail line 

receptionists in the Chiba area was increased by 500%, starting 

on September 11th. In addition, a fail line desk was installed 

outside the disaster-stricken area’s local government offices. 

5 MOBILE PHONE OFFLINE STATUS 

Immediately after the disaster, at 13:30 on September 9th, as 

many as 592 base stations went offline, and area-wide 

breakdowns hit 18 municipalities. The five cities that suffered 

the most damage were Tateyama City, Minamiboso City, 

Futtsu City, Kimitsu City and Kamogawa City, all of which are 

in Chiba Prefecture. This was mainly because of the strong 

wind itself, the resulting flying objects and fallen trees, as well 

as landslides, road damage and other disaster byproducts. 

These caused physical damage to utility poles and cable 

transmission lines.  

Thereafter, affected by ongoing power outages caused by 

breaks in the power supply network, as many as 759 base 

stations were offline by 7:00 on September 10th. The area 

affected by damage peaked at 52 municipalities, as shown by 

the number of base stations offline. It was possible to reduce 

the number of offline stations to 600 by September 11th, thanks 

to the emergency power restoration activities described in the 

next section. Municipalities with issues also greatly reduced 

this number to around 30. On September 12th and 13th, about 

100 base stations per day were brought back online. At 17:38 

on September 18th, emergency restoration was completed in all 

of the municipalities that had experienced outages. 

6 RESPONSE AND COUNTERMEASURES AGAINST 

OFFLINE INCIDENTS ABOUT MOBILE PHONE 

A total of 6,042 personnel were involved in the 10-day 

restoration process. At two persons per group, a total of 1,916 

groups made the recovery possible. A restoration base camp 

was set up in Chiba Prefecture, and a total of 480 pieces of 

emergency restoration equipment, including mobile base 

station vehicles, mobile power supply vehicles, portable base 

stations, portable satellite antennas and portable generators 

were utilised in response to offline incidents and outages. The 

maximum number of emergency recovery items in operation 

was 334. In addition, there were 19 support points for 

evacuation centres. Support was provided by opening wireless 

hotspots throughout Chiba Prefecture, including 38 charging 

facilities, nine landline telephones (3G) and twelve Wi-Fi 

hotspots. 

 A significant barrier faced in the recovery effort was the 

inability of vehicles to pass where roads were obstructed by 

fallen trees and utility poles, infrastructure collapse, damage 

and flooding. Response to these situations required strong 

cooperation and communication at the disaster response 

headquarters, where related organisations were gathered. This 

was done by coordinating information on road traffic 

conditions, including road closures caused by damage and 

physical obstacles, as well as resulting traffic congestion. An 

improved framework is required for streamlining 

communication between and unifying related departments of 

various organisations such as national and local governments, 

telecommunications companies, electric-power companies, and 

so forth. Such a framework will facilitate the access to 

information these groups need for a more effective disaster 

recovery. 

7 CONCLUSION 

This study examined physical damage to and functional 

impacts on telecommunications facilities in Chiba Prefecture, 

Japan, that were exposed to Tropical Cyclone Faxai (named 

Typhoon No. 15 in Japan), which made landfall in September 

2019.  

We assessed damage to the facilities managed by Nippon 

Telegraph and Telephone East (NTT EAST) and confirmed the 

extent of affected telecommunication services supplied by 

those facilities as well as determined the functional disruption 

to telecommunication buildings by the related electric-power 

failures. We also set out to show quantitively, in time series, the 

physical impact on telecommunication poles and cables due to 

the associated strong winds, the slope and road failures during 

the passage of the typhoon, and the number of failed lines 

between the telecommunication buildings and the supplied 

units, as reported by users.  

Regarding damage to mobile-phone communication facilities 

managed by the SoftBank Corporation (SoftBank), we focused 

on the characteristics of disruption to mobile-phone 

communication across the served communication areas in 

Chiba Prefecture and analysed qualitatively the data in time 

series.  

Finally, we gathered information on responses made and 

damage countermeasures introduced immediately after the 

event by both NTT EAST and SoftBank, particularly from an 

engineering perspective, and started discussions in preparation 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure  

1465 

about the resilience of telecommunications facilities for 

anticipated communication-infrastructure damage by a future 

catastrophic typhoon disaster. 
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ABSTRACT: The damage assessment of a high-speed railway (HSR) bridge is realized after it is attacked by a near-field 

explosion, considering the damage level of the pier, beam and pot bearing comprehensively. Firstly, an "explosive-air-ground" 

coupling analysis model is established by the ANSYS/LS-DYNA software and compared with the experimental results, which 

verifies the effectiveness of the Arbitrary Lagrangian-Eulerian (ALE) algorithm and the accuracy of the mesh size and material 

properties. Then, a 3D model of a 2×32m prestressed concrete simply supported beam bridge on the Beijing-Shanghai HSR line 

is constructed by the finite element (FE) method. The damage of each component of the bridge under three types of car-bombs is 

evaluated, by using the residual axial bearing capacity of damaged pier, the residual bending capacity of damaged beam and the 

relative shear displacement of pot bearing as the assessment indices. The study provides a reference for exploring a safety 

assessment method of post-explosion bridges. 

KEY WORDS: Bridge engineering; Damage assessment; High-speed railway bridge; Near-field explosion; Finite element 

model. 

1 INTRODUCTION 

According to statistics in the last decade, the number of bridge 

collapses caused by explosion is 2.7 times greater than that 

caused by earthquake worldwide [1]. In February 2013, in 

Henan Province of China, a truck carrying fireworks and 

firecrackers exploded on the Yichang Bridge, causing the 

bridge to collapse, and some vehicles fell. The accident 

resulted in 13 deaths and a direct economic loss of 76.32 

million yuan [2]. With the increasingly frequent occurrence of 

explosion accidents and high potential risk of terrorist 

activities today, the damage assessment of HSR bridge under 

explosion to avoid heavier casualties and greater economic 

losses becomes more and more important. 

Since the end of the 20th century, many scholars carried out 

extensive research on damage assessment of reinforced 

concrete (RC) structure after near-field explosion. Wu et al. 

[3] established the relationship between the explosion 

conditions and damage levels of the RC structure. Zhang et al. 

[4] investigated the dynamic behavior and damage 

characteristics of the widely used concrete-filled steel tube 

(CFST) columns subjected to blast loads, and adopted the 

residual axial loading capacity of the columns to assess their 

damage levels. Bao et al. [5] took numerical simulations to 

obtain the dynamic responses and residual axial strength of 

RC columns subjected to short standoff blast. 

However, most of previous studies are based on the damage 

analysis of a single structural component, but it is still difficult 

to assess the damage of the bridge from an overall 

perspective. In this paper, the damage levels of bridge 

components including pier, beam and pot bearing at various 

levels under different types of car-bombs is evaluated to 

provide a reference to explore a method on the safety 

evaluation of HSR bridge after explosions. 

2 VALIDATION OF FE MODEL 

Yan et al. [6] placed a pressure transducer on the ground with 

a horizontal distance of 5.5m from the TNT explosive, and 

tested the explosive shock wave pressure generated by the 

TNT explosives of the equivalent masses with 1.814kg, 

4.536kg, and 13.608kg, respectively, as shown in Figure 1. As 

the symmetry of calculation, a half FE model is used. The 

TNT explosive is placed 0.9m above the ground, as shown in 

Figure 2. 

 

Figure 1. Experimental model [6]. 

 

Figure 2. Half FE model (unit: m). 
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The time history curves of explosion shock wave pressure 

of the observation element are extracted, and compared with 

the experimental results in Ref. [6], as shown in Figure 3. The 

results show that the time history curves obtained by the 

numerical simulation are in good agreement with the 

experimental results. Under the explosive with same TNT 

equivalent mass, the peak overpressure of the numerical 

model is slightly larger and appears earlier than the 

experimental result. The reason for that is the rigid ground in 

the FE model reflects more energy than actual ground in the 

experiment. 
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Figure 3. Comparison of experimental and numerical results. 

3 DAMAGE ASSESSMENT OF AN HSR BRIDGE 

SYSTEM UNDER EXPLOSION LOAD 

 Explosion risk sources 

Today, one of the main risk sources of the bridge subjected to 

explosion is car-bombs. According to the carrying capacities 

of various automobiles, Gao [7] divided car-bombs into three 

types: tanker truck, cargo and minibus. Shown in Table 1 are 

their corresponding TNT equivalent mass and the heights 

from the explosion centers to the ground. 

Table 1. Types and properties of car-bombs. 

No. Type 
TNT equivalent mass 

M(kg) 

Height of explosion 

center H(m) 

1# 
Tanker 

truck 
2000 1.2 

2# Cargo 1000 1.0 

3# Minibus 500 0.8 

 Definition of bridge damage index 

In this paper, the main considered damaged components of the 

HSR bridge system under the explosion are: pier, beam, and 

pot bearing. To measure the damage level of the structure 

system, a reasonable damage index selection is necessary. 

Herein, the damage indices of main components in the bridge 

are adopted referring to previous experimental studies [8-10], 

and their limit states and the corresponding level classification 

are shown in Table 2. 

 Establishment of bridge system model 

According to the design drawing of the Beijing-Shanghai 

HSR bridge, the FE model of a simply supported bridge with 

2×32m prestressed concrete (PC) beams is established by 

ANSYS/LS-DYNA software. In the model, a car-bomb is 

placed along the central axis with a distance R from the side 

surface of pier, the height above ground is recorded as H, as 

shown in Figure 4. 

The concrete grade of pier is C30, while concrete grade of 

PC beam is C40. The diameter of the stirrup is 16mm, and its 

material is HRB335. The diameter of longitudinal 

reinforcement is 32mm, and its material is HRB400. There are 

8 post-tensioned prestressed tendons, with a total area of 

6434mm2 and the prestress grade of 1280Mpa. The pot 

bearing is modeled as a simplified system of "steel pot-

compression rubber-upper flat guide groove" in simulation, as 

shown in Figure 5. The mesh sizes and the material models of 

this "explosive-air-ground-bridge" analysis model are shown 

in Table 3. 

 Damage assessment of each component 

To perform damage assessment on each component of bridge 

under explosion, the calculation procedure is divided into 

three stages. 

First stage: The self-weight and prestressing force are 

applied on the bridge system to simulate the initial stress state 

of the structure, which is realized by applying the loads at a 

slow rate on the beams, piers and bearings, until they reach a 

static equilibrium state. 

Second stage: After stress initialization of the bridge, the air 

and explosive parts are added in the model. The explosion 

load is applied on the bridge by the ALE algorithm. 10 

analytical cases are designed for each car-bomb type, with the 

explosion distances of R=1.2m, 2m, 2.5m, 3m, 3.5m, 4m, 

4.5m, 5m, 5.5m and 6m. After attacked by three types of car-

bombs, the damage states of the pier and beam under several 

typical explosion distances of R=1.2m, 3.5m and 6m are 

shown in Figure 6~7 and described in Table 4. 

Table 2. Damage limit states of bridge components with respect to different damage index ranges. 

Components Damage index 

Level classification of the damage index 

Basically 

intact 

Slightly 

damaged 

Moderately 

damaged 

Severely 

damaged 

Completely 

collapsed 

Pier [8] 
res

ini

=1-
P

D
P

 -- 0 0.2D   0.2 0.5D   0.5 0.8D   0.8 1D   

Movable pot bearing 

[9] 
mov

  mov
50   mov

50 100   mov
100 150   mov

150 200   mov
200   

Fixed pot bearing [9] fix
  fix

2   fix
2 30   fix

30 50   fix
50 100   fix

100   
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Beam [10] 
res

ini

=1-
F

F
I  0 0.05I   0.05 0.2I   0.2 0.5I   0.5 1I   -- 

Where:1. D is the damage index of the pier under explosion; Pres is the residual axial bearing capacity of the damaged pier after 

explosion; Pini is the initial axial bearing capacity of the pier. 

2. δ is the damage index of the bearing, which is defined as the relative shear displacement between the upper and lower 

parts of the pot bearing; δmov and δfix are the damage indices of the movable and the fixed pot bearings, respectively. 

3. I is the damage index of the beam under explosion; Fres is the residual bending capacity of the damaged beam after 

explosion; Fini is the initial bending capacity of the beam. 

 

Figure 4. Elevation view of FE model 

 

Figure 5. Dimensions of pot rubber bearing (unit: mm). 

Table 3. The mesh sizes and material properties. 

Part Element 
Mesh 

size 
Material Equation of state 

Failure 

criterion 

Air 
SOLID164

_ALE 
200mm *MAT_NULL 

*EOS_LINEAR_

POLYNOMIAL 
-- 

Explosive 
SOLID164

_ALE 
200mm *MAT_HIGH_EXPLOSION_BURN *EOS_JWL -- 

Pier 

Reinforcement BEAM161 200mm *MAT_PLASTIC_KINEMATIC -- FS=0.12  

Concrete SOLID164 200mm *MAT_CONCRETE_DAMAGE_REL3 -- 
MXEPS

=0.1[11] 

Bearing 

The guide 

groove 
SOLID164 100mm *MAT_PLASTIC_KINEMATIC -- -- 

Upper flat SOLID164 100mm *MAT_PLASTIC_KINEMATIC -- -- 

Compression 

rubber 
SOLID164 100mm *MAT_MOONEY_RIVLIN_RUBBER -- -- 

Steel pot SOLID164 100mm *MAT_PLASTIC_KINEMATIC -- -- 

Beam 

Reinforcement BEAM161 200mm *MAT_PLASTIC_KINEMATIC -- FS=0.12 

Concrete SOLID164 200mm *MAT_CONCRETE_DAMAGE_REL3 -- 
MXEPS

=0.1[11] 

Prestressed 

steel tendon 
BEAM161 200mm *MAT_CABLE_DISCRETE_BEAM -- -- 

Ground SOLID164 200mm *MAT_RIGID -- -- 

   
R=1.2m R=3.5m R=6m 

(a) 1#Car-bomb (M=2000kg，H=1.2m) 
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R=1.2m R=3.5m R=6m 

(b) 2# Car-bomb (M=1000kg，H=1.0m) 

   
R=1.2m R=3.5m R=6m 

(c) 3# Car-bomb (M=500kg，H=0.8m) 

Figure 6. Several damage states of the pier under three types of car-bombs. 

   
R=1.2m R=3.5m R=6m 

(a) 1# Car-bomb (M=2000kg，H=1.2m) 

   
R=1.2m R=3.5m R=6m 

(b) 2# Car-bomb (M=1000kg，H=1.0m) 

   
R=1.2m R=3.5m R=6m 

Figure 7. Several damage states of the beam under three types of car-bombs. 

Table 4. Damage description of several analytical cases. 

Analytical 

case 
R (m) Damage states of pier Damage states of beam 

1# Car-bomb  

(M=2000kg

，H=1.2m) 

1.2 

The concrete is almost completely destroyed 

within the height of 0m-3m above ground on the 

near-explosion face side, and the number of 

failure longitudinal reinforcement is as high as 

26. 

Part of the concrete is peeled off on the beam 

bottom, and the size of hole is about 

2000mm×5400mm. 
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3.5 

Most of the concrete protective layer is peeled 

off within the height of 0m-1m, and part of the 

concrete is peeled off at the height of 1m above 

ground on the near-explosion face side. A few 

reinforcements are exposed, but none of them 

reaches the failure strain. 

Part of the concrete is peeled off on the beam 

bottom. Holes appear in many places, and some 

reinforcements are exposed. 

6.0 

Part of the concrete is sheared and damaged at 

the bottom of the pier. A few reinforcements are 

exposed, but none of them reaches the failure 

strain. 

Part of the concrete is peeled off on the beam 

bottom. Holes appear in many places, and most 

of reinforcements are exposed. 

2# Car-bomb  

(M=1000kg

，H=1.0m) 

1.2 

Most of the concrete protective layer is peeled 

off within the height of 0m-1.2m above ground 

on the near-explosion face side, and the number 

of failure longitudinal reinforcement is 8.  

Part of the concrete is peeled off on the beam 

bottom, and some reinforcements are exposed. 

The size of hole is about 2800mm×4400mm. 

3.5 

Part of the concrete protective layer is peeled off 

within the height of 0m-1m above ground on the 

near-explosion face side. A few reinforcements 

are exposed, but none of them reaches the 

failure strain. 

Part of the concrete is peeled off on the beam 

bottom, and some reinforcements are exposed. 

The center hole is rectangular; its size is about 

3600mm×4400mm. 

 

6.0 

Part of the concrete is sheared and damaged at 

the bottom of the pier, and no reinforcement is 

exposed. 

Part of the concrete is peeled off on the beam 

bottom, and some reinforcements are exposed. 

The center hole is rectangular; its size is about 

4000mm×4400mm. 

3# Car-bomb  

(M=500kg，
H=0.8m) 

1.2 

Part of the concrete protective layer is peeled off 

within the height of 0m-1.2m above ground on 

the near-explosion face side. A few 

reinforcements are exposed, but none of them 

reaches the failure strain. 

Part of the concrete is peeled off on the beam 

bottom, and a few reinforcements are exposed. 

3.5 
The concrete protective layer is almost intact, 

and no reinforcement is exposed. 

Part of the concrete is peeled off on the beam 

bottom, and the size of hole is about 

3200mm×3600mm. No reinforcement is 

exposed. 

6.0 
The concrete protective layer is almost intact, 

and no reinforcement is exposed. 

Part of the concrete is peeled off on the beam 

bottom, and the size of hole is about 

3400mm×3600mm. No reinforcement is 

exposed. 

 

After attacked by three types of car-bombs, the maximum 

relative shear displacements between the upper and lower 

parts of the bearings are shown in Figure 8. 

As shown in the figure, when the explosion distance 

increases, the maximum relative shear displacements of the 

bearings decrease. This is because the farther the car-bomb 

from the pier, the lower the energy of explosion shock wave 

applied on the structure, the lower the damage level of the 

bearing, and the smaller the relative shear displacement of the 

pot bearing will have. By comparison with Figs. 8(a) and (b), 

the maximum relative shear displacement of the fixed pot 

bearing is smaller than that of the movable one at the same 

explosion distance. However, due to the stricter level 

classification of the damage index, the damage level evaluated 

to the fixed pot bearing is more serious than the movable one. 

Especially, when the distance R between 1# car-bomb 

(M=2000kg, H=1.2m) and the pier is less than 2.5m, the fixed 

pot bearing is evaluated as slightly damaged. In addition, the 

pot bearings of other analytical cases are basically intact, 

indicating that the damage of pot bearings under explosion 

load is relatively slight. 

Dutta and Mander [12] evaluated the damage level of the 

pier and beam under earthquake using the horizontal 

displacement at the pier top and the rotation angle at the beam 

end as the damage indices. Herein, the maximum horizontal 

displacement at top of 1# pier and the maximum rotation 

angle at the beam ends supported by 1# pier are obtained after 

the second stage, as shown in Figure 9~10. 

When the horizontal displacement at pier top is less than 

0.01mm, the pier is only slightly damaged [12]. By using the 

evaluation method in Ref. [12], it can be seen from Figure 9 

that the 1# Pier under all analytical cases is slightly damaged. 

According to the analysis results of Figs.6 and 9, the main 

failure mode of pier under near-field explosion is shear failure 

rather than bending failure. Therefore, the damage index 

based on bending failure of pier under earthquake is not 

suitable for evaluating the damage level of the post-explosion 

pier. As shown in Figure 10, the rotation angles at the beam 

ends under the three types of car-bombs all show an upward 

trend with the increase of explosion distance, but their 

regularity is not obvious. This is because both the 

deformations of the beam and pier can cause the rotation 

angle at beam end: the rotation angle directly caused by beam 

deformation increases as the explosion center moves towards 

the mid-span, while the rotation angle indirectly caused by 

pier deformation decreases as the explosion distance increases. 
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(a) Movable pot bearing (b) Fixed pot bearing 

Figure 8. Maximum relative shear displacement of pot bearing. 
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Figure 9. The maximum horizontal displacements at top of 

1#pier. 
Figure 10. The maximum rotation angles at the beam ends. 
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Figure 11. Axial force time-history curve of 1#pier at the third 

stage. 

Figure 12. Deflection time-history curve of beam at the third 

stage. 

 

According to TB10621-2009 [13], the allowance value of 

rotation angle at the beam end is 1 ‰, the rotation angles at 

the beam end under other analytical cases are less than the 

allowance value except when 1 #car bomb explodes at 1.2m 

and 2.5m. This indicates that the deformation at the beam end 

after the explosion is unsuited as the damage index of post-

explosion beam. 

Third stage: After the post-explosion structure reaches a 

new state of static equilibrium, the damage indices of the pier 

and beam are calculated respectively. 

(1) Damage index of pier 

After the pier is attacked by explosion load, the calculation 

is continued by applying a displacement-controlled load at 

pier-top until the pier is destroyed, to determine the pier’s 

residual axial bearing capacity. As an analytical case, the axial 

force time-history curves of pier are extracted at the third 
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stage after the car-bombs attack on the pier at 1.2m, as shown 

in Figure 11. The value of residual axial bearing capacity of 

the pier can be determined according to the characteristics of 

the curve. 

It is clear found from Figure 11 that the axial force of pier 

gradually increases at the beginning of the third stage. When 

t=1117.87ms, the axial force of pier after 1#car-bomb attack 

reaches its peak, which is defined as the residual axial bearing 

capacity of the pier (Pres=65.26MN). The same method is used 

to obtain the residual axial bearing capacity of pier in the 

other 29 cases. Similarly, the healthy pier without explosion 

loading is calculated by applying a displacement-controlled 

load at pier-top, and its initial axial bearing capacity 

(Pini=319.60MN) is extracted. 

The damage indices D related to different explosion 

distances are calculated respectively, and their relation curves 

are shown in Figure 13. The curve characteristics of the pier 

under the three types of car-bombs are similar. With the 

reduction of the explosion distance in the range of 1~4m, the 

damage index decreases rapidly. When the explosion distance 

reduces in the range of 4~6m, the decrease becomes slowly. 

Under the attack of 1#car-bomb (M=2000kg，H=1.2m), the 

variation of the damage index can be found more considerable 

than other cases. Thus, it can be concluded that under the 

attack of 1#car-bomb, the damage index of pier is most 

sensitive to the explosion distance. 

(2) Damage index of beam 

The calculation is continued by applying a monotonic static 

load at three-points on the damaged beam after explosion, and 

the beam’s residual bending capacity will be obtained by 

calculating beam deflection [14]. As the three-points loading 

continues, cracks will appear firstly at the holes caused by the 

explosion at the second stage, and then a few prestressed steel 

tendons become failure. To explain how to calculate the 

beam’s residual bending capacity at the third stage, the beam 

deflections of the bridge system after the car-bomb attacks 

with R=1.2m to pier are selected as an analytical case, and the 

results are shown in Figure 12. 

According to the Code of TB 10002-2017 [15], the 

allowance value of the beam deflection is 1/1500 of the span 

for simply supported beam bridge with a design speed of 

300km/h. As shown in Figure12, when t=1052.457ms, the 

deflection of the beam after 1# car-bomb reaches 

L/1500=21.4mm, and the corresponding vertical load is 

defined as the residual bending capacity of the beam 

(Fres=11.005MN). The same method is used to obtain the 

residual bending capacity of beam in the other 29 cases. 

Similarly, the healthy beam without explosion loading is 

calculated by applying monotonic static load at the three-

points on beam, and its initial bending capacity 

(Fini=13.444MN) is obtained. The damage indices I related to 

different explosion distances are calculated respectively, and 

their relation curves are shown in Figure 14. 

From Figure 14, it can be seen: as the explosion distance 

increases, the damage indices of beam increase slowly. The 

further the car-bomb to the pier, the larger the damage area at 

the beam bottom, and the more serious the damage exists. In 

addition, the damage indices of pier and beam under near-

field explosion are closely related to TNT equivalent mass and 

explosion distance: at the same explosion distance, the greater 

the TNT equivalent mass of the car-bomb, the higher the 

energy of the explosion shock wave applied on the structure, 

the more serious the damage of the pier and beam is. 
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Figure 13. Damage index of 1#pier-explosion distance curves 
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Figure 14. Damage index of beam-explosion distance curves. 

4 CONCLUSION 

In this paper, the FE model of a 2×32m PC simply supported 

beam bridge under near-field explosion is computed by the 

ALE algorithm. The damage of bridge individual component 

under three types of car-bombs is evaluated, using the residual 

axial bearing capacity of the damaged pier, the residual 

bending capacity of damaged beam and the relative shear 

displacement of pot bearing as the assessment indices. The 

main conclusions are: 

(1) After the car-bomb explodes near a HSR bridge, the 

damage indices of pier, beam and pot bearings are closely 

related to TNT equivalent mass and explosion distance: at the 

same explosion distance, the greater the TNT equivalent mass, 

the more serious the damage of the bridge components. This is 

more obvious at the closer explosion distance. When the car-

bombs explode at 1.2m away from the pier, the damage levels 

induced by the minibus carrying minimum bomb (500kg TNT 

equivalent mass) are: pier in moderately damaged, beam in 

slightly damaged, and fixed pot bearing in basically intact. 

The damage levels induced by the tanker truck carrying 

maximum bomb (2000kg TNT equivalent mass) are: pier in 

severely damaged, while beam and fixed pot bearing in 

slightly damaged. The results also show the movable pot 

bearing has a good anti-blast performance, which is not 

damaged after near-field explosion. 

(2) Under the car-bomb explosion with the same TNT 

equivalent mass, the damage index of the pier increases while 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure 

1474 

that of the beam decreases with the reduction of explosion 

distance. Reasonable protective measures should be taken for 

important piers to isolate vehicles carrying bombs or 

dangerous chemicals. Once the car-bomb explodes within the 

close distances, some emergency measures must be given 

quickly in a short time, such as emergency braking of the 

high-speed train, installation of temporary supports to help the 

severely damaged pier, or the bonding carbon fiber or steel 

plate at the bottom of the damaged beam. 

(3) The bridge structure is a complex system, whose 

components are all likely to be damaged or even destroyed 

under the near-field explosion. The damage assessment of the 

post-explosion bridge system should be comprehensively 

analyzed by considering the damage states of all structural 

components from an overall perspective. 
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ABSTRACT: Scour induced by river floods, the erosion of bed material around bridge foundations due to flowing water, is by far 

the leading cause of bridge failure worldwide. The identification of bridges at risk of scour is still mainly based on visual 

inspections, which may be affected by human error and cannot be carried out during the flood peak. This problem, together with 

the use of often inaccurate empirical formulas for scour estimation, might cause a misclassification of the bridge scour risk and 

even bring to unnecessary bridge closure as a precautionary action. Structural Health Monitoring (SHM) systems offer the 

possibility to overcome these issues, providing bridge owners and managers with clear and direct information about scour that can 

support them in taking the optimal decisions in managing bridge scour risk.  

This paper illustrates the development of a classification system for bridge scour management, aiming to extend current 

procedures by incorporating (i) the various sources of uncertainty characterizing the scour estimation, and (ii) information from 

scour sensors. The proposed system is based on a probabilistic framework for the estimation of the scour risk, can be used to 

provides transport agencies with a real-time scour risk classification of bridges under heavy floods. The application of the proposed 

system is illustrated by considering as case study a network of three bridges in south-west Scotland, under a heavy flood scenario. 

Only one of these bridges is instrumented with a scour monitoring system. It is shown that the integration of scour monitoring 

data leads to an overall reduction of uncertainty that is reflected in a more accurate scour risk classification, thus helping transport 

agencies in prioritizing bridge inspections and risk mitigation actions. 

KEY WORDS: Bridge scour; risk assessment; risk classification; SHM; Bayesian network. 

1 INTRODUCTION & BACKGROUND 

Bridge scour is the excavation and removal of material from the 

bed of streams around bridge foundations as a result of the 

erosive action of flowing water. The scour process is classified 

according to the circumstances and structures that have caused 

it, and in general the following types of scour need to be 

considered at a bridge site: (i) degradation scour, (ii) 

constriction scour and (iii) local scour.  

In the UK, according to van Leeuwen and Lamb [1], scour 

was identified as the most common cause of 138 bridge failures 

in 1846-2013. In contrast, in the United States, it has been 

recognized as the number one cause of bridge failure with an 

average annual rate of 22 bridges collapsing or being closed 

due to severe deformation [2]. A review of bridge collapses in 

the US in the 1990s carried out by Wardhana and Hadipriono 

[3] has shown that the combined figure of 266 flood/scour-

related cases constitutes the most dominant bridge failure cause 

(53% of the total cases of failures). Furthermore, the UK 

Climate Change Risk Assessment has identified scour bridge 

failures as one of the principal climate change risks for the 

transport sector [4]. 

Procedure BD 97/12 [5] is used by Highways England and 

Transport Scotland (TS) to evaluate the scour risk of railway 

and road bridges and provide a classification of bridge based 

on estimates of the scour depth, thus forming the basis for 

prioritizing and planning inspection and scour risk mitigation 

measures. The risk assessment is based on an essentially 

deterministic approach, with a prefixed flood scenario and 

disregarding the various uncertainties that may characterize the 

problem [6][7][8][9][10]. The scour estimation is mainly based 

on visual inspections, which provide unreliable estimates of 

scour and of its effects, also considering the difficulties in 

visually monitoring the riverbed erosion around foundations.  

Hence, current scour risk management approaches could be 

improved (i) by adding a more explicit consideration of the 

various sources of uncertainty that affect the problem, thus 

enabling the shift from a deterministic to a probabilistic 

evaluation of the scour risk, and (ii) by integrating in the risk 

assessment the observations from scour sensors, allowing the 

reduction of the uncertainty in the scour risk estimates, and thus 

helping bridge operators in taking the optimal decisions 

concerning bridge scour risk management. 

Structural health monitoring (SHM) sensors can significantly 

help to support risk mitigation strategies and decision-making 

processes under flood events, by allowing measuring more 

precisely the extent of scour at bridge foundations. However, 

alongside the development of SHM scour system, there is a 

need of techniques to handle the data obtained from them and 

provide bridge owners and managers with useful information 

for optimal management of bridge scour. 

In this paper, a classification system is developed for road 

bridge scour management, which extends and complements 

current scour risk rating procedures of UK transport agencies. 

The proposed system is based on a more fair and accurate 

bridge assessment of the scour risk that reflects the 

uncertainties characterizing the problem and allows the 

integration of real-time measurements of the scour depth in the 

decision-making process. The proposed classification system 

Monitoring-based classification system for risk management of bridge scour  
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can be used to develop a SHM-based decision support system 

[11][12], helping transport agencies to make more informed 

decision regarding scour risk management of bridges. 

2 CURRENT PROCEDURES FOR SCOUR RISK 

ASSESSMENT AND MANAGEMENT 

In the UK, Transport Scotland carries out the assessment of the 

scour risk at highway and railway structures in accordance with 

the Procedure BD 97/12 [5]. The procedure provides the scour 

estimation models before a flood event and a bridge scour risk 

classification through a scour vulnerability index (Figure 1). 

 

 

Figure 1. Scour risk classification performed by TS [5]. 

The input parameter in the classification is the relative scour 

depth DR, (i.e., the ratio between the total scour depth DT and 

the foundation depth DF). The total scour depth DT is defined 

as the sum of constriction, DC, and local scour depth, DL, of 

which the BD97/12 provides the estimation formulas starting 

from an assessment flow (i.e., the flow corresponding to a 

return period of 200 years). TS classification consists of five 

classes, and bridges with the highest priority fall into class 1. 

Moreover, when a bridge is categorized into category 1 or 2, it 

is considered at high scour risk. 

Furthermore, a priority factor PF enters the risk rating to 

account for several factors, such as the history of scour 

problems, the type of foundation and the importance of the 

bridge (i.e., vehicle traffic volume). For instance, if PF = 2, the 

scour risk classes are defined by the value of DR as follows: 

Class 5 for DR≤1, Class 4 for 1< DR ≤1.8, Class3 for 1.8< DR 

≤2.3, Class 2 for 2.3< DR ≤3.5, and Class 1 for DR >3.5. 

However, procedures for scour risk assessment have some 

limitations and drawbacks. For instance, the employed scour 

depth formulas are based on lab experiments and the 

assumption that the designed flood acts over an infinite 

duration [13], while real flood events are characterized by 

different hydrograph duration and magnitude. Thus, high-flow 

events (i.e., corresponding to a high-water level) may not 

necessarily result in the development of a significant scour 

hole, especially if they have a short duration. Moreover, bridges 

are exposed to sequences of events, each potentially 

contributing to scouring. Thus, their safety could be 

jeopardized by the progressive accumulation of the excavations 

under multiple events with low return period (i.e., low-water 

level) occurring in sequence, as was the case of the Lamington 

viaduct [14]. 

Flint et al. [15] outlined that the risk of failure due to scour 

cannot be directly related to only one designed flood scenario 

and its corresponding return period TR. Their review of 35 

historical bridge collapses in the US (16 failure due to scour) 

shows highly dispersed flow return periods for scour-induced 

collapses, ranging between one to more than 1,000 years. 

Interestingly, the majority of analyzed bridge collapsed under 

events with TR lower than 200 years, i.e., the return period 

usually adopted for scour bridge design, thus highlighting the 

problem of accumulation of scour over a number of floods [15]. 

 Furthermore, transport agencies rely on visual inspections to 

identify the bridges that may be at risk of scour so that 

supplementing the scour risk assessment provided, for 

example, by the procedure BD 97/12. The inspections are 

carried out at regular intervals or after major flood events, by 

involving the use of scuba divers for underwater inspections of 

bridge foundations. Unfortunately, these inspections cannot be 

carried out during the peak of the flood, when the risk of scour 

is the highest, but only after the flood has receded. This again 

occurs because these procedures and maintenance plans do not 

take into account the temporal evolution of the scour process. 

For example, in the case of live-bed scour condition, bed 

material may be partially redeposited in the scour hole when 

the flood event finishes [16]. Thus, a scour measure carried out 

at the end of a flood may not record the maximum scour that 

occurred during the event as the scour hole might have partly 

filled during the recession [17]. 

3 SHM-BASED CLASSIFICATION SYSTEM FOR 

SCOUR RISK MANAGEMENT 

The evaluation of the scour risk of bridges is a complex 

problem, involving many aleatoric and epistemic uncertainties. 

Probabilistic frameworks have been presented over the years to 

incorporate the effect of these uncertainties [6][7][8][9][10]. 

Comparisons between scour estimates according to formulas 

embedded in current assessment procedures and actual scour 

depths observed on site have shown that the first may be 

significantly biased on the conservative side [7]. Thus, these 

overestimated scour depths might cause a misclassification of 

the bridge scour risk and even bring to unnecessary bridge 

closure as a precautionary action. Furthermore, a visual 

inspection by divers is required to re-open the bridge to traffic. 

This inspection is extremely expensive and time-consuming 

because it cannot be carried out until the flow recedes and 

permits safe entry to the watercourse. Consequently, the bridge 

may have to be closed for many days, thus resulting in 

significant downtime. 

This section illustrates a classification system for bridge 

scour risk management incorporating: (i) the various sources of 

uncertainty inherent to the hydrological and hydraulic 

parameters as well as the models employed for evaluating the 

scour depth at a bridge, and (ii) the information from scour 

sensors, leading to an uncertainty reduction. The proposed 
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system uses the probabilistic framework for bridge scour 

hazard assessment presented in Maroni et al. [10], and 

constitutes an extension of the classification scheme currently 

adopted by transport agencies.  

 SHM-based classification of bridge risk 

A probabilistic framework for bridge scour risk assessment 

under an extreme flood event was developed in Maroni et al. 

[10]. This framework employs a Bayesian network (BN) 

approach to update the a-priori estimates of the scour depth at 

any location of the bridge network with the pieces of 

information from the scour sensors installed at few locations. 

In particular, a-priori estimates of the probability density 

function (pdf) of the scour depth under an extreme flood event 

can be obtained with a Monte-Carlo approach, by generating 

samples of the parent nodes, starting from their pdf, and using 

the BN to propagate this uncertainty to the child nodes up to 

the scour total depth level. Information from the scour sensors 

is then used to update the pdf of the scour depth at the 

monitored location, and the BN is used to expand this 

information to other bridge locations in the bridge 

infrastructure network. In fact, while at the monitored locations 

quite accurate scour estimates can be achieved, depending on 

the sensor accuracy, at the unmonitored ones it is still possible 

to observe a reduction of uncertainty thanks to the correlation 

existing among the scour depths at different locations. 

The BN’s output is an updated pdf of the total scour depth, 

which is then used to classify the bridge performance under an 

extreme event. The same classification scheme used by TS is 

considered here (see Figure 1), with the relative scour depth DR 

discriminating among the risk classes. However, while in the 

BD 97/12 a deterministic approach is employed, leading to the 

identification of a unique risk class for bridges under a 

hypothetical flood scenario (e.g., the one with a return period 

of 200 years), the output of the proposed approach is the event-

based bridge probability of being in a particular risk class. 

Figure 2 illustrates an example of the risk classification, 

using only the relative scour distribution obtained “a priori” 

(i.e., without observations entering the BN), and using the 

posterior distribution considering scour monitoring data 

(Figure 2a). For a given value of the priority factor (e.g., PF=2 

in Figure 2), the probability P(i) of being in a particular class i 

is computed based on the cumulative distribution function (cdf) 

of the relative scour depth (Figure 2b) as: 

, (1) 

where  is the cdf calculated with the minimum 

value of DR associated with the class i, and . 

The a-priori distribution of the scour depth is characterized 

by a significant dispersion, which is the effect of the 

uncertainties considered in the BN (i.e., those concerning the 

flow discharge and the hydrological and hydraulic models). 

This results in comparable values of the probability of the 

bridge being in class 2, 3, or 4, and very small probability of 

being in the two other classes (1 and 5).  

Information from monitoring systems is expected to reduce 

significantly the uncertainty in the scour estimation, thus 

allowing for a more precise identification of the distribution of 

DR and, in turn, of the scour risk (blue bars). Based on the 

updated pdf of DR, the bridge most probably falls in class 5, 

with a small possibility of being in class 4 and a negligible 

probability of being in the other classes (Figure 3). In this 

example, the bridge will be therefore classified by the transport 

agency in the most probable class (i.e., class 5 thanks to scour 

observations from monitoring system). The updated 

classifications can be used by transport agencies to make more-

informed decisions concerning bridge closure and traffic 

management. 

 

 

Figure 3. TS prior and posterior risk class classification. 

 
(a) 

 
(b) 

Figure 2. (a) Probability density function, and (b) cumulative 

density function of prior and posterior relative scour depth 

provided by BN with corresponding risk classes (PF = 2). 
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4 CASE STUDY 

The proposed scour risk classification is applied to the same 

case study presented in Maroni et al. [10]. It is small bridge 

network, consisting of bridges managed by TS in south–west 

Scotland. The bridges cross the same river (River Nith) and 

only one pier of Bridge 1 is instrumented with a scour 

monitoring system. Three bridges with significant scour event 

in the past are chosen from TS scour database: 

• Bridge 1: A76 200 Nith bridge in New Cumnock (Figure 

4). It is a 3-span (9.1m, 10.7 m and 9.1 m) stone-masonry 

arch bridge, with two piers in the riverbed.  

 
(a) 

 
(b) 

Figure 4. (a) A76 200 Nith bridge and (b) bridge elevation. 

• Bridge 2: A76 120 Guildhall bridge in Kirkconnel (Figure 

5). It is a 3-span (8.8m, 11.3 m and 11.3 m) masonry arch 

bridge, with one pier in the riverbed.  

 
(a) 

 
(b) 

Figure 5. (a) A76 120 Guildhall bridge and (b) bridge elevation. 

• Bridge 3: A75 300 Dalscone bridge in Dumfries (Figure 

6). It is a 7-span (spans of 35 m and two of 28 m) steel-

concrete composite bridge, with one pier in the riverbed. 

 
(a) 

 
(b) 

Figure 6. (a) A75 300 Dalscone bridge and (b) Bridge 

elevation. 

The foundation depth DF is unknown for all the three bridges; 

therefore, a depth of 1 m is assumed in the calculation of the 

relative scour depth DR. The assumption is valid for the third 

bridge as well, because the BD 97/12 says that DF is the 

underside of the pile cap in the case of a piled foundation. 

5 RESULTS 

Figure 7 shows the results of application of the procedure for 

the scour risk classification proposed in Section 3. In particular, 

the first column compares the prior and posterior probability 

mass functions of the scour depth at the unmonitored pier 

foundation of the A76 200 Nith bridge (i.e., the scour at pier 1 

is directly monitored) and at the foundations of the other two 

unmonitored. These distributions are the results of the 

application of the BN, which is illustrated in Maroni et al. [10]. 

The BN calculated the prior estimations starting from log-

normal distributions of the water discharge based on the 

gauging station data of the last ten years collected by the 

Scottish Environmental Protection Agency. Peak water flow 

values recorded at the gauging stations, simulating a heavy 

flood scenario, and observation from scour sensors at the first 

pier of Bridge 1 are then incorporated to update the scour 

estimates (i.e., posterior pdfs). The prior risk classification is 

uncertain, all the three bridges had similar probabilities to fall 

into class 2, 3, or 4. Following the procedure BD 97/12, with 

the classification based on the mean value of the scour depth 

estimated under a 200-year flood discharge, the bridges would 

fall into category 3, 2, and 3, respectively. Instead, according 

to the prior risk classification that incorporates the inherent 

uncertainties of the scour estimation, the most probable risk 

categories for the three bridges are 4, 2, and 4, respectively. 

Figure 7 also shows how incorporating information from 

scour sensors into the BN allows estimating the scour risk in 

the occurrence of a peak flood events. The SHM-based risk 

classification is indeed more explicit because of the uncertainty 
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reduction thanks to scour monitoring data. By simulating a 

high-flow rate event (i.e., water level upstream the Bridge 1 

assumed equal to 1.879 m) and envisaging a total scour depth 

at the first pier of Bridge 1 equal to 0.45m, the second pier (i.e., 

not monitored) is assigned to category 5 (Figure 7a). The 

correlation existing between the scour depths at different 

locations allows to achieve a reduction of uncertainty even at 

unmonitored bridges. This reduction is reflected in the scour 

risk estimation: Bridge 3 has around the 70% of falling in the 

category at the lowest risk (Figure 7c), while Bridge 2 has 

around the same probability to be categorized in risk class 5 or 

4 (Figure 7b). For this latter bridge, there is not a clear 

classification because the mean value of DT is 0.98 m, very 

close to the hypothesized foundation value DF (1 m). 

Consequently, the numerical method used to solve the BN has 

evaluated the relative scour depth DR greater than 1 in several 

extractions. This has led the method to classify the bridge 

within class 5 and 4 because this latter class is defined by values 

of relative scour falling within the interval 1 < DR ≤ 1.8. 

The outcomes of this analysis suggest that an SHM-based 

risk classification could help the transport agencies in 

facilitating the bridge ranking and prioritizing inspections in 

the aftermath of a flood event. The prior probabilistic scour risk 

classification furnishes a fairer and more accurate scour risk 

classification because it reflects the uncertainty characterizing 

the scour problem. This information could be used for driving 

strategic maintenance, repair and rehabilitation (MR&R) 

actions and might help in reducing bridge misclassification. 

6 CONCLUSION 

Although structural health monitoring (SHM) systems are 

increasingly installed on civil engineering infrastructures, it is 

still unclear how the collected observations can be exploited by 

bridge owners and managers in making decisions for managing 

their asset. 

This paper presents an SHM-based classification system for 

bridge scour risk management under extreme flood events. The 

risk classification accounts for the relevant sources of 

uncertainty characterizing the problem and integrates the real-

time measurements of the scour depth in the decision-making 

process. The proposed risk rating system leads to a fairer 

probabilistic classification of the scour risk and allows 

quantifying the benefits of SHM in terms of uncertainty 

reduction. The decision support system and the scour risk 

classification are based on a Bayesian network (BN) approach 

for modelling the scour risk assessment and the updating based 

on the available observations. The BN-based probabilistic 

framework was already developed in previous research [10]. 

 
(a) Pier 2 of Nith Bridge 

 
(b) Pier 1 of Guildhall bridge 

 
(c) Pier 1 of Dalscone bridge 

Figure 7. Scour risk classification of the three bridges making up the case study. 
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A small network consisting of three bridges at risk of scour 

managed by Transport Scotland in south–west Scotland is 

considered to illustrate the application of the proposed risk 

rating system. Only one bridge is equipped with a scour 

monitoring system.  

The study outcomes exhibit that, starting from an uncertain 

prior risk classification (i.e., all the three bridges have similar 

probabilities to fall into class 2, 3, or 4), the integration of scour 

monitoring data leads to an overall reduction of uncertainty that 

is reflected in the proposed scour risk classification. Under the 

considered flood scenario, Bridge 1 clearly falls into class 5, 

Bridge 3 has the 70% of probability of being classified in the 

lowest risk class, whereas Bridge 2 can be classified in either 

Class 5 or 4 (i.e., it has a negligible probability of being in the 

riskier classes). 

The proposed classification provides information that can be 

of paramount importance for strategic maintenance, repair and 

rehabilitation actions and can help in reducing the scour risk 

misclassification. The SHM-based classification is indeed 

relevant to the scour management of bridges, in particular for 

activities such as bridge risk ranking and decision-making. In 

fact, the developed system could help the transport agencies in 

reducing the “false positive” in the bridge scour assessment, 

that is, directing reactive inspections according to a more 

accurate scour risk classification. Moreover, this may help 

bridge asset operators in reducing the times that bridges might 

be closed unnecessarily as a precautionary action.  

Future studies will aim at producing a more complete 

decision support system for bridge management, using 

measured-informed scour threshold triggering bridge closure to 

traffic under heavy floods.  
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ABSTRACT: Expansion joints are important components in cable-supported bridges, which are prone to premature failures due 

to ever-changing harsh environment. In order to investigate the damage reasons in expansion joints, Structural Health 

Monitoring (SHM) data of a cable-stayed bridge and a suspension bridge are utilized, and effects of temperature and wind are 

studied. Firstly, correlation analysis is conducted between girder temperature and girder-end longitudinal displacement of the 

two bridges. Then, displacement characteristics are compared, which shows that the suspension bridge has a much larger 

cumulative girder-end displacement. Secondly, the girder end displacement of the cable-stayed bridge is investigated during a 

strong typhoon, to identify the influences of wind direction and wind speed. Finally, conclusions based on the investigation of 

expansion joints are presented. The SHM based analysis could provide insights for bridge owners to perform more reasonable 

maintenance.  

 

KEY WORDS: Expansion joints; Suspension bridge; Cable-stayed bridge; Structural health monitoring; girder temperature; 

cumulative girder-end displacement 

 

1 INTRODUCTION 

All bridges must accommodate, in some manner, 

environmentally and self-imposed phenomena that tend to 

make structures move in various ways. These movements 

come from several primary sources: thermal variations, 

concrete shrinkage, creep effects from prestressing, and elastic 

post-tensioning shortening. With the exception of elastic post-

tensioning shortening, which generally occurs before 

expansion devices are installed, movements from these 

primary phenomena are explicitly calculated for expansion 

joint selection and design. Generally, at both ends of the 

bridge box girder, there are two expansion joints. 

Expansion joints often suffer from damages frequently 

under harsh environmental conditions, such as wind, 

temperature and ever-increasing traffic. It was reported that 

the average lifespan of expansion joints is between 15 to 20 

years, which is usually much shorter than that of bridges [1]. 

In Europe, maintenance of expansion joints occupies 

approximately 7% to 8% of total maintenance costs of bridges, 

and it takes as much as 25% in some highway in Portugal [2]. 

The replacement of these components during design service 

life can be quite expensive and complex. Additionally, it 

requires the closure of the bridge inducing very large 

problems in the transportation network.  

Expansion joints in cable-supported bridges are more 

susceptible to damages due to their large movement and high 

bridge flexibility. Akashi Kaikyo Bridge (Japan), the longest 

suspension bridge in the world, experienced fatigue crack in 

connection pin of the expansion joint after only three years of 

opening in 1998 [3]. Jiangyin Bridge (China) opened to traffic 

in 1999, and the expansion joints were completely replaced in 

2007 [4]. After three years of completion, local damages were 

also detected in expansion joints in Runyang Bridge (China) 

in 2008 [5].  

In order to find causes of premature failure of expansion 

joints, researchers conducted various investigations on the 

problem. Some of them focused on fatigue of expansion joints 

[6-8], while others investigated dynamic impact of vehicle on 

expansion joints [9]. Thanks to recent development of 

Structural Health Monitoring (SHM), it becomes possible to 

gain insight of performance of bridges during operation. The 

use of in-field data measured directly on the bridge is the best 

approach to identify the causes given the complexity in the 

modeling of such structures. Following this approach, Ni et al. 

[10] utilized displacement and temperature measurements of 

Ting Kau Bridge for condition assessment of the expansion 

joints. Guo et al. [11] studied displacement of expansion joints 

with viscous dampers, which indicated that the dampers could 

reduce vehicle/wind induced displacements but have no 

significant influence on temperature-induced movements.  

In order to investigate the reason of damages in expansion 

joints in cable-supported bridges, SHM data of a cable-stayed 

bridge and a suspension bridge are utilized, and effects of 

temperature and wind are investigated. Firstly, correlation 

analysis is conducted between girder temperature and girder-

end longitudinal displacement of the two bridges. Then, the 

displacement characteristics are compared, which shows that 

the suspension bridge has a much larger cumulative girder-

end displacement. Secondly, the girder end displacement of 

the cable-stayed bridge is investigated during a strong 

typhoon, to identify the influences of wind direction and wind 

speed. Finally, conclusions based on the investigation of 

expansion joints are presented. The SHM based analysis could 

Investigation on effects of temperature and wind on expansion joints  

with monitoring data 
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provide insights for bridge owners to make more reasonable 

maintenance for the expansion joints. 

2 THE TWO BRIDGES AND THEIR SHM SYSTEMS 

2.1 Jiangyin Bridge and Sutong Bridge 

The Jiangyin Yangtze River Bridge, opened in 1999, is a 

single-span suspension bridge across the Yangtze River with a 

main span of 1385 m, as shown in Figure 1. When the bridge 

was completed in 1999, it was the fourth longest suspension 

bridge span in the world and the longest in China. The main 

span is a steel box girder with width and depth of 36.9 m and 

3 m respectively. The north and south pylons are 184 m and 

187 m high respectively [12].  

 

 

Figure 1. Photo of Jiangyin Bridge. 

 

The Sutong Yangtze River Bridge (China) is a cable-stayed 

bridge that spans the Yangtze River in China between 

Nantong and Changshu, a satellite city of Suzhou, in Jiangsu 

province. Sutong Bridge was opened in 2008, and it is a cable-

stayed bridge with a span of 

100+100+300+1088+300+100+100. The tower is an inverted 

Y-shaped reinforced concrete structure with one connecting 

girder between tower legs. The bridge deck is a steel box 

girder with internal transverse and longitudinal diaphragms 

and fairing noses at both sides of the bridge deck. The total 

width of the bridge deck is 41 meters including the fairing 

noses. The pylons are 300.4m high, and the longest stay cable 

is 577m (see Figure 2). It was the now the third longest cable-

stayed bridge in the world.  

 

 

Figure 2. Photo of Sutong Bridge. 

2.2 The expansion joints 

At both ends of the bridge box girder, there are two swivel-

joist expansion joints for both bridges. The swivel-joist 

expansion joint (Figure 3 (a) and (b)) consists of center beams 

and edge beams perpendicular to bridge axis, which are 

supported by support bars. This type of expansion joint not 

only follows main movement in the bridge axis direction, 

vertical and transverse direction, but also accommodates 

rotations of the bridge about the three axes. The edge beams 

are rigidly anchored, which also transmits the traffic loads to 

adjoining bridge girder structure. Center beams are arranged 

between edge beams, whose numbers are dependent on 

specified movement capacity. Strip seal is installed between 

center beams to keep water-tight. They are set below the road 

surface to avoid direct vehicle wheel impact. 

 

 

(a) Front view  

 

(b) Top view 

Figure 3. Modular expansion joint configuration. 

2.3 SHM system 

There have been examples around the world utilizing SHM 

data for condition assessment and design improvement of 

bridges [13-19]. To better understand performance of the 

bridges, SHM systems were installed, which consists of 

anemometers, temperature sensors, accelerometers, 

displacement transducers, GPSs, etc. Temperature sensors are 

deployed at nine cross-sections along the main girder with 

measurement sampling frequency at 1 Hz. At each end of the 

main girder, there are two draw wire displacement 

transducers, measuring girder end longitudinal displacements 

at sampling frequency of 20 Hz.   

3 ASSESSMENT OF EXPANSION JOINT UNDER 

TEMPERATURE VARIATION 

3.1 Comparison of displacement measurements between 

two bridges  

Movement of expansion joints due to temperature fluctuation 

is an important consideration in design of cable-supported 

bridge. The girder end longitudinal displacement measured by 

SHM system reflects the movement of expansion joint in the 
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bridge axis direction. It can be decomposed into two parts, 

which are caused by effects of temperature variation and 

vehicle/wind loads respectively. Typical plots of displacement 

measurements for Sutong Bridge and Jiangyin Bridge in a day 

are shown in Figure 4 and Figure 5.  
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Figure 4. Girder-end longitudinal displacement in Sutong 

Cable-stayed Bridge. 
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Figure 5. Girder-end longitudinal displacement in Jiangyin 

Suspension Bridge. 

3.2 Correlation analysis between temperature and 

displacement measurements  

In this analysis, correlation between temperature and girder 

end displacement is studied. Figure 6 shows hourly average of 

temperature and displacement measurements. It is indicated 

that expansion joint movements at girder end is in correlation 

with temperature variation.  
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Figure 6. Comparison of temperature variation and girder end 

displacement. 

The correlation between displacement and temperature 

measurements is depicted in Figure 7, which is approximately 

linear. The displacement change is within 0.1 m, and the 

largest temperature variation is around 10 ℃. As expansion 

coefficient of steel is 12 ×10-6/℃, and span of the steel box 

girder is 1385m, the expansion can be calculated as 0.166 m. 

Note that temperature increase will also be dissipated in other 

ways, and the expansion could cause girder deflection in 

addition to longitudinal girder displacement. Therefore, 

amplitude of the girder displacement change is reasonable.  
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Figure 7 Correlation between displacement and temperature. 

 

According to previous investigations [10], fatigue of 

expansion joints largely depends on its cumulative 

displacement. According to a numerical study [20], 

cumulative displacement in Great Belt East Bridge is largely 

reduced with installation of a damper system. After 

installation of the viscous damper system in Jiangyin Bridge 

in 2007, significant decrease of cumulative displacement and 

amplitude of girder displacement were observed [11]. The 

calculated daily cumulative displacement is 8 m and 90 m for 

Sutong Bridge and Jiangyin Bridge respectively. This is also 

understandable from Figure 4 and Figure 5, and there are 

components at higher frequency with much larger amplitude 

in the latter.  

4 ASSESSMENT OF EXPANSION JOINT UNDER 

TYPHOON 

In Aug 2018, the typhoon Rumbia landed 

at Shanghai, China at 4:00 on August 17. After that, it moved 

west into Jiangsu Province, and the route is shown in Figure 8. 

The closest distance from Sutong Yangtze River Bridge was 

less than 100 km. The two-minute mean values of wind 

direction and speed at the top of south tower are shown in 

Figure 9 and Figure 10 for the first 8 hours respectively. The 

wind blowing from the north and east are defined as 0 degree 

and 90 degree respectively. It is shown that the wind speed is 

increasing in the 8 hours.  

 

https://en.wikipedia.org/wiki/Shanghai
https://en.wikipedia.org/wiki/China
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Figure 8 Route of the typhoon Rumbia. 

 

Figure 9 Wind direction. 

 

Figure 10 Wind speed. 

To illustrate the effect of wind on the girder end 

displacement, the two-minute RMS of displacement is plotted 

against the wind direction and speed respectively. They are 

shown in Figure 11 and Figure 12. It is observed that there is 

slight increase of girder end displacement with the increase of 

wind speed.  

 

 

Figure 11. Correction between wind direction and girder end 

displacement. 

 

Figure 12. Correlation between wind speed and girder end 

displacement. 

5 CONCLUSIONS 

Expansion joint is vulnerable to damages especially in cable-

supported bridges. In order to investigate the effect of 

temperature and wind on behavior of the expansion joint, 

measurements from SHM of a cable-stayed bridge and a 

suspension bridge are analyzed in this paper. The results of 

this research are of concern to bridge owners. Through the 

study, conclusions can be drawn as follows: 

(1) Suspension bridge has much larger cumulative girder-

end displacement than cable-stayed bridge, which is probably 

due to that suspension bridges are more flexible, and effects of 

wind and traffic are more dominant.  

(2) It is found that cumulative displacement is a good 

indicator for condition assessment of expansion joints.  

(3) According to the analysis during a typhoon, it is shown 

that the wind speed could affect the girder end displacement.  
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ABSTRACT: Structural integrity assessment is essential in modern tunneling to ensure safe construction works. State-of-the-art 

monitoring approaches like displacements readings of geodetic prisms are often limited in the spatial as well as the temporal 

measurement resolution, which is why potential safety hazards might be overlooked. This paper introduces a large-scale 

distributed fiber optic sensing (DFOS) network inside shotcrete tunnel linings of a highway tunnel currently under construction 

in Austria. The tunnel construction site faces challenging geological conditions with loose rock excavation near to the surface with 

minimal covering. Fiber optic sensing cables were installed along both tunnel tubes to continuously monitor 13 cross-sections and 

about 200 m of the tunnel in longitudinal direction. Measurements are continuously evaluated and transferred to the geotechnical 

engineer on-site twice a day for further analysis. Alerts are additionally sent out automatically, if pre-defined thresholds are 

exceeded. The paper outcomes demonstrate that the innovative DFOS system immediately responds to structural modifications 

and, indeed, increases safety at the construction site. 

KEY WORDS: Distributed fiber optic sensing; Structural integrity assessment; Shotcrete tunnel lining; Tunnel monitoring 

1 INTRODUCTION 

Increasing road and railway traffic entails constructions of 

modern civil infrastructure worldwide. As a result of 

limitations in terms of space in urban or mountainous areas, 

tunnels are often excavated in complex geological conditions, 

which involves potential safety hazards. Reliable structural 

integrity monitoring and corresponding data analysis is, 

therefore, essential to guarantee safe construction works. 

In modern conventional tunneling, it is state of the art to 

measure displacements of geodetic targets at the tunnel’s inner 

lining using total stations [1]. This method, however, always 

requires a direct line of sight from the instrument to the 

measured object. Automated total station measurements are 

often hindered by dirt and dust at the prism targets, which is 

why displacement measurements are usually performed 

manually by the surveyor once or twice a day. Although this 

measurement frequency can be sufficient to understand the 

system behavior and, if necessary, to justify the geotechnical 

support model, critical events between the observations might 

be overlooked, which implies potential safety hazards for the 

workers on-site. Electrical sensors, e.g. vibrating wire sensors 

[2] or extensometers [3], can be additionally placed inside the 

shotcrete lining to provide continuous deformation readings. 

The number of sensors is, however, limited due to practical 

reasons as each electrical sensor needs its own connecting cable 

to the data logger and, hence, information can only be obtained 

at particular locations of the lining.  

Distributed Fiber Optic Sensors (DFOS) are advantageous 

compared to conventional techniques as sensing can be 

continuously carried out along the entire sensing fiber. The 

sensing cable can be directly embedded inside the structure 

(e.g. the shotcrete tunnel lining), which enables distributed 

strain (and temperature) measurements of hundreds of sensing 

points without any blind spots. The sensing unit itself may be 

placed even kilometers away from the measurement location 

and measurements are possible without any interference with 

the regular construction and operation. Nevertheless, DFOS 

approaches in tunneling are always exposed to harsh 

mechanical impacts within the construction process and, 

therefore, extended DFOS tunnel concepts and realizations are 

still rare in literature, see e.g. [4,5]. 

This paper introduces a large-scale DFOS installation 

concept and realization inside the shotcrete tunnel lining of a 

highway tunnel currently under construction in Austria. The 

construction works face complex geology as well as legal 

constraints, which is why extended monitoring was set up to 

assess the structural integrity. In the following, the site 

conditions (sec. 2), the DFOS system design as well as the 

sensor installation (sec. 3) are discussed. Results of continuous 

DFOS monitoring over one year are presented and compared to 

pointwise sensing techniques and terrain changes of the surface 

above the tunnel route (sec. 4). Finally, the outcomes are 

concluded and an outlook on progressive utilization of the 

DFOS approach during the final tunnel operation is given 

(sec. 5).  

2 CONSTRUCTION SITE 

The tunnel Rudersdorf is part of the new highway S7 – 

Fürstenfelder Schnellstraße currently under construction by the 

Austrian highway operator and owner ASFINAG 

(Autobahnen- und Schnellstraßen-Finanzierungs-Aktien-

gesellschaft). After its completion, the 28 km long highway 

provides a safe and efficient connection of Austria’s 

southeastern highway network to Hungary and significantly 

reduces the transit traffic in various villages along the existing 

state road [6]. 

The shallow tunnel construction consisting of two tubes with 

a length of about 3 km faces complex geology and 
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hydrogeological conditions with loose rock material (sand, 

gravel and clay). Due to the legal constraints, the excavation 

material must be deposited directly at the construction site 

above the tunnel routes at both portals to ensure noise and sight 

protection during the final operation. At the east portal (see 

Figure 1), this increases the tunnel covering from about 6 to 

13 m initially to a final terrain level of up to 33 m, which 

implicates huge additional stresses for the tunnel shotcrete 

lining. 

 

 

Figure 1. East tunnel portal before terrain modeling (July 

2019) and after major terrain modelling (November 2020). 

After construction start in summer 2019 and first terrain 

modelling works, the geodetic displacement readings revealed 

much higher deformations and settlements than expected in the 

geotechnical planning. The tunnel owner ASFINAG, therefore, 

decided to significantly extend the initial monitoring concept. 

As part of this extension, the IGMS (Institute of Engineering 

Geodesy and Measurement Systems) of Graz University of 

Technology designed a DFOS approach to monitor 

longitudinal as well as cross-sectional strains at selected 

locations along the shotcrete tunnel linings of both tubes. 

3 DISTRIBUTED FIBER OPTIC MONITORING 

SYSTEM AND SENSOR INSTALLATION 

 Sensing Cables 

Distributed fiber optic sensing in harsh geotechnical 

environment like tunnels implies essential mechanical impacts 

for optical glass fibers, which must be reliably protected during 

installation and monitoring. In the presented application, pre-

fabricated sensing cables from SOLIFOS AG (Switzerland) 

were used, which are specially designed for sensing in 

geotechnical environment and protect the sensing fiber through 

various protection layers. Since fiber optic sensors are always 

sensitive to both, strain and temperature [7], two different 

cables were installed to ensure a reliable temperature 

compensation of the measured strain profiles. 

 

Figure 2. Temperature sensing cable BRUsens DTS (red) with 

(I) single mode fiber, (II) loose metal tube, (III) special steel 

armoring and (IV) polyamide sheath; Strain sensing cable 

BRUsens V3 (blue) with (I) single mode fiber, (II) multi-layer 

buffer with strain transfer layer, (III) metal tube, 

(IV) polyamide sheath, (V) special steel armoring and (VI) 

structured polyamide outer sheath. 

The strain sensing cable BRUsens V3 [8] (see Figure 2, right) 

has a diameter of about 7.2 mm and protects the optical single-

mode glass fiber (I) through a metal tube (III), which is rigidly 

connected to the fiber by a multi-layer buffer (II). The outer 

protection consists of an inner polyamide layer (IV), a special 

steel armoring (V) and an outer polyamide surface (IV). The 

structured outer surface enables a suitable connection between 

the cable and surrounding shotcrete material. All layers are 

interlocked to each other in order to guarantee that the strain at 

the outer surface is transferred to the sensitive glass fiber core. 

The temperature sensing cable BRUsens DTS [9] (see Figure 

2, left) is about 3.8 mm thick. One or more temperature sensing 

fibers (I) are embedded into gel inside a metal tube (II). This 

tube has, however, a larger diameter compared to the strain 

sensing cable to ensure that no strain is transferred to the fiber 

and, hence, it is sensitive to temperature only. At the outside, a 

steel armoring (III) as well as a polyamide outer sheath (IV) 

protects the glass fiber against mechanical impacts.  

 Sensor Installation 

Compared to previous installations [4,10], the tunnel 

excavation in the area of interest was already performed and the 

initial shotcrete layers were already applied. For that reason, 

small stripes of welded wire mesh were mounted to the existing 

tunnel lining, where the cables were fixed using cable ties, see 

Figure 3. To relate the sensing cable position to the physical 

location, the cable guiding was captured using reflector-less 

total station measurements and laser scanning after the 

installation. This ensures the correct spatial allocation of the 

DFOS strain distribution within the tunnel coordinate system. 
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Figure 3. Installation of sensing cables along the shotcrete 

tunnel lining.  

After the cable installation, an additional shotcrete layer was 

sprayed onto the instrumented areas, which shall ensure a solid 

bond between the sensing cables and the existing tunnel lining. 

The mounting system was also investigated within a pre-trial in 

order to guarantee that the cables are sufficiently mounted and 

can withstand the harsh shotcrete impacts. 

 Sensing principle 

The installed sensing cables have been interrogated by the 

fTB 5020 from fibris Terre Systems GmbH (Germany). Based 

on the Brillouin optical frequency domain analysis (BOFDA) 

technique, this sensing unit enables distributed measurements 

up to 25 kilometers within a measurement time of several 

minutes, a spatial resolution of 0.5 m and a strain repeatability 

of about 2 to 10 µm/m depending on the sensing fiber [11]. The 

sensing principle, however, requires a closed loop system, 

where a pump signal at the one side and a probe wave at the 

other side of the cable is introduced to stimulate the Brillouin 

signal and, finally, to increase the intensity of the backscattered 

light. In practical applications, this setup is often realized by a 

strain (and temperature) sensing forward path and a return path, 

which is stress-free and sensitive to temperature only.  

If the measurement loop is interrupted at any location and the 

sensing fiber is impaired by mechanical impacts or similar 

along the sensing loop, BOFDR (Brillouin optical frequency 

domain reflectometry) measurements may be carried out 

alternatively. This method only uses natural backscattering 

with a single-ended configuration, but with significant 

limitations in the signal to noise ratio as well as the spatial 

resolution [11]. 

The typical backscattering result by means of the Brillouin 

frequency spectrum along an optical fiber under test is shown 

in Figure 4 (top). The investigated fiber depicts a Brillouin 

frequency baseline of about 10.4 GHz, but is affected by strain 

and/or temperature at a position of about 47 m, which is why 

the frequency is significantly increased at this area. Based on 

the spectrum, the Brillouin frequency at each position along the 

fiber can be derived using e.g. Lorentzian fitting. Any shift in 

the Brillouin frequency along the fiber indicates a change in 

strain and/or temperature, which can be determined using 

appropriate conversion functions. The sensor characteristic 

curve is approximately linear, but variations between different 

cable types or even between different cable batches of the same 

cable cannot be ruled out completely. Hence, reliable 

calibration is essential to guarantee the DFOS measurement 

quality. Buchmayer et al. (2020) presents calibration results of 

the sensing cables used in the actual application [12]. 

 

 

Figure 4. BOFDA sensing principle (based on [12]): 

Brillouin frequency spectrum (top) and derived Brillouin 

frequency profile (bottom). 

 

Figure 5. Distributed fiber optic sensing network installed 

along both tunnel tubes. 

 DFOS Network and Monitoring Setup 

The instrumentation of the total DFOS network along both 

tunnel tubes (Figure 5) was carried out over a period of about 5 

months. In December 2019, two continuous sensing cables (one 

for strain and one for temperature sensing, respectively) were 

installed along ten tunnel cross-sections of the northern tunnel 

tube distributed over a longitudinal tunnel length of about 

220 m. Within the gaps between the instrumented cross-

sections, the sensing cables were continuously mounted along 

the tunnel crown. This procedure also enables distributed 

measurements over 220 tunnel meter in longitudinal direction. 

At the beginning of May 2020, three additional cross-sections 
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were instrumented along the southern tube. The installation 

along the roof section was, however, waived due to practical 

reasons and the cables were connected using non-strain 

sensitive supply cables mounted to the side wall. 

All cables were finally assembled in a connection box next 

to each tunnel portal. From there, supply fibers were used to 

connect the sensing chains to the sensing unit, which was 

placed inside a measurement container outside of the tunnel 

next to the portal (see Figure 1). Monitoring can be, therefore, 

autonomously carried out without any physical access to the 

tunnel, which might interfere with the regular construction 

work inside the tunnel. At the current status, the strain 

distribution along all installed sensing cables is captured every 

60 minutes. The measurements are autonomously evaluated 

and automatically transferred to the geotechnical engineer on-

site twice a day for further analysis. In addition, mail alerts are 

sent out automatically, if sudden changes of the deformation 

process over time are noticed. Corresponding critical values 

were defined within a test phase after the installation, where the 

terrain level over the tunnel tubes was selectively modified to 

obtain the response of the DFOS network (sec. 4). 

4 MONITORING RESULTS 

The continuous monitoring campaign of all instrumented 

sections of the northern tube was started on January 2nd, 2020. 

All recorded strain profiles, therefore, represent the change in 

strain to this, so-called reference measurement. The tunnel 

excavation of the monitored area was already performed 

various months before and the terrain modelling has been 

already started at this stage. It must be, therefore, considered 

that the measured strains do not depict the entire deformation 

amount of the lining, but rather only the strain change after the 

monitoring start. Hence, the depicted strains are, almost 

exclusively, a consequence of the terrain modelling. 

In January 2020, selective terrain modelling was carried out 

to capture the response of the installed DFOS approach to the 

applied bulk material. For this, the actual terrain level above the 

tunnel route was recorded several times using GNSS receivers 

and the displacements of the geodetic targets along the 

instrumented cross-sections were measured at least every 

fourth day with a total station. Figure 6 depicts the 

measurement results of all sensing technologies at two selected 

monitoring cross-sections. The recorded terrain level changes 

Figure 6. Measurement results at two selected cross-sections within the first month after installation: 

Terrain level changes (top), derived DFOS strain profiles (middle) and geodetic displacement readings (bottom). 

 

Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure

1492



(top) show that the loading was performed differently: Cross 

section #01 (left figures, tunnel meter 152) was loaded right to 

the tunnel axis, whereas the material above cross-section #02 

(right figures, tunnel meter 208) was placed almost centrally.  

The DFOS strain profiles (middle) are displayed for each day 

during the test phase between the January, 2nd and February, 

2nd. Negative strain (= compression) is shown to the outside, 

positive strain (= tension) to the inside of the lining. Both cross-

sections basically depict a similar deformation behavior with 

tension at the roof area and compression at the side walls. This 

suggests that the entire cross-section is moving downwards due 

to the applied material load and is contracted at the tunnel 

invert, which finally results in a slight horizontal ovalization of 

the shotcrete lining ring. The orientation of this ovalization can 

be clearly identified to the direction of the terrain modeling and 

is also confirmed by the displacement readings of the geodetic 

targets (bottom). 

Remarkable is the fact that the bulk material amount above 

the cross-section may also be related to the shape of the DFOS 

profiles. At cross-section #02, the loading is performed almost 

centrally, but with higher material amount left to the tunnel axis 

during the test period. This causes a higher resistance of the 

lining at the left tunnel shoulder and finally results in higher 

(negative) strain in this area. The drawn assumption is 

supported by the conventional geodetic readings, which display 

a vertical movement with slight horizontal displacement to the 

right, especially at the right side wall.  

In addition to the cross-sectional monitoring, the DFOS 

approach also enables an analysis of the distributed 

deformation behavior in longitudinal direction. Especially for 

large scale structures like tunnels, this may be advantageous 

since the overall behavior along the structure without major 

gaps between the measurement points can be captured. 

Figure 7 (top) shows the recorded terrain levels along the 

tunnel route of the northern tube in longitudinal direction at 

four selected points in time as well as the planned final terrain 

level. The major zone of influence of the terrain modeling with 

bulk material heights higher than 10 m at the final stage is 

visible from tunnel meter 130 to 240.  

The major impact zone can also be identified in the DFOS 

strain profiles along the tunnel (Figure 7, bottom), which depict 

a typical curvature effect in the area between 110 and 230 m. 

This can be mechanically compared to a thick-walled tube that 

is bended downwards in vertical direction. Similar outcomes 

using DFOS were already found along pipelines (see e.g. [13]). 

Outside the major deformation zone between tunnel meter 50 

and 100 as well as 240 to 270, mostly constant (negative) strain, 

probably resulting from slight creepage effects of the shotcrete 

itself, can be determined. All in all, the observed behavior 

suggests that the tunnel tube has been almost stable at the 

beginning and the end of the monitoring area over time and 

Figure 7. Measurement results along the northern tunnel tube in longitudinal direction: Terrain level changes (top), derived 

longitudinal DFOS strain profiles (middle) and vertical displacement of geodetic readings at the tunnel roof point (bottom). 
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progressive vertical bending is recognizable at the middle with 

a maximum at about 170 m. This assumption can be also 

confirmed by pointwise readings of the geodetic roof point 

targets in vertical direction (Figure 7, bottom), which display 

settlements of up to 100 mm in the central area. The designed 

DFOS monitoring approach, however, enables a direct, 

continuous and distributed assessment without efforts for 

manual geodetic readings inside the tunnel. The measured 

DFOS strain values could be additionally converted to 

distributed curvature profiles in the vertical tunnel plane by 

assuming that the neutral axis of the cross-section complies to 

the tunnel center. Subsequently, relative displacement profiles 

in vertical direction along the tunnel could be derived by either 

combining these curvature values with selected geodetic 

readings or by assuming that the border areas are stable. This 

would finally lead to additional interpretation possibilities for 

the geotechnical engineer on-site. A corresponding evaluation 

concept for distributed shape sensing based on DFOS strain 

sensing supported by pointwise geodetic measurements is 

presented in [14]. 

One selected cross-section of the northern tube was also 

instrumented with vibrating wire sensors (VWS) within the 

regular tunnel construction to perform point-wise strain 

measurements inside the initial shotcrete lining. Although the 

position of these sensors is different compared to the DFOS 

cables, the captured deformation progress can be valuable to 

verify the capabilities of the designed DFOS system.  

The VWS installation is usually carried out in pairs, i.e. one 

sensor at the outer and one sensor at the inner supporting wire 

mesh. Therefore, the lining’s local curvature κ can be 

determined by combining the measured strain values εout/in with 

the distance between the sensors d: 

 𝜅𝑉𝑊𝑆 =
𝜀𝑜𝑢𝑡−𝜀𝑖𝑛

𝑑
 (1) 

Even if the DFOS cable is only guided at the inner surface of 

the shotcrete lining, the curvature value at selected points can 

also be derived from the DFOS strain value ε by 

 𝜅𝐷𝐹𝑂𝑆 =
𝜀

𝐷
 (2) 

where D is the distance from the DFOS cable to the neutral axis 

in transverse direction (= center of the shotcrete lining). 

Nevertheless, this calculation principle is based on the 

approximation that material properties are constant along the 

cross-sectional profile and no strain is acting on the cross-

sectional neutral axis.  

The derived curvature values between May 2020 and January 

2021 at the location of all (four) vibrating wire sensors within 

the DFOS installation area are shown in Figure 8. These depict 

strong changes between mid of June and beginning of July, 

especially at the top point of the lining, which can be correlated 

with an increase of the terrain level above the investigated 

cross-section. After this major event, the deformation process 

seems to be almost constant with slight further increases in 

November 2020. 

Both sensing technologies basically point out a good 

agreement in shape and magnitude, even if the DFOS system 

partially response slower or faster to applied loading events. 

Beside the different location of the sensors within the cross-

sectional profile of the lining, remaining variations might be 

related to deviations to the approximations drawn above, the 

different gauge length of the sensors or different positions of 

the sensors in circumferential direction along the cross-section.  

Contrary to the pointwise VWS measurements, DFOS is 

capable to provide distributed curvature values along the large 

parts of the lining. These distributed curvature profiles can be 

finally used to derive the full cross-sectional shape profile 

analogous to sensing in longitudinal direction [14]. 

5 CONCLUSIONS AND OUTLOOK 

This paper presented the design and realization of a large-scale 

DFOS approach within a highway tunnel currently under 

construction in Austria. The geological conditions in 

combination with legal restrictions, which enforce the 

depositing of the excavation material above the tunnel route, 

induce challenging stresses for the tunnel’s integrity. 

Therefore, distributed fiber optic sensing cables with a total 

length of more than 1300 m were embedded into the shotcrete 

layer of the tunnel to monitor more than 200 m in longitudinal 

direction as well as 13 tunnel cross-sections.  

Continuous, hourly measurements have been performed 

since the system was installed in December 2019 and are still 

ongoing until the excavation works will be finished in 

spring/summer 2021. Up to now, the designed system provides 

astonishing reliability and failure safety, where only 75 

Figure 8. Curvature values derived from vibrating wire sensors (dots) and DFOS strain measurements (solid lines) at three 

selected positions along the instrumented cross section. 
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measurement epochs (= 0.6%) failed over the entire monitoring 

campaign due to power outages or similar. 

The results show that terrain level changes above the tunnel 

lining can be clearly identified in the DFOS cross-sectional 

strain profiles, which ovalizes due to the applied load. The 

orientation of the tunnel ring’s ovalization complies with the 

loading direction and is also confirmed by the geodetic 

displacement readings. Curvature changes derived from strains 

of vibrating wire sensors inside the lining depict also a good 

agreement with the fiber optic outcomes. DFOS measurements 

in longitudinal direction enable an identification of the major 

deformation zone along the tunnel route and progressive 

vertical bending of the tunnel tube can be captured over time. 

After the excavation and depositing works will be finished, 

the DFOS system will be re-designed for long-term monitoring 

during operation. It is planned to embed the supply cables into 

the inner tunnel lining and guide them to the operational 

building. From there, epochwise or continuous measurements 

can be performed at any time without any interference with the 

tunnel traffic. The results will give further information on the 

long-term deformation behavior of the tunnel as well as new 

insights about the long-term stability of the designed DFOS 

system. 
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ABSTRACT: We report on the successful integration of fiber-optic sensing cables for distributed temperature and strain 
measurements into the cementation of a brine production borehole.  
While the integration of fiber-optic cables for distributed temperature sensing (DTS, or Raman sensing) has been state-of-the-art 
in borehole engineering for many years, the integration of dedicated cables for distributed strain and temperature sensing (DTSS, 
or Brillouin sensing) is still challenging due to the requirement of uniform, linear and continuous mechanical coupling between 
the sensing fiber and the borehole casing, cementation or surrounding rock. The limited accessibility of the cables during the 
installation process requires a robust technical approach to protect the cables from damage without impacting their functionality 
or the installation and cementation of the borehole casing. 
This paper outlines the concept of Brillouin sensing for distributed strain and temperature measurements and shows the successful 
realization of the simultaneous installation of the cables and the well casing using specially designed centralizers for the safe 
fixation of the cables. Periodical measurements of strain and temperature are presented, showing the initial conditions after 
installation as well as mid-term evolution of the well temperature and deformation. 
The application of distributed strain and temperature sensing in deep boreholes enables significant improvements in the monitoring 
of the well integrity. Furthermore, the data obtained from long-term strain measurements are expected to lead to a better 
understanding of the development of well integrity of deep boreholes in general and of salt cavern wells in particular. 

KEY WORDS: Distributed fiber-optic sensing; DTSS; Brillouin sensing; well integrity monitoring; deep drilling; salt cavern well; 
cemented annulus

1 INTRODUCTION 
Deep drilling technology is applied worldwide for many 

decades and has experienced significant improvement during 
this time. One important application is the erection and 
operation of deep wells in salt rock formations for the 
production of brine and the leaching of salt caverns. With 
several decades of operation, the mechanical integrity of such 
wells is a growing issue, since interventions are technically and 
financially challenging. Therefore, there is an increasing 
interest throughout the salt cavern industry to develop new 
methods for a reliable and affordable monitoring and prediction 
of well integrity. 

 
Salt cavern wells are exposed to mechanical loads as well as 

other environmental factors during their operation for many 
decades. This can lead to a reduction of safety reserves or in the 
worst case to a loss of integrity. However, it is expected that 
this process proceeds gradually and can be monitored if suited 
monitoring methods are provided. This will enable operators to 
react in time before damages occur. 

Salt cavern operations normally induce salt movements 
which may lead to casing ruptures along the cavern well. Those 
failures are hard to predict by the use of prognostic models 
only. One issue of these models is a lack of accurate spatially 
resolved data for model calibration. 

 

Recent developments in fiber-optics provide general 
opportunities for strain measurement systems. Meanwhile, 
such systems have reached a high level of maturity for above 
ground structures (like bridges etc.) or subsurface structures 
which are accessible during installation (like tunnels etc.). 
However, for deep boreholes their application remains a 
challenge until today. [1] 

 
The application of distributed strain and temperature sensing 

along deep wellbores enables significant improvements in the 
monitoring of the well’s integrity. Integrating dedicated fiber-
optic sensing cables for distributed temperature sensing (DTS, 
or Raman sensing) has been state-of-the-art in well engineering 
for many years. Also, the distributed acoustic sensing 
technology (DAS) using dynamic Rayleigh scattering has 
become a common tool throughout the industry.  

 
Distributed temperature and strain sensing (DTSS, or 

Brillouin sensing) complements these technologies to provide 
static strain measurements for long-term deformation 
monitoring [2]. While DTSS is a well-established tool in the 
monitoring of geotechnical infrastructure [3], its deployment in 
deep wells is still challenging due to the requirement of 
uniform, linear and continuous mechanical coupling between 
the sensing fiber and the cemented casing [4]. 
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The limited accessibility of the cables during the installation 
process requires a robust technical approach to protect the 
cables from damage without affecting their functionality or the 
installation and cementation of the casing. 

 
We report on the successful integration of fiber-optic sensing 

cables for distributed temperature and strain measurements into 
the cemented annulus of a brine production well. The data 
obtained from long-term strain measurements are expected to 
lead to a better understanding of the development of 
mechanical loads on the casing of brine production wells 
improving the reliability of well integrity management in salt 
cavern wells in general. Furthermore, DTSS can be validated 
as a suitable method to directly monitor the integrity of deep 
wells during the entire operational period. 

 

2 MEASUREMENT PRINCIPLE 

 Distributed Temperature and Strain Sensing 

Distributed Brillouin sensing for temperature and strain 
measurements in optical fibers has become a well-known tool 
for monitoring the health of large structures in the industrial 
engineering, geotechnical engineering and public infrastructure 
sector. This technology is gaining an increasing amount of 
popularity in areas of risk management and structural 
assessment because of its following characteristics:  

 
Truly distributed strain and temperature readings: Brillouin-

based sensing systems provide a continuous profile of the strain 
and temperature distribution over the entire length of the 
sensing fiber, which can run up to several tens of kilometers 
with spatial resolution down to less than one meter. 
Differentiating from the traditional single-point sensors such as 
classical strain gauges, vibrating wire systems and 
extensometers, and also different from the quasi-distributed 
fiber Bragg grating sensors, the coverage that truly distributed 
measurements provides is not limited to several pre-determined 
spots of a structure, but is rather the entire structure. 

 
Sensing fibers feasible for real world projects: For 

distributed Brillouin sensing, standard telecom single-mode 
fibers are used, which bring about the advantages of fiber-
optics (resistance towards chemical corrosion and electric 
fields interference, low material costs, long-term stability) to 
the sensing world.  

 
Challenges involve the availability of suitable coating and 

cabling designs which can both protect the optical fibers from 
excessive mechanical stress during transport, installation and 
operation, while providing an accurate transfer of the 
measurands (strain/temperature) from the monitored structure 
to the fiber. However, for numerous applications and structure 
types, industry-proven solutions have been made available 
during the last years: 

 
 Strain sensing cables that can be adhered to existing 

concrete or steel rigid structures, comprising tight 
buffering  

 Strain sensing cables integrated into concrete structures 
during construction. Such cables comprise a fiber-in-

metal-tube (FIMT), with a fiber tightly buffered inside a 
stainless steel tube (optionally with additional armoring), 
providing both an accurate transfer of deformation from 
the structure into the fiber and a reliable protection of the 
sensing fiber during concrete pouring, vibrating and 
curing 

 Temperature sensing cables with a loose-tube buffering of 
the fiber inside a metal tube, providing strain-free 
installation and operation of the sensing fiber in order to 
enable reliable separation of temperature and strain in the 
measurement results. 
 

 Physics background to Brillouin Sensing 

 
The effect of stimulated Brillouin scattering in optical fibers 
describes a nonlinear interaction between two light waves that 
meet, coming from opposite directions, in an optical fiber. 
When they overlap, their fields form a strong local beat pattern 
which causes mechanical vibrations of the fiber glass. If the 
optical frequencies of the two light waves differ by a precise 
offset that is characteristic for the fiber’s local strain and 
temperature, the vibrations become so strong that they scatter 
back a measurable amount of light towards the fiber ends where 
it was injected (see Figure 1). 

 

 

Figure 1. The concept of Brillouin scattering for distributed 
strain and temperature sensing in an optical fiber. 

 
By tuning the frequency offset of the light sources and 
measuring the quantity of back-scattered light, the 
characteristic frequency difference for each point along the 
fiber can be found, and can be allocated to strain and 
temperature at each position by a linear dependency. 
 

 
 

3 REALIZATION OF THE SUBSURFACE 
INSTALLATION 

 
The well site under test comprises a vertical brine production 

well, which is equipped with 13 3/8” cemented production 
casing from a depth of 554 m up to the surface and with an 18 
5/8” technical casing from a depth of 259 m to the surface, both 
cemented over their full length. The fiber optical cables are 
installed on the outside of the production casing. 
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In preparation of the borehole completion with the 
production casing appropriating the fiber-optic cables, the 
specification and manufacturing of a series of centralizers had 
to be done. These casing-joint centralizers of rigid type should 
both centralize the casing in the borehole holding a gap in the 
annulus and fix the fastened cables mechanically within the 
gap, securing a safe clearance from the outer wall. This was 
solved by selecting suitable commercial type centralizers and 
welding specially designed clamps on them comprising cable 
ducts with a pre-specified diameter. A set of two parallel fiber-
optic sensing cables (one cable for strain and one cable for 
temperature sensing) was attached to the casing segments, 
where a rigid fixation in axial direction was secured for the 
strain cable. 

 
Both fiber-optic sensing cables are fiber-in-metal-tube 

(FIMT) designs, with a thin stainless steel tube to contain the 
optical sensing fiber. The fiber inside the strain sensing cable is 
tightly fixed to the FIMT to ensure homogeneous and linear 
strain transfer from the outside media (in this case, the 
cementation and the clamps). In contrast, the temperature 
sensing cable is a loose-tube design with a slight excessive 
length of the fiber, so outside deformation will (within 
limitations) not be transferred into strain on the optical fiber.  

 
As required by the deployed BOFDA technology for 

distributed strain and temperature sensing, the two sensing 
cables were connected to each other at the lower end of the 
installation to form a fiber loop with access to both ends. The 
measurement configuration is shown in Figure 2. 

 
While starting the installation of the production casing, four 

pieces of the casing-joint centralizers were mounted on the 
lowest casing joint near the casing shoe (Figure 3). The third 
lowest centralizer hosts an additional mechanical protector for 
the cable connection which closes the circuit of strain and 
temperature fiber-optic cables. This connection itself 
constitutes as the deepest point of the fiber optic monitoring 
system. 

During casing installation, the fiber-optic cables were rolled 
off from the cable reels and brought to the casing-joints, 
carefully guided to prohibit severe tension on the cables to 
exclude any local deformation of the cables, which may later 
influence the measurement quality (Figure 4). For protection 
against jamming the cables were fixed on every joint by 
centralizers positioned straight under the casing collars. 

 
In parallel to the installation process, OTDR readings were 

taken to check fiber integrity at every stage. Distributed strain 
and temperature measurements were taken after the 
installation, during the cementation process and, subsequently, 
about every three months for long-term observation of the 
condition of the well. The first three of these periodic quarterly 
measurements have been successfully performed and are 
presented here.  

 

 

Figure 2. The basic measurement scheme with the tubing 
elements and the fiber-optic sensing cables. 

 

 
Figure 3. The lower centralizers that house the return of the 
cable loop as well as the interconnection between the two 

sensing cables, mounted on the lowest segment of the 13 3/8” 
production casing.  
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Figure 4. While running into the hole the fiber-optic cables 

were brought directly from the cable reel over idler pulleys to 
the casing-joints. The black box on the blue reel is the OTDR 
system for continuous monitoring of the physical condition of 

the fiber-optic circuit.  

 

 
Figure 5. Final construction of the wellhead with stuffing 
boxes on both sides of the anchor casing below the flange. 

Cable reels in the foreground. 

 
At the wellhead the fiber-optic cables leave the borehole 

construction for their connection with the light and signal 
processing unit. To accommodate a safe guiding, two screw-in 
ports were complemented in the anchor casing directly under 
the base flange (Figure 5). These ports serve to host especially 
developed stuffing boxes to lead the fiber-optic cables out of 
the annulus while ensuring pressure-resistance and cable bend 
protection. 

 
The completion works were running according to schedule, 

additional construction time caused by optical cables was 
estimated to 20 percent. 

 
 

4 RESULTS FROM THE FIRST 12 MONTHS 
Both the fiber-optic sensing cables have gone through the 

installation and cementation process without measurable 
damage or decrease of their integrity or optical performance. 
Readings from selected measurements, as outlined in the above 
section, are shown in the following figures.  

 
The measurements provide a spatial resolution of 0.5 m over 

the total fiber length of 1600 m (2x 600 m sensing cables + 2x 
200 m lead cable). To obtain separate data on strain and 
temperature, the data obtained from the strain sensing cable 
(which is the result of superposed strain and temperature) was 
temperature-compensated with the data obtained from the 
parallel temperature sensing cable with its presumably strain-
free fiber. 

 
All temperature measurements correspond well with the 

expectations. Deviations from the reference temperature profile 
can be explained qualitatively by effects from installation and 
operation or by the heat conduction of the casing and the 
centralizers. 

After the installation of the production casing and the cables, 
the well has been at rest for several months. The temperature 
measurements after 2 and 5 months show, that the temperature 
distribution in the well has already reached almost static 
conditions (Figure 6). The temperature profile at that time 
corresponds well with the reference temperature profile for the 
specific location. 

The temperature measurement after 10 months shows distinct 
peaks with a periodicity of 12 m, which corresponds to the 
length of the casing segments and to the spacing between the 
cable fixation at the centralizers. This measurement has been 
taken approximately two weeks after the circulation of brine 
through the well was started with an injection temperature of 
30 °C. The temperature peaks are assigned to the different 
radial heat conduction of the centralizers and the surrounding 
cementation. Brine circulation has been stopped a few weeks 
later resulting in a comparably flat temperature profile 
measured 11 months after installation. 

 
In the strain measurements a characteristic periodic pattern 

emerges below a depth of 350 m during the cementation and 
remains in place during the subsequent measurements. Its 
periodicity is 12 m, which corresponds to the length of the 
casing segments and to the distance of the centralizers, as 
observed in the temperature profile above. It can be explained 
by a small vertical dislocation between the casing-centralizer-
system and the cement during the cementation process, which 
remains fixed thereafter. Above 350 m peaks appear in the 
strain measurements peaks at depths, where the surrounding of 
the casing-cement-system changes, like the casing shoe depth 
of the axial conduit (at 260 m) or the top of the salt rock (at 65 
m). Only small changes are observed between the strain 
measurements after the cementation. It is expected, that strain 
differences will increase during the operational period as the 
volume of the salt cavern increases and subsidence will be 
induced. 
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5 CONCLUSION 
 
The DTSS system was successfully installed and fixated on 

the outside of the cemented production casing of a brine 
production well down to a depth of 554 m. During the first year 
of operation the system has proven to produce reliable 
measurement data, that will allow further evaluations during 
the ongoing brine production phase. Thus, it could be shown 
that such systems can, on the one hand, be used to directly 
monitor the integrity of the connected well installation. On the 
other hand, it is expected that after several years of brine 
production and data collection it will be possible to use these 
data for the calibration of subsidence models for salt caverns. 
This is expected to significantly improve the precision of the 
predictive modeling of the mechanical loads on salt cavern 

wells and, therefore, to increase the operational safety of salt 
cavern operation by providing new tools and methods for the 
integrity management of such wells. 
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Figure 6. Distributed temperature measurements results. Clearly visible are distinct project stages as installation; elevated 
temperature after cementation; temperature following the expected geophysical profile in static state (after 2 resp. 5 months); 

temperature elevation after start of brine production (after 10-11 months). 

Figure 7. Distributed strain measurements, temperature-compensated and relative to baseline taken after installation. Right after 
cementation, a characteristic strain pattern emerged in the lower part of the profile. Its periodicity corresponds well to the length 

of the casing segments. 
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ABSTRACT: Construction of tunnels in dense urban area inevitably affects the behaviour of existing overlying or adjacent piled 
foundations. Understanding the responses of intercepted piles due to tunnelling is crucial, yet very limited case histories and 
quantitative data have been reported, mainly because of practical difficulties associated with the installation of conventional 
instrumentations in existing piles. This paper presents details of a recent project in London where distributed fibre optic sensors 
were installed into two large-diameter 25.1m long end-bearing piles to monitor their behaviour during tunnelling, pile 
interception, transfer structure installation and post-construction. This study used Brillouin optical time-domain analysis 
(BOTDA) technology to measure strain at a spatial resolution of 0.50m and a sampling resolution of 0.08m along the length of 
the piles using standard optical fibre. The continuous monitoring data provided detailed information on the development of 
distributed longitudinal strain, axial force, deformation and shaft friction along the pile depth, in response to the 
abovementioned construction activities. These results offer rich insights and the opportunity to further investigate this soil-
structure interaction problem. It is highlighted that the approach discussed in this paper will become increasingly valuable for 
ground engineering investigations. 

KEYWORDS: Pile interception; Tunneling; Distributed fibre optic sensing. 

1 INTRODUCTION 

In the modern urban environment, there has been an 
increasing demand for underground space that leads to 
underground excavations and tunnelling in close proximity to 
existing deep foundations. This can result in undesired 
deformation, damage and serviceability to the foundation, 
and/or the superstructure. In most reported cases, the proposed 
tunnelling alignments is diverted to minimize any potential 
effect, such as scenarios of tunnelling adjacent to pile groups 
and tunnelling beneath piles, where the pile responses are 
mostly characterised by pile deflection and pile differential 
settlements, respectively [1-2].  
    Nevertheless, when the diversion of tunnel alignments is 
not feasible due to construction costs and engineering 
challenges, a third scenario where tunnel and piles clash is 
necessary and occurring with increasing frequency in practice 
in dense urban areas. In this case, the obstructing piles are 
intercepted as the tunnel passes through, which has a 
significant impact on both the new tunnel lining and the 
existing pile foundations and superstructure. The adopted 
mitigation measures are known as in-tunnel and out-of-tunnel 
methods, where the former causes delay in the tunnel 
construction and the latter can be independent of the 
tunnelling work [3].   

Despite the potentially major consequences of these 
clashes, research on this topic is scarce [4]. There are very 
limited case histories reporting on the actual response of the 
intercepted piles due to tunnelling. In this project, the existing 
piled foundations were large diameter unreinforced under-
ream piles, and there was a concern that these piles might be 
damaged during the interception process, caused either by the 
forces generated by the removal of a significant load as the 

pile is intercepted, or the tensile forces within the piles and 
surrounding soil. This could lead to the reuse being 
questioned and ultimately being discounted. Apparently, there 
is still a lack of preliminary assessment and design tools that 
consider a tunnel-pile clash scenario.  

This paper presents details of the successful implementation 
of a distributed fibre optic sensing (DFOS) system to monitor 
pile interception with the in-tunnel method for the first time. 
Specifically, two under-reamed piles were monitored during 
tunnelling, pile interception/nibbling, support installation and 
post-construction for over eight months to quantify the effect 
of these activities on pile performance.  

2 DISTRIBUTED FIBRE OPTIC SENSING 

For completeness, the measuring principle of DFOS 
technology and the selection of suitable sensing cable is 
briefly described here. 

2.1 Fundamental sensing principals  

The fundamental sensing principle of DFOS system (see 
Figure 1) is based on natural backscattering of an optical pulse 
during its forward propagation along the sensing fibre. Small 
parts of the scattered light due to small refractive index or 
density fluctuations are reflected to the interrogation unit and 
can be used therefor sensing purposes. As depicted in the 
figure, the backscattering spectrum can be split into linear 
(Rayleigh) and non-linear (Brillouin and Raman) scattering 
effects. In general, Raman-based systems are only sensitive to 
temperature, whereas Rayleigh and Brillouin instruments are 
sensitive to both strain and temperature variations. Their 
capabilities regarding spatial resolution and measurement 
accuracy are, however, significantly different. 
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Sensing units based on Brillouin scattering, as used in this 
study, enable measurements over tens of kilometres, which, 
however, results in limitations in the spatial resolution 
(between 0.1 and 10 m, depending on the sensing range) and 
the measurement precision (about ± 5-20μɛ). These include 
commonly used Brillouin Optical Time-domain Reflectometry 
(BOTDR) or Analysis (BOTDA) techniques [5-6]. Within 
normal environmental temperature range, this Brillouin 
frequency varies linearly with changes in longitudinal strain 
and temperature in the fibre core/cladding so that: 

B Tv C C T                                                          (1) 

where ∆ѵB is the change in Brillouin frequency shift due to a 
simultaneous change in strain ∆ε, and in temperature ∆T, and 
Cε and CT are strain and temperature coefficient of the 
Brillouin frequency shift, respectively. For a given fibre, both 
coefficients can be obtained through calibration processes 
using a tensile rig or water bath, respectively. Therefore 
knowledge about this frequency difference can provide 
information about the applied strain and temperature changes 
at the location at which the backscattered light is generated. 
Because the speed of light is constant, the location can be 
evaluated by measuring the time between pulse launch and the 
backscattering event. Since backscattered light is generated at 
every point along the entire length of the fibre, resolving both 
time and frequency lead to a continuous strain profile along 
the fibre. 

 

Figure 1. The basic scheme for distributed fibre optic sensing. 

2.2 Selection of fibre optic sensing cables  

It is well recognised that, unlike telecommunication cables, 
strain sensing cables for infrastructure monitoring require: (a) 
satisfactory strain transfer from the outer jacket and internal 
layers to fibre cores with limited loss; and (b) robust package 
to withstand harsh environment during its installation and 
operation. Other factors that may need to be accounted for are 
flexibility for ease of installation and the ability to be stripped 
for fusion splicing.  
In any case, the sensing cable must be calibrated at least 
within the expected strain range. The strain sensing cable 
employed in this work is a flat ribbon cable made of nylon 
with four central single-mode optical fibres and two lateral 
steel reinforcement wires, manufactured by Fujikura Ltd 
(Japan) (see Figure 2(a)). The cores are tightly bonded to the 
protective nylon sheath for efficient mechanical strain 
transferring. Its axial stiffness measured through a tensile test 
yields 34.6kN. The calibrated strain coefficient is 478MHz/% 
strain (R2=0.9996).  

 

Figure 2. Fibre optic sensing cables for pile interception 
project: (a) Fujikura SM4 reinforced strain cable; (b) Excel 

temperature cable. 

Since both variations in either temperature or strain can 
cause the Brillouin frequency to change, it is necessary to 
distinguish between these two effects. A common solution is 
to use a separate loose tube temperature cable, in which the 
fibre is isolated from external mechanical strain effects, and 
place it adjacent to the strain cable to compensate for 
temperature effects. The cable used for temperature 
compensation but also as an extension lead for routing was a 
steel-reinforced loose tube, gel-filled cable manufactured by 
Brugg Ltd (see Figure 2(b)). The calibrated temperature 
coefficient was 1.11 MHz/℃ (R2=0.9997) [5]. For further 
details about the DFOS system used in this study, the readers 
are referred to [6-7]. 

3 FIELD INSTRUMENTATION 

The DFOS sensing system was designed and deployed into 
two large-diameter, unreinforced end-bearing piles of a 
tunnelling project in London. Further details of the tunnel 
design and construction are published in [8-9]. 

3.1 Site overview 

The deployed site is part of the Bank Station Capacity 
Upgrade (BSCU) scheme, which involves a major upgrade of 
the Bank-Monument Station Complex to provide greatly 
improved passenger access. The project is reconstructing one 
of the busiest interchanges on the London Underground 
network, by excavating their way around a dense network of 
existing tunnels and beneath many significant buildings in the 
City of London.  

The particular two instrumented piles (P14 & P23, both 
1.83m in pile shaft diameter and 4.7m in under-ream bell 
diameter) locate in the deep foundations of 6-8 Princes Court 
(see Figure 3), which is an 8-storey building with concrete 
frames and a two-level basement on Princes Street, City of 
London. As can be seen from this figure, the new tunnel 
passes directly through a cluster of massive concrete under-
ream piles supporting this building, and the running tunnel 
was expected to clash with four of the piles (P4, P14, P24 and 
P25) of the building and partially clash with another three 
piles (P3, P15 and P23). The pile interception strategy that 
was implemented involved sequentially cutting P4 & P14 just 
below the tunnel crown and while temporarily unsupported, 
construct a reinforced concrete permanent load transfer 
structure for each pile. The same procedure was applied to 
P24 and P25 later on. The under-ream piles supporting 
Princes Court were constructed by Economic Foundations Ltd 
between September and November 1970. The piling was 
overseen by a Resident Engineer who independently signed 
the pile records. The historical building records included 
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general arrangement and structural plans and elevation 
drawings, pile layouts with pile design loads, and the original 
pile design hand calculations.  

Pile 14 (8430kN)

Pile23 (8430kN)

25

14

4

2324

 

Figure 3. Plan view of the building foundation and tunnels at 
6-8 Princes Court. 

    The Princes Court basement raft is a 1.2-metre thick slab, 
with its top at +106.5mATD, as indicated in Figure 4. The 
ground surface is at +112.8mATD. The subsoil layers from 
the top of the surface comprise 4.8m of Made Ground, 2.8m 
of Terrace Gravel underlaid with 37.7m of London Clay. The 
groundwater table was assumed 8m below the ground surface. 
The base of the building’s basement slab is nearly at the 
interface of the River Terrace Deposits and London Clay.      

3.2 Sensor configuration 

To achieve an optimal sensing accuracy, DFOS with a double-
ended configuration was adopted, compromising both strain 
and temperature sensing cables, as displayed in Figure 4. The 
pre-spliced cables were equipped with a spherical weight, to 
overcome buoyancy and to keep the cables under tension 
when grouting. There was a risk of breakage in fibre optic 
sensing cable closing to the interception position in pile 14, 
due to the underlying uncertainty during manual cutting 
activities. This was mitigated by locating the weight about 
0.5m above the anticipated tunnel crown interception location. 
Such separation was proven to be sufficient in this 
application. 

Strain cable

Temperature cable

Port A

River Terrace 
Deposits

London Clay

Made ground

Port B

Pile 14 Pile 23

Extension cable FO connectors Basement slab

Tunnel

Pile 
interception

+106.5mATD

+105.3mATD

+112.8mATD

Pile 
nibbling

 

Figure 4. The layout of a distributed fibre optic sensing 
system. 

The spectrum analyser used in this project was an OZ 
Optics ForeSight™ BOTDA. The spatial and sampling 
resolutions used were 0.5m and 0.08 m, respectively. The 
precision of the measurements were < ± 10 μɛ and 0.5°C, for 

strain and temperature readings, respectively. Measurements 
were taken continuously and the acquisition time for each 
measurement was less than 3 minutes. 

3.3 Field deployment 

To install the fibre optic sensing cables in P14 & P23, they 
were first cored at 100mm in diameter from basement level to 
depths of 18.9m and 25.3m, respectively. The vertical 
tolerance was kept to be less than 0.3% of depth. A CCTV 
camera was then employed to examine the condition of the 
core hole after flushing and brushing. From these cores, a total 
of eleven concrete core samples were tested for compression 
strength (BS EN 12504-1 and BS EN 12390-3) and secant 
modulus of elasticity in compression (BS EN 12390-13 
Method B). 

(a) (b)

(c) (d)

(e)

 

Figure 5. Installation of distributed fibre sensing system: (a) 
detailed schematic diagram; (b) protection on the transition 

between strain and temperature cables, with a weight attached; 
(c) lowering the sensing system into the borehole from a cable 
drum; (d) positioning the sensing cables; (e) final position of 

sensing cables in the borehole after grouting. 

The pre-spliced cables with a spherical weight were 
gradually lowered to the bottom of the pre-cored boreholes, as 
indicated in Figure 5. A cable clamp was used to ensure the 
fibre optic cables were kept in position and alignment. The 
cables in both piles were then connected to form a single 
circuit and both ends connected to one channel of the BOTDA 
spectrum analyser in the plant room of the basement. After 
installation of the fibre optic cables, the core holes were 
backfilled with high flow non-shrinkage cementitious grout 
(Conbextra HF) with compressive strength >45MPa. A similar 
procedure was described in [10]. 
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4 RESULTS AND OBSERVATIONS 

Both piles P14 and P23 were monitored continuously during 
tunnelling, pile interception/nibbling, support installation and 
post-construction to quantify the effect of these activities on 
pile performance.  

4.1 Temperature profiles 

Figure 6(a) presents the in-situ thermal profiles in pile P23 
during the grout hydration process. The overall temperature 
changes along the pile depth were about 2-3 degree, peaking 
around 11 hours after pouring. Interestingly, at the beginning 
of the hydration process, there was an approximately linear 
trend of temperature increasing along the pile depth. At the 
top 2m of the pile, the hydration process was slightly affected 
by the room temperature in the basement, resulting in lower 
peak temperature. The entire hydration process stabilised 
within 72 hours.   

 
(a) Hydration process 

 

(b) Tunnelling  

Figure 6. Thermal profile during hydration process: (a) 
hydration process; (b) tunnelling. 

    Figure 6(b) plots the temperature variations in pile P23 
during a 1.5-month monitoring period. The subsurface 
temperature field remains fairly constant, apart from the first 
2m depth which was again affected by the temperature 
variations in the basement. At the bottom of the pile, the 
temperature started to increase from 29th July, showing good 
agreement with the arrival of the sprayed concrete lining 
(SCL) tunnelling process.  
    After seeing the ending of the grout hydration process, the 
changes in temperature and strain were then calculated 
relative to an arbitrary baseline measurement which was taken 
on 30 June at 00:05. For each measurement (i.e. time step), 
the temperature data were used to compensate for temperature 
effects on the Brillouin frequency shift. By convention, a 
positive change in strain indicates expansion relative to the 

baseline, while a negative change implies a contraction of the 
pile. 

4.2 Axial strain 

Figure 7 gives the time histories of temperature compensated 
strain at various depths along piles P14 and P23, as well as a 
snapshot of the strain contour plot on 16th September 2018 for 
each pile. As expected, the overall variations of strain were 
small before pile interception. The tunnel excavation arrived 
at pile P14 on 23rd July, and it was clear that there was an 
increase of compressive strain following the pile exposure. 
The magnitude of the strain change was up to -50µɛ at pile 
depth of -18m and almost no influence at pile depth of 0m.  
Following the manual pile interception on pile P14, sudden 
development of strain at the depth of 3.5m was recorded on 
28th July at 17:59, which peaked at around 300µɛ. Such 
localised strain suggests that cracking potentially occurred. At 
tunnel level, the reinforced concrete permanent load transfer 
structure was constructed about two weeks after the pile 
interception and led to a reduction in this localised strain to 
about 140µɛ, which then remained approximately constant.  

 
(a) Pile 14 

 
(b) Pile 23 

Figure 7. Axial strain profiles in instrumented two piles: (a) 
pile 14; (b) pile 23. 

For pile 23, which was only partially intercepted, the tunnel 
excavation and pile nibbling resulted in a smaller decrease in 
compressive strain, which was larger at the bottom of the pile 
(up to -50µɛ) and reduced almost linearly towards -20µɛ at the 
top of the pile. 

4.3 Pile axial deformation 

Figure 8 displays the evolutions of pile axial deformation for 
both instrumented piles, by integrating the strain profiles 
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downwards along the measurement depth. For pile P14, the 
calculated data suggests that, at depth of -18m, the pile 
experienced about 0.6mm of contraction, following with its 
exposure during the tunnelling excavation, as indicated in 
Figure 8(a). Immediately after pile interception, pile extension 
was observed, yielding to a maximum of 1.5mm since pile 
exposure. This corroborates the results of the displacement 
survey (4mm) but the magnitude of the extension measured by 
the fibre optic sensing is smaller. The reason for this 
difference is unclear but could be accounted for by the 
measurement precision of the two methods (± 0.2 mm over 18 
m depth for the fibre optic method and in the order of 
millimetres for the surveying methods). More case studies 
using this method would be beneficial to allow further 
comparison of results. 

Tunnel crown Tunnel crown

(a) (b)

 

Figure 8. Pile axial deformation profiles in instrumented two 
piles: (a) pile 14; (b) pile 23 (x denotes the position of tunnel 
advance being excavated relative to the position of pile P14). 

Conversely, the decrease in strain in the nibbled pile P23 
during excavation and partial interception contributed to an 
overall contraction of 0.6 mm. As shown in Figure 8(b), 
compression is increasing with depth and reflects the loss of 
shaft friction during tunnel excavation and the increase in the 
load taken by the base of the pile bell.  

5 CONCLUSIONS 

The distributed nature of fibre optic sensors and the real-time 
continuous monitoring of temperature and strain allowed a 
clear picture of how the two existing under ream piles were 
responding to the advancing tunnel, pile interception and 
construction of transfer structures. These observations 
confirmed some of the expected behaviour as highlighted in 
the current design and prediction. It also informs further 
research and investigation into improved design and 
prediction based on a thorough understanding of the soil-
structure interaction. Two of the 50-year-old piles retain the 
fibre optic instrumentation and have now become smart fibre 
optic piles which are available to inform future performance 
during multiple demolition and construction phases for the 
Princes Court site.  
This project may mark the first time this fibre optic 
monitoring method has been successfully used in piling 
interception during tunnelling. The conventional monitoring 
method would have been to measure the basement settlement 
at pile positions with studs, and measuring the movement of 
the pile base by coring the pile and installing a rod 
extensometer. However, rod extensometers would only record 
displacement at discrete locations rather than at close 

intervals. It is not thought traditional instrumentation methods 
would have limited the pile interception solution, however, 
more piles would likely have been instrumented and 
monitored.  

As our urban cities become even more connected with new 
infrastructure tunnels, there will likely be further opportunities 
for such smart fibre optic piles to provide a robust and reliable 
instrumentation monitoring method. There can also be an 
ongoing benefit for such monitoring systems if it provides a 
means by which existing foundation structures can be reused.  
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ABSTRACT: This article introduces an application of the SHM solution ‘AP’Structure’ which has been jointly developed by 
Apave and Sercel. An ageing and decommissioned concrete bridge built more than 70 years ago was monitored using both new 
and standard sensors, in order to perform an Operational Modal Analysis (OMA) on site. The collected raw data were compared 
and analyzed in the frequency domain, using several algorithms such as Stochastic Subspace Identification or Enhanced 
Frequency Domain Decomposition. The comparison of the results not only highlights the efficiency of the sensors in terms of 
accuracy of the identification of the dynamics properties, but also their operational effectiveness on site in order to improve the 
measurement ratio per day using an improved communication system . Then the collected data were used to calibrate a Finite 
Element model of the bridge using the MAC matrix, so as to estimate the feasibility of using this structure as a pedestrian 
bridge. The comparison of the final results between two FE models developed either with and/or without OMA data highlights 
that the use of dynamics properties improves the knowledge of the structure and avoids inappropriate conclusions in terms of the 
use of the ageing bridge. Indeed, the application of the French regulations code to verify a pedestrian bridge has been applied 
and conclusions may be quite different according to whether the FE model is calibrated on modal basis or not. 

KEY WORDS: Operational Modal Analysis; pedestrian bridge; FE model ; Calibration on modal basis ; frequency ; decision 
making ; asset-management. 

1 INTRODUCTION 

The collapses of bridges in different countries (Italy, 
Taiwan, USA, France…) over the last two years has 
unfortunately highlighted the tragic consequences of the 
ageing of the infrastructures of transports, the lack of relevant 
preventative or curative maintenance and the vulnerability of 
structures if operating conditions changes are not respected [1, 
2]. In order to avoid such events, different asset management 
strategies can be deployed, such as carrying out visual 
inspections at regular intervals with different levels of 
analysis, for instance. When the level of the structural safety 
is considered too low, then instrumentation is an efficient tool 
that can be deployed so as to monitor the structure and alert 
the owner if mechanical behavior is judged pathologic. 
Moreover, when a real time Structural Health Monitoring 
system, hereby noted SHM, is deployed on site, in spite of the 
advantage of ensuring the structural safety, it is often 
expensive, requires complex logistics to implement the entire 
system and it is mainly deployed when the structural integrity 
is already and strongly impacted. Furthermore, the recently 
collapsed bridges were not instrumented which highlights the 
fact that unsafe structures are not sufficiently identified and 
thus the structural risk is not under control. 

The SHM system can provide structural information to 
avoid such disasters, by monitoring the structural state of the 
structure and alert the owner in case of inappropriate 
structural response [2]. The standard SHM system presents the 
advantage of giving an accurate local or global picture of the 
structural state, according to the nature of the sensors. 
Extensometers or displacement sensors are highly suitable for 
providing local information in order to monitor the opening of 

cracks or settlements, for instance. Nevertheless, regards to 
structural global analysis, these kinds of data might be 
insufficient to provide robust information due to the number 
of sensors required and the associated uncertainties. A popular 
way of monitoring a global structure is to monitor the 
variation of the dynamic properties [3, 4]. These properties are 
indeed an indirect reading of the global stiffness and any 
significant variation of the global stiffness can be interpreted 
as a modification of the structural state, due to an external or 
internal event (heavy vehicle impact, for instance, fire, cracks, 
breaking of a cable strand…). The acquisition of these 
dynamic properties can be performed through the use of one 
of the most popular methods listed below: 
 Impact hammer method, cf. [5], which is a well-known 

technique, but requires both accelerometers and an impact 
hammer linked to a computer in order to capture the 
response of the structure to the impact. The required 
connection limits its use on large and important 
structures, where access is limited. Besides, the energy 
provided by the impact of the hammer should be 
important enough to generate an appropriate vibration 
response of the studied structure to be captured by the 
accelerometers. Furthermore, the accelerometers might 
also be accurate enough to capture low frequencies. This 
method is moreover quite easy to use on site and provides 
some useful information (first flexional mode by 
direction, for instance); 

 Unbalance exciter method cf. [5], which excites the 
structure at different frequencies by activating a given 
mass fixed on the structure at different rotation speeds. 
This method is quite intrusive and generates a downtime 
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period that is not always acceptable. The main drawback 
of this method is the fact that the structure is potentially 
loaded at a frequency where a disorder might be 
amplified which could generate more damage than 
expected. Despite the fact that it is quite efficient to 
access the dynamic properties, this method requires good 
structural knowledge before it can be used; 

 The ambient vibration method, also named Operational 
Modal Analysis and hereby noted OMA cf. [6, 7], is 
based on the acquisition of the vibration of the structure 
naturally and continuous loading by low intensity 
vibrations. These vibrations are generated by both human 
and natural activities. This method has become popular 
over the last decades due to the increased accuracy of the 
existing sensors which capture the response of the studied 
structure under low vibrations. The main drawbacks 
concern the feasibility of the analysis of massive 
structures at low frequency (below 0,50 Hz) and, in the 
case of a wireless system, to ensure a perfect 
synchronization of the system to reduce the measurement 
noise during the processing of the raw data as much as 
possible. In spite of the high cost of the sensors, this 
method is very suitable for capturing the dynamic 
responses of important, massive and large structures with 
minimum impact on operations. 

A new SHM system named ‘AP’Structure’, currently 
developed by Apave, a French engineering office, and Sercel, 
a French seismic equipment manufacturer, is presented in this 
paper. This system, based on the well-known OMA technique, 
has been designed to provide the most accurate raw data using 
MEMS technology under ambient vibration, in order to reduce 
noise during the acquisition as much as possible. Associated 
with the use of the SSI algorithm [8] to identify the dynamic 
characteristics, this modal analysis method aims to provide 
accurate dynamic data to be used either in order to 
characterize the mechanical characteristics of studied 
structures, or to directly provide structural indicators so as to 
ease the decision making in terms of asset management. The 
sensors developed are also designed to improve the 
measurement ratio on site per day (i) by limiting interactions 
between the operator and the sensors through a device that 
communicates orders and gathers information from all the 
acquisition devices, and (ii) by limiting the required time to 
deploy the sensors, for instance. Indeed, these sensors only 
need to be correctly oriented and their tilt is automatically 
corrected by each device. More information concerning the 
new sensors can be found in [9]. This new OMA system is 
dedicated to be used as an SHM system and consequently 
supports decision making by providing robust information 
about the structural state. 

The following part of this paper presents how the use of the 
dynamic properties can be useful when characterizing an 
ageing reinforced concrete bridge and studies the feasibility of 
moving its original use to a pedestrian bridge where the 
control of the dynamic properties is a main issue, as shown by 
recent cases in London, cf. [10] or Paris, cf. [11]. 

2 PRESENTATION OF THE APPLIED METHODOLOGY 

2.1 OMA to monitor and survey civil infrastructures 

Even if the first operational application of the OMA method 
was published in 1930s, it only became very popular from the 
1990s onwards, due to the improvement of both the sensors, 
to accurately capture the signal, and the numerical methods, to 
analyze the raw data in an appropriate time [5]. In the OMA 
method, the input loading applied to the structure is 
considered as white noise, where all the frequencies are 
excited with the same intensity. Consequently, only the 
vibration response of the structure is monitored and analyzed 
in the frequency domain or temporal domain, in order to 
identify the dynamic properties. Due to the fact that the input 
loading is not known, it is not possible to estimate the modal 
participation factors, which are important information for 
engineers. This remains a well known drawback. 

The applications of the OMA method are quite large: 
aeronautics, mechanics, civil engineering [3, 4, and 5] and so 
on. Indeed, the easy way to capture the real dynamic 
properties has made it quite popular, especially when it comes 
to monitoring structures over time. Several applications have 
illustrated the important added value brought by this method: 
Magalhãs et al. [12, 13] have, for instance, published several 
articles dedicated to the monitoring of the “Infante D. 
Henrique” bridge located in Porto, Portugal. The study led to 
a continuous monitoring in order to prevent any structural 
changes and support the decision making of the operational 
management of the bridge. One can also quote the works of 
Döhler and Mevel [6, 8] who have focused their research on 
improving the algorithms dedicated to either the identification 
processes or the damage detection algorithm. Different 
applications, based on civil engineering structures, have 
shown the added valued of using the OMA method when an 
SHM system is deployed on site. The amount of literature 
available is indeed quite considerable. 

2.2 Identification of the dynamic properties 

The identification of the dynamic properties is probably the 
most important part of the OMA method. Several methods 
exist either in the time domain (ARMA, SSI… cf. [3]) or in 
the frequency domain (FDD, EFDD… cf. [3]) and present 
advantages and drawbacks, cf. [3, 4, and 5]. In this paper, 
ARTeMIS commercial software is used to perform the 
dynamic parameter identification, cf. [15], and both the EFDD 
and SSI methods are used. The first method is used because of 
its user-friendly implementation and the second is used 
because of its capacity to provide accurate results. 

2.2.1 Data driven Stochastic Subspace Identification  
The main principle of the SSI data driven algorithm, which is 
more fully described in [16], is only introduced here. The data 
are analyzed in the time domain. Let us recall in Equation 1 
the fundamental equation of the solid vibrations. K represents 
the stiffness matrix, D refers to the damping matrix and M 
stands for the mass matrix, whereas v(t) expresses the input 
solicitations that are unknown and not recordable and y(t) 
represents the data captured over time by the sensors 
(acceleration, velocity…) deployed on site. 
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The discrete problem, defined by the observation of n 
sensors, can be expressed in the state space form as Equation 
2, where A is a stat transition matrix. C is noted the 
observation matrix. 
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The solution of the problem is then given in Equation 3, cf. 
[6]. In order to reduce computing time and to improve the 
accuracy of the identification, only a part of the raw data of yk 
is selected and ranked into a Hankel matrix, which presents 
interesting properties in order to support the identification of 
the dynamic properties. The authors advise readers to study 
[16] for a fuller description and accurate explanations.  
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2.2.2 Enhanced Frequency Domain Decomposition 
This algorithm is an improvement of the classical FDD 

method, cf. [3, 4]. Based on the singular value decomposition 
of the spectral density matrix built with collected data, it aims 
to express the structural response into normal modal modes 
and modal coordinates, cf. Equation 4. The SVD introduces a 
bias due to the fact that the solution does not theoretically 
correspond to an exact solution; the FDD is always, therefore, 
an approximate solution. The EFDD improves the accuracy by 
searching around the frequency peaks the singular value with 
the highest MAC value with the primary mode shape estimate. 
Therefore, this method presents some limits when it comes to 
identifying frequency peaks closely. 

 )(...)()()( 2211 tAqtqatqaty   (4) 

Where A is the mode shape matrix and q is the modal 
coordinate vector. 

2.3 French regulations dedicated to pedestrian bridges 

The recent pedestrian bridges built in Paris and London in the 
early 2000s highlight the importance of the dynamic 
properties to consider when designing such bridges. French 
regulations published in 2006, cf. [17], are a technical guide in 
order to support engineers dealing with such flexible 
structures. The proposed methodology can be summarized in 
3 main steps described as follows: 
 Definition by the owner of the required comfort standard 

expected for the user; in this study, it has been decided to 
define them as follows: (i) high pedestrian traffic 
expected (class II), (ii) medium comfort requirements 
(figure 2); 

 Calculation of the dynamic properties in the 3 main 
directions; in this study; 

 If the frequencies of the structure are closed to the 
walking frequencies, then the maximal accelerations felt 
by the users have to be calculated using a temporal 
loading whose loading shape corresponds to the natural 
shape of the studied mode. The maximum calculated 
accelerations have to be in line with the required comfort 
standard defined above. 

Thus, in our study, the natural frequencies, in order to avoid 
any modal interaction in any direction, in the vertical direction 
have to be either below 1,70 Hz or above 2,10 Hz and, in the 
horizontal directions, either below 0,50 Hz or above 1,10 Hz. 
The calculated accelerations should be below 0,30 m/s² and 
1,00 m/s² in the horizontal and vertical directions. 

2.4 Flowchart of the study 

The South Brivet bridge, described in the next section, is 
firstly analyzed on site using the OMA method. It aimed to 
firstly compare the result obtained by the two different kinds 
of sensors and thus identify the real dynamic characteristics. 
Then a numerical model is developed with Robot Structural 
Analysis, cf. [18], and presented in the next section. This 
model is calibrated on the identified modal basis Фi using the 
Modal Assurance Criterion indicator noted MAC and 
presented Equation 5 to ensure the robustness of the calibrated 
FE model Фj. Then the calibrated model is analyzed to verify 
if the comfort standard requirements are in line with the real 
dynamic behavior of the structure. The global flowchart of the 
analysis is presented Figure 1. 
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Figure 1. Flowchart of the study  

3 DESCRIPTION OF THE BRIDGE, USED METROLOGIES AND 
FE MODEL 

3.1 Description of the studied bridge 

The studied structure is a decommissioned reinforced 
concrete bridge, approximately 80 years old. It is located in 
the port of Saint Nazaire, France, on the Atlantic coast. 
Formerly used to ensure the passage of trucks over the Brivet 
river, this bridge is nowadays no longer used. Therefore, the 
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owner aims to study the feasibility of using it as a pedestrian 
bridge, within the scope of a future local urbanism project.  

The bridge, 75 m long and 10 m wide, is a beam bridge (4 
main beams) composed of 7 spans, of which 3 are 
cantilevered, as illustrated in Figure 2. The cantilever bearing 
is made of a slim piece of polytetrafluoroethylene, which has 
never been changed since the time of construction of the 
bridge, to avoid friction. The deck presents a thickness of 20 
cm around and carries two bidirectional circulation lines 
associated with one sidewalk on each side (1 m width). The 
deck is carried by several reinforced concrete frames as 
illustrated in Figure 2. 
 

  
 

 
Figure 2. Views of the bridge above, mechanical diagram of 

the bridge and main dimensions below. 

Recent visual inspections have been carried out in order to 
avoid concrete blocks falling on ships navigating below the 
bridge, cf. [19]. They highlight some important disorders, 
such as corrosion of the armature and calcite traces that 
indicate circulation of water in the cement matrix. Moreover, 
the joints are not clean and maintained in operative condition 
and one abutment presents major disorders in the tidal range 
area. 

3.2 Metrological plan deployed 

The raw data was captured on the bridge using two different 
families of sensors as illustrated Figure 3: the first family, 
developed by Sercel and using MEMS technology, captures 
accelerations at several points over time whereas the second 
family, which is made of velocimeters, captures velocity over 
time [20]. Both types of sensor are put at several similar 
points over the bridge and capture the raw data 
simultaneously. 

 

  
Figure 3. Simultaneous acquisition using different sensors. 

10 sensors were used and deployed over the bridge per 
family, as described previously. One sensor is therefore 

located in the center of the bridge, i.e. in span number 4 and 
does not move during the different acquisitions, whereas the 
other sensors move at each acquisition. The sensors are 
continuously synchronized during the acquisition, in order to 
ensure the most accurate acquisition possible and 
consequently mitigate the drift during the analysis of the data 
in the frequency domain. The technical characteristics of the 
sensors are not described in this paper but readers can refer to 
the literature in order to obtain more useful information [9, 
20]. Then, considering that there is always one common 
sensor during each acquisition, all the data can be analyzed 
using the ARTeMIS software. 

A total of 96 measurements were carried out in one day. 
They were deployed on two lines localized on the sidewalks. 
The instrumentation plan aims to capture the global modal 
shapes and, consequently, the sensors were deployed 
regularly, for each span, according to the following manner: at 
the mid-span, at the ¼ and ¾ of the length of the span and two 
additional positions aligned with the columns below the deck. 
Moreover, two extra positions were considered on both sides 
of the cantilever bearing, in order to capture the potential 
effects of the independent spans. 

3.3 Finite element modeling and material properties 

The bridge was modeled using Robot Structural Analysis, 
cf. [19], and is illustrated in Figure 4. Beam elements were 
used to model the beams, whereas the deck is modeled with 
shell elements. The cantilever bearings were modeled with 
internal hinges to allow the rotations of the cantilever span. 
The columns and the abutments are considered either as, 
option 1, a combination of unidirectional bearings and 
external hinges or, option 2, as Winkler springs and equivalent 
stiffnesses. Option 2 was considered due to (i) the inaccurate 
knowledge of the length of the column and the nature of the 
foundation and (ii) the given possibility to efficiently calibrate 
the FE model on the identified modal base.  

 

 
Figure 4. FE Modeling of the bridge with Winkler bearings 

The density of the reinforced concrete is equal to 
2500 daN/m3 and the density of the asphalt layer is equal to 
235 daN/m². Indeed, the Young Modulus of the concrete is 
chosen as equal to 35 GPa. Non-destructive testing was 
carried out to consolidate this value which was chosen based 
on experience of similar, previously studied ageing structures.  

4 IDENTIFICATION OF THE DYNAMIC PROPERTIES 

The identification of the dynamic parameters carried out with 
ARTeMIS leads to 4 main modes in the 3 directions 
synthesized in Table 1. The comparison of the data collected 
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by the two families of sensors leads to the following key 
elements: 
 The quality of the measurements is more accurate using 

the first family of sensors considering the lower noise of 
the associated data, cf. Figure 5; 

 More modal shapes are identified using the data collected 
by the first family of sensors; this is obviously according 
to the quality of the acquisition as set out above; 

 The deployment on site is also improved: not only the 
synchronization process is faster using the sensors of the 
first family but also the implementation of all the sensors 
is centralized. It results in an increase of acquisition at a 
maximum output. 

Table 1. Synthesis of the main modes identified in the 3 
directions using SSI algorithm and different data 

First family of sensors Second family of sensors 
Modal description  Fr (Hz)  MCF (%)  ζ. (%)  Fr (Hz)  MCF (%)  ζ. (%)  

2,32  1,23  2,10  -- -- -- Longitudinal translation  
2,80  0,84  2,18  2,82 87,30 <1 Transversal flexural mode 

14,18  77,70  <1  13,6 71,12 <1 Vertical flexural mode coupling with 
torsional mode of the Eastern span  

15,62  60,61  <1  15,30 89.97 <1 Vertical flexural mode coupling with 
torsional mode of the Weastern span 

 

 

 

Figure 5. SVD plot above, EFDD method, and Stabilized 
diagram, SSI covariance driven below using the data of the 

first family of sensors 

5 CALIBRATION OF THE FE MODEL AND IMPACT ON 
DYNAMIC BEHAVIOR 

The first longitudinal and transversal flexural modes are 
identified at low frequencies, i.e. below 3 Hz, underlining a 
soft behavior in these directions, whereas the vertical behavior 
highlights a stiffness behavior considering that the modal 
frequencies are given above 14 Hz. Considering the 
regulations to respect, cf. paragraph 2.3, the vertical behavior 
is not analyzed because of the high modal vertical frequency 
above 5 Hz. Nevertheless, the horizontal modes indicate that 
an additional analysis will have to be performed which will 
lead to the development of a numerical model. 
The numerical model introduced in paragraph 3.3 is calibrated 
on the modal basis identified in Table 1. It aims to be 

calibrated to simulate the real behavior of the bridge and to 
render the results of the simulations more robust. The 
stiffnesses of the Winkler springs are optimized in order to 
capture the two main modal shapes in the longitudinal and 
transversal directions. Figure 6 illustrates the modal shapes 
given both by the calibrated numerical model (figures on the 
top) and by ARTeMIS using in situ data (figures below). 
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Figure 6. Comparison of the modal shape – transversal mode 
above and longitudinal mode below (Robot and ARTeMIS 

model in this order) 

The CrossMAC is calculated between the modal shapes of the 
numerical and captured models. The value of the CrossMAC 
relative to the longitudinal mode equals 0,92 whereas the 
value associated to the transversal mode equals 0,86. These 
values are acceptable to consider the numerical model as 
suitably calibrated and representative. The results of the 
numerical modal analysis show that the participated modal 
mass is higher than 98 % in each studied direction. It is, 
therefore, not necessary to consider an additional higher mode 
to study the dynamic behavior of the studied bridge. 
Additional simulations have been made with a numerical 
model developed with both hinges and simple bearing 
supports. The results show that the first modal shape is given 
at a frequency higher than 20 Hz. Considering these results 
and the French regulations dedicated to pedestrian bridges that 
must be respected, an approximate modeling would lead to 
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consider a stiffer bridge in comparison with the real behavior. 
Based on these values,  the dynamic analysis would be 
stopped. It underlines the fact that the OMA method correctly 
captures the real dynamic behavior and improves dynamic 
studies. 
The maximal accelerations are calculated with the numerical 
model considering an additional modal mass which represents 
pedestrians and is applied in such a way that the load respects 
the modal shape of the studied mode. Then they are applied 
either in the longitudinal direction or as a flexional shape. The 
results are synthesized in Table 2. One can notice that the 
simulated accelerations are higher than the expected threshold 
in the longitudinal direction, whereas they are in line with the 
expectations in the transversal directions. Consequently, the 
expected comfort standards are not respected in the 
longitudinal direction and the bridge has to be reinforced so as 
to increase its stiffness and to decrease the maximum 
accelerations. 

Table 2. Synthesis of the maximal accelerations allowed and 
calculated by direction and studied modal shapes 

Mode Dir long. Dir. Trans. Dir. Vert Maximal allowed 
acceleration 

Mode 1 longitudinal 
translation 0,70 0,01 0,00 

< 0,30 m/s² 
Mode 2 transversal 

flexural mode 0,01 0,08 0,00 

6 CONCLUSIONS 

In this study several analyses were carried out on a 
decommissioned bridge using the OMA. A first study was 
made to compare the accuracy of new developed sensors with 
standard ones. The results highlighted that using data obtained 
with developed sensors leads to a better dynamic 
identification than using data captured with standard sensors 
which results are quite noisy. Indeed, due to the fact that the 
temporal data are less noisy and the synchronization is much 
better, the modal shapes are more accurately identified. A 
second study was also carried out to highlight how the OMA 
can support an engineering study regarding dynamic behavior. 
Indeed OMA was performed to capture the real dynamic 
properties of the bridge. Then these data were used to 
calibrate an FE model used to verify whether the structure can 
be used as a pedestrian bridge satisfying the French dedicated 
regulations. The results show that the use of the OMA 
parameter made the FE model more representative than the 
theoretical model. Indeed, using the theoretical model, the 
bridge would be compliant with requirements whereas, if the 
transversal dynamic behavior is in line with requirements, the 
longitudinal behavior does not respect defined comfort 
standards. This critical point was correctly captured thanks to 
the data provided by the OMA method. This method is 
consequently appropriate for supporting an asset management 
program, especially when it comes to analyzing the real 
structural state in the case of either maintenance or feasibility 
studies. 
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ABSTRACT: This paper introduces a methodology that has been developed and consolidated over the years in collaboration with 
bridge designers and owners for the resiliency assessment of existing bridges and the ad hoc development of a structural health 
monitoring system. The work is highlighted through the presentation of a case study for a 2,725 m long cantilever bridge built in 
1930 which was assessed following the proposed methodology to guide the rehabilitation of the bridge structural system and to 
extend the design life. 

KEY WORDS: Resiliency assessment, ambient vibration monitoring, wind loading, structural dynamics, long-span bridges. 

1 INTRODUCTION 
In the context of aging bridge infrastructure, intensification of 
vehicular traffic and uncertainties associated with climate 
changes there is a collective desire to hear that the bridges that 
are in used today are safe and will remain safe for an extended 
period of time or would need repairs to stay safe.  This is the 
case everywhere in the world.  To respond to this demand, an 
evidence-based bridge asset evaluation approach was devised.  
It focuses on providing a nimble decision-making tool for 
bridge owners on issues related to the structural health of their 
bridges facing changing multi-hazards and the accumulation of 
years of dynamic loading.  

The multi-phase approach is illustrated in this paper and its 
strengths are highlighted through the presentation of a case 
study for a long-span cantilever steel bridge, the Jacques 
Cartier Bridge in Montréal, Québec, Canada.  

The bridge has a main span of 334 m, an overall length of 
2,725 m, and has provided a fixed link across the harsh climatic 
environment of the St-Laurent River since 1930. To guide the 
rehabilitation work to extend the life of the bridge up to its 
150th anniversary, studies were carried out i) to understand the 
current state of the bridge and ii) to determine the risk profile 
of the structure to multiple hazards. These studies included site 
inspections, short-term ambient vibration measurements, 
establishment of a calibrated finite-element model and a 
numerical model, wind-tunnel tests on scaled physical models, 
numerical simulations of the response to storm winds, and 
thorough evaluation of the remaining capacity of all structural 
members.  This approach allowed the owner to evaluate the 
extent of the rehabilitation works needed and resulted in 
considerable savings since only approximately half of the 
required reinforcements were needed when compared to initial 
estimation based on approaches that would follow the 
specifications of bridge design codes. 

2 METHODOLOGY 
At the basis of our approach to resiliency assessment and 
structural health monitoring (SHM) of bridges is the following 
understanding: every bridge is unique in its design, 

construction and environmental conditions, every owner has 
specific concerns, goals and risk appetite and every 
country/state has their own codes and standards.  
   When looking at bridge life cycle management, the goal is to 
provide evidence-based decision making as to what can be done 
to extend the life of bridges. Such informed decision making 
generally requires expert knowledge in multiple fields such as 
climate engineering, bridge aerodynamics, structural dynamics, 
seismic engineering, climate change impact and last but not 
least data collection and analysis.  
   The methodology put forward here for this purpose can be 
described in three steps: i) understanding the bridge in its 
current state; ii) determining the current risk profile of the 
structure; and iii) development of a long-term monitoring 
system and its deployment. 
 

 Understanding the bridge in its current state 
The first step is the establishment of a baseline understanding 
of how the bridge is responding to the complex interactions of 
physical and environmental loads today, in its current state. 
This is an iterative process that may include on-site inspections, 
design and as-built drawings and the current structural 
properties of the superstructure and the substructure 
components. Combining these inputs, a digital twin of the 
bridge is developed: a virtual model of the bridge.  
   The digital twin is refined and validated using data collected 
from short-term, on-site monitoring of the existing structure. 
The design of the short-term monitoring campaign is key, so 
that the data collected are minimal but targeted to the digital 
twin validation. Data collected in this manner are referred to as 
smart data as opposed to big data often obtained from long-term 
monitoring campaigns with multiple instruments cluttering 
dataset to no end.  
   With a validated digital twin of the bridge, the behaviour of 
the structure in response to loads enacted upon it can be 
modelled, predicted and verified. 
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 Determination of the current risk profile by multi-
hazard assessment 

The validated digital twin from Step 1 is the foundation for Step 
2. Here data about the current climate at the bridge site, local 
seismic conditions, traffic flows and temperature conditions 
can be used as inputs to predict how the structure would react.  
Using numerical modelling techniques, the bridge expected 
response to critical traffic scenarios, wind loads, and seismic 
events can be simulated. These events can be combined in the 
model to generate a complete multi-hazard assessment for the 
bridge.  
   From that multi-hazard assessment, the remaining life for 
specific structural members can be assessed, determining 
whether and when interventions may be necessary, and 
establishing whether the bridge in its current state would be 
compliant with current codes. Building on this analysis, clear 
recommendations can be provided, and advice can be given as 
to the urgency of any specific preventative measures necessary 
to ensure safe operation.  
   The multi-hazard assessments can inform as well whether a 
longer-term monitoring program would be prudent to monitor 
the structural health of the bridge. 

 Long-term SHM 
If long-term SHM is advised based on Step 1 and Step 2, the 
analyses are used to determine the key elements of focus for the 
bridge operations. This informs the instrumentation 
requirements and positioning on the bridge and the selection of 
the appropriate data acquisition system and strategy. 
   Combining monitoring and machine learning techniques, this 
methodology can be used to define the bridge expected 
behaviour associating observed responses to external actions. 
Deviations from the expected behaviour would define 
anomalies and would trigger alarms and continual updates on 
the bridge structural health. It would also inform decision 
making on preventive maintenance and the urgency of any 
intervention.  In general, to establish strong correlation between 
external loads and observed response takes from 1 to 2 years of 
measurements depending on the complexity of seasonal 
changes, traffic patterns and temperature variations.  This time 
is needed to train in continuous an artificial intelligence 
algorithm, on which anomaly detection would be based and 
alarm level would be determined. 
 

3 JACQUES CARTIER BRIDGE CASE STUDY 
The Jacques Cartier Bridge was conceived by the bridge 
engineers Pratley and Strauss. The design and construction took 
place between 1925 and 1930 and upon completion, it was 
recognized as one of the most advanced bridges of its time. 
Innovative for that time, the design was inspired by the Québec 
Bridge with a middle truss supported by the cantilever trusses 
of both towers [1].  
   The main spans have an overall length of 590 m and consist 
of a 334 m centre span (two cantilever spans plus a middle-
suspended span) and two 128 m side spans (also known as 
anchor spans), elevated at 59 m above the Saint-Lawrence 
River. Its deck carries 5 lanes of traffic with walkways on both 
sides. 

   The entire bridge deck has been replaced in 2001 to 2002 and 
means prevention barriers added in 2004 on both sides of each 
walkway. With more than 35 million vehicles per year passing, 
Jacques Cartier Bridge is the third busiest bridge in Canada, the 
first being the New Champlain Bridge 6 km up the Saint-
Lawrence River and the second, Port Mann Bridge, connecting 
Coquitlam to Surrey in British Columbia [1]. 
 

 Initial evaluation of wind load capacity 
A wind load capacity evaluation of the main truss spans of the 
Jacques Cartier Bridge was completed in 2016, in accordance 
with the Canadian Highway Bridge Design Code (CAN/CSA-
S6-14). A three-dimensional (3D) computer model and finite 
element model of the main spans was developed and based on 
the drawings from the original construction and subsequent 
modifications.  
   The code specified wind loads were applied to the finite 
element model to obtain wind load effects on the structural 
members. The resistances of the members were calculated 
based on the nominal dimensions as shown on the bridge 
drawings, and the effects of physical conditions on member 
resistances were not considered.  
   There were 108 bottom plan bracing members in the anchor 
and cantilever trusses that were found to be deficient out of a 
total of 160 members from this initial theoretical evaluation 
based on the code specified wind loading. Furthermore, the 
computer model developed for the initial evaluation predicted 
almost identical frequencies for the fundamental vertical and 
torsional vibration modes, raising concerns of potential 
aerodynamic instability [1]. 

 

 Motivation for wind-tunnel tests 
Given that code-based wind load estimates are a simplification 
known as being conservative particularly for large old truss 
bridges with built-up members and given the low frequency 
ratio between the first torsional and vertical modes, the wind 
engineers for the project, RWDI, proposed further refinement 
of the wind loading predictions by means of a wind-tunnel 
study and ambient measurements. The bridge operator realised 
that the initial load capacity evaluation study could potentially 
lead to high cost and unnecessary rehabilitation work, and 
hence decided to investigate further the current state of the 
bridge and associated capacity following RWDI’s 
methodology described in the previous section.  
   To address the shortcomings of the initial assessment, and 
costly conservatism, the following study program was 
implemented: 
• carry out inspections of the bridge elements considering 

their structural condition and bridge aerodynamics; 
• undertake short-term full-scale ambient vibrations 

measurements to determine the actual dynamic 
characteristics of the bridge and calibrate the bridge 
dynamic and aerodynamic models; 

• improve the preliminary 3D finite element structural 
dynamics model; 

• analysis of the bridge specific wind climate and site 
turbulence conditions; 
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• undertake wind-tunnel tests of the current bridge 
configuration; 

• numerically simulate representative wind storms and 
predict the bridge response to wind buffeting then develop 
equivalent static wind loads which depict series of critical 
loading conditions; 

• with these refined load estimations, reassess the load 
bearing capacity of the various structural elements; and,  

• conceive a rehabilitation program for reinforcement of the 
identified deficient members. 
 

 Ambient vibration measurements and finite element 
model calibration 

Bridge inspections were carried out to assess the physical 
conditions of the various primary structural elements. Aspects 
of its exposure and geometry important for wind loading were 
also identified. A full-scale ambient vibration modal 
identification was carried out having for main focus to gather 
the information necessary to calibrate the numerical models.  
   In total 4 accelerometers were installed in pairs near the 
middle of the main span and at the end of the cantilever. The 
objective was to identify the frequencies of the lowest lateral, 
vertical and torsional modes. The measurement campaign took 
place over a period of 3 weeks in the middle of the winter while 
the bridge was fully open to traffic.  
   Following the field measurement campaign, both structural 
and wind numerical models were calibrated to match as close 
as possible the actual bridge dynamic properties. Calibration of 
the structural model involved consideration of partial 
composite action between the concrete deck and the steel 
stringers through the distributed neoprene pads and adjustment 
of bearing fixity conditions at the main piers [1]. 
 

4 MULTI-HAZARD ASSESSMENT 

 Wind loading 
In Step 2, a detailed wind engineering study of the bridge was 
carried out to evaluate the response of the structure in its current 
state to storm winds and to evaluate the level of stresses due to 
the dynamic actions of the wind in the numerous structural 
members.  The study included an extreme wind climate 
analysis for the site based on long-term historical records at the 
Montréal Pierre-Elliott Trudeau International Airport; 
construction of elaborated wind-tunnel models of a section of 
the main span and the entire 3D truss; and wind-tunnel tests on 
the 2D and 3D models in simulated atmospheric turbulence.   

The data gathered from the wind-tunnel tests were combined 
with results of the wind climate study to predict the response of 
the structure to turbulence using the digital twin (see Figure 1) 
established in Step 1 and RWDI’s buffeting response analysis 
methodology [2], [3].  

Numerical simulations of 21 wind storms each of one-hour 
duration were carried out and the bridge response predicted. 
Based on this statistical population, 35 quasi-static load cases 
were derived [4] depicting various critical loading conditions 
on the bridge. 

 Capacity evaluation based on detailed wind loads 
To finalize the evaluation of the current risk profile for the 
bridge and its capacity, the following approach was followed: 

 
1. theoretical evaluation, where the updated wind loads from 

RWDI's wind study were used but the effects of physical 
conditions on member resistances were not considered; 
and, 

2. adapted evaluation, where the physical condition effects 
were considered for critical members in addition to the 
updated wind loads. 

 
 

 
Figure 1. Rendering of the digital twin of the Jacques Cartier 

Bridge and numerical simulations of wind storms. 

 
   In the first part of the updated evaluation, the structural 
engineer applied the quasi-static wind load cases from RWDI's 
wind study in the computer model to obtain envelope of the 
wind load effects on the members. The capacities of the 
members were based on the nominal dimensions as shown on 
the drawings without considering the effects of physical 
conditions, similarly to the initial evaluation. This updated 
theoretical evaluation led to a 56% reduction in the number of 
deficient bottom plan bracing members as compared the initial 
evaluation (48 deficient members from the updated evaluation 
using the refined wind loads versus 108 deficient members 
from the initial evaluation using the code specified wind loads.  
    In the second part of the evaluation, the member resistances 
were considered deteriorated as identified from the site 
inspections. Consideration of physical conditions in member 
capacity calculations led to the identification of 12 additional 
deficient bottom plan bracing members. Finally, a qualitative 
assessment of remaining deficient members was performed to 
provide a preliminary priority intervention scheme and to 
propose corrosion mitigation instead of repair or replacement 
of some deteriorated members. 
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5 SUMMARY AND CONLUDING REMARKS 
The main objective of the case study was to extend the Jacques 
Cartier Bridge lifespan to 150 years (2080) through a refined 
approach compared to the traditional code-based methodology. 
Step 1 and Step 2 of the resiliency assessment methodology 
presented in this paper were therefore carried out.   
    In Step 1, a digital twin of the bridge was elaborated based 
on the most current finite element model of the structure.  The 
digital twin was fine-tuned based on-site inspections and 
ambient vibrations measurements to identify the current eigen 
frequencies of the main mode of vibrations of the bridge. 
    In Step 2, bridge specific wind speeds, turbulence and wind 
load factor were developed following RWDI’s wind 
engineering practice, CAN/CSA S6 and current design practice 
in North America.  
    Scaled bridge models were built, and wind-tunnel tests were 
carried out to define the static force and moment coefficients of 
the existing bridge. Using advanced buffeting theory and 
numerical simulations of the response of the digital twin to 21 
wind storms of 1-hour duration at the design wind speed, design 
wind loads were developed and applied for structural strength 
verifications.  
    These wind loads removed significant conservatism while 
providing more loading details compared to the initial estimates 
obtained following CAN/CSA S6. The updated evaluation 
using refined wind loads from RWDI's wind tunnel study has 
resulted in a significant reduction in the number of deficient 
bracing members and saving in wind rehabilitation cost.  
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ABSTRACT: Worldwide and particularly in Europe, the increasing commercial exchanges between countries led to significant 

densification of the road traffic with a peak regarding heavy trucks. Facing this evolution and considering the bridge ageing, the 

condition assessment of bridge structures has gained particular attention in research. On this background, the current study has 

been performed with a twofold objective for developing the so-called Deformation Area Difference (DAD) method for an efficient 

assessment of bridge condition, and then combine it with modern digital and high accurate measurement techniques. 

Under conventional static load deflexion tests by using modern digital measurement techniques such as photogrammetry and 

drones, the DAD-method has been further developed and implemented for localising the stiffness-reduction damage on a bridge 

structure, without disregarding noise effects on the measured bridge curvature line. Likewise, for comparison purposes, traditional 

measurement techniques such as digital levelling sensors, inductive displacement sensors as well as total station have also been 

used. A set of theoretical examples have been performed for supporting the development of the DAD method and figure out the 

experimental observations. The proposed method demonstrated its reliability for practical application and provided promising 

results for visual inspection and long-term monitoring of bridge structures. 

KEY WORDS: Structural Health Monitoring; Deformation Area Difference Method (DAD Method); Condition assessment; 

Bridge structures; Localisation of damage; Photogrammetry, UAV (drone); In-situ bridge test 

1 INTRODUCTION 

Bridge structures are a very important part of the world’s 

infrastructure and their condition has a huge influence on the 

preservation of an intact infrastructure. However, the ageing of 

the bridge structure and the increasing service load of the traffic 

generate increasing solicitations of existing bridge structures 

leading to decreasing resistance. Several bridge structures 

worldwide have been identified as structurally deficient. 

Therefore, early identification of bridge structure damage could 

prolong the life time of bridge structures and lead to a reduction 

of the ecological footprint. Thus, there is a high demand of 

innovative procedures for the condition assessment of bridge 

structures.  

Condition assessment is currently performed by visual 

inspections and long-term-monitoring. This is very time-

consuming and requires the knowhow of an experienced bridge 

inspector. There are many similar techniques available for 

large-scale non-destructive investigations which are however 

in general limited to a certain temperature range, to a certain 

depth detection, etc. and, in addition, data interpretation can be 

difficult. Methods like the calcium-carbide method, endoscopy 

or the rebounding hammer (Schmidt hammer) are methods 

used to locally characterize damage after being identified 

during visual inspections [1]. 

However, in case damage of an inner structural damage not 

visible from outside, a stiffness reduction remains long time 

undetected. Several researches are performed using dynamic 

and static analysis for the identification of stiffness reducing 

impacts. The researches follow different approaches. A method 

for crack detection for bridge structures based on the influence 

line from moving loads is developed by Oskoui et al. [2]. Strain 

measurements are carried out at different locations, which lead 

to noise effects. Wu et al. [3] performed an similar study by 

varying the truck weights and vehicle speeds to analyze the 

influence line. Further approaches for damage detection using 

the influence line are published in [4]–[7]. The studies show 

practicable methods for damage detection based on the 

influence line, but noise effects resulting from measurement 

accuracy are affecting the damage detection significantly.  

Likewise, the analysis of the influence line, resulting from 

moving loads, information about damages resulting from 

stiffness changes can be provided with static load-deflection 

experiments.  

Le et al. [8] perform damage localization using static load-

deflection experiments. In contrast to the results from FE 

analysis, experimental deflection measurements are prone to 

noise effects. The unambiguous damage identification is 

questioned and investigations with varying noise level are 

carried out. 

As structures to be inspected are already existing, their initial 

condition remains unknown and a reference measurement is 

missing. Furthermore, noise effects in the measurement data as 

well as the structure’s sensitivity to global effects e.g. variation 

of temperature are challenging for the assessment. Therefore, 

the Deformation Area Difference (DAD) Method is developed 

for localization of damage in load-bearing structures such as 

bridge structures. As the curvature of a structure is depending 

directly on its stiffness, discontinuities in the curvature line can 

detect local damage. The DAD-Method is based on a 

comparison of deformation between the deflection line 

obtained with in-situ measurements of an existing structure and 

the one obtained with a theoretical model of the same 

Condition assessment of bridge structures with the DAD-Method using 

photogrammetry and drones 

Tarik Čamo1, Danièle Waldmann1 

1University of Luxembourg, 6 Avenue de la Fonte, 4364 Esch/Alzette, Luxembourg  

email: daniele.waldmann@uni.lu 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure 

1524 

structure [9]. Erdenebat et al. [1] shows that the method is able 

to localize damage nearly independently from global influences 

such as temperature or non-structural parts such as the asphalt 

layer as only local discontinuities in discrete sections of the 

structure are considered. However, the damage detection is 

limited by the accuracy of the applied measurement techniques 

and high-precision measurements are needed.  

Close-range photogrammetry is nearly as old as photographs 

and developed since the 19th century [10], especially through 

bundle adjustment, developed in 1958, (which describes the 

method of photogrammetric triangulation), advanced computer 

technology since the 1980s and the discovery of digital cameras 

since the beginning of the 1990s. Researches have shown 

promising precision and accuracy for close-range 

photogrammetry applied for structural deflection measurement. 

It has a higher precision compared to laser scanning and total 

station, and a higher accuracy compared to digital levelling as 

this method can be influenced by human handling. Very high 

precise deflection values can be achieved with displacement 

sensors. The disadvantage of the displacement sensors is many 

measurement points are required, which is not practical for this 

kind of structures. In contrast to all other mentioned methods, 

close-range photogrammetry enables a best possible 

applicability for bridge deflection measurement, or other 

structures. Even for hardly reachable projects close-range 

photogrammetry using a calibrated camera attached to a big 

size drone through a gimbal is possible and has already been 

applied [11]. 

This paper contains a summary of the research on the DAD-

Method carried out at the University of Luxembourg [9]. A 

presentation of the method with theoretical examples and a 

laboratory experiment is given in [1]. [12] presents an 

improvement of the DAD method demonstrated on two more 

laboratory experiments including additional developments 

such as measurement noise smoothing for more precise damage 

localization and filtering out of noise effects. The precision 

which can be achieved by close-range photogrammetry for 

structural deflection measurement and the influence of 

calibration and camera quality is examined in further 

studies [9]. Further, the edge conditions and the required 

measurement accuracy for reliable damage detection applying 

the DAD method is investigated. Then, the DAD method is 

applied for the first time on a real bridge structure. The 

experiment carried out on a prestressed concrete bridge is 

presented in [11]. To examine the sensitivity on damage 

detection, several factors are considered such as measurement 

accuracy and repetitions, damage degree and positioning, 

required deflection size. 

2 THE DEFORMATION AREA DIFERENCE-METHOD 

In order to detect local damages in structures, a new method, 

the DAD method, is developed at the University of 

Luxembourg. The measured deflections of the structure wd(x) 

are compared to the deflections from a reference system wt(x). 

As reference model, both, an initial measurement and a FE 

model of the investigated structure can be used. It is essential 

that all structural parts which influence the bending stiffness 

like cross members, coves, etc. are considered. A reference 

model offers a continuous deformation curve. The data point 

density in the reference system needs to correlate with the 

density of the measurement points on the real-life structure [1]. 

The measured deflection curve includes the effect of local 

stiffness changes. This fact is used by the DAD method.  

 Relationship between the deflection curve and the 

stiffness of the structure 

The aim of the research is to implement a method which is able 

to localize a stiffness reduction provoked by damage. This is in 

line with the aim of several research projects which are based 

on the analysis of the dynamic [13]–[15] and static responses 

[16]–[18] of bridge structures due to an excitation. Stiffness 

changes caused by damage lead to a change of the structural 

responses. Damage localization of local effects based on 

dynamic analysis is more challenging since the structural 

response on a dynamic excitation such as mode shapes or 

eigenfrequencies is prone to global behavior. Contrary, 

structural responses based on static loading deliver very 

auspicious results. [19], [20]. 

The DAD method [9] allows the localization of stiffness 

reducing damage using deflection measurements. The stiffness 

change of a structure under loading can be analyzed by using 

the information of the deflection curve, such as inclination 

angle and curvature, which can be calculated from derivation 

of the deflection curve. The first derivative of the deflection 

leads to the inclination angle (equation (1)). 

𝑤′(𝑥) =
𝛿𝑤(𝑥)

𝛿(𝑥)
= 𝜑(𝑥) (1) 

For small deflections, which is true for most practical cases, 

the second derivation leads to the curvature of the structure. 

Under consideration of the Hooke’s law, the determined 

curvature of the structure κ(x) can be described as the ratio 

between the bending moment M(x) and the bending stiffness 

EI(x). As κ(x) and M(x) can be determined, every change of the 

bending stiffness EI(x) can be calculated by using the equations 

2 and 3. However, there are some problems when using directly 

equation (3) to identify damage. 

𝑤′′(𝑥) = 𝜑′(𝑥) ≅ −𝑘(𝑥) (2) 

𝑘(𝑥) =
𝑀(𝑥)

𝐸𝐼(𝑥)
 (3) 

In contrast to theoretical models, measurements with 

technical devices lead to measurement noise. Furthermore, 

these noise effects stronger affect the results when using 

multiple derivations (equation (2)). However, κ(x) is including 

besides the damage information also e.g. planned stiffness 

changing areas (Figure 1). Therefore, the discontinuities in the 

curvature curve which are a consequence of damage needs to 

be distinguished from measurement noise effect and planned 

stiffness changes due to cross-section variations. The DAD 

method allows for stiffness changes resulting from the shape of 

a structure and considers measurement noise effects. As the 

area difference can be calculated directly from the deflection 

values, the noise related to multiple derivation is reduced. 

 Background of the DAD method 

The DAD method is presented using the following theoretical 

numerical model [21]: The superstructure of the bridge model 

with a total span length of 54 m is loaded by a load of 600 kN. 

A damage in the bridge structure is simulated by a local 

reduction by 60 % of the bending stiffness. This high amount 
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of stiffness reduction is chosen to show evidently the 

discontinuity in the curvature. Then, a reference model 

respecting all planed stiffness changes resulting from coves, 

cross member changes, etc. Here, in real also an initial 

measurement could serve. In our case, the same model without 

damage serves as reference model. Deflection line, inclination 

angle and curvature of both models are analyzed and compared. 

Figure 1 shows both curves, the ones of the undamaged model 

(black curves) and the ones of the damaged model (red curves). 

With this high stiffness reduction, the curvature line clearly 

indicates the damage. If the stiffness reduction resulting by the 

damage is very small, a clear detection would not be possible 

by only comparing the curvature lines. Therefore, the DAD 

method needs to be applied to detect even the smallest degree 

of damage. 

 

 
 

Figure 1. Principle of the Deformation Area Difference (DAD) 

method [21]. 

The area differences of the deflection line, the inclination 

angle, and mainly the curvature between the two curves 

resulting from the damaged and undamaged structure are 

investigated (yellow area in Figure 1). The area differences are 

subdivided into several small sections Δxi. The density of the 

measurement points determines the mesh size of the reference 

model and the length of the sections Δxi. Under Consideration 

of equations (4) and (5), which describes the integral of the 

curvature function, the area difference is calculated according 

to equation (6).  

 

𝐴𝜅,𝑑,𝑖 = ∫𝜅𝑑,𝑖(𝑥)𝑑𝑥

𝑖

𝑖−1

 (4) 

𝐴𝜅,t,𝑖 = ∫𝜅𝑡,𝑖(𝑥)𝑑𝑥

𝑖

𝑖−1

 (5) 

κd(x) Curvature from the second derivation of the measured  

 deflection line 

κt(x) Reference curvature from the theoretical model 

However, as experimental data is affected by noise, multiple 

derivation can falsify the results and should be avoided. 

Considering the relation between the inclination angle and the 

curvature, the DAD values for the curvature can be calculated 

directly from the inclination angle values (equation (7)) in order 

to avoid multiple derivations and an approximation according 

to equation (2).  

∆𝐴𝑘,𝑖 = ∫𝜅𝑑,𝑖(𝑥)𝑑𝑥 − ∫𝜅𝑡,𝑖(𝑥)𝑑𝑥 =

𝑖

𝑖−1

𝑖

𝑖−1

 

= [𝜑𝑑(𝑥)]𝑖−1
𝑖 − [𝜑𝑡(𝑥)]𝑖−1

𝑖  

= 𝜑𝑑(𝑥𝑖) − 𝜑𝑑(𝑥𝑖−1) − 𝜑𝑡(𝑥𝑖) + 𝜑𝑡(𝑥𝑖−1) 

(6) 

Each subdivided area difference is squared and divided by 

the sum of all squared area differences according to equation 

(7). This normalization filters out global influences such as 

global stiffness variations or thermal influences. Squaring the 

values is reinforcing the effect and the damage detection 

sensitivity is increased. This allows to detect smallest 

discontinuities.  

𝐷𝐴𝐷𝜅,𝑖 =
∆𝐴𝜅,𝑖

2

∑ ∆𝐴𝜅,𝑖
2𝑛

𝑖=1

 

=
[𝜑𝑑(𝑥𝑖) − 𝜑𝑑(𝑥𝑖−1) − 𝜑𝑡(𝑥𝑖) + 𝜑𝑡(𝑥𝑖−1)]

2

∑ [𝜑𝑑(𝑥𝑖) − 𝜑𝑑(𝑥𝑖−1) − 𝜑𝑡(𝑥𝑖) + 𝜑𝑡(𝑥𝑖−1)]
2𝑛

𝑖=1

 

(7) 

3 LABAROTORY EXPERIMENTS 

 Reinforced concrete beam 

The experimental investigation has been realized on a 

reinforced concrete beam with a span length of 3.60 m with 

concrete class of C40/50 and reinforcement of type B500B was 

used. The beam was gradually loaded until failure [1]. The 

experimental setup is shown in Figure 2. The loading was 

applied by path-controlled loading at mid span using 9 load 

steps. Failure of the concrete in the compression zone is 

defining the ultimate limit load. Visible cracks and stiffness 

reduction have been documented for every load step. The 

deflection curve was investigated with high-precision 

measurements such as close-range photogrammetry, digital 

levelling and displacement sensors. As reference model, a non-

linear FE-analysis in consideration is carried out. The DAD 

method investigates the crack evolution of the beam during the 

experimental test.  

The aim of the experiment was to study the applicability of 

the DAD method for condition assessment on a real structure 

under laboratorial conditions on a concrete beam.

-0.4

-0.2

0.0

0.2

0.4

0.6

0.8

0 9 18 27 36 45 54

C
u

rv
a

tu
re

 [
m

ra
d

/m
]

Longitudinal axis of the bridge [m]

-4.0

-2.0

0.0

2.0

4.0

0 9 18 27 36 45 54

In
cl

in
at

io
n

 a
n

gl
e 

[m
ra

d
] Longitudinal axis of the bridge [m]

0

20

40

60

80

0 9 18 27 36 45 54

D
ef

le
ct

io
n

 li
n

e 
[m

m
]

Longitudinal axis of the bridge [m]

ΔA1 
ΔA2 

ΔA3 

ΔA4 

ΔA5 
ΔA6 

ΔA7 ΔA8 
ΔA9 

ΔA10 

ΔA11 

ΔA12 

ΔA13 

damage 60%

Loading with 600kNBridge example

wt(x)

wd(x)

54,00

32,00 11,0011,00

9
,80

A.

ΔA1 

ΔA3 ΔA4 ΔA5 
ΔA6 

ΔA7 

ΔA8 
ΔA9 

ΔA10 ΔA11 ΔA12 
ΔA13 

ΔA2 

ΔA1 ΔA2 ΔA3 

ΔA4 

ΔA5 

ΔA6 
ΔA7 

ΔA8 
ΔA9 

ΔA10 
ΔA11 

ΔA12 
ΔA13 

κd(x)

κt(x)

φt(x)

φd(x)

B.

C.

-0.4

-0.2

0.0

0.2

0.4

0.6

0.8

0 9 18 27 36 45 54

C
u

rv
a

tu
re

 [
m

ra
d

/m
]

Longitudinal axis of the bridge [m]

-4.0

-2.0

0.0

2.0

4.0

0 9 18 27 36 45 54

In
cl

in
at

io
n

 a
n

gl
e 

[m
ra

d
] Longitudinal axis of the bridge [m]

0

20

40

60

80

0 9 18 27 36 45 54

D
ef

le
ct

io
n

 li
n

e 
[m

m
]

Longitudinal axis of the bridge [m]

ΔA1 
ΔA2 

ΔA3 

ΔA4 

ΔA5 
ΔA6 

ΔA7 ΔA8 
ΔA9 

ΔA10 

ΔA11 

ΔA12 

ΔA13 

damage 60%

Loading with 600kNBridge example

wt(x)

wd(x)

54,00

32,00 11,0011,00

9
,80

A.

ΔA1 

ΔA3 ΔA4 ΔA5 
ΔA6 

ΔA7 

ΔA8 
ΔA9 

ΔA10 ΔA11 ΔA12 
ΔA13 

ΔA2 

ΔA1 ΔA2 ΔA3 

ΔA4 

ΔA5 

ΔA6 
ΔA7 

ΔA8 
ΔA9 

ΔA10 
ΔA11 

ΔA12 
ΔA13 

κd(x)

κt(x)

φt(x)

φd(x)

B.

C.



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure 

1526 

 
Figure 2. Experimental beam with the targets for measurement techniques[1]. 

 

The high precision measurement was carried out by close-

range photogrammetry using a calibrated full-frame digital 

SLR camera Nikon D800. Additional redundant measurements 

were done by displacement sensors and levelling to verify the 

measurements performed with close-range photogrammetry. 

The captured imaginary was analyzed with a specialized 

photogrammetry suite Elcovision 10. 

The identification of the cracked area was even possible 

under serviceability limit load and as the deflections of real 

structures are larger than the deflections of the experimental 

beam the DAD method can be applied as a non-destructive 

method. The DAD method was applied to all load steps and the 

DAD values calculated using equation (7). The results are 

presented exemplary for load step 30 kN in Figure 3. It was 

shown that the DAD method is able to identify stiffness 

reduction considering only one deflection line measurement 

due to damage during the load test. The evaluation of the 

curvature DAD values provides a reliable localization of the 

crack pattern. An accuracy of 0.1 mm was achieved under 

laboratory conditions.  

Furthermore, theoretical analyses were carried out where the 

variation of damage degree up to stiffness reduction of 1 %, 

different static systems (single span girder with cantilever and 

a two-span girder) with different damage positions, the effect 

of temperature changes by a temperature gradient ΔT and 

planned stiffness changes such as coves and local transverse 

stiffening elements were examined [1]. It has been found that 

with the DAD method a clear identification of a stiffness 

reduction by 1% can be clearly identified considering that 

measurements taken are sufficiently precise. However, in order 

to identify damage, standard deviations have to be smaller than 

the discontinuities from the deflection line. Theoretical 

calculations with other static systems prove that the DAD 

method is applicable for different static system and that damage 

is detectable independent from load positioning. Temperature 

changes influence the bending behavior of structures. 

Therefore, measurements during different weather conditions 

can result to different deformation curves. The DAD method 

was applied on a theoretical model containing a stiffness 

reduction of 1 % with two load cases. The reference system is 

loaded by a single load without temperature gradient. The 

damage system contains a temperature gradient of ΔT = 30 °C. 

By means of the normalization described in section 2.2 the 

DAD method could still clearly identify the damage location 

and is therefore not prone to global effects.  

Another theoretical model was analyzed with planned 

discontinuities with coves and local transverse stiffening 

elements. At this section, a bending stiffness reduction by 40 % 

is applied to the girder.  The DAD values from curvature 

definitely localize the damage even for structures having 

planned stiffness discontinuities, as long as they are considered 

in the reference system. 

 

Figure 3. Curvature DAD-values and detected crack pattern for 

the load step of 30,0 kN (52 % of ultimate load)[1]. 

 Reinforced concrete beam 

As the DAD method requires a very precisely measured 

deflection line, further studies were carried out with focus on 

the measurement accuracy, standard deviation, measurement 

point variation and smoothing of the deflection line [12]. 

Within this study another experimental reinforced concrete 

beam with a total length of 6.00 m and a span of 5.60 m was 

tested. The beam was stepwise loaded in 5 load steps at 1.80 m 

from the left support by a path-controlled hydraulic jack.   

Again, close-range photogrammetry has been used to 

determine the deflection line of the experiment where each 

measured data point has an individual standard deviation. In 

order to take high precision measurement, several settings and 

prerequisites must be considered. Of decisive importance is 

among others the calibration of the applied camera, which is 

further described in Chapter 4.1. For this study the reached 

precision of photogrammetry is between 0.06 mm and 0.11 

mm. As the DAD method can localize very small stiffness 
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Figure 4. Laboratory experiment with a steel beam and local damages[12]. 

 

changes of 1%, the identification of damage is only limited by 

the applied measurement technique. As already mentioned, the 

calculation of the curvature line needs a second derivation of 

the deflection line leading to clearly visible increased noise 

effects. Discontinuities in the range of the standard deviation 

cannot be distinguished from the measurement accuracy. Thus, 

measurements need to be repeated in order to reduce the 

probability of random peaks to a minimum and to enable an 

improved localization of damage. However, the deflection line 

can be smoothed to improve the identification of discontinuities 

outside of the standard deviation range. The smoothing is 

discussed in the chapter 5.1.  

Then, the chosen distances between the measurement points 

are crucial for the investigation. In principle, the denser the grid 

where the deflection is measured, the more accurate will be the 

localization of damage. Still, the denser the grid, the smaller are 

the vertical distances along the x-axis. If the height differences 

are small, compared to the standard deviation, the results are 

stronger influenced by noise effects. However, to determine the 

optimum density of measurement points, the standard 

deviation, the damage degree of the structure and deformation 

level need to be considered.  

 Steel beam with local damage 

In order to control the bending stiffness during the experiment, 

another test was performed using a steel beam with a HEA 180 

cross section in a S235 steel quality [12]. The span of the beam 

is 5.60 m (total length of 6.00 m). The beam is damaged along 

the x-axis at 3.60 m(P1), 4.80 m(P2) and 1.20 m(p3) 

respectively. The lower flange is notched by slitting the bottom 

flange step by step at each position by a circular saw with a 

width of 5 mm. Coded targets are applied to the web of the 

beam at a regular distance of 10 cm in order to perform 

photogrammetry measurements.  

A path-controlled loading using a hydraulic press is carried 

out at 2.00 m along the x-axis. The analysis of the deformation 

at serviceability limit state was performed at 30 kN. First, the 

beam is damaged only at P1 with a stiffness reduction of 5.2 %, 

in the next step of 23.8 %. Next, P1 has a stiffness reduction of 

49.0 %, P2 of 23.8 % and P3 remains without applied damage. 

Finally, the stiffness reduction at P1 amounts to 71.5 %, and P2 

and P3 to 49 %.  

In the experimental test, the path-controlled hydraulic press 

was leading to noise effects. By means of this fact and the 

measurement accuracy, a damage localization was not possible 

for such small reductions of the bending stiffness (stiffness 

reduction of 5.2 % at P1). With a stiffness reduction of 23.8 %, 

first discontinuities at the damaged position become visible, but 

noise effects are still producing peaks beyond the range of the 

photogrammetry standard deviation. Thus, no clear damage 

identification could be performed. However, the damage. 

localization was successful for a stiffness reduction of about 

49 %. So, it can be stated that the detectability degree of 

damage is between the range of 23.8 % and 49.0 %. For 

damages applied at two different locations, a clear 

identification of the higher damage is only possible. The 

investigation was able to clearly determine the stiffness 

reduction at P1, although the positioning of loading and 

damage was not identical. However, the measurements were 

highly influenced by noise effect and a clear detection of small 

stiffness reduction was not possible.  

4 INFLUENCE OF CAMERA CALIBRATION AND 

QUALITY 

 Calibration of the camera 

As the DAD method requires very high precision measurement 

a study was performed to identify the reachable precision of 

close-range photogrammetry for structural deflection 

measurement including an analysis of with an analyze of the 

influence of calibration and camera quality [9]. 

Two different modern cameras, a Nikon D800 and a Fujifilm 

GFX50S are used. The Nikon D800 is a 36.8 MP full-frame 

Camera (sensor 35.9 mm x 24.0 mm). The Fujifilm GFX 50S 

is a 51.4 MP mirrorless medium format camera with a sensor 

size of 43.8 mm x 32.9 mm.  

Two calibration walls with a different number of targets have 

been installed at the University of Luxembourg, one first 

calibration wall measures about 7.0 x 3.0 m with 40 coded 

targets, another wall measures about 14.0 x 6.0 m with 163 

coded targets and two different planes (the laboratory wall as 

first plane and the protruding columns as the second plane). The 

photogrammetric bar-code targets were installed and their exact 

position measured with a total station Leica TS30 from two 

different positions by utilizing angular intersection.  

The improvement of the quality is carried out by several 

experimental series. Both calibration walls were examined with 

the Nikon D800 and the Fujifilm GFX 50S. Each configuration 

was investigated with three different series of calibration runs.  

Compared to the small size wall, an increase for the accuracy 

of 8.1 % (0.037 µm to 0.034 µm) was achieved by using the big 

size wall with 163 coded targets. An increase of 45.9 % 

(0.037 µm to 0.020 µm) was determined for the 

Fujifilm GFX 50S over the Nikon D800 for the small size wall 

Damage position 3 Damage position 1 Damage position 2

Reference targets

Loading position

Targets for deflection 

measurement

20 203,801,80

1,201,20 2,40 1,20

6,00
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and an accuracy increase of 27.4 % (0.034 µm to 0.024 µm) for 

the big size calibration wall.  

As calibration values are in the range of micrometer, an 

assessment on the accuracy based solely on calibration values 

is very vague, a real deflection measurement with bigger values 

delivers more reliable conclusions. Therefore, an additional 

laboratory experiment on a reinforced concrete beam with a 

span length of 4.40 m has been performed. The beam is loaded 

stepwise with a single load. This study shows that the camera 

calibration has a decisive influence on the measurement 

precision with values of 35.8 % for the GFX 50S and 44.6 % 

for D800. However, the enlargement of the calibration wall 

(40-target wall to 163-target wall) led only to small precision 

improvement which amounts to 3.93% for GFX50S and to 

2.06% for D800. 

5 NOISE MINIMIZATION  

 Polynomial regression 

As already mentioned, double derivation of the measured 

deflection for the calculation of the curvature increases the 

noise effect. Therefore, damage leading to the range of 

discontinuities within the range of the standard deviation 

cannot be detected. However, the deflection line can be 

smoothed to improve the identification of discontinuities for 

values outside the range of the standard deviation. They will 

point out stiffness changes respectively damage while stiffness 

changes leading to smaller discontinuities within the standard 

deviation cannot be identified. Yet, repeated measurements 

reduce the probability of random peaks to a minimum to enable 

an improved location of damage by smoothing the curve from 

the measurements, a reference curve is required. The principle 

of the smoothing process is shown on the following diagram 

(Figure 5), resulting from a test [12]. It represents the principle 

of the smoothing process. A beam with a total span of 6 m span 

length was investigated and the data the deformation 

measurement are shown in Figure 5, with green triangular 

markers.  

 

Figure 5. Individual standard deviations[12]. 

For each measured point, an individual standard deviation 

has been determined. A reference curve has been established 

with the FE calculation from the numerical reference model of 

the beam (red dashed curve in Figure 5). Then, a reference 

curve for the smoothing needs to be provided from the 

measurement points by polynomial regression (blue dot-dash 

line in Figure 5). The course of the deformation curve, resulting 

from static system and type of loading is determining the 

degree of polynomial regression. The result is a smoothed 

curve, where every point from the measurement data is moved 

towards the reference curve in the range of its standard 

deviation. The choice of the degree of polynomial regression is 

of essential importance as all points are moved in the direction 

of the reference curve. In essence, this means that, all measured 

points are moved individually towards the continuous reference 

curve. As already described, the smoothing level is limited due 

to the amount of standard deviation. With the described 

method, it is possible to remove discontinuities by using the 

standard deviation of the applied measurement technique with 

the result that only discontinuities resulting from stiffness 

reducing damage will be detected. Hence, all damage, affecting 

the structure in the range of the measurement accuracy, will 

therefore be eliminated by this smoothing process and their 

detection will not be possible anymore [9].

 

Figure 6. The experimental bridge in Altrier (Luxembourg) and side view of the experimental setup[11]. 
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6 APPLICATION OF THE DAD METHOD ON AN 

EXISTING BRIDGE STRUCTURE USING CLOSE 

RANGE UAV PHOTOGRAMMETRY 

 Description of the bridge 

After several laboratory and theoretical numerical 

investigations, the DAD method was applied on a real bridge 

structure to analyze the applicability of the method and to 

analyze which precision could be achieved in an in-situ bridge 

test, compared to the 0.01 mm standard deviation in an 

laboratory experiment [11]. The investigated was carried out on 

a new undamaged prestressed concrete slab bridge with a span 

length of 27 m. As high precision measurement of the bridge 

deformation is a prerequisite, modern measurement 

technologies were used., namely the close-range 

photogrammetry using an unmanned aerial vehicle, laser 

scanner, total station, levelling and displacement sensors.  

 Experimental Setup 

 

Figure 7. DJI Matrice 600 with camera Fujifilm GFX50S[11]. 

For the real bridge experiment a road bridge in Altrier, 

Luxembourg, which was completed in 2013, serving as an 

overpass bridge crossing over another road, was chosen [11]. 

The structural bridge superstructure is made of prestressed 

concrete with a span length of 27 m and a cross-section height 

of 93 cm. In total, the prestressing consists of thirty-six 

parabolic post-tensioned tendons with nineteen strands of class 

1860 MPa. The material of the bridge superstructure is concrete 

of the compressive strength class C45/55 according to EC2. 

The bridge was designed for the bridge class of SLW 60/30 

according to DIN 1072. 

As previously described, the DAD method requires a very 

high precision measurement. Therefore, different high 

precision measurements were applied and compared. 

Following techniques were applied: 

• Laser Scanner type Leica P20 

• Two total stations Leica TS30 and Leica TS60 

• Levelling Leica DNA 03 

• Close-range photogrammetry with a full frame camera 

Nikon D800 set on a tripod 

• Close-range photogrammetry with a medium-format 

camera Fujifilm GFX50S detached via gimble DJI Ronin-

MX to a UAV DJI Matrice 600 Pro 

• Two displacement sensors HBM 

To monitor environmental conditions, temperature and 

humidity sensors were installed on different positions of the 

bridge. Additionally, an infrared camera of type InfraTec 

Variocam serves for monitoring the surface temperature on the 

bridge. 

Fifty-one photogrammetry targets were attached underneath 

the cross-section of the bridge superstructure within a distance 

of 0.5 m to each other, and on both bridge abutments, ten 

reference targets were positioned. The experimental setup is 

shown in Figure 6. 

The deformation was not allowed to exceed the serviceability 

limit state to avoid damage and reversible deflections whereas 

however a large deflection was needed to generate a 

measurable bridge deflection. The detectability limit for a 

measurement accuracy correlates to the photogrammetry 

accuracy in the real bridge experiment. The loading was 

performed by using 6 heavy trucks.  

 Reference model 

A FE model (Figure 8), designed using the software Sofistik, 

serves as a reference system for the application of the DAD 

method [11]. Moreover, the experimental loading was 

determined based on this FE calculation as well as based on the 

existing design documents of the bridge. A linear calculation is 

carried out to respect a non-destructive load deflection 

experiment within the serviceability limit state. A realistic 

modelling of a bridge structure requires usually dynamic and 

static experimental results to ensure the accuracy of the FE 

model. As the DAD method requires a continuous curve for the 

reference system, minor accuracy neglections can be accepted. 

As described in section 2.2 the normalization of the DAD 

values allows clear identification of damage, and filters out 

planned stiffness changes as long as they are respected in the 

reference model. 

 

Figure 8. FE model using the software Sofistik[11]. 

 Results 

As the bridge is constructed in 2013, the bridge was not 

expected to have any damage. Therefore, not the identification 

of damage by using DAD method on itself, but the 

identification of the measurement precision which is achievable 

under real in-situ conditions with varying light, humidity and 

temperature conditions was the major aim for this study. 

This study confirmed that the DAD method can be applied 

on a real bridge structure considering modern measurement 

techniques, notably with close-range photogrammetry via 

drone offering an efficient application for damage detection of 

bridge structures. The reached precision for the close-range 

photogrammetry amount to 0.1186 mm. As expected, no 

damage was detected with the DAD method using data from 

close-range photogrammetry and levelling. In addition, it is 

shown that the real deformation values coincide with the ones 

from the reference FE model considering artificial 

measurement noise. The study has shown that the deflection 

level of the investigated bridge superstructure has also a 
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decisive impact. With higher deformation values, a smaller 

damage level can be detected. Furthermore, it has been found 

out that the impact of measurement noise effects can be reduced 

by increasing the number of measurement repetitions. For 

reliable damage detection at least 7 repetitions should be 

performed.  

7 FUTURE OUTLOOK 

With the presented investigations it became apparent that the 

DAD method offers reliable results for damage detection on 

real bridge structures and the application of close-range 

photogrammetry with a big size drone has a high potential 

regarding to precision and applicability, especially for difficult 

accessible bridges. 

Furthermore, influences of different parameters such as, 

structure span, cross-section, position of damage along the 

cross-section, etc. still need to be investigated to improve the 

method. Also, the applicability on real structures, problems and 

borders like accessibility, legal questions using a drone, line-

of-sight obstructions, need to be figured out. Therefore, several 

experiments on real bridge structures need to be carried out. To 

prove the damage detection, the method should also be applied 

on bridge structures with damage.  

8 CONCLUSIONS 

The presented works summaries the experiences with the so-

called DAD method and their application on laboratory and real 

bridge structure experiment [9]. The DAD method uses the 

relationship between bending moment and curvature. High 

precision measurement of the deformation from a static load 

deflection test and a FE reference model are essential for a 

reliable application of the method. The applicability of the 

DAD method is examined by comparing various latest modern 

measurement techniques. The applied measurement techniques 

were sufficient for the DAD method, which is based on a 

comparison of a measured deflection line to a deflection line of 

a reference model. Close-range photogrammetry proved to 

deliver very high precision. 
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ABSTRACT: The main ambition of the ENDURUNS project is to develop an autonomous underwater vehicle (AUV) system 

capable of operating under deep ocean conditions and performing a wide range of missions, targeting the increase of scientific 

knowledge as well as industrial capability and performance. The AUV vehicle will be capable of communicating directly with the 

shore-based remote monitoring and control centre (RMCC), providing updates on mission status and collected data with the help 

of a lightweight and low cost autonomous unmanned surface vehicle (USV). The USV will communicate with the AUV and the 

RMCC and relay data back and forth so mission objectives can be updated dynamically whenever required. The USV will permit 

the accurate geotagging of the areas mapped or inspected by the AUV. In case of adverse weather conditions the USV will be 

capable of submerging up to 20m underwater and resurface again, resuming nominal operation when weather has improved 

sufficiently. It is, therefore, of utmost importance that the USV is able to withstand severe loading conditions that are imposed on 

it. Three different loading conditions were simulated in order to assess the structural integrity of an unmanned surface vehicle 

(USV) made of ultrablade composite material with thickness of 21 mm. The loading cases were: (i) three-point bend with load 

applied downwards, (ii) three-point bend with load applied upwards, and (iii) shear. The structure is be able to withstand loads of 

610 kN, 550 kN, and 350 kN, respectively, according to the Tsai-Hill damage parameter. As the USV needs to be able to submerge 

under extreme weather conditions, the maximum allowable pressure for the flooded area of the hull was found for different 

thicknesses. The maximum allowable pressure was 1.3, 2.2 and 3.5 bar for wall thicknesses of 21, 28, and 35 mm, respectively.  

KEYWORDS: damage, finite element analysis, modelling, design optimisation 

1 LITERATURE REVIEW 

The design of submersible pressure hulls has been a subject 

of study in the past decades, as autonomous underwater 

vehicles (AUV)s have become more popular. Composite 

materials such as glass fibre and carbon fibre reinforced 

polymers (GFRP and CFRP) are of particular interest due to 

their high strength-to-weight ratio. Smith [1] modelled the 

use of GFRP and CFRP in shallow (99 m) and deep-water 

environments (6000 m) and how different stacking 

configurations affect the buckling resistance and structural 

response. Graham [2] employed finite element analysis 

(FEA) in order to study the linear buckling modes of 

composite hulls for deep ocean submersibles, whereas Gong 

and Lam [3] employed the same technique to model the 

transient response of stiffened composite submersible hull 

subjected to underwater explosive shock. Fibre-reinforced 

multilayer sandwich submersible pressure hulls have also 

been studied [4] at different depths. The authors observed 

that the optimal weight increased linearly with increased 

depth, but the length-to-diameter ratio remained almost 

unchanged. Most of the literature on the subject refers to the 

study of polymer cylinders or hemispherical pressure vessels 

[5]. 

The present paper presents a parametric finite element 

study on the structural health response of the USV designed 

for the ENDURUNS project, where it will fulfil the task of 

the mothership, communicating with the AUV and the 

RMCC. Three loading conditions are studied: sagging 

(downwards bending), hogging (upwards bending), and 

shear. In addition, we calculate the maximum allowable 

depth that the USV can submerge by employing the Tsai-

Hill damage parameter for different designs, based on the 

hydrostatic pressure applied.  

2 FINITE ELEMENT MODEL SETUP 

The commercial finite element code Abaqus 2017 [6] was 

used in this study. A three-dimensional model of the USV 

hull and bulkheads was designed in Solidworks 2020 [7] and 

imported into Abaqus. The USV can be seen in Figure 1. The 

length of the USV is 6.95 m. 

The ultrablade® LTx 1200-2000 material has been 

employed in the simulations. The ultrablade material 

properties can be found in Table 1. 

Table 1 Elastic constants and strength parameters for 

Ultrablade lamina material [8]. 
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Figure 1 Lateral view of USV model (top), and top view cut 

of the model showing the hull interior and bulkheads 

(bottom). 

Initially, 24 plies in the orientation (0,45,-45,90)6 were 

simulated. As each ply is 0.875 mm thick, the 24 plies 

together accounted for a wall thickness of 21 mm. The 

material orientation for the hull follows the same coordinate 

system shown in Figure 1. The coordinate system for the 

bulkheads was rotated so that E1 is aligned with the Z-axis 

of the global system. 

3 MESH CONVERGENCE ANALYSIS 

First, we performed a mesh convergence analysis in order to 

define the final mesh to be used in the subsequent 

simulations. The majority of the component was meshed 

with S4R elements, however areas with complex geometry 

were meshed with S3 elements. The S3 element accounted 

in general for 12% of the total number of elements. The 

loading and boundary conditions employed in the mesh 

convergence analysis are shown in Figure 2. These boundary 

conditions are as close as possible with example 1 of the 

boundary conditions suggested by DNVL-GL class 

guideline [9]. A load of 10 kN is introduced as a point load 

downwards in the Z-axis, and a continuum distributing 

coupling constraint between the point and the hull surface is 

created. The hull surface that is bearing the load has an area 

of 3.26 m2. The converged mesh is shown in Figure 4.  

The mesh convergence analysis showing the maximum 

equivalent stress can be seen in Figure 3. The mesh 

converges (0.65% difference) when an element with size of 

12.5 mm is used, generating around 290,000 elements.  

 

Figure 2 Load and boundary conditions (top), and coupling 

constraint between point load and surface (bottom). 

 

Figure 3 Mesh convergence analysis for USV hull. 

 

Figure 4 Converged mesh. 
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4 THREE-POINT BENDING DOWNWARDS 

(SAGGING) 

The same boundary and loading conditions used in the mesh 

convergence analysis were employed in the three-point 

bending downwards analysis. The load was increased until 

the Tsai-Hill damage parameter [10] reached unit. The 

results of the analysis are shown in Figure 5. The failure load 

in this configuration was 610 kN. The hull would fail at the 

top, in the first ply, where the top surface of the hull meets 

the bulkhead. The bulkhead, on the other hand, would be 

more severely loaded at the bottom and would fail at this 

location. Figure 6 shows the Tsai-Hill damage parameter 

contour plots, while Figure 7 and Figure 8 show the stress 

and displacement contour plots respectively. 

 

Figure 5 Tsai-Hill damage parameter as a function of the 

applied load. 

 

 

Figure 6 Tsai-Hill damage contour plot for a load of 610 kN 

for: the first and last plies of the hull for a load of 610 kN 

(top), and the most severely loaded bulkhead ply (bottom). 

 

Figure 7 Equivalent stress contour plot on the first ply, which 

is the most severely loaded. The applied load is 610 kN. 

Units in MPa.  

 

Figure 8 Node displacement in Z-direction for a load of 

610 kN. Units in mm. 

5 THREE-POINT BENDING UPWARDS (HOGGING) 

The boundary and loading conditions employed in the three-

point bending upwards analysis are shown in Figure 10. The 

load was applied upwards in the z-axis, again as a point load, 

until the Tsai-Hill damage parameter reached unit. A 

continuum coupling distributing constraint was then created 

between the loading point and the bottom area of the hull, 

which has a surface area of 2.30 m2
. 

The failure load in this configuration was 550 kN. The hull 

would fail on the back edge of the bottom surface, where the 

bulkhead meets the hull, as shown in Figure 11. The 

bulkheads would fail at the front, where they meet the top 

surface of the USV. Figure 12 and Figure 13 show the stress 

and displacement contour plots. 

 

Figure 9 Tsai-Hill damage parameter as a function of the 

applied load. 
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Figure 10 Load and boundary conditions (top), and coupling 

constraint between point load and surface (bottom). 

 

 

Figure 11 Tsai-Hill damage contour plot for a load of 550 

kN for: the first and last plies of the hull (top), and the most 

severely loaded bulkhead ply (bottom). 

 

Figure 12 Equivalent stress contour plot on the first and last 

plies of the hull for a load of 550 kN. Units in MPa. 

 

Figure 13 Node displacement in Z-direction for a load of 550 

kN. Units in mm. 

6 SHEAR 

The loads (applied on both sides of the hull) and boundary 

conditions employed in the shear analysis are shown in 

Figure 14. The loads had equal absolute values and opposite 

direction. Again the force was applied as a point load, and a 

coupling constraint was applied on the surface where the 

load is to be distributed. On each side, the load was applied 

on a surface with an area of 0.20 m2, working out to 0.40 m2 

in total. 

The failure load in this configuration was 350 kN. The hull 

would fail on the area where the load is applied. The 

bulkheads would not fail as the Tsai-Hill damage parameter 

is only 0.3, as shown in Figure 16, but the most damaged 

area would be at the bulkheads that are perpendicular to the 

load. The stress and displacement contour plots are shown in 

Figure 17 and Figure 18. 

 

 

Figure 14 Load and boundary conditions (top), and coupling 

constraint between point load and surface (bottom). 

 

Figure 15 Tsai-Hill damage parameter as a function of the 

applied load. 
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Figure 16 Tsai-Hill damage contour plot for a load of 350 kN 

for: the most severely loaded hull ply (top), and the most 

severely loaded bulkhead ply (bottom). 

 

Figure 17 Equivalent stress contour plot on the first and last 

plies of the hull for a load of 350 kN. Units in MPa. 

 

Figure 18 Node displacement in Y-direction for a load of 

350 kN. Units in mm. 

7 INTERNAL PRESSURE 

Part of the USV hull will have the ability to be flooded in 

order to submerge. This section aims to calculate the 

maximum pressure that the flooded area will be able to 

withstand according to the Tsai-Hill damage parameter. The 

boundary conditions are the same as in the three-point bend 

downwards case. The pressure was applied internally in the 

area shown in Figure 19, in a total area of 33.54 m2. Three 

different thicknesses were simulated: the original 21 mm, 28 

mm, and 35 mm. In the 28 mm and 35 mm cases, the same 

stack sequence of (0,45,-45,90)n was used, where n is equal 

to 8 for the 28 mm case and 10 in the 35 mm case.  

 

Figure 19 Flooded area of the USV where internal pressure 

was applied. 

The Tsai-Hill damage contour plots for the 21 mm case 

subjected to 2 bar internal pressure can be seen in Figure 21 

and Figure 20. The damage is concentrated in areas with 

sharp edges or areas where the hull connects with bulkheads. 

The same happens for the bulkheads, where damage is 

higher where bulkheads meet at a right angle. 

 

 

Figure 20 Tsai-Hill damage contour plot for the outer plies 

of the bulkheads for an internal pressure of 2 bar and 

thickness of 21 mm. 

 

Figure 21 Tsai-Hill damage contour plot for the most 

severely loaded hull ply for an internal pressure of 2 bar and 

thickness of 21 mm. 

A comparison between the damage parameters for 

different wall thicknesses can be seen in Figure 22. As 

expected, the higher the thickness, the more pressure the 

USV is able to withstand. The hull would fail at 1.3 bar, 2.2 

bar and 3.5 bar for wall thicknesses of 21 mm, 28 mm and 

35 mm, respectively. 
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Figure 22 Tsai-Hill damage as a function of the internal 

pressure applied for different hull thicknesses. 

8 SUMMARY 

Three different loading conditions were simulated for the 

USV made of ultrablade material with thickness of 21 mm. 

The Tsai-Hill damage parameter as a function of the applied 

load for each one of the loading cases is shown in Figure 23.  

 

Figure 23 Tsai-Hill damage parameter as a function of the 

applied load for three different load conditions. 

The structure would be able to withstand a load of 610 kN, 

550 kN, and 350 kN, in the three-point bending downwards, 

three-point bending upwards, and shear loading modes, 

respectively. For the first two cases, failure is more likely to 

occur at the bulkheads, whereas in the shear case, failure 

occurs at the hull surface where the load is applied. 

Additionally, an analysis of the maximum allowable 

pressure on the flooded area of the hull was performed for 

different thicknesses. The failure pressure is 1.3 bar for a 

wall thickness of 21 mm, 2.2 bar for a wall thickness of 28 

mm and 3.5 bar for a wall thickness of 35 mm. 

ACKNOWLEDGEMENTS 

The authors are grateful to Mr Jonas Pedersen, Mr Casper 

Vetke Clausen and Mr Finn Andersen from TUCO Marine 

Group, Denmark for their technical input. The authors also 

express their gratitude to the European Commission for the 

financial support received through the European Union's 

Horizon 2020 research and innovation programme under 

grant agreement No 824348.  

REFERENCES 

1. Smith, C., Design of submersible pressure hulls in composite 
materials. Marine structures, 1991. 4(2): p. 141-182. 

2. Graham, D., Composite pressure hulls for deep ocean submersibles. 

Composite Structures, 1995. 32(1-4): p. 331-343. 
3. Gong, S. and K. Lam, Transient response of stiffened composite 

submersible hull subjected to underwater explosive shock. 

Composite Structures, 1998. 41(1): p. 27-37. 
4. Liang, C.-C., H.-W. Chen, and C.-Y. Jen, Optimum design of 

filament-wound multilayer-sandwich submersible pressure hulls. 

Ocean Engineering, 2003. 30(15): p. 1941-1967. 
5. Gong, S., Transient response of stiffened composite submersible hull 

to underwater shock and bubble. Composite Structures, 2019. 213: 

p. 243-251. 
6. Simulia, D., Abaqus 2017. 2017, Dassault Systemes Waltham, MA. 

7. SolidWorks, D.S., SolidWorks®. 2020, Version Solidworks 2020, 
Dassault Systems SA Concord, MA. 

8. Xudong, Z., W. Qijian, and W. Chen, Experimental and numerical 

study of GFRP-reinforced steel tube under axial impact loads. 
International Journal of Impact Engineering, 2018. 122: p. 23-37. 

9. DNV, G., Class Guideline DNVGL-CG-0127:“Finite element 

analysis”. DNV GL, Oslo, 2015. 
10. Tsai, S.W., Strength theories of filamentary structure. Fundamental 

aspects of fiber reinforced plastic composites, 1968. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

0.0

1.0

2.0

0.0 2.0 4.0 6.0

Ts
ai

-H
ill

 d
am

ag
e 

p
ar

am
et

er
 

Pressure (bar)

21 mm

28 mm

35 mm

Thickness

0

1

0 200 400 600 800

Ts
ai

-H
ill

 d
am

ag
e 

p
ar

am
et

er

Load (kN)

3pt downwards

3pt upwards

Shear



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure 

Porto, Portugal, 30 June - 2 July 2021 
ISSN 2564-3738 

1537 

ABSTRACT: Gradual or sudden changes in the state of structural systems caused, for example, by deterioration or accidental load 

events can influence their load-bearing capacity. Structural changes can be inferred from static and/or dynamic response data 

measured by structural health monitoring systems. However, they may be masked by variations in the structural response due to 

varying environmental conditions. Particularly, the interaction of nominally load-bearing components with nominally non-load 

bearing components exhibiting characteristics that vary as a function of the environmental conditions can significantly affect the 

monitored structural response. Ignoring these effects may hamper an inference of structural changes from the monitoring data. To 

address this issue, we adopt a probabilistic model-based framework as a basis for developing digital twins of structural systems 

that enable a prediction of the structural behavior under varying ambient condition. Within this framework, different types of data 

obtained from real the structural system can be applied to update the digital twin of the structural system using Bayesian methods 

and thus enhance predictions of the structural behavior. In this contribution, we implement the framework to develop a digital 

twin of a simply supported steel beam with an asphalt layer. It is formulated such that it can predict the static response of the beam 

in function of its temperature. In a climate chamber, the beam was subject to varying temperatures and its static response wass 

monitored. In addition, tests are performed to determine the temperature-dependent properties of the asphalt material. Bayesian 

system identification is applied to enhance the predictive capabilities of the digital twin based on the observed data. 

KEY WORDS: digital twin, structural health monitoring, material tests, Bayesian updating. 

1 INTRODUCTION 

In the future, digital twins [1, 2] will be an integral part of the 

management of structural systems. We understand a digital 

twin to be a digital representation of a structural system that: 

1. enables a systematic digital management of data obtained 

throughout the lifecycle of a structural system. This 

includes, for example, design information, analysis 

outcomes, inspection results, data measured by structural 

health monitoring (SHM) systems, and information on 

maintenance actions. 

2. consists of a collection of models and algorithms, which 

enable: 

a. a detection, localization and quantification of 

structural damages/changes based on the available 

data (diagnostics), 

b. a prediction of the future condition and performance 

of a structural system considering the available data 

(prognostics), 

c. an assessment of the current and future condition and 

performance of a structural system based on the 

available data (i.e. an assessment of whether the 

structure complies with serviceability and safety 

requirements), and 

d. an optimized predictive planning of operation and 

maintenance activities. 

Ideally, a structural system is represented by a numerical 

(quantitative) model that adequately describes the physics of 

the system. To quantify the uncertainty in the numerical model, 

it may be combined with a probabilistic model of the relevant 

model parameters. The probabilistic model should be derived 

from all sources of information, which are available at the time 

of creating the model. Typical examples include knowledge 

documented in guidelines, codes, and standards, data from tests 

performed during construction, outcomes of previous 

inspections and maintenance activities, and expert knowledge. 

The numerical model together with the (prior) probabilistic 

model of its parameters quantifies the initial knowledge on the 

structural system. When new data become available, Bayesian 

system identification can be applied to consistently integrated 

it in the probabilistic numerical model [3]. The updated model 

then quantifies the updated knowledge on the structural system. 

Adopting a probabilistic approach has great potential to 

enable (at least partially) an implementation of a digital twin as 

described above and can thus enhance the structural integrity 

management. First, Bayesian system identification facilitates 

(a) a calibration of the probabilistic numerical model and (b) an 

identification and a quantification of structural damages or 

changes (diagnostics) based on data obtained, for example, by 

SHM systems [4, 5]. Second, within a probabilistic framework, 

the structural performance (quantified in terms of time-

dependent probabilities of adverse system states such as, for 

example, failure) can be predicted with structural reliability 

methods [6]. Inspection and monitoring data is again included 

in these predictions using Bayesian analysis [7]. A comparison 

of the predicted probabilities with target values enables a 

reliability-based assessment of the time-dependent system 

performance. Third, within a probabilistic framework, 

Bayesian decision analysis [8] can be applied to identify cost 

and risk-optimal operation and maintenance strategies for 

structural systems [9]. 
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Importantly, in a model-based approach, the influence of 

environmental variations on the structural behavior can be 

explicitly considered. These influences should be adequately 

described as they can significantly affect the structural response 

and thus mask the effect of structural damages or changes [10, 

11]. Ignoring the influence of environmental variations in the 

modelling may prevent a quantification of structural damages 

and changes based on the monitoring data. When structures 

include non-loadbearing elements which exhibit a temperature-

dependent behavior, the data obtained from continuous or 

single measurements cannot be simply temperature adjusted 

with statistical methods. Doing so would induce errors in the 

assessment of the structure [12]. One example of this effect can 

be found in street bridges with thick asphalt layers and low 

static height [13, 14] or wooden pedestrian bridges with asphalt 

layers [15-17]. 

In this contribution, we consider one specific aspect of 

implementing a digital twin of a structural system with 

temperature-dependent behavior. More precisely, in Section 2 

we probabilistically model the structural behavior of a simply 

supported steel beam with an asphalt layer and update the 

model with material and load test data. To this end, we couple 

a temperature-dependent material model of asphalt with a 

structural model of the beam. The model enables the prediction 

of the deformations of the beam as a function of temperature 

and loading. We then apply Bayesian system identification to 

update the structural model with data from material and load 

tests. To obtain data from a real structural system, we 

performed material and load tests in a climate chamber. 

The load tests are described in Section 2.1. In Section 2.2, a 

temperature-dependent material model of asphalt is presented. 

The model is updated with material test data. Thereafter, the 

modelling of the temperature-dependent structural behavior of 

the steel beam with asphalt layer is described in Section 2.3. 

The structural model is updated with data from static load tests. 

Subsequently, material and load test data are jointly integrated 

in the probabilistic structural model in Section 2.4. The paper 

concludes with a discussion and provides some concluding 

remarks.  

2 CASE STUDY 

 Experiments in the climate chamber 

In the present case study, a beamlike structure was tested inside 

a climate chamber. The cross-section of the beam (shown in 

Figure 1) consists of two components: a U-shaped steel profile 

made of bent sheet metal with a thickness of 2 𝑚𝑚 and a mastic 

asphalt filling with a height of 4 𝑐𝑚 made with polymer 

modified bitumen and a maximum grain size of 11 𝑚𝑚. The 

interface layers between mastic asphalt and steel correspond to 

a commercially available and certified system. The application 

of the system and the mastic asphalt was carried out by a 

specialized firm on a bridge refurbishment construction site 

under real conditions. 

 

Figure 1. Cross-section of the beam. 

The beam has a length of 3.6 𝑚 and was simply supported 

with a span of 3.2 𝑚. On one side, the structure was supported 

by a roller bearing; on the other side, a spherical bearing was 

used as to enable a constraint-free three-point bearing. At both 

bearings, rotation sensors with a range of ±3° are mounted on 

the beam on top of stiff connecting plates with a thickness of 

10 𝑚𝑚 that were welded between the webs of the bent sheet 

section (see Figure 2). An inductive displacement sensor with 

a range of 20 𝑚𝑚 was mounted onto the supporting structure 

below the beam at midspan.  

 

 

Figure 2. Experimental setup during assembly: Beam, 

moveable point load (in parking position), rotation sensor. 

 

The beam was subjected to a total of six temperature levels  

𝑇1 = −20°𝐶, 𝑇2 = −5°𝐶, 𝑇3 = 5°𝐶, 𝑇4 = 15°𝐶, 𝑇5 = 25°𝐶, 

and 𝑇6 = 40°𝐶 inside the climate chamber. To ensure 

stationarity of the spatial and temporal temperature 

distribution, temperature sensors were applied on surfaces of 

the beam as well as in two positions inside the asphalt. 

Experiments were only conducted when the deviation to the 

target temperature was below ±1𝐾. 

To emulate a static load test of a bridge, a point load was 

successively applied at the quarter-points and the midpoint of 

the span (see Figure 3). At each position, the load was applied 

for a duration of 120 𝑠. During each of these periods creep 

displacements could be observed due to the viscoelastic 

behavior of the asphalt layer. As large parts of the creep have 

been taken place at the end of each period, the means of the 

sensor values between a time range of 85% to 95% of each 

period were taken as measurements. The differences of these 

measurements to the unloaded state at each temperature were 

used for further processing. 

At the same time as the mastic asphalt was applied to the 

beam, a separate box was filled with an asphalt layer of 5 𝑐𝑚. 

Later, drill cores with a diameter of 10 𝑐𝑚 were taken from it. 

These correspond to samples as they can be taken from existing 

structures. 

 

Figure 3. Elevation of the beam including sensors, load 

positions, and bearings. 

beam 

moveable 

point load 

rotation 

sensor 
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 Temperature-dependent material model of asphalt 

Asphalt is a compound material with viscoelastic properties. 

The stiffness of viscoelastic materials can be described by a 

complex Young’s modulus 𝐸∗(𝑓, 𝑇) which depends on the 

loading frequency 𝑓 (which can also be expressed in terms of 

the loading rate) and the temperature 𝑇 of the material [15, 17, 

18]. In most civil engineering applications including the present 

case study, the absolute value of the complex Young’s modulus 

neglecting the phase shift is relevant: 

𝐸(𝑓, 𝑇) = |𝐸∗(𝑓, 𝑇)| (1) 

In many viscoelastic materials, the effects of loading 

frequency and temperature on the material stiffness can be 

considered independent of each other, resulting in the time-

temperature superposition for thermorheologically simple 

materials [18, 19]. 

Previous research [20-23] applies this approach to asphalt, 

resulting in a constitutive equation for the temperature-

dependent stiffness: 

𝐸(𝑓, 𝑇) = 𝐸(𝑓, 𝑇0) × 𝑒−𝛼(𝑇−𝑇0) (2) 

which reduces to: 

𝐸(𝑓, 𝑇) = 𝐸0(𝑓) × 𝑒−𝛼𝑇 (3) 

when the reference temperature is 𝑇0 =  0°𝐶, where 𝐸0(𝑓) is 

the absolute value of the complex Young’s modulus for a given 

frequency 𝑓 at 0°𝐶. 

In the current study, the stiffness of the asphalt was 

determined with the indirect tension method for cylindrical 

specimen (IT-CY) specified in Appendix C of DIN EN 12679-

26 [24]. The material tests were conducted with load pulses of 

5 𝐻𝑧 at different temperatures �̂�𝑖 . With 𝐸0,𝑚𝑎𝑡 = 𝐸0(𝑓 =

5 𝐻𝑧), the material law for these tests can be written as [20-

23]: 

𝐸𝑚𝑎𝑡(𝑇) = 𝐸(𝑓 = 5 𝐻𝑧, 𝑇) = 𝐸0,𝑚𝑎𝑡 × 𝑒−𝛼𝑇 (4) 

The data of a measurement 𝑖 of a specimen consists of the 

measured absolute Young’s modulus �̂�𝑖 at a given temperature 

�̂�𝑖  and can be written as the tuple: 

𝒟1,𝑖 = (�̂�𝑖  , �̂�𝑖) (5) 

Each specimen was tested in two orthogonal directions. After 

ten initial load pulses, five sinusoidal pulses were applied to 

determine the Young’s modulus. Table 1 shows the means of 

these tests. 

Table 1. Material test data. 

Temperature �̂�𝑖  Direction  Young’s modulus �̂�𝑖  

-5 °C  A  26 187 MPa 

-5 °C  B  25 900 MPa 

10 °C  A  12 924 MPa 

10 °C  B  12 389 MPa 

25 °C  A    4 462 MPa 

25 °C  B    4 379 MPa 

The output of the deterministic material model 𝐸𝑚𝑎𝑡(�̂�𝑖) 

defined in Equation (4) and the test value �̂�𝑖 are related through 

the modelling bias or modelling error 𝑏𝐸 and an additive 

measurement error 𝑒1,𝑖: 

�̂�𝑖 = 𝐸𝑚𝑎𝑡(�̂�𝑖) × 𝑏𝐸  +  𝑒1,𝑖 (6) 

The measurement error 𝑒1,𝑖 is assumed to be normally 

distributed with a mean of 0 and a standard deviation of 𝜎𝑒1 =
𝛿𝑒1 × �̂�𝑖, i.e. 𝑒1,𝑖~𝑁(0, 𝛿𝑒1 × �̂�𝑖), i.e. it depends on the 

measurement outcome. The parameter 𝛿𝑒1 can be interpreted as 

a coefficient of variation. 

The parameters of the stochastic model defined in Equation 

(6) are:  

𝜽𝟏 = [𝐸0,𝑚𝑎𝑡 𝛼 𝛿𝑒1 𝑏𝐸] (7) 

The likelihood function 𝐿1(𝜽𝟏|𝒟1,𝑖) modelling the relation 

between the parameters 𝜽𝟏 and a single test result  
𝒟1,𝑖 = (�̂�𝑖  , �̂�𝑖) is proportional to the probability of observing 

this data given the realization of the parameters 𝜽𝟏. This 

likelihood function is formulated based on the probabilistic 

model describing the measurement error 𝑒1,𝑖 as [3]: 

𝐿1(𝜽𝟏|𝒟1,𝑖) ∝ 𝑝(𝒟1,𝑖|𝜽𝟏) 

=
1

√2𝜋 𝜎𝑒1

exp [−
[(𝐸�̂� − 𝐸𝑚𝑎𝑡(�̂�𝑖)  × 𝑏𝐸)]

2

2𝜎𝑒1
2

] 
(8) 

The measurement errors 𝑒1,𝑖, 𝑖 = 1,… ,6 relating the observed 

material test data �̂�𝑖, 𝑖 = 1,… ,6 summarized in Table 1 with 

the corresponding model predictions 𝐸𝑚𝑎𝑡(�̂�𝑖) × 𝑏𝐸, 𝑖 =
1,… ,6 are assumed to be conditionally independent for a given 

value of the standard deviation 𝜎𝑒1. The joint likelihood 

function of the material test data 𝒟1 = {𝒟1,𝑖}𝑖=1
6 can thus be 

written as:  

𝐿1(𝜽𝟏|𝒟1) = ∏ 𝐿1(𝜽𝟏|𝒟1,𝑖)
6

𝑖=1
 (9) 

Following the Bayesian interpretation of probability, the joint 

probability density function (PDF) 𝑝(𝜽𝟏) reflects our a priori 

knowledge about plausible values of the parameters. The 

parameters 𝜽𝟏 are assumed to be uncorrelated and the 

parameters of their prior marginal distributions are shown in 

Table 2. 

A literature survey [17, 19, 21, 23, 25, 26] shows that the 

Young’s modulus at 0°C for load frequencies equal to or 

approximately equal to 5 𝐻𝑧 lie between 14 000 MPa and 25 

000 MPa. This leads to an assumed prior mean of 19 500 MPa 

and a coefficient of variation (c.o.v) of 0.15. 

The analysis of the data in the literature leads to a range of 

values for 𝛼 between 0.3 and 0.9. This leads to the assumption 

of a prior mean of 0.6 with a c.o.v. of 0.20. Table 2 summarizes 

the assumptions about the prior distributions of the parameters. 

Table 2. Prior marginal distributions of the model paraments 𝛉𝟏 

Parameter distribution mean  c.o.v 

𝐸0,𝑚𝑎𝑡   Normal  19.5 GPa  0.15 

𝛼  Lognormal 0.06 K-1  0.20 

𝛿𝑒1  Lognormal 0.15  0.05 

𝑏𝐸   Lognormal 1.0  0.15 
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Bayes’ theorem is applied to determine the relative 

plausibility of values of 𝜽𝟏 given the observed data 𝒟1, which 

reflects the updated knowledge on 𝜽𝟏. The resulting joint 

conditional PDF 𝑝(𝜽𝟏|𝒟1) is also called posterior distribution: 

𝑝(𝜽𝟏|𝒟1) =
𝐿1(𝜽𝟏|𝒟1)𝑝(𝜽𝟏)

∫ 𝐿1(𝜽𝟏|𝒟1)𝑝(𝜽𝟏)𝑑𝜽𝟏Θ

 (10) 

In the following, 𝑁 = 3000 samples from the posterior 

distribution 𝑝(𝜽𝟏|𝒟1) are generated using the adaptive version 

of BUS (Bayesian updating with structural reliability methods) 

with subset simulation (aBUS-SuS) [27, 28]. The empirical 

posterior marginal distribution of the model parameters 𝜽𝟏 are 

shown in Figure 4. The knowledge gain on the material 

parameter 𝛼 is reflected in a reduced interval of plausible 

values of the corresponding posterior marginal distributions. 

 

 
Figure 4. Prior and empirical posterior marginal distributions 

of the model parameters 𝜽𝟏. 

 

Using the samples from 𝑝(𝜽𝟏|𝒟1) as input to the stochastic 

model in Equation (6) yields the model predictions of 𝐸𝑚𝑎𝑡(𝑇) 

without the measurement error (i.e. the predictions include the 

modelling error 𝑏𝐸). Figure 5 shows the prior and posterior 

prediction of the Young’s modulus as a function of temperature 

together with the material test data. 

 

Figure 5. Prior and posterior mean and 95% credible interval of 

the Young’s modulus together with the observed data. 

 

 Temperature-dependent structural model of the steel 

beam with asphalt layer 

The cross-section shown in Figure 1 is composed of a steel 

component and an asphalt component (shaded area). The 

Young’s modulus of steel 𝐸𝑠 is temperature-independent for the 

range of observed temperatures, while a temperature-

dependent effective static Young’s modulus 𝐸𝑎(𝑇) is 

introduced to model the stiffness of the asphalt, which  accounts 

for the combined effect of static deformation and viscoelastic 

creep. With the centers of gravity 𝑧c,s, and 𝑧c,𝑎 of the steel and 

asphalt section and the corresponding areas As and .Aa, and the 

stiffness ratio of the moduli as 𝑛(𝑇)  =  𝐸𝑎(𝑇) 𝐸𝑠⁄ , the center 

of gravity of the idealized cross-section can be calculated as: 

𝑧𝑐,𝑖(𝑇) =
𝑧𝑐,𝑠𝐴𝑠 + 𝑛(𝑇)𝑧𝑐,𝑎𝐴𝑎

𝐴𝑠 + 𝑛(𝑇)𝐴𝑎

 (11) 

With the moments of inertia 𝐼𝑦,𝑠 and 𝐼𝑦,𝑎 of the steel and asphalt 

sections, and assuming a perfect bond between asphalt and 

steel, an idealized bending stiffness 𝐸𝐼𝑖(𝑇) of the cross-section 

can be calculated: 

𝐸𝐼𝑖(𝑇) = 𝐸𝑠 [𝐴𝑠 (𝑧𝑐,𝑠 − 𝑧𝑐,𝑖(𝑇))
2

+ 𝐼𝑦,𝑠

+ 𝑛(𝑇)(𝐴𝑎 (𝑧𝑐,𝑎 − 𝑧𝑐,𝑖(𝑇))
2

+ 𝐼𝑦,𝑎)] 
(12) 

The loading rate in a static load tests differs from the loading 

rate in the material tests. In the following, the temperature 

dependency of the static Young’s modulus 𝐸𝑎(𝑇) of the asphalt 

is modelled similar to the temperature dependency of the 

Young’s modulus 𝐸𝑚𝑎𝑡(𝑇) = 𝐸(𝑓 = 5 𝐻𝑧, 𝑇): 

𝐸𝑎(𝑇) = 𝐸0,𝑠𝑡𝑎𝑡 × 𝑒−𝛼𝑇 (13) 

wherein the parameter 𝛼 is equivalent to the corresponding 

parameter in Equation (3). 

 

Predictions for the rotations at the bearings and the deflection 

at midspan are calculated using a linear-elastic finite-element 

(FE) model of the beam depicted in Figure 6. 

 

 
Figure 6. Illustration of the finite-element model of the beam. 

 

At each measured temperature �̂�𝑖, load tests with a point load 

of 𝐹 = 1.12 kN at three positions 𝑥𝐹,𝑗 =
[0.8𝑚 1.6𝑚 2.4𝑚], 𝑗 = 1,2,3 were performed. The 

rotations 𝜑𝐵1,𝑖,𝑗 and 𝜑𝐵2,𝑖,𝑗 at the bearings B1 and B2 and the 

displacement 𝑑𝑀,𝑖,𝑗 at midpoint M were measured. These 

observable quantities form the vector: 

𝒛𝒊,𝒋 = [𝜑𝐵1,𝑖,𝑗 𝜑𝐵2,𝑖,𝑗 𝑑𝑀,𝑖,𝑗] (14) 

which can be summarized for all three load positions as: 

𝒛𝒊 = [𝒛𝒊,𝟏 𝒛𝒊,𝟐 𝒛𝒊,𝟑] (15) 

For each load position 𝑗 = 1,2,3, a model 𝒒𝒋 – which 

combines the temperature dependent material law defined in 

Equation (13) with the finite-element model – yields 
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predictions for the rotations and the deflection for given values 

of the parameters of the mechanical properties and the 

measured temperature �̂�𝑖  as: 

𝒒𝒋(𝛉𝟑𝒎, �̂�𝑖) = 𝒒𝒋(𝐸0,𝑠𝑡𝑎𝑡 , 𝛼, 𝐸𝑠 , 𝑏𝐵1, 𝑏𝐵2, 𝑏𝑀, �̂�𝑖) (16) 

where 𝜽𝟑𝒎 = [𝐸0,𝑠𝑡𝑎𝑡 𝛼 𝐸𝑠 𝑏𝐵1 𝑏𝐵2 𝑏𝑀] represents 

the material properties of the beam. The model 𝒒𝒋 includes 

multiplicative modelling biases or modelling errors 𝑏𝐵1, 𝑏𝐵2, 

and 𝑏𝑀, which are multiplied with the predicted rotations and 

displacement. 

The model output for three positions is denoted by: 

𝒒(𝛉𝟑𝒎, �̂�𝑖) = [𝒒𝟏(𝛉𝟑𝒎, �̂�𝑖) 𝒒𝟐(𝛉𝟑𝒎 , �̂�𝑖) 𝒒𝟑(𝛉𝟑𝒎, �̂�𝑖)] (17) 

The measurement errors corresponding to the rotations and 

the displacement predicted by 𝒒𝒋(𝛉𝟑𝒎, �̂�𝑖) are assumed to be 

normally distributed with standard deviations: 

𝝈𝒆𝟑 = [𝜎𝑒3,𝐵1 𝜎𝑒3,𝐵2 𝜎𝑒3,𝑀] (18) 

Following Simoen, Papadimitriou and Lombaert [29], these 

measurement errors are modelled to be correlated. The 

correlation is described by the following correlation function: 

𝑟(𝒙𝒊, 𝒙𝒋) = exp (− 
‖𝒙𝒊 − 𝒙𝒋‖

𝜆
) (19) 

where 𝜆 is the correlation length and ‖𝒙𝒊 − 𝒙𝒋‖ the Euclidean 

distance between two sensor positions 𝑖 and 𝑗. 
As the distance between sensor positions in this experiment 

are either 0.0 m, 1.6 m or 3.2 m, the corresponding correlation 

matrix is given by: 

𝑹′
𝒆𝟑𝒆𝟑 =

[
 
 
 
 1 exp (−

3.2m

𝜆
) exp (−

1.6m

𝜆
)

1 exp (−
1.6m

𝜆
)

𝑠𝑦𝑚. 1 ]
 
 
 
 

 (20) 

The correlation between the measurement errors of all three 

observable quantities at all three load positions 𝑗 of a 

temperature level (see Equation (15)) is quantified by the 

following correlation matrix: 

𝑹𝒆𝟑𝒆𝟑 = [

𝑹′
𝒆𝟑𝒆𝟑 𝑘𝑹′

𝒆𝟑𝒆𝟑 𝑘𝑹′
𝒆𝟑𝒆𝟑

𝑹′
𝒆𝟑𝒆𝟑 𝑘𝑹′

𝒆𝟑𝒆𝟑

𝑠𝑦𝑚. 𝑹′
𝒆𝟑𝒆𝟑

] (21) 

where 𝑘 is the factor which relates the errors of different load 

positions to each other. 

The covariance matrix of the measurement errors of all three 

observable quantities at three positions can be formed as: 

𝚺𝒆𝟑 = 𝑫𝒆𝟑𝑹𝒆𝟑𝒆𝟑𝑫𝒆𝟑 (22) 

with 

𝑫𝒆𝟑 = diag([𝝈𝒆𝟑 𝝈𝒆𝟑 𝝈𝒆𝟑]) (23) 

The parameter vector of the probabilistic error model is thus: 

𝜽𝟑𝒆 = [𝜎𝑒3,𝐵1 𝜎𝑒3,𝐵2 𝜎𝑒3,𝑀 𝜆 𝑘] (24) 

The complete parameter vector can be formulated as: 

𝜽𝟑 = [𝜽𝟑𝒎 𝜽𝟑𝒆] (25) 

The prior probabilistic model of the parameters 𝜽𝟑 of the is 

summarized in Table 3. 

Table 3. Prior marginal distributions of the paraments 𝛉𝟑 

Parameter distribution mean  c.o.v 

𝐸0,𝑠𝑡𝑎𝑡  Normal  10 GPa  0.25 

𝛼  Lognormal 0.06 K-1  0.20 

Es  Normal  210 GPa  0.04 
𝑏𝐵1  Lognormal 1.0  0.15 
𝑏𝐵2  Lognormal 1.0  0.15 
𝑏𝑀  Lognormal 1.0  0.15 
𝜎𝑒3,𝐵1  Lognormal 0.05 °  0.25 

𝜎𝑒3,𝐵2  Lognormal 0.05 °  0.25 

𝜎𝑒3,𝑀   Lognormal 0.5 mm  0.25 

𝜆  Lognormal 1.60 m  1.00 

𝑘  Beta  0.71  0.22 

The standard deviations for the measurement errors of the 

rotations, 𝜎𝑒3,𝐵1 and 𝜎𝑒3,𝐵2, are a priori assumed to be correlated 

with a coefficient of correlation equal to 0.7.  

Due to the viscoelastic nature of asphalt, the static load tests 

induce creep deformations of the beam. Thus, 𝐸0,𝑠𝑡𝑎𝑡 is 

considerably lower than the modulus 𝐸0,𝑚𝑎𝑡  determined in the 

material tests at a loading frequency of 5 Hz. The literature 

reviewed by the authors is inconclusive or low frequency 

moduli are applied in quasi-static scenarios [25, 30]. However, 

observations from real structures [15, 26, 30] indicate that a 

reduced shear force transmission between the steel beam and 

asphalt layer should also be considered. This leads to the 

assumption of an effective quasi-static modulus of the structure 

at 0°C, 𝐸0,𝑠𝑡𝑎𝑡, in which the reduced shear transmission is 

included, is equal to approximately 50 % of the Young’s 

modulus observed in the material tests at 5 Hz. The prior c.o.v. 

is chosen to be higher to reflect this behavior. 

The prior distribution for 𝛼 is the same as for the material 

tests. Following the Probabilistic Model Code [31], the 

stiffness of the steel components is assumed is a a-priori 

lognormal distributed with a mean of 210 GPa and a c.o.v. of 

0.04, which includes the geometrical uncertainty in the moment 

of inertia. 

When incorporating real data, the observed displacement, 

and rotations at a temperature �̂�𝑖 are summarized as: 

�̂�𝒊 = [�̂�𝒊,𝟏 �̂�𝒊,𝟐 �̂�𝒊,𝟑] (26) 

The measurement errors represent the difference between the 

model predictions and the observation for each temperature: 

𝒆𝟑,𝒊 = �̂�𝒊 − 𝒒(𝛉𝟑𝒎, �̂�𝑖) (27) 

The measurement errors 𝒆𝟑,𝒊 are assumed to be normally 

distributed, i.e. 𝒆𝟑,𝒊~𝑁(𝟎, 𝚺𝒆𝟑). 

The data corresponding to a single load position 𝑗 and 

temperature �̂�𝑖  is defined as:  

𝒟3,𝑖,𝑗 = (�̂�𝐵1,𝑖,𝑗 �̂�𝐵2,𝑖,𝑗 �̂�𝑀,𝑖,𝑗 �̂�𝑖) (28) 

The data of three positions at a single temperature is: 

𝒟3,𝑖 = {𝒟3,𝑖,1 𝒟3,𝑖,2 𝒟3,𝑖,3} (29) 
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The likelihood function 𝐿3(𝜽𝟑|𝒟3,𝑖) ∝ 𝑝(𝒟3,𝑖|𝜽𝟑) modelling 

the relation between the model parameters 𝜽𝟑 and the 

observation of data 𝒟3,𝑖is formulated as: 

𝐿3(𝜽𝟑|𝒟3,𝑖) =
1

√(2𝜋)𝑛 det(𝚺𝐞𝐞(𝜽𝟑𝒆)) 
  × 

      exp [−
1

2
[�̂�𝒊 − 𝒒(𝛉𝟑𝒎, �̂�𝑖)]

T
𝚺𝐞𝐞

−𝟏(𝜽𝟑𝒆)[�̂�𝒊 − 𝒒(𝛉𝟑𝒎, �̂�𝑖)]] 

(30) 

For given parameters 𝜽𝟑, the data measured at different 

temperatures is assumed to be statistically independent. The 

joint likelihood function 𝐿3(𝜽𝟑|𝒟3) describing the data 𝒟3 =
{𝒟3,𝑖}𝑖=1

6  measured at 6 different temperatures �̂�𝑖 , 𝑖 = 1,… , 6 

can be written as: 

𝐿3(𝜽𝟑|𝒟3) = ∏ 𝐿3(𝜽𝟑|𝒟3,𝑖)
6

𝑖=1
 (31) 

Samples from the posterior distribution 𝑝(𝜽𝟑|𝒟3) ∝
𝐿3(𝜽𝟑|𝒟3)𝑝(𝜽𝟑) of the model parameters 𝜽𝟑 are also 

generated using aBUS-SuS. The prior and empirical posterior 

marginal distributions of 𝜽𝟑 are shown in Figure 7.  
 

 
Figure 7. Prior and empirical posterior marginal of the model 

parameters 𝜽𝟑 
 

Using the posterior samples from 𝑝(𝜽𝟑|𝒟3) as input for the 

stochastic model defined in Equation (17) yields posterior 

predictions for end-rotations and midspan-deflection of the 

beam in function of the load position and temperature. The 

measured data and the predictions along with predictions based 

on the prior probabilistic model are shown in Figure 8. 

 Integrating material tests and static response data in the 

structural model 

The two probabilistic models in Sections 2.2 and 2.3 share the 

parameter 𝛼 of the models describing the temperature-

dependency of the Young’s moduli of the asphalt (see 

Equations (4) and (13)). 

If the observed data from the material and static load test are 

assumed to be statistically independent for given parameters 𝜽𝟏 

and 𝜽𝟑, the joint likelihood function representing the data from 

both experiments can be written as: 

𝐿13(𝜽𝟏𝟑|𝒟13) = 𝐿1(𝜽𝟏|𝒟1) × 𝐿3(𝜽𝟑|𝒟3) (32) 

with 

𝜽𝟏𝟑 = [𝜽𝟏 𝜽𝟑] (33) 

and 

𝒟13 = 𝒟1 ∪ 𝒟3 (34) 

The prior distributions of the parameters are the same as in 

the individual models, with the additional assumption of a 

coefficient of correlation of 0.9 between 𝐸0,𝑚𝑎𝑡  and 𝐸0,𝑠𝑡𝑎𝑡. 

This correlation is introduced to model the strong statistical 

dependence among 𝐸0,𝑚𝑎𝑡  and 𝐸0,𝑠𝑡𝑎𝑡. 

 

 
Figure 8. Prior and posterior mean and 95% credible interval of 

the displacement and rotations for different load positions and 

temperatures together with the measured data. 

 

This probabilistic model is updated in the same manner as 

before and the updated parameters are shown in Figure 9. 

The samples of the posterior distribution of the parameters 𝜽𝟏𝟑 

are used to predict the response of the structural model defined 

in Equation (17). These results are shown in Figure 10. The 

95% credible interval covers most of the observed data and 

shows not much difference compared to the predictions of the 

model including just static load test data, as seen in Figure 8. 

Since the measurement error is not included in the prediction, 

it is expected that observed data may lie outside of the credible 

interval. 

One application of integrating material tests with static load 

tests of a structure is to improve the system identification of the 

structure. As the parameter which describes the temperature-

dependency is the sole parameter which is shared by all three 

model updating scenarios, the plausible values of this 

parameter can be compared for all three scenarios: only 

including data from material tests, only including data from 

static load test and combining both. The resulting posterior 
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distributions of 𝛼 are shown in Figure 11. It can be seen that 

the uncertainty in this parameter is only reduced if data from 

the material tests is included in the system identification. 

 

 
Figure 9. Prior and empirical posterior marginal of the model 

parameters 𝜽𝟏𝟑 (conditional on the date from the material and 

static load tests). 

 

 
Figure 10. Posterior mean and 95% credible interval of the 

displacement and rotations for different load positions and 

temperatures together with and measured data. 

 

Likewise, the plausible values for the Young’s modulus of 

steel 𝐸𝑠 (in which the uncertainty on the geometrical stiffness 

is here also included) and the Young’s modulus of asphalt 

𝐸0,𝑠𝑡𝑎𝑡 at 0°𝐶 for static load tests can be compared conditional 

on data from just the static load tests and data from both static 

load tests and material tests. The resulting posterior marginal 

distributions can be seen in Figure 12. When incorporating data 

from both tests, the plausible values for the Young’s modulus 

of steel do not change much, while higher values are more 

plausible for the Young’s modulus of asphalt at 0°𝐶 for static 

load tests. 

 
Figure 11. Prior and empirical posterior marginal of the 

parameter 𝛼 conditional on data from the material test, the 

static load tests, and conditional on both. 

 

 
Figure 12. Prior and empirical posterior marginal of the 

parameters 𝐸0,𝑠𝑡𝑎𝑡 and 𝐸𝑠 conditional on data from only the 

static load tests and both the static load tests and material tests. 

 

3 DISCUSSION AND CONCLUDING REMARKS 

The present case study considers a non-trivially temperature-

dependent structure for which – as part of a digital twin – a 

quantitative model is developed and updated with data from 

two different sources. In this way, enhanced predictions of the 

structure’s performance are obtained. 

Data from material and static load tests are applied to update 

the model describing the temperature-dependency of the 

asphalt. In this regard, the material tests are clearly more 

informative than the static load tests (see Figure 11). 

The values for the static Young’s modulus of asphalt at 0°𝐶 

are moderately sensitive with regards to integrating data from 

both tests (see Figure 12). At the same time, the posterior 

distributions of the multiplicative modelling biases 𝑏𝐵1, 𝑏𝐵2, 

and 𝑏𝑀 are not centered around 1.0 (see Figure 7 and Figure 9). 

This seems to imply that the structural model does not represent 

all relevant physical effects such as, for example, a 

temperature-dependent shear transmission between the asphalt 

and the steel beam as discussed further below. The model of the 

beam can, however, be extended to include additional physical 

effects and Bayesian model class selection [32] can 

subsequently be applied to identify the most plausible model 

among the candidate models. 

In the present case study, the dependence between the 

effective Young’s moduli of asphalt at different loading 

frequencies is modelled by a correlation model. Alternatively, 
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a parametric model can be derived from viscoelastic material 

laws [18] to describe this dependence. 

The temperature-dependent shear transmission between steel 

and asphalt is not described explicitly in the current case study. 

In the present model, a non-temperature dependent shear 

transmission effect is implicitly included in the definition of the 

prior probabilistic model of the static modulus of asphalt at 

0°𝐶. From the data shown in Figure 8 and Figure 10, it can be 

seen that the increment in displacement and rotations with 

increasing temperature is lower than the corresponding model 

predictions. This seems to imply that the temperature-

dependent shear transmission between the beam and the asphalt 

should be included in the model. If this dependence is described 

through a parametric model, the relation among the Young’s 

moduli of asphalt at different temperatures and loading 

frequencies should also be represented by a parametric model. 

Digital twins will play an essential role in the infrastructure 

management of the future. It is imperative that they are based 

on quantitative models with physical meaning and can integrate 

data from many sources. In this case study, we show how this 

may be achieved by applying the Bayesian framework. 
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ABSTRACT: Drop test towers are structures subjected to very specific dynamic loadings. At the drop test tower on the Test Site 

Technical Safety of BAM routine inspections revealed a decline of structural integrity in form of loss of pretension in bolts of 

structural steel connections. To get an understanding about the underlying damage mechanisms as well as to assure the structural 

safety in operation, a multifaceted Structural Health Monitoring (SHM) system was planned and installed at the structure. For 

planning the monitoring system but especially for supporting the investigation of the damaging process finite element models are 

deployed. Though, to ensure the capability of the FE model to reproduce the real structural behavior in sufficient accuracy, it 

needs to be calibrated in respect to measured responses of the structure. The present contribution describes experimental and 

numerical investigations to identify the structural system of the steel tube lattice tower in preparation of the monitoring campaign. 

An ambient vibration test allowed the identification of the natural frequencies of several global vibrational modes of the drop test 

tower. For model updating first a sensitivity analysis is applied to identify the most influencing parameter. In succession a genetic 

algorithm was applied for optimization in the sense of minimization of the difference between measured and simulated 

characteristic responses. The updated model is finally validated on the dynamic response of the tower structure to a real drop test 

induced impact loading. The results showed a remarkable agreement between numerical and experimental results though the 

robustness of the simulation should be improved by more sophisticated numerical modelling. 

KEY WORDS: Structural Health Monitoring; Finite element model updating; Drop test tower. 

1 INTRODUCTION 

The integrity verification and certification of transport and 

storage containers for nuclear goods are one of the official 

duties of the Bundesanstalt für Materialforschung und -prüfung 

(BAM). The standard test regime specifies drop tests on real 

size container specimen. Therefor a specific 200 t drop test 

tower is provided on the Test Site Technical Safety of BAM in 

Horstwalde, 50 km south of Berlin [1].  

Since the facilities start of operation in 2004 numerous drop 

tests with specimen weights up to 180 t were performed. The 

structural stress of the tower during a drop test is dominated by 

the impact like loading caused by the notch-based sudden 

release of the weight. During a detailed inspection of the steel 

truss structure in 2018 a loss of tension in some of the high-

strength pretensioned bolts of the bolted flange connections 

were revealed. First investigations after replacement of the 

damaged bolts could not indicate a clear cause for the damage. 

Despite the obvious link between the damage pattern and the 

high dynamic loading a detailed understanding of the driving 

damage mechanism and its specifying measures was not 

obtained. Also, the damages time evolution was unknown. To 

verify the drop test towers future structural safety, it would 

have been necessary to describe the structural deterioration 

process. For that reason a structural health monitoring system 

(SHM) was installed to continuously observe the structural 

behavior of the drop test tower [2]. Particular objectives of the 

SHM campaign where to determine the development of the 

global (quasi-) static behavior, the prestressing state of the bolts 

as well as the dynamic vibration characteristics over the time. 

Also, the influence of varying temperature on the structural 

stresses was needed to be observed.  

For the detailed analysis of the structures transient behavior 

responding to the impact loading during drop tests a numerical 

model of the drop test was implemented. So, within the 

paradigm of a digital twin the model as its fundamental 

component was supposed to generate a possibly exact image of 

the real structural responses of the drop tower to its loading. To 

develop a numerical model of a structure involves assumptions 

and simplifications that may result in errors, which usually are 

related to the inaccuracy in the finite element discretization, 

variations in geometry and material properties as well as 

uncertainties in and unawareness of boundary conditions. 

Therefore, to provide a necessary accuracy of the numerical 

simulation it is necessary to calibrate the prior developed model 

by means of measured structural responses due to defined 

loading or excitation. Several procedures are established for 

structural model calibration. Highly conventional is the 

comparison of a real structures deformation behavior under 

static or slowly moving defined loads, e.g. bridge load tests 

using loaded trucks or locomotives. Another established model 

calibration approach uses the dynamic characteristic, i.e. the 

vibration behavior of a structure. In particular, natural 

frequencies and mode shapes characterize the structural 

behavior and can be determined in an experimental modal 

analysis campaign. These procedures can be straightforward, 

depending of the number and locations of measurement points. 

In a subsequent analysis the modal information is extracted 

from the measurement data and can be compared to the 

computed values from the numerical model. The model 
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updating or calibration routine fits then the sensitive structural 

parameters in a way, that finally the modal variables of both 

models (measurement based mathematical vs. numerical) are 

equal in a sufficient accuracy.  

This contribution describes the application of a model 

updating routine to adjust the numerical model of the drop test 

tower prior to extensive transient computations of the dynamic 

behavior of the structure under the operational impact loading 

and the resulting stressing of structural components. For the 

model updating process a commercial software is used, which 

includes preconditioned algorithms for a sensitivity analysis 

and the optimization process.  

2 LARGE DROP TEST TOWER  

 Structure of the Large Drop Test Tower of BAM 

The drop test facility of BAM consists out of several drop test 

structures, where the 36 m high Large Drop Test Tower is the 

main test device [1]. It is a steel tube construction with a 200 t 

hoist on its top, with a maximum hook height of 30 m. Below 

the tower structure is a 24 m x 20 m integrated test hall (steel 

frame which is structural independent from the drop tower) 

with an 80 t portal crane, rolling gates and a roof that can be 

removed if a test cask is connected to the hoist. Figure 1 shows 

the complete drop test facility. The impact foundation is 

designed as an unyielding target realized by a reinforced 

concrete block with dimensions of 14 m x 14 m and 5 m in 

height with a mass of 2,600 t, and with a steel plate impact pad 

of 10 m x 4.5 m x 0.22 m connected to the reinforced concrete 

block with anchor bolts. This design fulfills the requirements 

of the International Atomic and Energy Agency (IAEA) [3].  

 

 

Figure 1. Large Drop Test Tower at BAM TTS. 

   

Figure 2. Cask detachment device (left) and overload test 

equipment (right). 

Figure 2 shows the special container detachment device that 

was designed by BAM to ensure a momentum free release of 

the specimen. Its construction is based on a hydraulic 

mechanism rupturing a steel bolt 

The construction of the facility was finished in August 2004 

with the static overload test of the whole lifting equipment by 

lifting weight of 250 t. 

 Operation and damage state of the structure 

In 2018, after 16 years of operation a regular inspection of the 

structure revealed loose bolts at the crane runway. For this 

reason, a detailed inspection of the complete structure with 

specific investigations of the high-strength prestressed bolts at 

the tower structure was initiated. The typical connections at the 

structure are flange joints and gusset plate joints as shown in 

Figure 3. A selection of seven high-strength prestressed bolts 

at relevant steel connections of the structure has been examined 

in detail. The bolts were unscrewed and the release torque was 

measured. Four of the seven bolts showed a significantly 

reduced release torque.  

 

 

Figure 3. Flange joints and gusset plates as used types of 

structural connections. 

 

The reasons for the phenomenon could not be clarified in detail 

but dynamic loading by the more than 150 performed drop tests 

may have had a significant impact on the prestressed joints of 

the tower structure. Therefore, it was decided to observe the 

structural behavior of the drop test tower in a long-term 

structural health monitoring (SHM) campaign to enable the 

identification and description of the damage process [2].  

3 MONITORING CAMPAIGN 

The general goal for structural health monitoring is to obtain 

precise and updated information of the structures performance 

that can be used to asses and predict the current structural 

condition of the monitored object. Additionally, the SHM 

supports the upcoming inspections with extra insights. The 

typical process for designing monitoring systems as described 

in [4] has been applied and expanded by the implementation of 

numerical models.  

The monitoring concept covers the following tasks to assess 

the structures behavior: under the testing loads [2]: 

• static deflection behavior of the structure under load 

• influence of the temperature distribution on thermal stress 

• transient bolt prestress force variation during a drop test 

• pretension losses due to drop tests 
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• long term pretension losses of bolts 

• (ambient) vibration based structural damage detection  

• transient vibration pattern of tower structure and 

foundation during a drop test,  

• calibration (updating) of the numerical models on the base 

of static deflections and vibration characteristics. 

To cover the described monitoring objectives six monitoring 

tasks with a specific sensor layout has been planned and later 

realized at the drop test tower, see Table 1. 

The monitoring task M covers the metrological conditions at 

the drop test tower. Wind speed, wind direction and the air 

temperatures at the top and the middle of the tower are 

continuously measured. On the southern tower leg, which is 

fully exposed to the sun, the surface temperature of the steel is 

measured. In addition, halfway up on all four tower legs, the 

temperature is measured, too. By combination of both setups a 

horizontal and a vertical temperature gradient can be 

calculated. The detailed temperature measurement is also 

necessary for an additional temperature compensation of the 

strain measurements of monitoring task RF as well as for all 

temperature related effects on the structure and the sensors.  

The monitoring task RF evaluates the thermal strain at the 

four corner brackets where the vertical tower legs snap off into 

the pyramid ridge. This position is expected to be most affected 

by the thermal stress. At each tower leg four strain gauges are 

installed along the circumference of the steel tube below the 

corner bracket in longitudinal direction. This setup allows to 

recognize longitudinal strain due to the test loads but also 

temperature induced bending strain. The monitoring task RF 

also measures the dynamic response of the tower. Together 

with additional strains gauges at the tower legs near the tower 

foundations the compression waves that travel through the 

structure caused by the cask release and the impact on the test 

foundation during the drop tests will be recorded with a high 

sampling rate. Especially for low drop heights, the release 

impulse and the impact impulse can superpose, as the release 

impulse is independent from the drop height. 

The structural dynamics under ambient excitation (e. g. wind) 

are periodically recorded to identify possible changes in the 

vibration characteristics that indicate a possible damage by the 

application of the stochastic subspace damage detection 

(SSDD) w.r.t. an uncertain reference state [5, 6]. The damage 

detection of monitoring task SSDD relies on four biaxial 

accelerometers, one at each pyramid rafter. During drop tests 

additional accelerations are measured at the hoist cabin on top 

of the structure (triaxial), at the impact pad (uniaxial) and 

vibration velocities at the tower foundations with geophones 

(monitoring task BD). The gathered data can then be evaluated 

using probabilistic methods [7] or robust modal analysis 

algorithms [8]. 

The monitoring’s main focus motivated by the results of the 

tower’s inspection is the loss of pretension in the high tensile 

prestressed bolts. Therefore, a long-term monitoring is carried 

out by an ultrasonic monitoring system that records the value 

of tension at eight bolts of the flange joint at the corner bracket 

every 10 minutes (monitoring task SVS). So, it is possible to 

compare the bolts condition before and after a drop test and the 

long-term behavior. The force washers of monitoring task SVD 

are an independent system for the pretension measurements 

with significant higher time resolution so that the transient 

forces of the drop test can be recorded.  

 

Table 1. Monitoring tasks and their sensor setups [2]. 

M - meteorology G - global deformation 

 

 

 temperature sensor 

 wind speed / direction 

  position by 3D point 

cloud 

     displacement sensor  

 

SVD – dynamic bolt 

pretension 

RF - thermal stress 

 

 

 force washer  strain gauges setup of 4 

    single strain gauge 

 

SSDD & BD - dynamics & 

damage detection 

SVS -static bolt pretension 

 

 

  biaxial accelerometer 

     uniaxial accelerometer 

     uniaxial geophone 

ultrasonic force 

transducer 
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Though, this conventional force measurement has the 

drawback of a quite large influence of the bolt connection, since 

much longer bolts are needed and it acts like additional washers 

in the connection. On the other side, the ultrasonic pretension 

sensors of the SVS task preserve the native connection that’s 

used in all the flange joints at the corner brackets. Regarding 

the temperature effects and the prestress development both 

systems can be compared by symmetrically installed 

measurement bolds at different legs of the tower. 

The monitoring task G observes the global deformation 

behavior of the structure in a single measurement campaign, 

where a laser scanner was used two-fold: First, to obtain point 

clouds of the whole structure under investigation to yield 

information to create a digital twin image. To do so, several 

static positions were used to obtain 3D point clouds, which 

were referenced in a unique coordinate system by means of 

artificial targets. Second, a 3D point cloud by a single position 

was acquired during specific load scenarios of the structure; on 

one hand the zero epoch without any extra load and on the other 

hand the epoch under a specific load. This acquisition setup 

supports the estimation of deflections with a focus on the 

vertical component to learn about the influence of the load on 

the behavior of the structure, see. A long-term measurement of 

the deflection of the tower under test loads and temperature 

influences by means of an optical distance sensor will follow. 

4 NUMERICAL MODELLING 

 Model description 

Parallel to the design of the measurement concept digital 

models of the drop test tower have been developed. These 

included FE models focusing global and local structural 

behavior as well as a Building Information Modelling (BIM) 

model extracted from the 3D point cloud as described above. 

These BIM models were used to organize the existing data from 

visual inspection and from drawings and to develop a better 

general understanding of the structure and substantially helped 

to plan the monitoring setup. The models were used during the 

installation phase as planning documents for the monitoring as 

well as the installation documentation.  

For further investigations of the time related structural 

performance of the overall structure and structural details, 

especially for prognosis of the behavior of the high tensile 

prestressed bolts with respect to the high dynamic loadings 

during drop tests two further numerical models are established, 

where one is focused to be capable to describe the global 

dynamic response of the tower while the second is specialized 

to simulate the local static and dynamic behavior of the bolted 

connections.  

In the context of this contribution only the global response 

describing model is introduced and calibrated within the course 

of the paper. Principally two major intentions drove these 

investigations. First was the aim, to be able to simulate the drop 

tests and therefor to compute the transient process of releasing 

the test specimen followed by the responding loading of the 

structure by the release and the impact of the specimen. Second 

aim was to analyze, to which extend one can reproduce the 

effects of loosened bolts to the dynamic response behavior and 

therefore, to quantify the ability to detect successive extending 

damage with the stochastic subspace-based damage detection 

method under consideration of realistic boundary conditions 

and operational influences.  

The numerical analysis was carried out using the commercial 

FEA software system ANSYS® Mechanical in version 2019R3 

[9]. Accordingly, the modeling was conducted using the 

element types and meshing algorithms, available within 

ANSYS.  

Figure 4 shows a global view of the drop towers model. The 

space frame elements of the tower were modelled with beam 

elements, taking the tube-like (main structure), I-beam-like 

(grid at hoist) or rectangular (gusset plate) cross-sectional 

parameters into account. All structural dimensions as well as 

material parameter were taken from construction plans. An 

exception makes the staircase construction, which in the 

primary model version was not considered. Reason was the 

fact, that statically the staircase tower stands by its own and the 

only connection to the main structure was realized 

constructional without the task to transfer load. Within the first 

qualitatively performed comparison of numerical with 

experimentally determined modal parameter it was realized that 

the staircase tower has an unmissable influence of the dynamic 

response of the main structure. Since the staircase tower’s 

design is quite complex a simplification of structure was 

conducted with the aim to tune stiffness and mass within the 

model updating routine. The upper staircase to the hoist cabin 

and the hoist cabin itself were not considered for their minor 

contribution to the dynamic behavior of the overall structure.  

 

Figure 4. Numerical model of the drop test tower. 

All six support conditions at each of the four foundations were 

modelled as springs with approximated spring stiffnesses. 

Concentrated masses, especially the winch on the top of the 

tower but also the mass of the staircases, were modeled as point 

masses. The described approach with applying beams for the 

framework ensures a corresponding limited number of degrees 

of freedom for a sufficiently accurate image of the global 

dynamic behavior of the structure as well as a limited 

computational effort executing time integration analysis.  

Especially for the transient numerical analysis the accounting 

for the damping behavior is important and is considered as 

stiffness proportional damping, using modeling tools of 

ANSYS.  
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 Static model verification 

In preparation of numerical simulations, the quality of the 

model should be verified assessing the accuracy of simulation 

results comparing them with measured counterparts. In the case 

of the analyzed drop tower especially the stiffness parameters 

should have been under investigation 

A simple and effective method for verifying the global 

structural stiffness is a static load test where measured 

deflections are compared with the computed ones. Here, as part 

of a periodic routine examination of the hoist braking system a 

200 t nominal lift test was used as a load test, see Figure 2. The 

deflection of the top of the tower just beneath the hoist cabin 

was measured using tachymeter. In Figure 5 the computed 

deflection of the structure is displayed. For the position of the 

tachymeter reflector the computed deflection is d = 11.05 mm1, 

which is very similar to the measurement, see Table 2. This 

shows a very good conformity of the model’s global stiffness 

with those of the real structure.  

 

 

Figure 5. Simulation result of the 200 t load test. 

 

Table 2. Vertical deflection measured with a tachymeter 

during load test. 

test  

no. 

lifted  

mass [t] 

deflection  

[mm] 

1 0 0.0 

2 200 11.2 

3 195 10.5 

4 0 0.0 
 

 

5 VIBRATION BASED MODEL UPDATING 

For assessment and prognosis of the structural integrity over 

the course of drop tests it is necessary to estimate the existing 

stress state of the drop tower due to the highly dynamic loading 

caused by the sudden notching. This leads to the requirement 

of a most accurate model of the drop test tower’s structure.  

To meet this requirement an iterative finite element model 

updating routine is applied comparing simulation results with 

their measured counterparts and so calibrating the numerical 

model. Principally, this routine can be divided into two sub-

tasks, sensitivity analysis to determine the most valuable 

parameters and optimization. In optimization-based model 

                                                           
1 For the tachymeter reflector was not applied on a modeled 

structural member, the simulated deflection for its position 

was determined by interpolation.  

updating the objective function is based on the discrepancy 

between numerically obtained and experimentally derived 

features [10]. The sensitivity analysis as well as the 

optimization was performed using the optiSlang® software 

package in version 7.0 [11]. 

 Calibration criteria 

In particular inertia influencing parameters, such as global 

stiffness as well as the mass of the hoist machine on the 

structure’s top should be modeled as accurately as possible in 

order to make the subsequent investigations robust against 

systematic errors. For reason of the predominantly high 

dynamic loading of the structure the characteristic dynamic 

response parameters were chosen as comparison criterion in 

context of model updating.  

Initially the idea in this project was to conduct a detailed 

operational modal analysis using ambient excitations to obtain 

a complete modal map of the structure, including mode shapes. 

But for the difficulty of access to most parts of the drop test 

tower the sensor installation would be immense costly, even 

using sensor merging strategy. For that reason, in the scope of 

this contribution only natural frequencies of the structure were 

determined and applied for model updating. Nevertheless, 

Figure 6 shows a compilation of (simulated) global mode 

shapes and the corresponding eigenfrequencies for modes up to 

10 Hz.  

 

  
fx,sim    = 1.08 Hz fz,sim   = 1.13 Hz 

fx,meas = 1.16 Hz fz,meas = 1.26 Hz 

  

  
frot,sim   = 1.85 Hz fy,sim   = 9.64 Hz 

frot,meas = 1.96 Hz fy,meas = 9.77 Hz 

Figure 6. Selection of global modes. 

 

Due to the lattice-like structure of the drop test tower an 

immense number of local modes exist which can be identified 

numerically but due to the limited number of sensors (see Table 

d = 11.05 mm 
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1, task SSDD & BD) and the limited excitation energy hardly 

in the recorded vibration monitoring signals. For that reason, 

only the first four global modes were exploited, carefully 

identifying the experimental counterparts on base of the limited 

deflection information in the signals.  

 Sensitivity analysis 

Aim of the sensitivity analysis is to identify those variable input 

parameters that have the most significant influence on the target 

(output) variables. Thereby, the influence of all parameters in 

the entire possible parameter range is accounted for. The 

sensitivity analysis provides an understanding of the structural 

system and is therefore necessary to select the most important 

uncertain parameters. Prior to optimization, this sensitivity 

based parameter selection is important for the optimization 

routine to perform in an effective manner.   

Within the optiSLang software tool the sampling method can 

be chosen out of several stochastic sampling methods such as 

Latin Hypercube Sampling [12]. The data are then analyzed by 

calculating linear or quadratic correlation coefficients or further 

methods, such as principal component analysis or coefficient of 

determination.  

The sensitivity analysis starts with an expertise based pre-

collection of those parameters which may have an influence on 

the global dynamic response of the drop test tower. These are 

material parameter, geometrical dimensions, mass quantities 

and support stiffness values. Table 3 shows a partial collection 

of the chosen variables in the sensitivity analysis of the drop 

test tower. The complete collection implies 86 parameters, 

including all cross-sectional measures of all modeled structural 

members as well es the spring stiffnesses at the structural 

supports.  

Table 3. Collection of parameters for sensitivity analysis. 

Parameter Denotation Ref. Range Unit 

Mass hoist M_HOIST 34 17:37 t 

Mass stairs M_STAIR 95 0.75:1.00 t 

Length in x X1 12 11.95:12.05 m 

Hight to pyramid Y4 19.8 19.75:19.85 m 

Length in z Z1 10 9.95:10.05 m 

Youngs Modulus EX_S 210 202:214 GPa 

Radius leg RA_LEG 254 250:258 mm 

Rad. diagonals RA_STRUT 228.5 225.5:231.5 mm 

Radiua rafter RA_RAFTER 176.8 176:180 mm 

Rad. stairdiag. RA_TRDIA 54 52:200 mm 

Rad. staircolumn RA_TRST 162 160:200 mm 

Rad. stairconnec. RA_TRCON 54 52:120 mm 
 

 

The sensitivity analysis was processed using the optiSLang 

add-on to ANSYS Workbench. Target variables were the eigen 

frequencies of the four described global modes, which in the 

numerical modal analysis have the denotation FREQ_2, 

FREQ_3, FREQ_6 and FREQ_86. All in all, 100 samples were 

generated using the implemented Advanced Latin hypercube 

sampling.  

Figure 7 displays the result in form of a Coefficient of 

Prognosis matrix (CoP), comprising the eight most relevant 

parameters to influence the eigen frequencies. The remaining 

four parameters were filtered out automatically for their 

unimportance. The CoP is a model independent measure to 

assess the model quality by accounting for the prediction errors 

during sampling. A more detailed description of the CoP is 

given in [12].  

 

 

Figure 7. Coefficient of Prognosis (CoP) matrix. 

 

The sensitivity analysis shows some interesting phenomena. 

So, the influence of the simplification in the modeling of the 

staircase tower and its connection with the drop test tower is 

very good shown in the cross sectional parameter RA_TRDIA, 

RA_TRST and RA_TRCON which represent the outer radius 

of the tube-like members of the stair case diagonals, the stair 

case column and the connection member which govern the 

bending stiffness of the staircase tower and its influence of the 

global stiffness of the drop test tower. Also interesting is the 

clear impact of the global length of the structure in z-direction 

Z1 while the same measure in x-direction X1 has a significant 

lower influence on the related vibration modes (FREQ3, 

FREQ6).  

All eight analyzed numerical parameters considered within 

the CoP matrix revealed important sensitivities and will be used 

in the optimization process. 

 Optimization 

The optimization step allows to obtain that parameter set, that 

minimize the differences between the numerical and 

experimental modal responses. This involves the objective 

function f which here for each output frequency is defined as 

 𝑓 =
|𝑓exp−𝑓num|

𝑓exp
→ min ,  (1) 

where fexp and fnum specify the experimental and numerical 

obtained eigenfrequencies respectively.  

Operating the optiSlang software a genetic algorithm is used 

to estimate a set of parameters focused on the minimization of 

the objective function residuals. This procedure is repeated 

iteratively until the defined maximum number of generations is 

reached. 

The optimization of the drop test tower model involved the 

use of eight design variables and four eigenfrequency 

responses. The genetic algorithm was based on an initial 

population consisting of 1000 individuals and 90 generations, 

for a total of 9900 individuals. 
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Table 4 and Table 5 show the input and output parameter of 

computed best design, i.e. the most suitable set of numerical 

input variables to gain the requested response, i.e. the 

eigenfrequencies of the selected global modes.  

Table 4. Best design: input parameter. 

Design variables Values Units 

M_HOIST 30.8 t 

M_STAIR 1.42 t 

X1 12.027 m 

Z1 10.029 m 

EX_S 203.8 GPa 

RA_TRST 182.4 mm 

RA_TRDIA 114.5 mm 

RA_TRCON 63.0 mm 

Table 5. Best design: output parameter. 

Response  Values Units 

FREQ2 1.162 Hz 

FREQ3 1.259 Hz 

FREQ6 1.962 Hz 

FREQ74 9.788 Hz 

 

Table 6 shows that the relative errors associated with the 

eigenfrequencies before updating have been between 1.3 % and 

9.9 % and after updating between 0.06 % and 0.20 %, with 

three out of the four values under 1 %.  

Table 6. Best design: output parameter. 

Mode εbefore [%] εafter’[%] 

Horizontal x-dir. 7.20 0.20 

Horizontal z-dir. 9.86 0.06 

Rotation y-dir. 5.48 0.08 

Vertical y-dir. 1.28 0.18 

 

Therefore, it can be stated, that the application of the model 

updating process was applied successfully and for further 

analysis of the dynamic behavior of the drop test tower the 

updated model should be utilized. Although, it is obvious that 

the model updating can be made more robust by accounting for 

mode shapes and local modes. Therefore, an extensive 

experimental modal analysis is necessary.  

6 SIMULATION OF STRUCTURAL BEHAVIOR 

 Drop test simulation  

In preparation of the investigations of the towers structural 

behavior during drop tests transient simulations are performed. 

Aim is here to determine influences of damping parameter as 

well as the general robustness of the transient simulation 

routine, especially in respect to the parameters of the impulse 

excitation by notching, which real values are nonlinear and 

difficult to measure.  

For comparative analysis a drop test with a 182 t test body 

was chosen which was accompanied by acceleration 

measurements at the hoist cabin. The study confirmed that, 

beside damping components, especially the duration of the 

impulse has a major influence on the analysis result. The 

notching device is designed in a way, that the impulse duration 

is extremely small. Though the impulse time is also 

significantly affected by the rope elongation and so by the 

height of the drop event. Since detailed information about the 

rope were not at hand, a simple proportional relation between 

drop test height and impulse time was deployed and used for 

the model validation.  

 

 

Figure 8. Time history of acceleration, velocity and 

deflection during a 182 t drop test event,  

left: measured data and right: simulated data. 

 

The sampling (response computing) frequency was set to 

200 Hz. Figure 8, right shows the simulated acceleration and 

velocity time history plots. The graphs show an adequate 

similarity of the magnitudes. For acceleration the values are 

similar, for velocity the simulated values are slightly higher 

than the measured and for the deflection magnitudes of both 

graphs are similar again. Compared to the measured 

accelerations and the deduced velocities the simulation result is 

satisfying. Observing the decay behavior of the vibrational 

answer, it is obvious, that the damping is significantly higher in 

nature than in the simulation. Here a more sophisticated 

consideration of damping parameters in the model will improve 

the simulation. Noticeable is a second excitation in the real 

measurement after approximately 1.5 seconds. This is due to 

the impact of the test body on the ground plate and the 

transmission of that impact to the tower foundations. To 

account for that event a significant more complex model, 

including simplified sub-models of the impact pad and concrete 

block underneath as well as the ground is mandatory. 
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7 CONCLUSION AND OUTLOOK 

In context of the planned and realized structural health 

monitoring system at the large drop test tower of BAM the 

contribution focuses on the calibration of a numerical model of 

the structure.  

Overall aim of the monitoring project is to identify the 

structural behavior over time to get an understanding of the 

damaging process which is visible in a verifiable time 

depending loss of pretension in bolts of structural steel 

connections. The complex structural situation includes wind 

and temperature induced loading and especially high dynamic 

impulse loadings during drop tests. One profound instrument 

for fulfilling the task is numerical simulation of the structural 

response to loading, utilization finite element models.  

The calibration or updating of the model uses modal values, 

specifically eigenfrequencies as referencing parameters. Based 

on ambient vibration measurements the eigenfrequencies of 

four global vibrational modes of the tower structure were 

identified. A sensitivity analysis revealed that the global modes 

are essentially influenced by the Youngs modulus of the 

utilized steel, the mass of the hoist system, cross sectional 

geometrical parameter, governing the bending stiffness of the 

neighboring staircase tower as well as the connection to the 

drop test tower and last not least, by global geometrical values 

of the tower structure. 

The proposed finite element model of the drop test tower, 

focusing the global dynamic behavior was calibrated 

successfully and will be used for further analysis of the 

dynamic responses due to wind and temperature as well as 

impulse loading.  

Nevertheless, for a more detailed structural analysis implying 

also component details of the lattice structure a more complex 

calibration of that more complex model is necessary, including 

mode shapes as well as local vibration modes. For this, a quite 

extensive experimental modal analysis with numerous sensor 

points is necessary, which in case of the drop test tower is 

challenging for their difficult access.  

To achieve the proposed objectives of the project one of the 

next steps will be the establishing of an early damage detection 

instrument, namely the Stochastic Subspace-based Damage 

Detection (SSDD) method. Utilizing the proposed finite 

element model, transient simulation will be performed to 

determine an optimal sensor placement as well as to customize 

method inherent parameters for a sensitive but robust damage 

detection. 
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∗∗ GeM, Université de Nantes, 44000 Nantes, France

∗∗∗ Univ. Gustave Eiffel, Inria, COSYS/SII, I4S, 35042 Rennes, France

ABSTRACT: This article describes an approach to evaluate the minimum localizable damage for stochastic
subspace-based damage diagnosis. Localizability is defined as the sensitivity to small and local damages (detectability),
the ability to narrow down the exact damage location (localization resolution), and the test response of undamaged
parameters (false localization alarms). For the analysis, damage is defined as a change in model-based design
parameters, for example, material constants or cross-sectional values in a finite element model. Subsequently, the
parameter changes are linked to changes in the global damage-sensitive features using sensitivity vectors, and inherent
uncertainties (due to stochastic loads and measurement noise) are quantified. This way, local structural parameters can
be tested for changes using statistical hypothesis tests, such as the general likelihood ratio and the statistical minmax
localization test. Due to the numerical conditioning of the damage localization problem, the sensitivity vectors have to
be clustered before damage can be localized. Sensitivity clustering corresponds to a substructuring of the finite element
model, where the number of clusters (the localization resolution) is a user-defined input parameter. The main results
of this paper are mathematical criteria to calculate the damage detectability and the false alarm susceptibility for
different localization resolutions. Moreover, an automated substructuring routine is described that finds the optimal
substructure arrangement as a compromise between high damage detectability, high localization resolution, and low
false alarm susceptibility. For proof of concept, a numerical case study is presented, where the damage localizability is
determined and validated for a cable-stayed bridge.

KEY WORDS: Ambient vibrations, statistical test, detectability, localization resolution, false localization alarms

1 INTRODUCTION

Modern societies depend on structural and mechanical
systems, such as power plants, bridges, offshore platforms,
defence systems, aircraft, and spacecraft. Because many
of these structures cannot be economically replaced or
because they are exposed to natural hazards, monitoring
techniques are developed to guarantee safe operation, even
beyond their original life span.

In the context of civil engineering structures, the process
of implementing a damage diagnosis strategy is referred
to as structural health monitoring (SHM). This process is
divided into the operational evaluation of the structure,
the observation through permanently installed sensors,
the extraction of damage-sensitive features, and the sub-
sequent damage diagnosis [1], which is subdivided into
damage detection, localization, quantification, and lifetime
prognosis [2]. Damage detection can be performed in an
unsupervised learning mode, meaning no vibration data
from the damaged structure is available. Damage localiza-
tion and quantification, on the other hand, either require
vibration from the damaged structure for training or a
finite element (FE) model of the examined structure.

On one hand, FE models are generally over-parametrized,
meaning changes in multiple structural parameters have
a similar effect on the data-driven features. So, it is not
possible to identify the structural parameter that has
changed due to damage. This either makes the damage
localization impossible or causes false localization alarms,
meaning undamaged components are incorrectly classified
as damaged. In the literature, multiple approaches are
summarized to overcome this problem, for example, the
collinearity index method [3], the column-pivoting method
[4], the Gram-Schmidt orthogonalization [5], a recursive
approach based on principal component analysis [6], or
others.

On the other hand, the use of FE models allows one
to physically define damage and to focus the damage
diagnosis on user-defined structural parameters. Moreover,
it is possible to calculate the sensitivity of data-driven
features toward model-based parameter changes and to
extrapolate knowledge beyond the reference state of the
structure. This paper explains how the localizable damage
can be quantified in percent of a model-based parameter
change (in, for example, material properties or cross-
sectional values) before damage actually occurs.
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All studies in this paper are performed for the stochastic
subspace-based damage diagnosis methods, which are ca-
pable of detecting [7] and localizing [8] structural changes
based on statistical hypothesis tests. The problem of over-
parametrization is remedied by combining redundant pa-
rameters into parameter clusters [9], where the number
of clusters (the localization resolution) depends on a user-
defined input parameter [10]. More recently, a method was
published to determine the minimum detectable damage
based on vibration data from the undamaged structure
and a FE model [11]. In the current paper, the method
is extended to damage localization, where the mean test
response for damaged and undamaged parameters is pre-
dicted. The approach has already been described in the au-
tomatic control community [12] but has not been applied
to larger civil engineering structures, such as bridges.

The paper is organized as follows: Section 2 recaps the
stochastic subspace-based damage localization method.
Section 3 introduces three optimization criteria to assess
the localizability of damages. In Section 4, the approach
is applied to a cable-stayed bridge followed by the conclu-
sions in Section 5.

2 STATISTICAL DAMAGE LOCALIZATION

This section recaps the stochastic subspace-based damage
diagnosis method. It is based on the asymptotic local
approach to damage detection [13], in combination with
the stochastic subspace-based residual vector as a damage-
sensitive criterion. The underlying vibration model is
assumed to be linear and time-invariant, with white noise
excitation and no periodic input signals.

2.1 Damage-sensitive Residual

The damage-sensitive feature is formed in the mathemat-
ical subspace of covariance functions. Covariance func-
tions describe the similarity of output signals at different
measurement channels. They can be estimated based on
output data, which is indicated through the hat symbol:

R̂i =
1

N

N∑
k=1

yκ+iy
T
κ ∈ R

r×r,

where i is the time lag, N is the number of samples in the
measurement record, and r is the number of channels. By
arranging the output covariance estimates in block Hankel
format

Ĥp+1,q =

⎡
⎢⎢⎢⎢⎢⎢⎣

R̂1 R̂2 . .
.

R̂q

R̂2 R̂3 . .
.
R̂q+1

. .
.

. .
.

. .
.

. .
.

R̂p+1 R̂p+2 . .
.
R̂p+q

⎤
⎥⎥⎥⎥⎥⎥⎦
, (1)

a dynamic system with m degrees of freedom can be
modelled. The parameters p and q are time lag parameters
with min(pr, qr) ≥ n and often p+1 = q. After applying a
singular value decomposition to the block Hankel matrix

Ĥp+1,q =
[
Û1 Û0

] [D̂1 0

0 D̂0

] [
V̂

T

1

V̂
T

0

]
,

the dynamic system matrices can be retrieved from the
column space Û1 ∈ R

(p+1)r×n using stochastic system

identification [14,15], where n = 2m. The null space Û0 is

orthogonal to the column space Û1, so a damage-sensitive
residual vector can be formed by pre-multiplying the left
null space to the block Hankel matrix and by vectorizing
the residual matrix, using the column-stacking operator
vec(·), so [7]

ε̂ = vec(Û
T

0 Ĥp+1,q). (2)

2.2 Damage Parametrization

For a physical interpretation, damage has to be expressed
in terms of model parameters and linked to the damage-
sensitive feature using sensitivity analysis. Using FE mod-
els, the health state can be expressed through model-based
design parameters θ ∈ R

H with (i.e., material properties,
cross-sectional values, support conditions, or pre-stressing
forces), and damage can be defined as a deviation from
their reference values θ0, so

Δ = θ − θ0. (3)

Using a first-order Taylor series expansion, the residual’s
mean vector can be expressed in terms of the parameter
vector as

Eθ[ε̂] ≈ Eθ0 [ε̂] +J (θ − θ0), (4)

where the first term approximates a zero vector Eθ0 [ε̂] →
0 and the second term includes the Jacobian matrix
J , which holds the feature’s derivative with respect to
structural parameters, that is,

J =
∂Eθ[ε̂]

∂θ

∣∣∣∣
θ=θ0

. (5)

The Jacobian matrix links changes in the data-driven
residual vector to model-based design parameters, which
allows for a physical interpretation of changes in data.
More information on the analytical computation of the
Jacobian matrix for the residual from Eq. (2) can be found
in the literature [9,10].

2.3 Statistical Distributions of the Feature

Uncertainties due to stochastic loads, measurement noise,
and limited sample size N have to be considered to
guarantee a reliable damage diagnosis. It can be shown
that the residual vector approximates a multi-dimensional
normal distribution

ζ =
√
N ε̂ −→

{N (0,Σ) (reference)

N (J δ,Σ) (damaged),
(6)

where ζ is known as the Gaussian residual vector and δ =√
N(θ − θ0) is the asymptotic change vector, cf. Eq. (4).

Damage manifests itself in a changing parametrized mean
vector. Uncertainties related to the estimation of the
Gaussian residual, on the other hand, can be captured
through the covariance matrix estimate [13]

Σ̂ =
1

nb − 1

nb∑
k=1

ζkζ
T
k , (7)

which is calculated as a sample covariance with nb number
of data blocks where ζk is the residual evaluated on each
block. The covariance captures the uncertainties in the
estimation of the Gaussian residual.
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2.4 Predicted Mean Test Response

Statistical hypothesis tests, such as the generalized like-
lihood ratio (GLR) can be applied for damage detection.
The parametrized test statistic is defined as [7]

t = ζTΣ−1J
(
J TΣ−1J

)−1

J TΣ−1ζ (8)

and follows a χ2-distribution with ν = rank(F ) degrees of
freedom. The bracketed term in Eq. (8) is known as the
Fisher information matrix F ∈ R

H×H . It can be estimated
based on reference data and should be seen as a measure
for the detectability of damage with

F = J TΣ−1J . (9)

Assuming that damage can be described through a single
parameter change, where all other parameters remain
unchanged, the mean test response (i.e. the non-centrality
in the χ2−distribution) can be predicted as [11]

λh = (Δθh)
2
FhhfsT. (10)

The damage diagnosis is reliable if the mean test response
is sufficiently large, with λ > λmin, because then, the test
result is clear despite the uncertainties in the damage-
sensitive feature. The minimum mean test response de-
pends on the width of the χ2−distribution (expressed
through the number of degrees of freedom) and can, for
example, be determined based on the allowable false-alarm
rate and the prescribed probability of detection, which
should be close to one-hundred percent [11].

2.5 Hierarchical Parameter Clustering

Damage localization is more challenging than damage de-
tection due to the large number of structural parameters
in FE models. Changes in multiple structural parameters
have a similar effect on the damage-sensitive residual, and
vice versa, it is not possible to identify the structural
parameter that has changed. To remedy this, parame-
ters with similar sensitivities are combined to parame-
ter clusters which corresponds to a substructuring of the
FE model. To preserve the statistical properties of the
damage-sensitive feature throughout the clustering [9], the
Jacobian matrix is normalized as follows

J̃ = Σ−1/2J . (11)

The first step of the hierarchical clustering approach [16]
is to evaluate the similarity of all sensitivity vectors using
the dissimilarity measure

dij = 1− J̃ T

i J̃ j

||J̃ i|| · ||J̃ j ||
,

where the second term is the cosine between the sensitivity
vectors (the columns in the Jacobian matrix). Secondly,
the two vectors with the shortest distance are selected. If
some of the sensitivity vectors are already clustered, the
complete-linkage criterion is applied [17] to evaluate the
critical distance D as the one with the maximum distance
between individual sensitivity vectors

D(Ca, Cb) = max{dij : i ∈ Ca, j ∈ Cb}. (12)

The two partitions with the shortest distance D are then
combined through averaging, with the cluster centres

ck =
1

mk

∑
i∈Ck

J̃ i, (13)

where mk is the number of parameters in cluster Ck and
k ∈ [1, . . . ,K] is the number of clusters. The steps from
Eq. (12)-(13) are repeated until the distance drops below
a user-defined threshold dthres. Ultimately, a clustered
Jacobian matrix is obtained

J c = [c1 · · · cK ] . (14)

2.6 Damage Localization Test

During damage detection, each structural parameter θh is
individually tested for changes. In the presented version,
the minmax localization test evaluates the minimum like-
lihood of the tested parameter having changed against the
maximum likelihood of changes in untested clusters, as this
yields the localization result with the highest localization
resolution. Mathematically, this concept is implemented
through a geometrical projection as explained in the fol-
lowing. First, the Jacobian matrix is re-organized

J h,c = [J hJ c
h̄] , (15)

where J h is the residual’s sensitivity toward the tested
parameter from Eq. (5) and J c

h̄ is the untested partition
that includes the cluster centres of all parameters from
Eq. (14) except the one that contains the tested parameter,

J c
h̄ =

[
c1 . . . ck(h)−1 ck(h)+1 . . . cK

]
.

Considering that the clustered Jacobian matrix is already
normalized, see Eq. (11), the Fisher information for the
reorganized Jacobian matrix can be expressed as

Fh,c =

[
Fhh Fc

hh̄
Fc

h̄h Fc
h̄h̄

]
=

[
J̃ T

h J̃ h J̃ T

h J̃
c

h̄

J̃ cT

h̄ J̃ h J̃ cT

h̄ J̃ c

h̄

]
. (16)

Subsequently, the Gaussian residual ζ is projected onto
the tested and untested partitions,

ζh = J T
hΣ

−1ζ, ζc
h̄ = J̃ cT

h̄ Σ−1/2ζ, (17)

and a geometrical projection is applied to obtain the
robust residual and its Fisher information [18]

ζ∗h = ζh − F c
hh̄F

c−1
h̄h̄

ζc
h̄, (18)

F ∗
h = Fhh − F c

hh̄F
c−1
h̄h̄

F c
h̄h, (19)

respectively. This operation preserves the residual’s infor-
mation content regarding the tested parameter and makes
it blind to changes in untested partitions. Ultimately, the
(scalar) minmax test statistic is evaluated through

t∗h = F ∗−1
h (ζ∗

h)
2, (20)

which is χ2-distributed with ν = 1 degree of freedom and
a mean test response (i.e. a non-centrality) of

λh = F ∗
hδ

2
h. (21)

The mean test response can be predicted using Eq. (10)
after exchanging the Fisher information Fhh with the
robust Fisher information F ∗

h from Eq. (19). Using Eq. (15)
to (21), it is also possible to predict the mean test response
of a tested but undamaged parameter.

2.7 Problem Statement

Stochastic subspace-based damage diagnosis is based on
statistical hypothesis tests, such as the general likelihood
ratio and the minmax localization test. The tests are data-
driven, but a FE model is required to physically define
damage, to evaluate the sensitivity towards structural
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parameter changes, and to localize damage. The model
itself is assumed to be perfect and is not updated during
the damage diagnosis. FE models are over-parametrized,
meaning changes in multiple structural parameters have a
similar effect on the damage-sensitive feature. Structural
parameters with similar sensitivity vectors have to be
combined to parameter clusters, which corresponds to a
substructuring of the FE model. The damage localization
resolution is a user-defined input parameter and is defined
through the cut-off value dthres. It appears intuitive to
strive for a high damage localization resolution but the
next chapter will show that an increased localization
resolution can lead to negative effects, that is, a lower
damage detectability and false localization alarms.

3 OPTIMAL DAMAGE LOCALIZATION

This section summarizes an approach from the litera-
ture [12] and presents three optimization criteria to find
the minimum localizable damage, namely, the damage
localization resolution, the minimum detectable damage,
and false localization alarms. Moreover, a multi-objective
optimization strategy is introduced to find the optimal
compromise between the three criteria and to determine
the optimum settings for damage localization.

3.1 Damage Localization Resolution

The first criterion is the damage localization resolution.
The resolution depends on the number of clusters K be-
cause, even though a single parameter change is assumed,
undamaged parameters also show a significant test re-
sponse if they are within the same cluster. A low number
of clusters corresponds to a low localization resolution, and
a high number of clusters to a high resolution. The higher
the resolution, the more accurate the damage localization.
Therefore, an objective function can be formed as follows

f1(K) =
K −Kb

Kg −Kb
, (22)

where K is the number of clusters, and g and b are indices
for a good and bad number of clusters. The normalization
through a lower bound Kb = 2 and an upper bound Kg =
rank(F ) yields an objective function between zero and one
with values close to zero reflecting an ideal localization
resolution.

3.2 Minimum Detectable Damage

The second criterion is the minimum detectable damage,
that is, the minimum change in local structural design
parameters that can reliably be detected based on changes
in global damage-sensitive features. It can be calculated
based on reference data by rearranging the predictive
formula from Eq. (10) for the relative parameter change
and substituting the minmax Fisher information from
Eq. (19)

Δh(K) =
1

θ0h

√
λmin

N · F ∗
h

. (23)

The diagnosis is considered “reliable” if the probability of
false alarms is low and the probability of detection is high,
which is equivalent to requiring a minimum mean test
response λ = λmin. Equivalently, damage is “detectable” if

it is significant under consideration of typical uncertainties
and empirical safety thresholds. The lower the detectable
damage, the more sensitive the damage diagnosis. Like-
wise, the decisive parameter is the one with the highest
detectable damage Δmax(K) = max{Δ1(K), ...,ΔH(K)},
as this corresponds to the parameter with the lowest dam-
age detectability. An objective function can be formed as
follows

f2(K) =
Δmax(K)−Δg

Δb −Δg
, (24)

with a lower bound of Δg = 0% and an upper bound of
Δb = 100%.

3.3 False Localization Alarms

The third criterion is the false alarm susceptibility. A false
localization alarm is defined as a significant test response
for an unchanged parameter that is not within the same
cluster as the parameter that has changed due to dam-
age. False alarms occur for inappropriate cluster settings,
meaning if the cluster centres are not representative of
individual sensitivity vectors, or if the sensitivity estimates
have not fully converged toward the true value.

The previous section explained how the mean test re-
sponse could be predicted based on the Fisher information
Eq. (10). A reliable damage localization requires that no
false localization alarm exceeds the test response for the
parameter that has actually changed. Consequently, it is
sensible to evaluate the relative test response, using the
non-centrality ratio

NCR = λh,h′/λh′,h′ . (25)

The NCR describes the ratio of the predicted mean test
response for a tested but unchanged parameter λh,h′ to the
one of a tested and changed parameter λh′,h′ , cf. Eq. (10)
and (19). More details can be found in the literature [12].

Whether or not false localization alarms are significant is
determined by introducing a threshold value of, for exam-
ple, 90%. That means that the NCR must not exceed 90%
for any undamaged parameter. To form an optimization
criterion the false alarms are evaluated for all possible
damage scenarios (i.e. changes in all structural parameters
θh with h = 1, . . . , H), and the number of scenarios Nsc is
counted that exhibits false localization alarms. Then, the
objective function can then be defined as

f3(K) =
Nsc(K)−Ng

Nb −Ng
, (26)

where Ng and Nb are lower and upper bounds that allow
the user to weigh the importance of false alarms.

3.4 Pareto Optimization

Finding the minimum localizable damage is a multi-
objective optimization problem. It depends on the localiza-
tion resolution, the minimum detectable damage, and false
localization alarms. After scaling with user-defined lower
and upper bounds, all three criteria are equally important.
For example, a high damage detectability is useless if the
localization resolution is low with K = 1, because it is
merely possible to detect the presence of damage but
not its location. At the same time, a high localization
resolution is meaningless if the false localization alarms
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are excessive, because the actual damage location remains
hidden. The localization resolution and the damage de-
tectability are conflicting optimization criteria, meaning it
is not possible to improve one criterion without degrading
the other.

Dealing with conflicting optimization criteria of equal im-
portance is known as Pareto optimization. The optimal
solution is the one that simultaneously optimizes the local-
ization resolution f1 from Eq.(22), the damage detectabil-
ity from Eq. (24) and the false alarm susceptibility from
Eq. (26). One way to find the optimal solution is to define
a compromise function as the Euclidean distance in the
three-dimensional optimization space

min
K

f =
√
f1(K)2 + f2(K)2 + f3(K)2 (27)

s.t. f1(K) < 1, f2(K) < 1, f3(K) < 1.

The optimal compromise can then be found by selecting
the number of clusters (the localization resolution) with
a global minimum in the compromise function f from
Eq. (27).

4 NUMERICAL APPLICATION

In this section, the developed methods are applied to the
numerical model of a cable-stayed bridge [19]. The goal
is to evaluate the optimal substructure arrangement to
localize the failure of stay cables, and to validate the
prediction of the mean test response for damaged and
undamaged cables, that is, false localization alarms.

4.1 Model Bridge Description

The specimen is a scaled-down laboratory model of the
St. Nazaire cable-stayed bridge in France (scale 1:200),
described in [20]. The real bridge and the laboratory model
are shown in Fig. 1 and Fig. 2.

Figure 1. St. Nazaire Bridge, Nantes.

The model is split into the main span and two side spans
with a length of 2.02 m and 79 cm, respectively. The bridge
deck is a steel box girder, continuous over all three spans,
with a width of 7.5 cm. The cross-section is composed of
foam encased by a trapezoidal steel sheet. The piers at
the cable end spans are made of aluminum. The two A-
shaped towers, also made of aluminum, rise 33 cm over
the steel deck, where the two aluminum posts of each
tower are connected at the top through a steel sheet that
includes fixtures for stay cables. Each tower sits on top of a
monolithic tower pier with two vertical pillars, a transverse
beam, and a solid piece that expands to the foundations.
The 72 steel cables connect the upper part of the tower to
the deck and form two cable planes in fan-arrangement.

Figure 2. Laboratory model.

4.2 Finite Element Model

The stochastic subspace-based damage diagnosis method
is data-driven, but a FE model is required to parametrize
damage and to calculate the sensitivities of the damage-
sensitive residual toward structural design parameters.
Since the case study in this paper is based on the numer-
ical vibration data, the model is also used for vibration
generation.

The FE model from Fig. 3 was created and calibrated by
the Department for Civil and Mechanical Engineering in
Nantes [20]. It is designed in MATLAB using custom-
code for 3-D beam and truss elements. The continuous
deck is discretized into 50 beam elements with identical
cross-sections and material properties over all three spans
(Group 1 in Table 1). The piers are split into pier pillars
(Group 2) and pier caps (Group 3). The pylons are split
into six groups: the piers (Group 4), the V-shaped pier
caps (Group 5 and 6), the A-shaped towers (Group 7
and 8), and the vertical cable anchor elements made of
metal (Group 9). The stay cables are the only elements
that are modelled as trusses (Group 10). In total, the
model exhibits 1,038 degrees of freedom. All six degrees
of freedom at the two tower foundations and the four pier
foundations are fixed, reducing the number of unrestrained
degrees of freedom to 1,002.

The model calibration is conducted based on experimental
data from the laboratory bridge model from Fig. 2. High
uncertainties are expected in the modelling of the bridge
deck, because the properties of the epoxy glue and the
foam infill are not specified. First, the natural frequen-
cies are extracted using stochastic subspace-based system
identification, and subsequently, the cross sectional values
of the deck are updated (i.e., the moment of inertia, and
the mass density) until a satisfactory match of numerical
and experimental frequencies is obtained [20].

The considered natural frequencies and mode shapes of
the FE model are summarized in Fig. 4. The mode shape
of Mode 2 is similar to Mode 3, but it exhibits no
bending components in the towers and a more pronounced
longitudinal movement of the deck.

For vibration generation, the mechanical system matrices
are extracted from the model, the modal damping matrix
is set up based on an assumed value of 1% critical damping
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Figure 3. Finite element model in Matlab [19].

No. ρ E A Iy Iz J

[ kg
m3 ] [MN

m2 ] [cm2] [cm4] [cm4] [cm4]

1 37,000 210,000 0.2 2.1 0.18 2.3
2 2,700 69,000 2.0 0.17 0.67 0.83
3 7,800 210,000 2.4 0.8 0.29 1.1
4 2,700 69,000 18 120 6.0 130
5 2,700 69,000 9.0 15 3.0 18
6 2,700 69,000 9.0 15 3.0 18
7 2,700 69,000 0.24 0.0032 0.0072 0.01
8 2,700 69,000 0.24 0.0032 0.0072 0.01
9 7,800 210,000 0.24 0.0032 0.0072 0.01
10 7,800 210,000 0.001134

Table 1. FE model properties.

Figure 4. Modes of vibration for damage diagnosis [19].

for each mode, and transformed into a state space model
in modal coordinates. This allows for the individual modes
of vibration to be selected that contribute to the vibration
record. Subsequently, a white noise input signal is applied
to the vertical degrees of freedom of the deck beam, a
transient analysis is run, and the output at the sensor
locations from Fig. 3 and 4 is stored after superimposing
it with uniformly distributed measurement noise with a
magnitude corresponding to 5% of the output variance.
All other signal processing parameters are summarized in
Table 2.

Signal Processing

Measurement quantity acceleration
Sampling frequency 340 Hz
Reference data length 30 min
Training/testing data 30 min

Table 2. Input parameters

a) Damage Parametrization. Damage is defined as a
change in the cross-section A of the cables. The same
monitoring parameters are assigned to the cables on both

sides of the deck, reducing the number of parameters from
72 to 36 with the monitoring vector

θ = [A1 . . . A36] . (28)

The stiffness contribution of three-dimensional truss el-
ements is a linear function of the cross-section A, the
modulus of elasticity E, and the cable length L, meaning
a change linearization through the Jacobian matrix does
not introduce bias.

Kloc
el = EA/L

[
1 −1

−1 1

]
(29)

b) Sensitivity Computation. The Jacobian matrix links
changes in the data-driven residual to structural design
parameters [9,10]. For its computation, the first six modes
of vibration are considered, see Fig. 4. The pole derivatives
are computed analytically, and so are the mode shape
derivatives. The mode shape derivatives are computed us-
ing the modal approach [21], which theoretically requires a
loop over all modes of vibration of the FE model. However,
the derivatives converge rapidly, and for simplification,
only the first 30 modes are considered in this study.

4.3 Optimal Substructures for Damage Localization

Before the optimal substructure arrangement can be
found, the main input parameters for the damage diagnosis
have to be defined, including the time lag parameters p, q,
the system order n, and the number of blocks nb or the
block length Nb = N0/nb for the covariance estimation,
where N0 = Tfs = 612, 000 is the number of samples from
the reference state. For conciseness, all input parameters
for the damage diagnosis are summarized in Table 3.

Damage Diagnosis

Number of channels r=10
Time lags for Hankel matrix p/q=4/5
System order for null space n=12
Block length for covariance Nb= 10

Table 3. Input parameters

Finding the optimal substructure arrangement is a multi-
objective optimization problem. Figure 5 visualizes all
three objective functions from Eq. (22), (24), and (26)
for a varying number of parameter clusters, together with
the compromise function from Eq. (27). The individual
objective functions can be interpreted as follows:

• f1 is the localization resolution (the dashed line).
Damage localization with a single parameter cluster
is meaningless, so the worst solution with f1 = 1 is
achieved for two parameter clusters. With an increas-
ing number of clusters, the localization resolution
linearly improves with an optimal value of f1 = 0
for Kg = rank(F ) = 24 clusters.

• f2 is the damage detectability (the solid black line).
The detectability is high for a low number of clusters,
but for more than six clusters, it gradually worsens
with a distinct jump for more than 20 parameter
clusters. This jump indicates that the minimum de-
tectable damage for the parameters with the lowest
damage detectability exceeds 100%.
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Figure 5. Objective functions.

Figure 6. Substructure arrangement.

• f3 is the false alarm susceptibility (the dotted line).
False alarms are zero for one or 36 clusters and un-
equal to zero for most other cases. The solution close
to the allegedly optimal point with 20 clusters ex-
hibits a high number of false alarms, which underlines
the importance of the false alarm susceptibility as an
optimization criterion.

Figure 5 also contains the compromise function (the thick
solid black line). It exhibits minima for 16 or 18 parame-
ter clusters, meaning these cluster settings simultaneously
maximize the localization resolution and the damage de-
tectability, and minimize false localization alarms. The
solution with 18 clusters is visualized in Fig. 6; for this
cluster setting, the cable pairs in each cable fan are defined
as separate substructures, so the damaged cable pair can
be clearly identified. However, due to the symmetry of the
bridge, it is not possible to identify the cable fan in which
damage has occurred.

4.4 Result Validation

All previous studies in this paper are based on vibration
data from the undamaged structure and a FE model.
To validate the predictions for the minimum detectable
damage from Eq. (23) and the mean test response of
undamaged parameters (i.e. the NCR) from Eq. (25),
structural damage is now simulated in the FE model by
decreasing the cross-sectional area in individual cable pairs
by 50%. Since 36 cable pairs are monitored, there are
36 possible damage scenarios, one for each monitoring
parameter from Eq. (28).

First, damage scenario P3 is discussed, with a 50% reduc-
tion in the cross-section area of cable pair P3. The damage
localization results for this scenario is shown in Figure 7. It
appears that the predicted mean test response (plus sign)
is close to the measured value (white bar) for the damaged
cable pair P3. Cable pair P34 is in the same cluster as cable
pair P3, so the test response was to be expected. All other
cable pairs are not within the same cluster, but the mean
test responses (grey bars) can be predicted with sufficient
accuracy. Cable pairs P2 and P35 exceed the threshold
of 90%, which is why this scenario is classified as a false
alarm scenario.

Secondly, the validation study is repeated for damage
scenario P7, P13, and P19, see Figure 7. The predictions
appear to be accurate for both changed parameters and
unchanged parameters (false localization alarms).

Ultimately, comparing the localization results for the dam-
age scenarios from Figure 7 highlights the importance
of all three optimization criteria. Where the localization
resolution and the damage detectability are conflicting
criteria (meaning it is not possible to improve one without
degrading the other), the false alarm susceptibility is not
conflicting. Nonetheless, it should be considered as an
optimization criterion, because it critically affects the lo-
calizability of damage. For example, failure of cable pair P3
leads to significant test responses for three adjacent cable
pairs (P1, P2, and P4) and three more on the opposite side
of the bridge, with maximal NCRs over 95%. Therefore,
it cannot be said with certainty whether P2, P3, P34, or
P35 is damaged. Scenario P7 is even more ambiguous, as it

Figure 7. Validating the predictions of the mean test
responses for 50% damage in cable pair P3, P7, P13,

P19.
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exhibits test responses for 24 unchanged parameters. With
the current settings, both scenarios would be classified as
false alarm scenarios. To apply a more severe penalty to
scenarios such as P7, the threshold value for the NCR
could be lowered from 90% to 50%. On the other hand,
damages in cable pair P13 and in P19 can be more clearly
localized. To conclude, for a fixed sensors layout, the
localizability of some damages is higher than for others,
where localizability is a compromise between high damage
localization resolution, high detectability, and few false
localization alarms.

5 CONCLUSION

This paper describes an approach to determine the mini-
mum localizable damage, which is defined as the minimum
damage that can be localized reliably. It presents mathe-
matical formulas to assess the detectability of damage and
the false alarm susceptibility. Moreover, it is demonstrated
that an increasing damage localization resolution leads
to lower damage detectability, and a changing suscepti-
bility to false localization alarms. This paper employs a
subspace-based residual vector as a damage-sensitive fea-
ture, but the method is readily applicable to any damage-
sensitive feature with Gaussian properties.

The analysis is based on vibration data from the un-
damaged structure and a finite element model. Therefore,
the developed method allows the user to evaluate the
performance of the damage localization algorithm before
damage actually occurs. This is particularly important
for unique structures and unprecedented damaged events,
where no data is available for different damage scenarios.
Being able to evaluate the performance of the damage
localization is essential to optimize the sensor layout and
to convince decision-makers of the value of implementing
a SHM system.
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ABSTRACT: Society is dependent on aging infrastructure, which usually operates outside its expected life. Replacing this 

infrastructure is often an unviable option due to its cost and disruption. A structure’s operational life might be extended if the 

features of its aging are better understood, enabling preventive maintenance to compensate. Digital Twins (the continuous 

comparison between sensor measurements and a mathematical model) are one way of enabling this sort of data-driven decision 

making. However, despite the possibilities for this technology, its take up amongst industry has been slow, in part because 

infrastructure managers are unsure of how the technology will support them. 

This work develops a methodological framework to enhance this uptake in the field of systems engineering and the system 
development life cycle, using the developed knowledge to inform how an operational Digital Twin should be created. The 

requirements capture is the most important part of any system design development process. We present a Digital Twin 

development method, grounded firmly in a thorough requirements capture, and illustrate how those requirements inform many of 

the later design decisions. We then present our method through a case study of the Clifton Suspension Bridge, UK. 

Our method provides a series of actionable steps, the completion of which will facilitate the creation of a Digital Twin able to 

support operational decisions. By fulfilling the requirements of infrastructure managers, we hope to encourage the uptake of the 

technology. 

 

KEY WORDS: Digital Twin, Structural Health Monitoring, Finite Element Model, Decision Support, Bridge Management, 

Resilience 

1 INTRODUCTION 

There is still some confusion around exactly what a Digital 

Twin is [1], however consensus is growing, and for our part we 

agree with the definition provided by [3]. This states that “The 

defining characteristic of a digital twin is its data-connection to 

the physical twin” and that they “enable both retrospective 

analysis of what has happened before and testing in the digital 

realm in order to accurately predict the possible outcomes of an 

intervention in the physical”. Also growing is the realisation 

that if this technology is to be widely adopted it must fulfil an 
operational need [2].  

Present interest in Digital Twins is due to recent advances in 

monitoring, data handling and computational technologies [4]. 

Wireless sensor networks reduce the cost of sensors 

deployment [5], and so enable a significant increase in the 

amount of data that can be collected about a structure. For this 

data to be useful, however, a deeper understanding of the 

structure of interest is needed. Mathematical models have long 

been used to produce this understanding, but comparison with 

recorded measurements is traditionally done in a one-off model 

validation exercise. This approach means that changes in a 

structure (possibly due to aging) are not picked up, and this 
limits the use of traditional models when supporting 

operational decision-making, such as scheduling maintenance.  

A Digital Twin aims to overcome this limitation by performing 

frequent revalidation of the model, providing visibility of 

structural parameters that are not directly measurable as they 

change over time. On a system-level the Digital Twin can be 

thought of as having three distinct, but highly interdependent, 

parts. These are: 

A network of sensors, that take measurements and provide 

visibility of the real structure. 

A mathematical model, that represents as faithfully as possible 

the status of the structure and is able to predict its dynamic 

behaviour.  
A software framework able to interface with element 1 and 2, 

providing the link between them. 

Although structural health monitoring and wireless sensor 

networks are a mature field [7], the integration of this 

technology into a Digital Twin has wide ranging implications. 

By drawing on system engineering ideas of functional 

decomposition [9], our method provides a framework around 

which these implications can be understood, and so support 

appropriate design decisions earlier in the Digital Twin 

development process. 

Our method attempts to ensure that each design decision is 

made to fulfil an operational need that was identified during the 
requirements capture. The creation of a Digital Twin will 

require investment, but by fulfilling the needs of infrastructure 

managers we hope to provide justification for that investment, 

and so de-risk the implementation of this technology. 

2 METHOD 

Our method describes five steps that must be undertaken to 

create an operational Digital Twin and highlights the 

Digital Twins for civil engineering: the Clifton Suspension Bridge (UK) 
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information flows that must be in place between these steps if 

the most appropriate design decisions are to be made. These 

steps are: 

1) Data and Need Acquisition 

2) Digital Modelling 

3) Sensor System Design 

4) Data/Model Integration 

5) Operation 

The management of a structure depends not just on technology, 

but also on human activity (such as processes and decisions) 
[10]. Many technology-based interventions fail because they 

have not taken some aspects of this ‘soft system’ into 

consideration [11], and our method tries to prevent this by 

enabling enquiry into both the technical and non-technical 

context of the operation. 

We will now describe in more detail each of the five steps. 

2.1 Data and Need Acquisition 

Before a system can be built it is important to understand three 
things: 1) the requirements for that system, 2) the operational 

processes that that system must become part of and 3) the 

physical environment in which the system must operate. 

A thorough requirements capture is the starting point for many 

system development approaches [9], and cannot be avoided if 

there is any hope of a useful system being created. When 

performing the requirements capture for an infrastructure 

Digital Twin there are at least four questions that must be 

answered: 1) what are the risks to the continued operation of 

the structure; 2) what actions could be taken to mitigate those 

risks; 3) what decision must be made before those actions can 
be taken; and 4) what information is needed to inform those 

decisions. This information is what must be generated by the 

Digital Twin if it is to assist infrastructure managers in 

extending the life of a structure. 

Enquiry can then take place into the processes that make up the 

structure operation. Decisions are not made out of nowhere, and 

are invariably triggered, either as part of a process (maybe as 

part of a periodic review) or as in response to some event (e.g. 

the reporting of a failure, or after a storm). If the Digital Twin 

is to inform decisions, it must therefore present its information 

in line with these processes, in a timely manner, and in a 
suitable format. The process will have a significant impact on 

the ‘twinning rate’ (the frequency at which the model is 

validated). For example, if the process is a monthly review, 

then a twinning rate of once a month will be sufficient; if the 

process is some sort of anomaly detection then this rate might 

have to be much faster to ensure the exceptional event is 

identified in time. Different output formats are also better 

suited to different processes. A periodic review requires a 

periodic report, while the reporting of exceptional events might 

benefit from a dashboard or even alarm. All this information 

forms the data output requirements for the Digital Twin system. 

The final step of the enquiry phase is to understand as well as 
possible the physical environment the Digital Twin must 

operate in. The information gathered here is crucial as it will 

form much of the ‘static’ [12] information necessary to build 

the model. The sources of this information will depend on the 

structure in question. Modern structures will likely have BIM 

models that will provide a detailed insight into the composition 

and dimensions of a structure (a BIM model cannot in itself be 

used for this sort of Digital Twin as it doesn’t have the 

predictive capabilities needed). Drawings may exist for legacy 

infrastructure, while operational records, photos or newspaper 

reports might also provide insight into its life and all of these 

may affect the boundary conditions required for the model. 

Besides the static information, monitoring is now 

commonplace on many structures [13], and a survey of any 

operational monitoring should be carried out. Insights might be 

gleaned from this existing monitoring that can be used by the 

Digital Twin, for example readings from operational 

anemometers may be converted to structural loadings. 

2.2 Digital Modelling 

The data output requirements generated for the Digital Twin 

will have a significant impact on the design and scope of the 

model. If information about a specific element of the structure 

is needed then the model design must include that element. The 

scope of the model should then be limited to only include those 

parts of the structure needed to accurately simulate the element 

in question. This reduces the cost of the model, and the 
computational time needed for model validation. 

To be integrated into a Digital Twin the software platform on 

which the model is implemented must have a number of 

application interfaces (or APIs). APIs must: 

1) allow the model to be manipulated by a wider software 

environment, 

2) allow the model to be invoked by a wider software 

environment and 

3) allow the model to output its results to a wider 

software environment. 

Only if these three things can be done will the Digital Twin be 
able to operate autonomously, and automatically validate its 

model to try and identify changes in the physical structure. 

When creating the model, consideration must be given to which 

parameters are likely to change and with what probability. 

Model validation is made complicated by the potentially huge 

number of adjustable parameters, meaning that many different 

model configurations might exist that match the measured 

response. The Digital Twin output is therefore statistical in 

nature [2] with an associated confidence rating. The system’s 

ability to accurately estimate this confidence is dependent on 

the model knowing the probability of a given value occurring 
in the real structure. 

The validation of the model will be implemented by the linking 

software, through comparison with sensor measurements. One 

purpose of a Digital Twin is to give visibility of a feature that 

cannot be directly measured, and so the feature against which 

the model is validated is unlikely to be the same as the feature 

about which information is required. A set of possible 

validation features must be selected from the model, and these 

will provide the requirements for the Digital Twin sensor 

deployment. Validation features can relate to either a single 

element (for example the strain at a specific point) or could be 

emergent behaviours resulting from the interaction of many 
elements (for example mode shapes). Either way, the model 

must have sufficient scope to predict this feature accurately if 

it is to be used for validation. An ability to measure these 

validation features is then part of the sensing requirement for 

the Digital Twin system. 
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2.3 Sensor System Design 

A structural health monitoring system can be divided into three 

parts [5]. They are: 

1) the sensors, that convert the physical attribute into a 

series of data entries, 

2) the network, that transfers these data entries from the 
measurement location to some computing resource 

where they can be handled and 

3) the database, which stores these data points for future 

processing. 

Integration into a Digital Twin puts requirements on each of 

these different parts. 

The sensor system provides the real-world data needed to 

validate the Digital Twin model. The type and location of the 

sensors will be governed by the requirements of the model, as 

they must provide data that can be compared with the simulated 

output as well as information about loadings. There are 

practical considerations around sensor deployment, such as 
how to provision power and communications and how to access 

the sensor for installation and maintenance. These 

considerations limit the set of possible features that can be used 

for model validation. 

The sensors must be networked so that data can be collected in 

a central location where it can be accessed by the linking 

software. If the linking software is to interpret the sensor 

readings, then metadata (such as the timestamp of the 

recording) must be recorded, transmitted and stored alongside 

the datapoint itself. 

Like the model, the sensor system database must have a set of 
APIs that allow the linking software to automatically launch 

queries. Different types of data, recorded by different sensors, 

will need to be processed in different ways, and so the database 

structure must be designed to allow this. A database technology 

must be selected that allows for data from specific time ranges 

to be requested, as this will minimise the data handling 

overheads. 

2.4 Data/Model Integration 

Depending on the validation features selected, the linking 

software may need to perform either pre- and post-processing 

on the data. This process might be necessary to make possible 

a meaningful comparison between the sensor and modelled 

outputs, or may be needed to convert the twinning output into 

a value that can be more easily interpreted by decision makers. 

For example, a common form of pre-proposing is to convert 

acceleration data from the time domain to the frequency 

domain. 

A Digital Twin creates novel insights by comparing the 

recorded data from sensors with the understanding contained 
within the model. Both the sensor system and model generate a 

structural response, one measured and one modelled. The 

output of the sensor system is limited to the validations features 

that are directly measured, while the model will generate a 

much broader set of features including those identified as the 

data output requirement. The Digital Twin linking software 

must automatically identify the model configuration that 

provides the best match between the measured and modelled 

validation features, as this configuration will most accurately 

represent the real world.  

To find the best model configuration, the linking software has 

to rerun the model many hundreds of times, each time with a 

different configuration, hence the model API requirements 

mentioned above. Each time a ‘best match’ is found, this 

represents one ‘twinning event’. This process takes time, and 

so this ‘twinning cycle’ must start sufficiently in advance of an 

eventual deadline for which the information is required. 

The ‘output’ of the Digital Twin may be either a simulated 

output from the validated model (for example the estimated 

strain on a specific element of a structure) or one of the 
parameters that has been updated during the twinning process 

(for example the modelled Young's modulus of an element). 

2.5 Operation 

Our method ensures that the developed Digital Twin delivers 

the information infrastructure managers need. To address this 

aim, we propose a threshold-based approach, as presented in 

[14]. The model can be used to identify the operational 

thresholds of a structure, and different actions taken depending 
on a parameter's proximity to that threshold and the direction 

of change. Decisions are likely to be multifactorial, depending 

not just on the state of the structure but other considerations 

such as the availability of resources. The more of these factors 

that a Digital Twin has visibility of, the more appropriate the 

decisions it makes will be.  

Another potential barrier to the deployment of an effective 

decision support tool is that of ‘trust’. An infrastructure 

manager must have trust in the information being given by a 

Digital Twin if they are to act upon it. Trust cannot be assumed 

however, and those developing a Digital Twin should consider 
how the system can earn the necessary trust. One possible route 

might be through the adoption of a phased deployment of the 

Digital Twin system. Alternatively, a codesign process might 

be adopted, where infrastructure managers are involved in the 

development of the Digital Twin to help them understand how 

it works and what it’s limitations are. 

3 CASE STUDY 

As a case study we have selected the iconic Clifton Suspension 

Bridge in Bristol (UK). This structure, completed in 1864, 

spans 214m across the Avon Gorge. It comprises a bridge deck, 

suspended below six chains by 162 rods. A longitudinal girder 

runs down each side of the carriageway, with each girder 

supported by three chains. The chains themselves are supported 
at each end by two stone towers, and are then anchored into the 

rock at the far end of a 60m backspan. The bridge is open for 

vehicles and pedestrians,  

with two footways separated from the roadway by the 

longitudinal girders. Figure 1 shows a photograph of the bridge, 

and for a more detailed description see [15]. 
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Figure 1. A photograph of the Clifton Suspension Bridge. 

3.1 Data and Need Acquisition 

Following our method, our first action is to identify the 

operational needs of the bridge managers. This may be derived 

from perceived risks, or from a desire to optimise some process. 

A meeting with the bridge manager identified the rock 

abutment into which the chains are anchored as being an 

operational priority. The rock is a natural structure, so its 

specific characteristics are unknown. Therefore, it is desirable 

to limit the lateral force applied by the chain anchors, and not 
let it exceed the values that continued operation has shown to 

be safe. Lateral force is minimised by the action of the tower 

top saddles, whose rollers allow changes in catenary as the 

loading on the bridge changes. The minimisation of lateral 

force therefore depends on the effective operation of those 

rollers, and them maintaining a low coefficient of friction.  

Action can be taken to reduce the friction, namely periodic 

maintenance during which the rollers are lubricated. The 

information required to optimise the scheduling of this 

maintenance is the present friction coefficient, and its rate of 

change over time. The present process for this is a periodic 

inspection of the rollers, however with better understanding this 
could be changed to event driven with maintenance done when 

a specific friction coefficient is reached. 

To understand the physical structure a wide range of different 

data sources were investigated. The structure has no BIM 

model, and so original drawings had to be references to 

understand the geometry. Other sources of information 

included a site survey, photos and maintenance reports. 

A number of models of the CSB already exist. Some were 

created for operation reasons by the bridge's Principle 

Contractor, and a data sharing agreement was drafted so that 

access to these could be granted. Other existing structural 
models have been created during past academic investigation. 

There is also a range of operational monitoring on the bridge. 

This includes wind sensors, toll barriers and weigh-in-motion 

machines that weigh each vehicle before it crosses the bridge.  

3.2 Digital Modelling 

The data output requirement for this Digital Twin is a value for 

the coefficient of friction at the four saddles. To calculate this 

friction coefficient, we must know the force being exerted on 
the saddle by the chains, and the rate of change of saddle 

displacement (in fact, more precisely the saddle acceleration). 

The digital model must therefore calculate a value for the chain 

strain on both the forward and back span. The saddle 

displacement must be measured directly, as this could only be 

modelled if that friction coefficient were already known. 

Previous analysis has suggested that temperature change has 

the largest impact on the strain applied to the saddles, and so 

the model must be able to simulate this. To accurately model 

the strain the chains apply to the saddles it is necessary to model 

all of the chains, rods and bridge deck. The stone towers are 

considered to be static, and so are not included in the mode. 

With so much of the bridge included in the model, one way of 

validating its accuracy is to compare the simulated mode shapes 

with those measured via sensors. Figure 2 shows some of these 

modelled mode shapes. This means that our sensor system must 
provide information about these mode shapes. 

 

 

Figure 2. Some characteristic mode shapes of the CSB model. 

The OpenSeesPy modeling language has been selected for the 

development of this model. It allows for sophisticated 

integration of a finite element model into a wider Python 
software environment, and includes all the APIs that we 

require. 

3.3 Sensor System Design 

To measure the structures mode shapes a number of 

accelerometer cross sections must be deployed onto the bridge 

deck. The one third point on the deck bridge provides visibility 

of most of the bridge deck modes, but additional locations 

could be selected to account for some modes that have low 
amplitude at that point. The chains could also be monitored and 

their mode shapes identified. These measures may allow for 

more accurate validation of the model; however, they will come 

at a much greater cost because of the difficulty of accessing 

these locations.  

Clearly temperature of the chains must be monitored in as many 

locations as practical. The greater the number of monitoring 

locations, the fewer assumptions have to be made about the 

uniformity of the chain temperature, and this may mean a better 

estimation of loadings. Figure 3 illustrates the sensing required 

for the proposed DT. 
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Figure 3. An illustration of the sensor deployment required by 

the proposed saddle monitoring DT application (base image 

taken from Google Earth). 

To enable the automatic validation of the model by the Digital 

Twin linking software, the data must be passed automatically 

to the server on which the model is being run. In this case the 

model will exist on a server situated in offices close to the CSB. 

Different sensors will transmit their data via different 

communications technologies. Previously wireless sensors 

networks have been deployed on the CSB [5], but their 

dependence on batteries makes them unsuitable for long term 
deployment, and wired sensors have been selected for this 

deployment.  

A message broker (Apache Kafka) will be used to gather the 

data, while a time series database (InfluxDB) will be used to 

store the sensor measurements and the associated metadata. 

InfluxDB has the APIs necessary to allow integration into a 

Digital Twin. 

3.4 Data/Model Integration 

If mode shapes are to be compared, they must first be calculated 

from both the accelerometer data and model output. This will 

be done by a Python software package, using the database APIs 

to download a period of acceleration data on which a mode 

analysis algorithm is run. The frequencies of the structural 

modes are already known from past analysis [16], and so filters 

can be applied to the data to pick out specific modes. The 

linking software will then attempt to validate the model based 

on these mode shapes. A template model configuration will be 

used for the first run, and the simulated mode shapes compared 

with the output generated from the sensor data. If the 
frequencies of the modes do no match, changes will be made to 

the model until a better approximation is reached. Detailed 

comparison can suggest specific parameter changes. For 

example, if modelled torsional mode frequencies are 

significantly above the measured values this can suggest the 

model does not include sufficient mass along the edges of the 

bridge deck. 

With a validated model, the Digital Twin must now calculate 

the strain at each saddle. The changes in temperature recorded 

by the temperature sensors will be input into the model, the 

operation of which will convert these temperature changes into 
structural loadings and a figure for the net force being applied 

to the saddles. The Digital Twin linking software takes this 

force value, and combines it with the observed saddle 

displacement to calculate the coefficient of friction experienced 

by the saddle rollers. 

It is important that any changes to this friction coefficient value 

are visible, and so the Digital Twin linking software will store 

each calculated value in the database ready for comparison and 

reporting. This log will then be presented  as a graph on a 

‘Clifton Suspension Bridge Dashboard’ so that it can be 

observed by infrastructure managers. The web-base Grafana 

platform will be used to create the interactive dashboard, and a 

similar dashboard from a previous project [5] is shown in 

Figure 4. 

 

 

Figure 4. A screen shot of the Clifton Suspension Bridge 

Dashboard [5] 

3.5 Operation 

The friction coefficient information can then be used to inform 

operational decisions and optimise the saddle roller 

maintenance regime. A threshold for roller friction can be 

selected, above which the lubrication process will be triggered. 

A second threshold, based on the rate-of-change of the friction 

coefficient, may also be necessary. In a scenario where the 

friction is seen to increase uncharacteristically rapidly, the 

Digital Twin might initiate a detailed visual inspection of the 
rollers to see if a reason for the drop in performance can be 

identified.  

To enable the Digital Twin system to build trust amongst the 

bridge managers it is advised that maintenance regimes are not 

altered straight away after the system is deployed. On the 

contrary, periodic maintenance should still be carried out for a 

few cycles. It is expected that the periodic lubrication of the 

rollers will be clearly visible in the calculated roller friction 

coefficient, and seeing these changes will verify that the system 

works. 

4 DISCUSSION 

Comparing the proposed Digital Twin with the classification 

framework provided by [1], we aim to achieve level 3. In fact, 
the Digital Twin is able to advise on when preventative 

maintenance should be carried out, and can give information 

about the degradation of components. It is not, however, able 

to perform autonomous decision making (Level 4), aiming 

instead to support the decisions of human infrastructure 

managers. For a Digital Twin to make completely autonomous 
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decisions, it must have visibility of all the different influencing 

factors that a human manager must take into consideration. The 

example of resource availability was given earlier, but there are 

many others including budget and even the weather. It is our 

belief that these factors could be quantified and incorporated 

into the Digital Twin decision making system, but that this is 

outside the scope of this paper. 

5 CONCLUSION 

We have presented here our method for developing a functional 

Digital Twin for infrastructure, able to inform operational 

decision making. Ours is a pragmatic approach that aims to 

target specific operational needs, grounding the system in a 
thorough requirements capture. We have demonstrated how 

this requirements capture is then used to inform the design 

decisions made during the development of the Digital Twin 

system. This process, and the systems generated by it, has the 

potential to demonstrate to infrastructure managers the utility 

of Digital Twin technology, and eventually result in lower 

operational costs for infrastructure. 
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ABSTRACT: Being structures that are highly sensitive to dynamic loads, Offshore Wind Turbines (OWTs) are designed to 

preclude any sort of resonance. However, during operation, OWTs have been known to experience modal property changes, 

especially, fundamental natural frequencies, which, once close to the forcing frequencies, can lead to resonance. To avoid this, 

these structures need to be constantly monitored to assess these modal property changes before they lead to failure. In this study, 

a digital twin-like model updating is carried out on a laboratory OWT (LOWT) to detect the change(s) in its soil stiffness, 

occasioned by the application of cyclic loads. To reduce the number of updating parameters, a few-parameters soil-structure 

interaction (SSI) model is incorporated into the finite element (FE) model of the LOWT, which is created in the commercial 

software, ANSYS. Two sets of sensing data which are acquired from the prototype LOWT are used for the model updating of the 

FE model in two respective stages: first, calibration in the original state; and second, update after the application of cyclic loading.  

For the two updates, the FE model mirrored the conditions of the prototype, based on the modal properties comparison from both, 

thereby, enabling successful monitoring of the soil stiffness conditions of the LOWT. The results show that soil stiffness increase 

with the increase in the application of cyclic loading and that the few-parameters SSI model has a high sensitivity to soil stiffness 

changes. The proposed methodology holds great potential as a model updating system, which draws closer to achieving the digital 

twin (DT) technology deployment in the monitoring of OWT foundations, and demonstrates the usefulness of a reduced-order SSI 

model for OWT model updating.   

KEYWORDS: Vibration; Offshore wind turbines; Resonance; Digital twin; Model updating; Soil-structure interaction. 

1 INTRODUCTION 

Offshore wind turbines (OWTs) have recently become very 

popular as modern societies strive to achieve their future targets 

of sustainable and environmentally friendly energy utilization. 

Europe currently leads this charge, with an ambitious target of 

achieving a 66,488 MW offshore wind turbine capacity to 

produce 245 TWh of electrical energy by the year 2030 

(Corbetta, et al., 2015).  

  Being a relatively new technology, OWTs have insufficient 

track records to describe their expected behaviours. This makes 

them susceptible to possible dangers of unanticipated 

breakdowns, often requiring unplanned ‘costly’ maintenance, 

accompanied by unnecessary downtime(s). 

  OWTs are highly dynamic structures that must avoid 

resonance, following which, DNV (2014) recommends that the 

target fundamental frequency of operating OWT must fit into a 

narrow band of within 10% more and 10% less of the OWT’s  

1P and 3P frequencies, respectively, in a design method known 

as soft-stiff (Lombardi et al., 2013). This thus limits the 

allowable safe margin of natural frequency change-an 

inevitable phenomenon with operating OWTs. Where the 

fundamental frequencies of the OWTs approach those of 1P 

and 3P, resonance can occur, as has been reported in the tower 

of the Areva Multi-brid M5000 OWT prototype by Hu et al., 

(2014). Under the actions of wind, wave, 1P, and 3P, OWTs 

experience constant vibrations. This leads to the fact that 

dynamic foundation fixity conditions may change, resulting in 

the change of modal properties (Bhattacharya et al., 2011; Guo 

et al., 2015; Xu et al., 2019). Although known to be imminent 

in operational OWTs, these factors and resulting conditions 

may ab-initio, be difficult to be accurately predicted due to their 

strong dependence on nature. To guarantee the safety of 

operational OWTs, monitoring systems that keep track of the 

health states of these structures are required at regular time 

intervals, or better still, in real-time.  

  As has been widely adopted in various engineering 

professions, finite element (FE) analysis is heavily employed 

for the design and evaluation of civil engineering infrastructure. 

However, most often a time, there exist discrepancies between 

the FE models and the prototypes they are modelled after, due 

to damage and/or (over)simplified assumptions of structural 

geometry, materials, and boundary conditions (Wang and 

Zhang, 2013). To minimize these discrepancies (for purposes 

of calibration or damage detection), FE model updating has 

often been employed (Wang and Zhang, 2013; Xu et al., 2019).  

The required details for the development of sufficiently 

accurate FE models for model updating often prove excessive 

to the allowance of certain model updating algorithms due to 

the high number of updating parameters involved, inevitably, 

decreasing the efficiency and processing time of the updating 

program.  

  Since modal property changes in operational OWTs are more 

attributable to soil stiffness alterations, rather than the 

occurrence of local tower damage (Xu et al., (2019); Lombardi 

et al., (2013) and Ahmed and Hawlader (2016)), the soil 

stiffness is considered as an important updating parameter in 

the monitoring of OWTs. To reduce the number of updating 

parameters to enhance the updating efficiency, Abdullahi et al., 

(2020) proposed a few-parameters SSI model for the model 

updating of Monopile and Jacket supported OWTs, but have 

not applied the model to the updating process. 

Digital Twin-like Model Updating of a Laboratory Offshore Wind Turbine with Few-

Parameters Soil-Structure Interaction Model 
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  Digital Twins (DTs) have increasingly attracted attention 

around the world due to their ability to link physical assets to 

their virtual models across different fields, thereby, enabling 

the emergence of smart infrastructures. Kahlen et al., (2016) 

regards a digital informational construct about a physical 

system created as an entity existing on its own as the DT of the 

latter. Thus, once traditional FE models of physical prototypes 

can continuously be updated based on acquired real-time 

sensing data, then they become the virtual representations of 

the physical assets, and their DTs (Macdonald et al., 2017). 

Hence, the adoption of a DT-like model updating as the SHM 

technique of choice for this monitoring task, given its penchant 

for probing (even) inaccessible parts of infrastructure (buried 

soil layers). 

  In this paper, an FE model of an LOWT with few parameters 

SSI is developed and validated. It allows the direct use of the 

soil stiffness, rather than the maximum lateral soil resistance 

and maximum displacement, which is similar, but slightly 

advanced to that proposed by Abdullahi et al., (2020). Then, an 

experimental modal test on the prototype LOWT is performed 

to obtain its sensing data. Finally, the concept of DT through a 

two-stage updating of the FE model is implemented on the 

LOWT model. The updated FE model is studied to reveal the 

soil stiffness change in the prototype after undergoing the 

cyclic load application.  

2 METHODOLOGY 

 Numerical model of LOWT 

The prototype used in Xu et al., (2019) is adopted in this study 

due to its relevance. This is made up of an assembly of a hollow 

monopile, transition piece, hollow tower, and a lumped mass 

(representing the rotor-nacelle assembly). The monopile is 

inserted to a depth, 𝑑, of 328 mm, into the red-hill silica sand 

medium contained in a rectangular sand box-made of plastic. 

The tower and monopile are made of aluminium alloy, both 

having an external diameter of 41 mm, and a thickness of 0.75 

mm, while their lengths are 1000 and 350 mm, respectively. 

The transition piece is 694 g, and with the aid of bolts, fastens 

the tower to the monopile, which is also made of aluminium 

alloy. The lumped mass is an 824 g rectangular aluminium 

alloy sitting on top of the tower. Finally, the prototype is 

instrumented with two 140 g accelerometers located at 1000 

mm (L) and 700 (0.7L) from the mudline. Figure 1 shows a 

schematic diagram of the described LOWT set-up. 

2.2       Finite element (FE) model of LOWT 

Based on the simple geometry of the prototype, a 2-D FE model 

of the LOWT is developed in the commercial software, 

ANSYS v19.1, as shown in Figure 2. The tower and monopile 

are modelled by a beam element (BEAM188 in ANSYS) as this 

conveniently accommodates the lumped masses, as well as the 

soil springs. A roller boundary condition is specified at the end-

bearing part of the monopile (Carswell et al., 2015).  The top, 

accelerometer, and the transition piece masses, are modelled by 

a mass element (MASS21 in ANSYS). The interaction between 

the buried length of the monopile and the soil (SSI) is simulated 

by nonlinear Winkler soil springs (COMBIN39 in ANSYS), 

based on API (2010). 

 

 
Figure 1. Schematic diagram of the LOWT set-up. 

 

 
Figure 2. FE model of LOWT (Xu et al., 2019) 

 

2.3         Soil structure interaction (SSI) 

Soil-structure interactions significantly impact the modal 

properties of OWTs. According to Jalbi et al., (2017), SSI 

simulation methods can broadly be grouped into three: 

simplified, standard and advanced methods. The distributed 

nonlinear spring model (p-y, t-y and Q-p) used in del Campo et 

al., (2015); Harte & Basu, (2012) constitutes the standard 

method; the simplified methods include both the three-springs 

model (lateral, rotational and vertical springs, described in 

Schafhirt et al. (2016)) and four-spring models (lateral, 

rotational, vertical and rotational-lateral coupled springs, as 

described in Lombardi et al. (2013) and Arany et al. (2017)). 

The advanced method involves the use of FE analysis along 

with sophisticated soil models, e.g. Huang et al. (2009).  

  To achieve a good balance between FE modelling accuracy 

and ease of implementation, the standard SSI method is 

adopted in this study. Since the lateral loads on OWTs from 

wind and waves far outweigh those from their self-weights, 

load capacities in the lateral direction play the most significant 

role in stabilizing their foundations (Abdullahi et al., 2020). As 

recommended in API (2010), discrete p-y springs account for 

lateral soil stiffness against foundation movement, and the 

spacing between successive sets on a pile, are chosen based on 

the aim of the study. For example, Bisoi and Haldar (2014) 

Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure

1568



modelled the springs with 1m spacing, while Zuo et al. (2018) 

chose 10 m spacing. In this study, the spacing is selected as 

54.7mm between the mudline and top-spring, as well as 

between bottom spring and third, while a spacing of 109.3 mm 

is chosen between the other springs (Xu et al., 2019).  

Dense sand is used as the support medium housing the 

LOWT foundation. As per API (2010), the lateral soil 

resistance per unit length of the pile, 𝑝, (N/m) is related to its 

unit deflection, 𝑦, by the expression: 

 

𝑝 = 𝐴 ∙ 𝑝𝑙 ∙
tanh(𝑘.𝐻)

𝐴∙𝑝𝑙
∙ 𝑦                             (1) 

where 𝐴  is a factor accounting for cyclic or static loading 

conditions: 

𝐴 = 0.9 for cyclic loading                              (2) 

𝐴   =  (3.0 − 0.8
𝐻

𝐷
) ≥ 0.9 for static loading   (3) 

𝑘 is the initial modulus of subgrade reaction (𝑘𝑁/𝑚³); 𝑦 is the 

lateral deflection (𝑚), and 𝐷 is the average pile diameter (𝑚). 

𝑝𝑙  is the ultimate unit lateral bearing capacity of the soil  

(𝑁/𝑚) at depth 𝐻 (𝑚), which varies from shallow (𝑝𝑙𝑠) to 

deep depths (𝑝𝑙𝑑) . They can be estimated based on the 

following formulations (API 2010): 

 

𝑝𝑙𝑠 = (𝐶1. 𝐻 + 𝐶2. 𝐷)𝛾. 𝐻                          (4) 

𝑝𝑙𝑑 = 𝐶3. 𝐷. 𝛾. 𝐻                                         (5)                                                                                                                                               

𝑝𝑙 = min(𝑝𝑙𝑠, 𝑝𝑙𝑑)                                     (6) 

 

where 𝛾 is the effective soil weight (𝑘𝑁/𝑚³); 𝐶1, 𝐶2 and 𝐶3 are 

coefficients determined as functions of the angle of internal 

friction, ϕ (degrees). 

In this study, 𝐶1, 𝐶2 , 𝐶3  and 𝑘 are determined for Red Hill 

Silica sand with basic properties as follows:  

 𝛾 = 16.8𝑘𝑁/𝑚³, 𝜙 = 36˚ (Abdullahi et al. 2020). 

Based on the formulation above, the 𝑝-y curves simulating the 

SSI of the LOWT model are obtained and used for the 

development of the few parameters SSI used for the updating 

program. 

2.4 Few-parameters SSI 

The soil p-y curves in Xu et al., (2019) are utilized in the 

development of the few-parameters SSI model of the LOWT. 

The maximum lateral resistance, 𝑝𝑚𝑎𝑥, of the soil supporting 

the LOWT superstructure, is chosen as the target parameter 

influencing the soil stiffness, and by extension, the natural 

frequency of the entire systems. For each considered depth, H 

(m), along the pile lengths, 𝑝𝑚𝑎𝑥  (N) occurring at the point of 

maximum lateral displacement, 𝑦𝑚𝑎𝑥  (m), is obtained; Relying 

on the fact that the 𝑝-y  soil springs for the LOWT foundation 

exhibit elastic-plastic deformations, the formulation for 

estimating soil stiffness, 𝐾   (N/m), described in Augustesen, et 

al. (2009), is utilized. For any considered depth H (m), along 

the pile length, the 𝑝𝑚𝑎𝑥 , along with its corresponding 𝑦𝑚𝑎𝑥 

values from the 𝑝-y curve, are used to compute the soil stiffness 

as given in Equation (7). 

 

𝐾𝑗 =  (𝑝𝑚𝑎𝑥𝑗
)/(𝑦𝑚𝑎𝑥𝑗

)                (7) 

 

These stiffness values from the 𝑝-y curve are 2.7 x 105, 2.6 x 

105 , 2.1 x 105 , 8.8 x 104 N/m, for the four considered soil 

layers (𝑑, 5𝑑/6, 𝑑/2, 𝑑/6)  from the bottom, respectively. A 

plot of 𝐾 against H values along the pile length is then made, 

wherefrom, a curve describing the relationship between the two 

parameters emerges, onto which a polynomial equation is 

fitted. Since we assume that there is no displacement at the 

interface between mudline and the exposed pile, (𝐾 = 0 when 

H = 0), the constant term is therefore set as 0.  

 

𝐾 = ∑ ∝𝑖 𝐻𝑖𝑛
𝑖=1                           (8)   

                                                                                                                                                            

where ∝𝑖  represents constants (in this case, defined by soil 

properties and foundation form/geometry), while 𝑛  is the 

degree of the polynomial equation defining 𝐾  and 𝐻 

relationship. This single equation defines 𝐾 for any depth along 

the length of the buried pile, thereby reducing an otherwise 

elaborate model to a few-parameters one. 

 

 
 

𝐾 = −32.898 × 105 × 𝐻2 + 18.746 × 105 × 𝐻    (10) 

 

Figure 3. Plot of initial soil stiffness against depth for the 

LOWT. 

  

2.5 Model updating 

In this study, sensing data from the LOWT are obtained in the 

first stage. In the second stage, the sensing data are processed 

to obtain damage sensitive parameters, in this case, natural 

frequencies and mode shapes (using ARTEMIS software). In 

the third stage, the damage sensitive parameters are used to 

iteratively update the FE model until the damage sensitive 

parameters from the updated FE model match the processed 

sensing data. 

  The FE model updating is conducted on the reduced-order FE 

model (made up 2.2 and 2.4) based on Estimation of 

Distribution Algorithms (EDAs). The algorithm involves the 

selection of individuals based on the prescribed objective 

function, learning and sampling to generate new individuals for 

the next generation, and finally, replacing ineffective 

individuals. EDA permits numerous implementation strategies 

including the incorporation of new methods by users, while the 

Mateda-2.0 is still regarded as the most practical (Santana et 

al., 2010) of these strategies.  

  Due to its ease of implementation and proven efficiency in 

solving similar problems, the Gaussian network model is 

adopted for use here. The stiffness of the pile-surrounding soil 

is chosen as the updating parameter. Two of the objective 

R² = 0.9995
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functions proposed by Wang and Zhang (2013) are chosen for 

the EDA implementation as shown in Equations (11) and (12).  

 

𝐽1 = ∑ (𝑓𝑎𝑖 −
𝑓𝑒𝑖

𝑓𝑒𝑖
)2𝑚

𝑖=1                                      (11) 

𝐽2 = ∑ ∑ .𝑚
𝑗=1 (

𝜙𝑎𝑖 . 𝜙𝑎𝑗𝑇

𝑓𝑎𝑖
2 −

𝜙𝑒𝑖 . 𝜙𝑇𝑒𝑗

𝑓𝑎𝑖
2 )2𝑚

𝑗=1          (12) 

 

where 𝑓𝑖  represents the 𝑖 th natural frequency;  𝜙𝑖 and 

𝜙𝑗 represent the 𝑖th and 𝑗th mode shapes, respectively, while 𝑎 

and 𝑒  respectively represent the analytical and experimental 

(true) results. From figure 4, the model updating process is 

completed at the convergence of either  𝐽1 or 𝐽2 to zero, or after 

the specified number of generations is reached. 

  The soil stiffness at any given depth along the pile length is 

specified by Equation (10), with two updating parameters: ∝1=
−32.898E5 and ∝2= 18.746E5 , which are used for the model 

updating operation instead of four (for standard method). The 

plot captures the stiffness-depth relationship to a sufficient 

accuracy with an R² value of almost 1, at 0.9995, indicating a 

good match. 

 

 
Figure 4. Flowchart of EDA based DT formation 

 

3 EXPERIMENTAL STUDIES 

3.1 Modal test description 

The modal tests were conducted in the Surrey Advanced 

Geotechnical Engineering (SAGE) laboratory at the University 

of Surrey, UK, building on previous research in the same 

laboratory (Xu et al., 2019). Following the instrumentation of 

the LOWT model, three different tests involving free vibration 

and cyclic loading tests were conducted. For the free vibration 

tests, a 4.45 kN impact hammer was used to generate impact 

loads and vibration signals (acceleration) which were recorded 

by a standard sensing system (National Instrument compact 

data acquisition module, cDAQ-9174). The cyclic loading test 

involved the use of an excitation apparatus similar to that 

described in Nikitas et al., (2016) to deliver load cycles to the 

LOWT. To obtain the calibration inputs for the FE model, a 

free vibration test was conducted on the prototype to obtain 

acceleration signals, which were processed to obtain the first 

natural frequency as well as its accompanying mode shapes at 

L and 0.7L. Second, an excitation apparatus similar to that 

described in Nikitas et al., (2016) was used to deliver an 8.8 x 

105load cycles at a force of 1 N per cycle, to the top of the 

prototype. This caused a continuous vibration of the prototype 

in a manner that mimicked the vibration of an operational OWT 

throughout the loading process. In the third test following the 

cyclic load application, another free vibration test was 

conducted to obtain a new first natural frequency and its 

accompanying mode shapes at the same positions as above.   

3.2 Results 

Following the initial free vibration test, acceleration signals 

were recorded by the sensing system. Using the highly accurate 

modal analysis software, ARTEMIS modal v6.1, the various 

acceleration time histories were obtained and processed into 

frequency signals to obtain the first natural frequency of the 

LOWT as well as their mode shapes, typical examples of which 

are shown in Figures 5 a and b. To obtain the first update inputs 

(i.e., second set of modal properties), a similar operation to the 

one described above was conducted. Table 1 shows the 

obtained modal properties of the LOWT throughout the two 

free vibration tests.   

 

Table 1. Experimental Modal Results of LOWT 

 
 Calibration 

Modal test 

Modal test after 

Cyclic loading 

Natural frequency (Hz) 

 

6.541 6.872 

Mode shape at L 

 

0.8583 0.8650 

Mode shape at 0.7L 0.5600 0.5020 

 

 

 
 

Figure 5 a. Typical acceleration time history from a free 

vibration test on the LOWT in ARTEMIS. 
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Figure 5 b. Typical Modal analysis result showing the natural 

frequency of the LOWT in ARTEMIS. 

 

4 MODEL UPDATING 

4.1 Model updating results 

In the first instance, the model updating program is applied to 

the LOWT FEM in a calibration operation. The first natural 

frequency and its corresponding mode shapes at L and 0.7L are 

obtained and compared to the experimental results from the 

first free vibration test. Very close agreements are observed, 

thereby signalling the successful calibration of the initial FE 

model and setting the stage for the creation of the LOWT digital 

twin. In the second stage, the results of the free vibration test 

(modal properties) following the cyclic load application are 

used to update the initially calibrated FE model. Again, very 

close agreements between the considered natural frequencies 

and their corresponding mode shapes are observed.  It has been 

shown across the two sets of model updating conducted, 

through the results obtained, that the FE model was 

continuously updated to reflect the modal properties obtained 

from the experiments. Figure 6 is similar to Figure 3 and shows 

the changes in the soil stiffness across the four considered 

depths from calibration, to the update after cyclic load 

application. Expanding the stiffness equation at any depth from 

Figure 8 given by Equations (13) and (14), the soil stiffness at 

that depth is obtained, and upon comparing the stiffness value 

after and before a load application, the amount of stiffness 

change along with the change position is obtained.  

For validation, a similar operation as the one above is 

conducted using the standard SSI soil stiffness model with four 

updating parameters. Across the updated natural frequencies 

and mode shapes, the results from the proposed method show 

very close agreements with the true values and matches very 

closely, the performance of the standard SSI method of model 

updating. Average differences of only 0.018 and 2.95 % for 

natural frequencies and mode shapes are respectively observed 

compared to the experimental values using the proposed 

method. The standard method, on the other hand, recorded 

differences of 0.0 and 2.933 % in similar steads as shown in 

Tables 2 and 3 as well as pictorial depictions from Figures 7 

and 8, respectively. The slight difference in the accuracy of the 

results between the proposed and standard methods may be due 

to the R² value in the base stiffness equation which forms the 

basis of formulating the updating parameters (i.e., Equation 

(10)), which is although very close to 1, falls slightly short. 

These results lend credence to the use of reduced-order FE 

model for use in model updating in SSI operations.  

  Table 4 shows the updated soil stiffness across the considered 

soil layers from calibration to the update after the application 

of cyclic loading. Where K’ represents the updated stiffness, 

and K represents the calibrated stiffness. For the calibration 

cases, K’ represent the calibrated stiffness, while K represents 

the initially estimated soil stiffness. The change in soil stiffness 

values is observed to be more pronounced with the use of the 

proposed methodology than standard SSI. 

 

 
 

Figure 6. Plot of calibrated/updated soil stiffness against the 

depth of the LOWT 

 

𝐾 = −4 × 106 × 𝐻2 + 2 × 106 × 𝐻        (13) 

𝐾 = 107 × 𝐻2 − 2514𝐻                        (14) 

Equations (13) and (14) are the respective stiffness equations 

of calibration and update of the LOWT model.  

 

Table 2. Performance of the proposed and standard model 

updating methods against the true values using natural 

frequency convergence. 

Frequency True value (Hz) Proposed 

SSI 

(Hz) 

Standard 

SSI 

(Hz) 

Calibration 6.541 6.542 6.541 

After cyclic load 6.872 6.871 6.872 

Difference (%)  0.018 0.000 

 

Table 3. Performance of proposed and standard model 

updating methods against true values using mode shape 

convergence 

Mode shape True 

value 

Proposed 

SSI 

Standard 

SSI 

L: Calibration 

 

0.858 

 

0.861 

 

0.861 
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L: After cyclic load 

 

0.7L: Calibration 

 

0.7L: After cyclic load 

 

Average difference (%)               

0.865 

 

0.560 

 

0.502 

 

 

0.843 

 

0.562 

 

0.545 

 

2.950 

0.842 

 

0.562 

 

0.544 

 

2.933 
 

 

 
 

Figure 7. Model Updating performance of the proposed and 

standard methods against true values using natural 

frequencies. 

 
 

Figure 8. Model Updating performance of the proposed and 

standard methods against true values using mode shapes 

 

Table 4. Comparison of Updating factors from the proposed 

and standard SSI methods 

 

  𝐾1′

𝐾1
 

𝐾2′

𝐾2
 

𝐾3′

𝐾3
 

𝐾4′

𝐾4
 

Calibration Proposed 

SSI 

1.23 1.18 1.12 1.09 

Calibration Standard 

SSI 

1.21 1.14 1.09 1.07 

Update Proposed 

SSI 

1.12 1.09 1.61 3.38 

Update Standard 

SSI 

1.08 1.03 1.446 3.104 

 

4.2 Discussion of results  

Based on the results, the updating performance of the proposed 

methodology possesses a lot of promise, especially as it 

matched the standard SSI method as well as the experimental 

results with both natural frequency and mode shapes very 

closely. As shown in Tables 2 and 3, the proposed methodology 

recorded 99.98 and 97.05 % agreements with the true values in 

natural frequencies and mode shapes, respectively, while 

recording agreements of over 99 % in both natural frequencies 

and mode shapes with the standard method results.  

In terms of sensitivity to soil stiffness changes, the proposed 

methodology tends to be more sensitive than the standard 

method. This is evident in the observed slightly higher soil 

stiffness change rates recorded across all the considered soil 

layers after the updating process, as shown in Table 4.  This 

advantage makes the proposed method a valuable tool for 

deployment in DT technology for soil stiffness monitoring of 

OWTs because such high sensitivity will very well suit real-

time monitoring through an ability to pick up slight and 

temporal soil stiffness changes. Also, this method possesses the 

additional advantage of predicting the soil stiffness of points 

whose initial values are not known along the pile. Although the 

stiffness change after the cyclic load application varies 

somewhat from the standard SSI results, the trend in both cases 

was generally aligned. It is also observed from the updated 

stiffness results using both methods that the top half layers of 

the soil are more sensitive than the bottom. This is expected as 

the latter is closest to the end bearing part of the pile where the 

degree of freedom is highly negligible, thereby experiencing 

more restraints in movement during the vibration. This 

constrained vibration effect leads to little or no 

densification/compaction of the soil, resulting in largely 

unchanged soil stiffness conditions. It is important to note that 

the observed behavior here is in agreement to findings from a 

similar research by Xu et al., (2019). Further development of 

this methodology will be explored in future studies. 

5 CONCLUSIONS  

In this paper, a reduced-order finite element model updating 

methodology is applied to soil stiffness monitoring of OWTs 

using model updating. Use is made of the EDA model updating 

program with two updating parameters instead of four (for 

standard SSI method). This achieves highly accurate results 

over a two-stage DT-like updating of the FE model. Natural 

frequencies and mode shapes obtained at each stage of the 

experimental modal testing conducted on the LOWT are used 

as the true values throughout the study. With each successful 

update, the LOWT FE model becomes a virtual model of the 

physical LOWT, hence its DT. This DT is used to gain an 

insight into the soil stiffness condition (change) of the LOWT 

model at any point after the cyclic load application. Soil 

stiffness is found to increase substantially with increase in 

cyclic loading in the top half of the soil, while experiencing 

negligible changes in the bottom half. From the top, the first 

layer experienced an increase of stiffness amounting to about 

210%, while the second experienced an increase of about 45%. 

The third and fourth layers experienced stiffness changes below 

10%.  

The proposed SSI methodology is found to be more sensitive 

to soil stiffness change than the standard SSI method, and in 

terms of convergence, the former performed very closely 

accurately to the latter in both natural frequency and mode 

shape comparisons. 
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With such easily implementable few-parameters SSI model 

updating methodology, along with fast modal analysis 

software, such as ARTEMIS, DT realization in its optimum 

form for soil stiffness monitoring, can soon become a popular 

reality. 
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ABSTRACT: Scour of sediments around bridge foundations by the stream is the most significant contributing factor for bridge 

failures, which has stimulated the enthusiasm of many researchers to study the causes of scouring and predict the ultimate scour 

depth at bridge foundation. In this paper, The results of the general numerical simulation with the results of Melville's classical 

scouring experiment were compared to verify the effectiveness of the method. Based on the measured data and effective numerical 

simulation, a single pile model of a real bridge is established, and the flow field and scour characteristics around the pile under 

the action of unidirectional flow and tidal flow are compared and analyzed. The study found that: (1) Under the condition of tidal 

flow, due to the change of flow direction, the siltation area at the back edge of the back row pile turns into the scouring area, so 

the back edge of the back row pile also shows scouring; (2) The sediment at the back edge of the back row pile is carried away by 

the reverse flow and backfilled to the local scour pit, so the overall elevation of the tidal flow scour pit is lower than that of the 

unidirectional flow scour pit. 

KEY WORDS: Piles foundation; Local scour; Numerical simulation; Unidirectional flow; Tidal flow. 

1 INTRODUCTION 

Scour had been caused by many of the observed bridge failures, 

resulting in loss of life and devastating destruction, around the 

world [1~5]. In 2010, more than 320 bridges in the Hunan 

Province of China were investigated by Hunan Provincial 

Highway Administration Bureau.[6] The results show that the 

vast majority of piles and abutments have different degrees of 

scouring. Due to the action of water blocking and eddy current, 

the sediment near the pile will move under the action of water 

erosion, which will reduce the buried depth of the foundation 

of bridge and significantly change the vertical bearing capacity 

of the pile, eventually leading to the collapse of the bridge. 

Many scholars have studied the scour by numerical 

simulation [7~11]. Olsen used the K-ω turbulence model and 

N-S equation to simulate the flow field around the cylindrical 

pile [12]. Dey et al. used ADV to measure the characteristics of 

velocity, turbulence intensity and Reynolds stress in the 

scouring process, and studied the characteristics of horseshoe 

vortex in the scouring pit [13]. Ataie Ashtiani et al. considered 

the local scour characteristics around pile groups under 

different layout, spacing, flow velocity and sediment particle 

size under stable clear water scour conditions [14]. Kirkil et al. 

studied the interaction between the horseshoe vortex system 

and the boundary layer around the cylinder in a scour pit by 

using large eddy simulation (LES) and laboratory flume 

experiments, and analyzed the scour depth [15]. Khosronejad 

et al. studied the problem of clear water scour around piles with 

cylindrical, square and rhombic cross sections through 

experiments and numerical simulation [16]. Ehteram et al. used 

SSIIM software to simulate the scouring process of the 

abutment, obtained the depth and shape of the scouring pit, and 

compared with the experimental results [17]. 

In this article, based on the field measurement, the flow field 

and scour characteristics of piles under the action of 

unidirectional flow and tidal flow are studied by numerical 

simulation. 

2 ENGINEERING SITUATION 

The Hangzhou Bay Crossing-sea Bridge starts from 

Zhengjiatun, Haiyan County, Jiaxing City, and ends at 

Fengshou Gate, Ningbo City. The length of the bridge is 36km, 

with a total of more than 600 spans. It was officially opened to 

traffic on May 1, 2008. At the mouth of the Hangzhou Bay 

where the bridge is located, Hangzhou Bay has strong tides and 

large tidal range, the suspended sediment and bed material have 

the same particle size, the seabed sediment is complex and 

changeable, the development of the seabed groove changes 

rapidly. So the local scour of the piles becomes a potential 

hidden danger for the safe operation of the bridge. In addition, 

in recent years, human activities on both sides of the bridge 

have intensified. The acceleration of the construction of the 

Cixi Cofferdam on the South Bank and the Jiaxing Port Area 

on the North Shore has increased the complexity of the tidal 

topographic changes in the sea near the bridge to some extent. 

Therefore, the observation and research work on the local 

scouring of the piles of the Hangzhou Bay Bridge has been 

highly valued by the management departments at all levels 

since the feasibility study stage of the bridge [18]. 

This study focused on the scouring monitoring of the 

Hangzhou Bay Bridge sea platform (include ramp bridge area). 

Study on local scour of crossing-sea bridge based on field measurement 
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Figure 1. Location of Hangzhou Bay bridge. 

 

Figure 2. Hangzhou Bay Bridge Bridge Sea Platform. 

3 MODEL VALIDATION 

Based on the observation data of local scour of pile foundation 

of Hangzhou Bay Bridge by Zhejiang River and sea surveying 

and Mapping Institute, a three-dimensional numerical model is 

established by selecting zd18 pile in ramp bridge area where 

the scour increases significantly in recent years. FLOW-3D 

software is used to build a three-dimensional numerical model. 

The erosion module of FLOW-3D adopts the empirical 

sediment transport model based on Mastbergen and Van den 

Berg [19]. The sediment transport equation includes the bed 

load transport rate equation and the suspended load transport 

equation. 

The bed load transport rate equation is as follows: 

 𝑔𝑏 = 𝜌𝑛𝛽 [
𝜏−𝜏𝑐𝑣

𝑔𝑑(𝜌𝑛−𝜌)
]

3/2

[𝑔 (
𝜌𝑛−𝜌

𝜌
) 𝑑3]

1/2

 (1) 

Suspended load transport equation as follows: 

 
𝜕𝐶𝑠

𝜕𝑡
+ ∇ {𝐶𝑠 [�̅� +

𝑔

‖𝑔‖
((10.362 + 1.046𝑑∗

3)
1

2 −

            10.36)
𝑣𝑓

𝑑
𝑐𝑠]} = ∇ ∙ ∇(𝐷𝐶𝑠)     (2) 

Where 𝑔𝑏 is bed load transport rate per unit width; 𝜌𝑛 is 

sediment density; 𝛽 is bed load coefficient; 𝑑 is sediment 

diameter; 𝑑∗ is sediment dimensionless particle diameter; 𝐶𝑠 is 

suspended sediment mass density; �̅� is water sediment mixture 

velocity; 𝑐𝑠 is suspended sediment volume concentration; 𝐷 is 

diffusion coefficient; 𝜏 is bed shear force; 𝜏𝑐𝑣  is critical bed 

shear force. 

LES model is selected to simulate the flow of three-

dimensional flow. Nested grid is used to encrypt the local 

around the pile. The total number of grids is 1368640. The 

shape of the grid is uniform hexahedron. The simulation time 

step is 0.001s and the simulation time is 1800 seconds. The 

specific parameters of other models are shown in Table 1, and 

the boundary conditions are shown in Figure 3. 

 

Table 1. Parameters setting of model. 

Pile 

diameter 

/ m 

Current 

speed  

/ m·s-1 

Water 

depth 

/ m 

Sediment 

diameter 

/ mm 

Sediment 

density 

/ kg·m-3 

Angle 

of 

repose 

/ ° 

2.2 2.22 13.61 0.049 2710 30 

 

 

Figure 3. Boundaries setting of model. 

The overall shape distribution of local scour pits is shown in 

Figure 4, which is roughly consistent with the results of 

Melville’s test [20]. The longitudinal and lateral slopes of scour 

pits are about equal to the angle of repose (30°), and the 

maximum point of local scour occurs in front of the pile. 

 

 

(a) Numerical simulation(X-Z).  (b) Melville test(X-Z). 

 

(c) Numerical simulation(Y-Z).  (d) Melville test(Y-Z). 

Figure 4. Comparison of the Shapes of local scour holes 

In conclusion, through the comparative analysis of the 

simulation results and the experimental results, it can be seen 

that the simulation results are in good agreement with the 

experimental results in terms of the maximum scour depth or 

the distribution of scour pits. Therefore, the numerical model 

has high accuracy in the simulation of local scour, and the 

calculation results are reliable. 

4 STUDY ON SCOUR CAUSED BY UNIDIRECTIONAL 

FLOW AND TIDAL CURRENT 

Based on the actual monitoring data, a numerical virtual flume 

was established to simulate the local scour of the single pile 

foundation of the ramp bridge under unidirectional flow and 

tidal flow, and to study its mechanism and evolution law, as 

well as the distribution of scour pits and the maximum scour 

depth. 

The calculation domain size and grid division of the model 

are shown in Figure 5. The grid type is hexahedron, and the 
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total number of grids is 1368640. The remaining grid division 

method, boundary condition setting and turbulence model 

selection of the numerical virtual flume is consistent with the 

verification model in Section 3. 

 

 

Figure 5. The computational domain. 

The initial time step of the model is 0.001 s, the minimum 

time step is 1×10-12 s, the total simulation time is 60 min, and 

the second-order momentum convection equation is used to 

meet the stability requirements of the model. 

 Unidirectional flow 

Based on the simulation results, the following analyzes the flow 

field distribution around the pile, the shape distribution and 

depth of the local scour pit under the condition of unidirectional 

flow. 

As shown in Figure 6, the longitudinal velocity distribution 

near the bed surface at the initial stage of scouring under 

unidirectional flow condition shows water blocking effect at 

1.5 times of the pile diameter in front of the pile. The closer the 

pile is, the smaller the longitudinal velocity is, decreasing from 

2m / s to 0.5m/s. Due to the increase of streamline contraction 

velocity at the pile side, the water flow at about 45° of the 

upstream surface accelerates obviously, and the velocity within 

0.5 times of the pile diameter at the outer side of the pile 

increases to 3m / s, and that at the outer side of the pile increases 

to 0.5m/s The flow velocity is 2.5m/s from double pile diameter 

to one time pile diameter, and gradually decreases outward. 

Due to the separation of the boundary layer on the side of the 

pile, there is a backflow area behind the separation point, and a 

wake vortex is formed behind the pile. There is a negative 

velocity within one time of the pile diameter behind the pile, 

and the velocity in the inner ring of the wake vortex reaches - 

0.5m/s. 

 

 

Figure 6. Distribution of longitudinal velocity near the bed 

surface at the beginning of scour. 

As shown in Figure 7, the vertical velocity distribution in 

front of the pile at the initial stage of scouring, where the front 

edge of the bridge pile is 3.5 times of the pile diameter from the 

bed surface, there is a "stagnation point", that is, the point with 

zero velocity, and below the stagnation point, there is a 

negative velocity component in Z direction, that is, the 

descending flow. Within the range of 3.5 times the pile 

diameter in front of the pile and 3.5 times the pile diameter 

above the bed, obvious horseshoe shaped vortex appeared, and 

the maximum negative velocity in the inner circle of the vortex 

reached -0.7m/s, and gradually decreased to the outer circle. 

 

 

Figure 7. Distribution of vertical velocity in front of pile at the 

beginning of scour. 

Figure 8 shows the contour map of river bed elevation around 

piles under the condition of simulating unidirectional flow after 

60min. The maximum scouring depth occurs on both sides of 

the front edge of the pile, and the maximum scouring depth is -

1.83m. The local scouring pit covers 2 times of the pile 

diameter in front of the pile, 1.5 times of the pile diameter on 

the side of the pile, and 1.2 times of the pile diameter behind 

the pile. The scouring range from both sides of the pile to the 

back of the pile gradually weakens. This may be due to the 

small flow velocity behind the pile, which can not make the 

sediment start up, and the sediment carried by the upstream 

may even deposit behind the pile, forming sediment A 

backwater zone. 

 

 

Figure 8. Terrain elevation of river bed under unidirectional 

flow. 
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 Tidal flow 

Under the condition of tidal flow, the typical velocity at the axis 

of Hangzhou Bay Bridge is shown in Figure 9, the time-varying 

flow conditions of the model are shown in Figure 10. 

 

 

Figure 9. Typical velocity of real Bridge. 

 

 

Figure 10. Time-varying velocity under the condition. 

When the velocity is small, the turbulence is weak and the 

vortex is not obvious. When the velocity is large, the flow 

structure is similar to unidirectional flow, and the turbulence 

and vortex are similar to unidirectional flow. 

As shown in Figure 11, it is the contour map of river bed 

elevation around piles under the condition of simulated tidal 

flow after 60min. The maximum scouring depth is -1.61m. 

Compared with unidirectional flow, the sediment in front of 

and behind the pile is severely scoured under the condition of 

tidal flow due to the change of flow direction. The scope of 

local scour pit is wider. The scour pit in front of and behind the 

pile is more than 2.5 times of the pile diameter. The scour pit 

on the side of the pile does not extend obviously and is still 

stable at 1.5 times of the pile diameter. 

 

 

Figure 11. Terrain elevation of river bed under tidal flow. 

As shown in Figure 12 and Figure 13, we can clearly see the 

comparison of local scour pits under the two conditions. Figure 

12 is a comparison diagram of local scour pits in section x-z. it 

is easy to find that the slope of the front wall of scour pits is 

similar, all of which are close to the angle of repose of sediment 

under water of 30 degrees. Under the condition of 

unidirectional flow, the scour amplitude in front of piles is 

larger, the maximum scour depth reaches 0.75 times of pile 

diameter, and the scour amplitude behind piles is smaller, and 

the scour depth is only within 0.5 times of pile diameter. Under 

the condition of tidal flow, the scour pits in front of piles are 

similar, the scour amplitude is larger, and the scour The 

elevation of the scour pit before the flow is slightly lower than 

that under the condition of one-way flow, which may be caused 

by the sediment backfill when the flow direction changes. 

Figure 13 is the comparison diagram of local scour pits on the 

X-Y section. Under the two conditions, the slope of the side 

wall of the local scour pits is similar. The scour depth of the pit 

side is between 0.5 and 0.75 times of the pile diameter, and the 

scour degree of the pit side is small under the condition of tidal 

flow. 

 

 

Figure 12. Comparison of local scour holes of section X-Z. 
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Figure 13. Comparison of local scour holes of section X-Y. 

5 SUMMARY AND CONCLUSION 

Under the condition of unidirectional flow and tidal flow, the 

maximum scour depth of the local scour pit appears at the same 

position, both of which appear on both sides of the front edge 

of the pile (including the back edge under the condition of tidal 

flow). Due to the velocity change of tidal flow, the obvious 

sediment start-up can not be caused within a small velocity 

time, and the effective scour time is less than that of 

unidirectional flow. At the same time, the change of flow 

direction will cause sediment backfill Therefore, it is not 

difficult to understand that under the condition of tidal flow, the 

maximum scouring depth is 20% less than that under the 

condition of unidirectional flow; as for the shape of scouring 

pit, under the condition of unidirectional flow, the main part of 

scouring appears at the water face in front of the pile, the plane 

of scouring pit is nearly semicircular, and the water face at the 

back of the pile also has a certain degree of scouring 

phenomenon, but the scouring amplitude and scope are not as 

good as that in front of the pile In terms of the scope of scouring 

pit, the scour pit in front of the pile under the condition of tidal 

flow has a certain degree of development compared with that 

in front of unidirectional flow pile, and the scour pit scope 

behind pile is similar to that in front of the pile, which is nearly 

symmetrical. Generally speaking, the scope of the local scour 

pit under tidal flow is larger than that of the local scour pit 

under unidirectional flow, which is about 1.5 times.According 

to the difference of the shape between the unidirectional flow 

scour pit and the tidal flow scour pit, combined with the flow 

field structure and velocity distribution around the pile, the 

reasons can be summarized as follows: 

Under the condition of tidal flow, due to the change of flow 

direction, the siltation area at the back edge of the back row pile 

turns into the scouring area, so the back edge of the back row 

pile also shows scouring. The sediment at the back edge of the 

back row pile is carried away by the reverse flow and backfilled 

to the local scour pit, so the overall elevation of the tidal flow 

scour pit is lower than that of the unidirectional flow scour pit. 
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ABSTRACT: The most common pathology that causes the main maintenance and durability problems in steel structures is 

corrosion, since it causes the loss of material from the beams that form the structure, diminishing its properties and therefore the 

general resistance of the structure. After cleaning the corrosion on a beam, its surface becomes very irregular and it is very 

difficult to measure and extract the geometry of these shapes and surfaces manually. To this end, laser scanning and its 

subsequent point cloud is a promising method. The objective of this work is to show how obtaining beam models with extruded 

slices of one beam affected by corrosion for subsequent analysis structural from the laser scanning. The proposed steps were 

applied and validated in laboratory study cases. 

KEY WORDS: Diagnostics, Health management, Structural Health Monitoring, Corroded beam. 

1 INTRODUCTION 

The durability of a steel structure depends totally on its 

maintenance, whose main problem is the pathologies suffered 

by the structure; being corrosion the most common pathology. 

Corrosion is a very widespread problem at a global level and, 

in fact, at a European level it is estimated that it represents 

3.8% of GDP [1]. 

In order to recover a structure that has suffered corrosion, it is 

necessary to apply different techniques to be able to eliminate 

this corrosion. Depending on the type of corrosion suffered by 

the beams, some cleaning techniques are used or others so that 

the corroded surface is clean for analysis. In general, this 

surface is very difficult to measure as it is usually very 

irregular after cleaning. 

After manufacture, the beams must have nominal dimensions 

that are specified in the respective dimensional and shape 

standards for each type of beam. These nominal dimensions 

have tolerances that are also included in standards such as, for 

example, UNE-EN 10034:1994 [2] and UNE-EN 10279:2001 

[3], which indicate the dimensional and shape tolerances of I-

beam and H-beam of hot-rolled steel and U-beam hot-rolled 

steel respectively. Due to these tolerances, the nominal cross-

sectional dimensions of the beams may differ; in addition to 

this possible variation, they may also vary due to loss of 

material caused by corrosion or human action. The most 

critical situation for the beams of a structure and that must 

always be evaluated is when the combination of the minimum 

tolerances in the beams and their loss of mass due to corrosion 

occurs. 

Currently, to extract the geometry of any type of scenario in 

general, one of the most widely used methods is laser 

scanning. This is a very promising method and in the specific 

case of steel structures it has been used in several works to 

obtain the 3D models of these structures with which to carry 

out simulation by the finite element method (FEM). One of 

the most important of these works is that carried out by Conde 

et al.[4], in which the geometry of electricity transmission 

towers is obtained using TLS (Terrestrial Laser Scanner) to 

carry out 3D modelling and structural FEM analysis. Along 

the same lines as this work is that carried out by Cabaleiro et 

al. [5], in which TLS is also used, but in this case for an 

industrial metal frame. 

TLS technology has the advantage of taking measurements at 

distances of more than 100 meters but with the limitation of 

having an accuracy around ± 2 mm, so it is a suitable 

technique for extracting general measurements of the 

structures but not for obtaining precise measurements of the 

irregular surface and net section of their beams. In this type of 

case, it is more suitable to use high precision laser technology 

as it has an accuracy of less than 1 mm. Laser arms are an 

example of this technology that has already been used in some 

works to analyse the deformation of steel beams, such as the 

one carried out by Cabaleiro et al. [6] in which the 

deformation produced by loads on beams of less than 1 m was 

analysed. This same technique has also been used by 

Fernandez et al. [7], Wang et al. [8] and Kashani et al. [9] to 

analyse the loss of mass in steel bars due to corrosion. Of 

considerable importance are also the works in which laser 

technology is employed by Hain et al. [10] and Xiao et al. 

[11], in which the loss of material in corroded steel beams in 

bridges is evaluated and high-performance steel (HPS) 

samples are extracted to investigate the impact of corrosion, 

respectively.  

The objective of this work is to show, by obtaining point 

clouds generated from laser scanning, how to model 

corrosion-affected beams with extruded cuts for subsequent 

structural analysis and health management more efficiently 

than current techniques based on beam rendering. This work 

also aims to obtain a beam diagnosis of the mass lost to 

corrosion and to monitor the structural health of the structure. 

2 PERFORMED STEP 

The following steps are done to obtaining the beam model: 

a) Scanning of the beams.  

Obtaining of variable geometry beam models for steel beams with corrosion  
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b) Point cloud cleaning. Cleaning the point cloud of each 

beam from noise or scanned parts that do not belong to the 

beam. 

c) Slicing of the beam (Figure 1). The cloud of points is 

divided into cuts along the longitudinal direction of the beam. 

d) Contour drawing from the slices of the point cloud  

e) Extrusion of each slice from the contour drawing and 

assembling of all the slices to obtain the beam. 

f) Calculation of the beam. Finally, the structural analysis of 

the beam is done. 

 

 

Figure 1. Slicing of the beam. 

 

3 APPLIED MATERIALS AND EQUIPMENT 

The proposed steps were applied on a laboratory case study. 

One beam with lack material and corrosion was used (Figure 

2). An IPN80 which presents an advanced state of corrosion, 

as well as loss of material by human actions was tested. For 

the laser scanning, a 6-axis FARO S Quantum arm with a 

0.048 mm contact measurement precision and 0.025 mm 

accuracy in the laser source, was used. For the treatment of 

the point cloud obtained, the software CloudCompare will be 

used and for the resistant analysis Solidwork will be used. 

 

 

Figure 2. Photos of the beam to be tested in the laboratory. 

 

4 TESTS PERFORMED 

Two models are obtained from the point clouds: one using 

extruded slices and the other by rendering the point cloud. 

Both models must be equivalent in terms of strength 

calculation, so tests are carried out which consist of subjecting 

the two models to bending tests (Figure 3). The test consists 

of a cantilever beam, embedding the end most affected by 

corrosion and applying a point load at the opposite end. 

 

 

Figure 3. Calculation of the beam by extruded slices and 

rendering. 

 

The deformation, the calculation time and the occupied 

memory space are the main results that will be compared from 

the tests of both models. Furthermore, to check that the 

corrosion presented by the beam is really significant, the 

deformation results of the corroded beam are also compared 

with the deformation presented by the non-corroding beam 

under the same loads.  

It should be noted that the first model, the extruded slice 

model, is obtained from the extrusion of each of the contour 

drawing that are made from the slices obtained when the beam 

is sliced along the longitudinal direction of the beam. Taking 

into account the thickness of the slices, each slice is extruded 

to the same size and all are assembling to obtain the model of 

the complete beam. It is also important to mention that the 

contour drawing of each slice represents the most 

unfavourable section of the beam. 

In the case of the second model, the rendering model, a 

previous analysis is carried out to determine what the 

minimum size is appropriate for the rendering and meshing, in 

order to guarantee an adequate level of rendering and 

subsequent meshing in the FEM analysis calculations. 

5 ACHIEVED RESULTS AND DISCUSSION 

The first thing calculated was what is the minimum model 

representation size that provides a final model for proper 

calculation (Figure 4). For this purpose, the surface was 

rendered with 10,000, 5,000, 1,000, 500 and 100 elements. 
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The model obtained with this rendering was calculated by 

meshing each model with a mesh quality in all cases higher 

than 0.65. As can be seen in the graph (Figure 5), the 

deformation values obtained in the cases from 10,000 to 500 

are very similar, while from 500 to 100 elements there is 

already an important variation in the deformation, so it can be 

concluded that a rendering with 1,000 elements would already 

guarantee with a safety margin of 2 an adequate value for the 

rendering of these beams, while 500 or less might not be 

adequate anymore. 

 

 

Figure 4. Reduction of the number of elements in the model to 

achieve the minimum rendering size that provides a final 

model for proper calculation. 

 

 

Figure 5. Deformation graph at beam end according to 

number of rendering elements. 

 

Once defined that 1,000 rendering elements are enough, it is 

checked what minimum mesh size is necessary to have an 

acceptable mesh quality and result. Different mesh sizes are 

tested and finally a mesh with a quality higher than 0.7 is 

defined as adequate. Since from there we can increase the 

number of elements, but the quality of the mesh does not 

improve substantially. As we can see that according to Figure 

6 with a mesh of 177,000 elements for the IPN 80 we would 

already obtain a mesh with quality higher than 0.7. 

 

 

Figure 6. Quality of the mesh depending on the number of 

elements in the mesh. 

 

Using a pre-rendering of 1,000 elements and a mesh for the 

tetrahedral calculation with a quality of 0.7 the results 

obtained were those of Table 1. 

 

Table 1. Deformation results in millimetres from FEM tests 

performed. 

Beam type Non-corroded Extruded slices Rendering 

IPN 80 2.19 2.566 2.435 

 

In the data obtained, it could be clearly observed that the 

corrosion had an important incidence with respect to the 

deformation reached by the beam, that is to say, the corrosion 

has affected the resistant capacity of the beam. In fact, the 

deformation of the beam has increased an average of 14% due 

to the corrosion. On the other hand, it can be seen that the 

differences obtained between the results found with the 

proposed methodology and the rendering differences are close 

to 5.3% error, so the proposed model of extruded slices is 

suitable for the calculation. 

But instead, the differences in calculation times and space 

occupied is really very important. The calculation time for the 

rendered model was 14 seconds while for the model extruded 

slices it was 8 seconds. In the case of the occupied space, in 

the rendered model it was 108 MB, while for the extruded 

slices it was 69.4 MB. In fact, on average the calculation time 

needed for the rendered model was 1.75 times higher than for 

extruded slices, while the space occupied by the calculation as 

rendered was on average 1.55 times higher than for extruded 

slices. 

Although the results of the extruded slice model are better 

than those of the rendering, the improvement offered by this 

method has not been sufficiently relevant. For this reason, and 

using several steps of the methodology of extruded slices, a 

new model of beam elements is proposed. The step in 

common with the extruded slice model and the beam element 

model is to obtain the contour drawing of each slice. In the 

case of beam elements, instead of being extruded, their 

geometrical properties are calculated for that section. This can 

be done automatically with the algorithm proposed by 

Cabaleiro et al. [12]. 
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Once the properties have been obtained, they are saved in an 

Excel file in which a macro is generated so that, automatically 

and independently of the number of slices from which the 

properties are obtained, a script in .js format is generated and 

executed in ANSYS to generate the beam element model. 

The two previous steps (calculating the properties and 

modelling the model of beam elements) are done quickly due 

to the automation of the process, as explained above. Once the 

beam element model is obtained, the FEM analysis is 

performed with the same characteristics as in the case of 

rendering and extruded slices.  

The results of the FEM analysis of the beam element model in 

ANSYS are as follows: a deformation of 2.482 millimetres, a 

calculation time of 0.2 seconds and a storage size of 9.19 MB. 

The difference in the deformation between the rendering and 

the beam elements is less than 2%, the calculation time is 70 

times less and the storage size is approximately 11.75 times 

less. Therefore, the beam model is the optimum of the three 

models, so we must go deeper into this method to obtain more 

results as these are preliminary. 

It should be taken into account that when modelling the beams 

on the basis of the actual measurements of the profile, 

possible initial differences in the measurements of the profiles 

due to the manufacturing process are also considered (even if 

the measurements are within the tolerances of the standards). 

In fact, for example, for an IPE 220 beam 1,000 mm long 

embedded at one end and with a 10 kN load at the other 

(Figure 7), the difference in deformation for the case of using 

the maximum measurements allowed in its section is 1.18 

mm, while with the minimum measurements it is 0.81 mm; in 

other words, a difference of 45%. Therefore, for the analysis 

of existing structures it is very important to use the real 

measurements of the profiles and not the theoretical ones 

according to the standards. 

 

 

Figure 7. Calculation of an IPE 200 with the possible 

maximum and minimum measurements according to the 

standards due to its manufacturing process. 

 

6 CONCLUSIONS 

Based on the results found, it can be said that this work shows 

how obtaining from the laser scanning beam models with 

extruded slices and beam elements of steel beam is suitable 

for structural analysis, achieving final results of equal 

precision with respect to traditional methodologies based on 

rendering and solid meshes, but being faster and occupying at 

least storage memory. Despite the fact that both methods 

present good results, the beam element model presents much 

better results, so it is the best option. 

Future work should dedicate to automate the methodology of 

the beam element model, carry out more test and apply it in 

more complex structures made up several beams. Also, this 

methodology should be tested and validated to cases of real 

steel or iron structures which present corrosion in their bars. 
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ABSTRACT: The installation of outrigger truss in the super high-rise building structure can improve the lateral rigidity, reduce
the lateral displacement of the structure, and reduce the overturning moment borne by the core tube. However, due to the
asynchronous construction of the inner and outer cylinders, the asymmetry of the structural layout and the shrinkage and creep
of the concrete during construction phase, the deformations of inner and outer tubes of the structure are different. If the
construction is carried out blindly, there will be a large additional stress on the outrigger truss, and the stress state of the
structure during service phase will be quite different from the design objective. The mechanism of outrigger truss based on
deformations of the inner and outer cylinders is studied in this paper. Based the actual construction phase of high-rise building
KingKey100, the time-varying characteristics of concrete shrinkage and creep and compressive strength are considered, and
standard construction simulation methods are used to perform full-process construction simulation analysis. The horizontal and
vertical deformation differences of the inner and outer cylinders and the influence of different construction schemes on the
internal forces of the outrigger truss are studied respectively. This study provides theoretical support for the arrangement of
monitoring points and monitoring methods for outrigger truss construction, and provides a theoretical basis for ensuring the
safety of outrigger truss in both the construction phase and service phase.

KEY WORDS: Outrigger truss; Super high-rise building; Stress mechanism; Construction monitoring.

1 INTRODUCTION
With the development of economy and science and
technology, there are more and more super high-rise buildings
in cities. Frame-core tube structure system is usually used in
super high-rise buildings. Its main lateral force resistance
system is the outer frame and inner core tube, which bear
most of the horizontal and vertical loads on the structure.
When the height of the building is too high, the lateral
stiffness of the general frame-core tube structure is
insufficient, so it is generally considered to add outrigger
trusses to improve the lateral stiffness, reduce the deformation
of the structure, and improve the overall spatial function
capacity of the structure. Schematic diagram of the outrigger
truss is shown in Figure 1. Typical projects in China include
Shanghai Magnolia, Shanghai Center, Shanghai Jinmao
Tower, Wuhan Center and and KingKey 100, etc.
Compared with building structures of ordinary height, super

high-rise buildings have high structural height, complex
structure shape, long construction period and concrete
shrinkage and creep effect, so the inner and outer tubes of the
structure usually produce large vertical deformation in the
construction process[1]. Due to the non-synchronous
construction and unequal structure arrangement of the inner
and outer tubes, the deformation of the inner and outer tubes
will be different in the construction process[2][3]. This kind
of deformation difference will cause more additional stress in
the construction stage of the outrigger truss. Therefore, it is
necessary to study the force mechanism of the outrigger truss
under the influence of structural deformation, so as to reduce
the additional stress caused by the deformation difference

between the inner and outer cylinders, and then provide some
suggestions for the installation of the outrigger truss.

Figure 1. Schematic diagram of outrigger truss
This paper simulates the whole construction process of the

structure according to the actual construction schedule based
on KingKey100. Considering the time-varying effect of
concrete, wind load during construction and different
construction schemes of outrigger truss, the deformation
accumulation rule of super high-rise structure during
construction is studied. The influencing factors of the internal
forces of the outrigger truss in the construction process are
studied so as to provide guidance for the construction,
installation and real-time monitoring of the outrigger truss in
practical engineering.

2 STANDARD CONSTRUCTION SIMULATION
METHOD

2.1 Time-varying structure simulation techniques
The structure construction process is a complex gradual
process of the structure system. The load, stiffness, mass and
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damping of the structure are constantly changing, showing a
strong time-varying characteristic. Its time-varying
characteristics are mainly reflected in boundary conditions,
load, material properties, geometric configuration and system,
and structural stiffness[4]。
The simulation analysis of the whole construction process

of super high rise structure can be realized by time interval
discrete and time freezing theory. The construction process of
super high rise is divided into a series of construction stages
according to the construction and installation process and each
construction stage structure is regarded as a series of time-
invariant structures. At each stage, the equilibrium state of the
previous stage is the initial state of calculation, and the
structural state in the construction process can be obtained by
continuously solving a series of time-invariant structures[5].
Finally, the time-varying load, boundary, material and
geometric stiffness of the structure are simulated through the
key techniques of step-by-step loading, step-by-step constraint,
concrete shrinkage and creep simulation and element birth and
death, so as to realize the simulation analysis of the whole
process of super high-rise construction considering the time-
varying effect. The whole process of construction simulation
using MIDAS GEN is shown in Figure 2.

Figure 2. Construction Simulation Steps

2.2 Concrete shrinkage and creep simulation method
Concrete is the most important building material for super
high-rise structures. Its material properties will change with
the development of time, including concrete strength,
shrinkage and creep. It is a typical time-varying material.
Since the discovery of concrete creep by Hatt in 1907, a large
number of theoretical and experimental studies have been
conducted on concrete shrinkage and creep, and a large
number of concrete shrinkage and creep prediction models
have been proposed[6]. ACI proposed AC209 series model[7].
CEB and FIP put forward CEB-FIP series models[8]. Bazant
proposed the B3 prediction model[9]. Among these models,
CEB-FIP (1990) model is relatively mature in application and
has high prediction accuracy[10]. A series of calculating

methods for concrete creep under variable load are proposed,
among which the age adjusted effective modulus method
(AEMM) is simple and practical, and widely used in
engineering field[11].

3 MODEL AND RESEARCH SCHEME

3.1 The establishment of the model
KingKey 100 main tower has 4 floors underground and 98
floors above ground, with a total height of 439m. Floors 3-74
are office floors, 75-92 are hotel rooms, and 96-98 are egg-
shaped restaurants. The core tube and its floor are reinforced
concrete structure, and the exterior is a composite floor plate
of steel beam and concrete slab. The outer frame steel
structure is designed with 16 box type giant columns, 3
outrigger trusses, 5 waist trusses and giant oblique braces on
the east and west facades. The outrigger trusses and floor steel
beams connect the core tube and frame structure, acting
together to resist horizontal loads. The architectural rendering
is shown in Figure 3.
Midas Gen is used to establish the KingKey finite element

analysis model. The beam element is used for the beam,
column, the inclined support between columns and the
outrigger truss members of the outer frame of the structure,
and the plate element is used for the floor and the shear wall
of the core tube. The structural model is shown in Figure 4.

Figure 3. Architectural
rendering Figure 4. Structural model

3.2 Definition of loads and construction stages
The construction stage load mainly has the following
categories: 1) The dead weight of the structure. 2)
Construction live load. It mainly includes the floor load
generated by construction personnel and material stacking,
and its value is 1 kN/m2. 3) Load of climbing tower crane
system. 4) Wind load. Wind load is calculated according to
Load Code for Building Structures. The return period of basic
wind pressure is 50 years, and the shape coefficient of wind
load needs to be defined by floor according to the building
size. 5) shrinkage and creep of concrete. The CEB-FIP (1990)
model is used to define the shrinkage and creep of concrete
and to make material connections. The definition of shrinkage
and creep coefficient is shown in Figure 5.
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(a) Creep coefficient (b) Shrinkage coefficient
Figure 5. Definition of shrinkage and creep coefficient of

concrete
The construction method of the core tube over the outer

frame column is adopted. The core tube shear wall shall be
constructed with 5 floors, followed by 5 floors of shear wall
floor slab, followed by 5 floors of outer frame slab and finally
5 floors of outer frame slab. The construction time of each
floor is 5 days. The specific construction process is shown in
Table 1.

Table 1. Division of construction stages

Construc
tion Step

Time
(day)

Shear
wall of
core

Floor
slab of
core

Beam
column
of outer
frame

Floor
slab of
outer
frame

1 20 Basemen
t 1-5

Basemen
t 1-5

Basemen
t 1-5

Basemen
t 1-5

2 45 6-10
3 70 10-15 6-10
4 95 16-20 10-15 6-10
5 120 21-25 16-20 10-15 6-10
6 145 26-30 21-25 16-20 10-15
7 170 31-35 26-30 21-25 16-20
8 195 36-40 31-35 26-30 21-25
9 220 41-45 36-40 31-35 26-30
10 245 46-50 41-45 36-40 31-35
11 270 51-55 46-50 41-45 36-40
12 295 56-60 51-55 46-50 41-45
13 320 61-65 56-60 51-55 46-50
14 345 66-70 61-65 56-60 51-55
15 370 71-75 66-70 61-65 56-60
16 395 76-80 71-75 66-70 61-65
17 420 81-85 76-80 71-75 66-70
18 445 86-90 81-85 76-80 71-75
19 470 91-95 86-90 81-85 76-80

20 495 96-Top
floor 91-95 86-90 81-85

21 520 96-Top
floor 91-95 86-90

22 545 96-Top
floor 91-95

23 570 96-Top
floor

4 ANALYSIS OF DEFORMATION OF INNER AND
OUTER TUBE OF STRUCTURE AND ITS INFLUENCE
ON OUTRIGGER TRUSS
The cumulative vertical deformation of each layer of the
structure is composed of the elastic deformation caused by the
dead weight of the structure, the shrinkage deformation
caused by the shrinkage effect and the creep deformation
caused by the creep effect[12]。Through the simulation of the
whole construction process, the vertical and horizontal
deformation rules of the structure can be obtained, and the
difference between the vertical and horizontal deformation of
the inner and outer tubes can be calculated, as shown in
Figure. 6~10.

Figure 6. Vertical deformation
of core tube

Figure 7. Vertical
deformation of frame

columns

Figure 8. Horizontal
deformation of core tube

Figure 9. Horizontal
deformation of frame

columns

Figure 10. Horizontal and
vertical deformation

difference of inner and outer
cylinder

Figure 11. Stress
development of outrigger

trusses

According to the above vertical deformation trend, the
vertical deformation caused by creep and shrinkage of
concrete accounts for about 40% of the total deformation. The
maximum vertical displacement of the structure occurs above
the middle of the structure. The maximum vertical
deformation of the core tube reaches 22mm, and the
maximum vertical deformation of the frame column reaches
8mm. The vertical deformation presents the rule of small up
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and down and large in the middle. When the structure is only
subjected to vertical load, the horizontal deformation of the
structure is small.
The vertical deformation difference of the inner and outer

tube of the structure also presents a developing trend of large
in the middle and small at both ends. The maximum vertical
deformation is up to 15mm, while the horizontal deformation
is generally no more than 2mm.
Due to the continuous development of structural

deformation in the construction process, additional stress will
be generated in the three outrigger trusses. The stress
development trend increases gradually with the construction
progress and develops rapidly in the early stage, as shown in
Figure. 11. Therefore, it is necessary to study the influencing
factors affecting the deformation development of the
structure's inner and outer tube. In addition to concrete
shrinkage and creep, there are also external influencing factors
such as different construction schemes and wind load, so as to
take necessary construction strategies to reduce the impact of
the deformation difference between the inner and outer tube
on the stress development of the outrigger truss.

5 ANALYSIS OF INFLUENCE OF DIFFERENT
CONSTRUCTION SCHEMES ON STRUCTURAL
DEFORMATION AND INTERNAL FORCE OF
OUTRIGGER TRUSS
The development law of the additional stress of the outrigger
truss determines the installation control method of the
outrigger truss. In practical engineering, outrigger trusses
usually adopt temporary hinged or delayed joint construction
methods. Different construction methods may have certain
influence on the development of structural deformation and
additional stress of the outrigger truss. Therefore, four
different construction schemes of the outrigger truss are
developed to study the influence of different construction
schemes on the structural deformation and the development of
additional stress of the outrigger truss. Scheme 1 is to connect
the arm truss of the corresponding floor when the construction
reaches the corresponding floor. Scheme 2 is to connect the
first outrigger truss when the construction reaches the floor at
the position of the second outrigger truss, connect the second
outrigger truss when the construction reaches the floor at the
position of the third outrigger truss, and connect the top of the
third outrigger truss. Scheme 3 is the top sealing and
reconnection of three outrigger truss. Scheme 4 is the direct
rigid connection between the outrigger truss and the core tube.
The part connected with the frame column is hinged first and
just connected after the top is sealed. The construction stages
of the outrigger truss installation under each scheme are
shown in Table 2.
Under the four construction schemes of outrigger truss, the

vertical deformation difference between internal and external
cylinders of the structure is shown in Figure 12.The
comparison of four construction schemes shows that the
vertical deformation difference between the inner and outer
tube of the outrigger truss decreases slightly when the
outrigger truss adopts the delayed connection scheme.The
outrigger truss adopts the temporary hinged scheme, and the
vertical deformation difference between the inner and outer
tube of the structure is almost unchanged.The overall

development trend of deformation difference between inner
and outer cylinder of the four schemes is consistent.

Table 2. Construction scheme of outrigger truss

NO.
Installation

stage of the first
outrigger truss

Installation stage
of the second
outrigger truss

Installation
stage of the

third outrigger
truss

1 51-55 core tube 66-70 core tube 86-90 core tube

2 66-70 core tube 86-90 core tube 96-100 core
tube

3 96-100 core
tube 96-100 core tube 96-100 core

tube

4
The part connected with the core tube is rigidly

connected; The part connected with the frame column
is hinged first, and then rigidly connected after sealing.

Figure 12. Development of vertical deformation difference
between inner and outer tube of structure under different

construction schemes

By comparing the stress development law of the outrigger
truss under the four schemes, the results show that the
outrigger truss can reduce the generation of additional stress
when adopting the construction scheme of delayed connection.
The additional stress of the outrigger truss is minimum when
using scheme 3. The development law of additional stress of
outrigger truss under different construction schemes is
basically unchanged. It is gradually increased with the
construction progress, and has nothing to do with the
installation sequence. Additional stress development of three
outrigger truss is shown in Figure. 13.

(a) Additional stress of the
first outrigger truss

(b)Additional stresses of the
second outrigger truss
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(c) Additional stress of the third outrigger truss
Figure 13. Additional stress of outrigger truss under different

construction schemes

5.1 Influence of wind load on structural deformation and
internal force of outrigger truss
Due to the long construction period of super high-rise
structure, the structure is likely to bear large wind load in the
construction stage. Therefore, it is necessary to take each
construction stage as the final construction stage for
construction stage simulation analysis, as shown in Figure 14.
The wind load is applied separately according to the height
and plane size of the structure. The second construction
scheme of the outrigger truss is adopted to analyze the
influence of the wind load on the deformation of the inner and
outer tube of the structure and the development trend of the
additional stress of the outrigger truss.

Figure 14. Some construction phase structures

The deformation difference between the inner and outer
tube of the structure under the action of wind load is shown in
Figure 15~16. The results show that considering wind load in
the construction stage has little influence on the development
of vertical deformation difference of the structure. Under the
X wind load, the development law of horizontal deformation
of the inner and outer tubes of the structure is slightly
different, but the overall horizontal deformation difference is
at a low level.

Figure 15. Vertical
deformation difference of
inner and outer tube under

wind load

Figure 16. Horizontal
deformation difference of
inner and outer tube under

wind load

When wind load is considered in construction stage, the
additional stress of the outrigger truss increases obviously.
The additional stress of the outrigger truss increases most
when the Y-direction wind load is considered. The
development trend of additional stress of three outrigger
trusses considering wind load is consistent with that without
wind load, as shown in Figure 17. Therefore, the influence
factors of wind load should not be ignored when considering
the construction scheme of outrigger truss.

(a) Additional stress of the first
outrigger truss

(b)Additional stresses of the
second outrigger truss

(c) Additional stresses of the third outrigger truss
Figure 17. Additional stress of outrigger trusses under wind

load

6 CONCLUSIONS
Based on the KingKey model, this paper analyzes the
deformation development law of the inner and outer tube of
the structure and the development law and influence factors of
the additional stress of the outrigger truss. The following
conclusions and reflections are drawn:
 The deformation difference between the inner and outer

tube of the structure will lead to a large additional stress
in the construction process of the outrigger truss, and with
the construction progress, the additional stress tends to
rise. Compared with the vertical deformation difference,
the horizontal deformation difference between the inner
and outer tube of the structure is usually small. Therefore,
according to the results of construction simulation
analysis, displacement monitoring points can be set
according to the maximum value and maximum
difference of deformation development of inner and outer
cylinders to monitor the deformation of inner and outer
cylinders in real time. The outrigger truss can not be
installed until the deformation is stable.

 The development of additional stress in the outrigger
truss can be reduced effectively by adopting temporary
hinged or delayed connection. Different construction
schemes have little effect on structural deformation.
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However, for different structures, there is still a lack of
systematic theoretical research on how to determine the
concrete construction scheme of the outrigger truss, such
as the scope within which the additional stress of the
outrigger truss should be controlled during roof sealing.
How to ensure the stiffness and stability of the temporary
structure in the construction process of the outrigger truss
is still to be studied if the construction scheme of the
outrigger truss is delayed connection or temporary hinge
connection.

 During the construction stage, the wind load will lead to
the increase of the additional stress of the outrigger truss,
but it has little effect on the horizontal and vertical
deformation difference between the inner and outer tube
of the structure. Therefore, it is necessary to consider the
influence factors of wind load when determining the
construction and installation plan of the outrigger truss.
Stress monitoring points can be set to monitor the
development of additional stress of the outrigger truss in
real time so as to obtain the actual stress value.
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ABSTRACT: 3D printing, more formally called additive manufacturing, has the potential to revolutionise the construction sector 

through improved structural efficiency, reduced material use and greater architectural freedom. The first metal 3D printed 

structure, the MX3D Bridge, has been designed, non-destructively tested and instrumented with an extensive structural health 

monitoring network. This network will measure the structural behaviour of the bridge, and act as a ‘living laboratory’, in its final 

location in the centre of Amsterdam, the Netherlands. Initial investigations into the thermal response of the bridge are presented, 

based on a one-month period of data collected during a nine-month sensor installation and commissioning programme at the 

University of Twente, the Netherlands. The regression-based thermal response prediction methodology is employed to predict the 

structural response from distributed temperature measurements. Although only a two-week input data period is used for the model 

training, the developed regression models are capable of generating accurate response predictions.  

KEY WORDS: Thermal response; additive manufacturing; bridge; metal 3D printing; temperature loads; signal processing; 

stainless steel; wire and arc additive manufacturing   

1 INTRODUCTION 

3D printing, or more correctly named additive manufacturing 

(AM), is an increasingly popular manufacturing method in the 

aerospace and biomedical sectors, and is also starting to be 

explored within the construction industry. It offers significant 

advantages over more traditional formative and subtractive 

techniques, including geometric flexibility – leading to both 

greater architectural freedom and more optimised structural 

efficiency, customisation opportunities, reduced material use 

and safer construction. Wire and arc additive manufacturing 

(WAAM) is a metal 3D printing technique particularly suited 

to the construction sector, with an essentially unlimited part 

size, a fast deposition rate (1-10 kg/hr) and lower equipment 

(off-the-shelf robotic welding arm) and consumable costs 

(€55/kg) than other metallic printing techniques, such as 

powder bed fusion [1]. The first large-scale metal 3D printed 

structure is the MX3D Bridge, shown in Figure 1 and 

introduced in Section 2, and was built using WAAM. This 

bridge will be placed within the centre of Amsterdam, the 

Netherlands in the near future. Prior to final placement it has 

been instrumented with an extensive structural health 

monitoring (SHM) network to allow the short- and long-term 

behaviour of printed metal to be investigated. The bridge will 

also act as a ‘living laboratory’, allowing studies into the flow 

of people and how the public interact with an instrumented, 

novel metal 3D printed structure in the centre of a capital city 

to be undertaken. 

Bridges are subjected to dynamic, static and quasi-static 

loadings. Short span bridges, such as the MX3D Bridge, can be 

exposed to frequent traffic (e.g. pedestrian crossings), which 

generate vibrations (a dynamic response) and deformations (a 

static response) while loads move over the structure. The third 

type of loading, temperature, in contrast to static and dynamic 

loads, is always present, therefore, governing the long-term 

bridge response [2–4]. Understanding bridge behaviour (or 

performance under a variety of loads) is very important, 

especially when introducing new novel construction materials 

and techniques, such as WAAM, and for assessing bridge 

conditions. Both the static and dynamic bridge responses are 

influenced by temperature loads [5,6], therefore the first task in 

long-term SHM is to characterise the bridge thermal response. 

It, ideally, requires densely distributed temperature 

measurements, which serve as an input to the regression-based 

thermal response prediction (RBTRP) methodology [7], which 

generates the relationship between the temperature and 

structural response.  

 

Figure 1. The MX3D Bridge at Dutch Design Week 2018. 

This paper presents initial investigations into the 

characterisation of the MX3D Bridge thermal response from 

measurements that were collected shortly after the sensor 

system was installed. The main purpose of characterising the 

bridge response is to establish baseline conditions, to which 
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future response measurements can be compared for condition 

assessment of the MX3D Bridge. 

2 MX3D BRIDGE  

The MX3D Bridge is the first metal 3D printed structure built 

and open to the general public to use and interact with. It is a 

12.5 m long pedestrian bridge, with a 10.3 m span between its 

supports, an average width of 2.5 m and an overall mass of 7.8 

tonnes, with a printed mass of 4.6 tonnes. The bridge is 

comprised of two printed handrails with internal stiffeners, a 

substructure with longitudinal and transverse printed hollow 

beams, a conventionally formed deck plate and two 

conventionally formed rectangular hollow section (RHS) end 

beams, as shown in Figure 2. The side profile of the bridge is 

an arch, rising 0.5 m between the end and midspan. The 

structure was built using WAAM over a 6 month period, with 

1100 km of Grade 308LSi austenitic stainless steel wire used, 

by a team of 6-axis industrial welding robots in Amsterdam. 

The bridge was printed in individual pieces and then hand 

welded together. The bridge was constructed by MX3D, a 

Dutch metal 3D printing start-up; designed, analysed and tested 

by Arup and Imperial College London; and the sensor network 

design was led by Force Technology, installed by the 

University of Twente and part of a larger ‘Smarter Bridge’ 

project team including the aforementioned partners and 

Autodesk and the Alan Turing Institute, the latter also including 

the University of Edinburgh. Significant effort was devoted to 

destructive material and cross-section testing in London [1,8,9] 

and non-destructive load testing of the partially and fully 

completed bridge at MX3D and the University of Twente [10], 

as part of the safety and verification process adopted. The 

MX3D Bridge was first unveiled to the public under controlled 

conditions at Dutch Design Week 2018 in Eindhoven, the 

Netherlands, shown in Figure 1. The bridge is expected be 

placed within the centre of Amsterdam, the Netherlands in the 

near future. 

 

Figure 2. An exploded view showing the individual structural 

elements of the MX3D Bridge. 

2.1 Sensor system 

The MX3D Bridge has an extensive sensor system installed to 

monitor its short- and long-term structural performance, along 

with future investigations into the flow of people in the 

installed location and how the public interacts with an 

instrumented and architecturally unusual structure. The sensor 

network consists of 84 distributed sensors, including 

accelerometers, inclinometers, load cells, thermometers, strain 

gauges and potentiometers, listed in Table 1, connected to six 

16-channel measurement modules. The locations of the sensors 

analysed, presented and discussed in this paper are shown in 

Figure 3. The sensors were either placed in the same locations 

as the temporary instrumentation used during the non-

destructive load testing [10] or based on the predicted 

maximum parameter variation from the constructed finite 

element model. Sensor data collected is uploaded in real-time 

from a local server to the Autodesk Data360 cloud service. An 

initial subset of the sensor network was installed prior to, and 

demonstrated during, Dutch Design Week 2018, however the 

majority of the instrumentation and wiring installation was 

undertaken during a nine-month period at the University of 

Twente. The sensor network was also checked and verified 

during this period, with the bridge sitting outdoors on the 

campus grounds exposed to the environment, as shown in 

Figure 4. Sensor data collected during this time period is 

presented and analysed in this study. 

Table 1. Overview of the installed sensor network. 

Sensor type Number Location 

Accelerometer 11 Substructure, handrails  

Inclinometer 9 Substructure, handrails  

Load cell 4 End beams 

Thermometer 16 Deck plate, substructure, 

handrails  

Strain gauge 40 Deck plate, substructure, end 

beams 

Potentiometer  4 End beams 

 

 

Figure 3. Locations of sensors used in this initial investigation, 

a subset of the full installed sensor network. 

 

 

Figure 4. The MX3D Bridge at the University of Twente during 

the sensor installation and commissioning programme.  

 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure  

1595 

2.1.1 Load cells and bearings 

The bridge rests on four elastomeric bearings, which allow 

small horizontal movements arising from pedestrian loading 

and thermal effects (i.e. expansion, contraction), at its four 

corners. A ring torsion load cell is installed on each bearing to 

measure the applied vertical loading on the structure. The 

selected load cells have 0.05 – 15 tonne nominal load capacity 

and 2.85±1% mV/V sensitivity. The LC02 load cell and 

associated bearing are shown in Figure 5.  

 

Figure 5. LC02 load cell and bearing under the MX3D Bridge. 

2.1.2 Strain gauges 

The surface strains of specific bridge elements are measured 

with 40 electrical resistance foil strain gauges (120 Ω and 350 

Ω). WAAM printed material has an inherent, wavy surface 

profile and therefore local mechanical surface smoothening 

was undertaken to provide a flat, smooth surface for adhering 

the strain gauges. Figure 6 shows example strain gauges 

attached to a smoothened area on the underside of the 

substructure.  

 

 
Figure 6. Example strain gauges adhered to a locally 

smoothened surface, prior to weatherproofing. 

2.1.3 Temperature sensors 

The temperature monitoring network comprises of 16 Pt100 Ω 

resistance thermometers, with a temperature range from -50°C 

to 150°C. These were glued to the underside of the deck plate, 

outer face of the handrails (on the inside of the bridge) and on 

the underside of the substructure. 

3 THERMAL RESPONSE CHARACTERISATION 

Previous studies have confirmed that the quasi-static bridge 

response, which is driven by slowly applied temperature 

changes can be exploited for bridge condition assessment when 

integrated in the temperature-based measurement interpretation 

(TB-MI) approach [11,12]. The main component of the 

approach (see Figure 7) is the RBTRP methodology, which 

consists of regression model generation and application phases.  

In the regression model generation phase a reference dataset 

is selected. Ideally, the reference set should contain the entire 

measurement range (i.e. one year of data). The data is pre-

processed using an interquartile range (IQR) analysis for 

outliers [13] and a moving average filter for noise [7]. It is then 

divided into the regression model training and testing sets. The 

training set can, for example, consist of each nth measurement. 

The remaining measurements form the testing dataset. To 

reduce computational time temperature measurements are 

converted to the principal component (PC) space. The first 1/3 

of PC vectors of the temperature measurements cover the 

variability of the original dataset and are selected for the 

regression model generation. Regression models are generated 

for each response sensor, such as a strain gauge. Multiple linear 

regression (MLR) and support vector regression (SVR) are 

reported to give comparable results [7]. MLR, however, 

requires significantly less time for model generation than SVR 

(even up to ×100). For this reason, it is better suited for large 

datasets than SVR, which is the case in this study. Readers can 

find a detailed explanation of the steps involved in the RBTRP 

methodology in [12], which is excluded here for brevity. 

The same data pre-processing settings are also used at the 

regression model application phase, in which newly collected 

measurements are used to predict the thermal response. 

Residuals between the predicted and measured bridge 

responses form the prediction errors (PEs). Consecutive PEs 

form PE signals, which are analysed for anomalies that provide 

an indication of anomalous structural behaviour. This stage is 

not covered in this paper, but will be reported in the future. 

 

Figure 7. The temperature-based measurement interpretation 

approach [12]. 

4 MX3D BRIDGE THERMAL RESPONSE 

This section delivers initial investigations into the thermal 

response of the MX3D Bridge. The RBTRP methodology is 

employed to characterise the thermal response of the bridge. 

Measurement time histories and their pre-processing, response 

predictions, and PE signal analysis are presented herein. 

4.1 Measurement time histories 

Temperature, strain and load measurements collected over a 

one-month period have been selected for this study. During the 
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selected monitoring period the data collection was interrupted 

several times due to configuration changes and sensor 

modifications. The longest interruption lasted a week. 1 Hz 

measurements were retrieved from Autodesk’s Data360 online 

platform for processing and analysis. Raw load and strain time 

histories (further referred to as signals) from representative 

sensors together with the deck plate temperature (measured 

from T03) for the chosen monitoring duration are shown in 

Figures 8 and 9, respectively. The response signals are set to 

zero at the start of the data collection period. The signals from 

LC03 and LC04 are similar in nature to LC01 and LC02 

respectively. In contrast, the strain signals for the MX3D 

Bridge are not alike – almost every strain signal has a unique 

pattern. Selected pre-processed strain signals are shown in the 

next section.  

 

Figure 8. LC02 and T03 measurement histories. 

 

Figure 9. SG13 and T03 measurement histories. 

4.2 Measurement pre-processing 

While the bridge was sitting on the grounds of the University 

of Twente campus, during the sensor network commissioning 

phase, it was open to the public. Noticeable spikes in the load 

cell signals result from visitors crossing the bridge and 

researchers carrying out commissioning tests. For the thermal 

response predictions only the temperature-induced response 

and distributed temperature measurements are required. The 

measurement pre-processing workflow is follows: i) down-

sample the measurement set to 1/60 Hz, ii) apply a 60 minute 

window for the IQR analysis, and finally iii) smoothen the 

measurement histories with a 15 minute moving average filter. 

Example results of three-day load, strain and temperature 

signals are shown in Figures 10, 11 and 12, respectively. Pre-

processed load signals are free from short term load events such 

as pedestrian crossings. Strains are not as sensitive to 

pedestrian-induced interactions as the measured loads, 

therefore they do not have short and sharp spikes within the raw 

dataset, which are removed using an IQR analysis. The strain 

signals are, however, contaminated with measurement noise, 

the effects of which are removed with a moving average filter. 

The temperature signals are, in general, already smooth and 

with no outliers. Their smoothing, however, removes short 

temperature fluctuations, which could be caused by sudden 

wind chill and cloud cover. 

 

Figure 10. Raw and pre-processed LC02 signal. 

 

Figure 11. Raw and pre-processed SG13 signal. 

 

Figure 12. Raw and pre-processed T03 signals. 

The signal trends of the temperatures and loads across the 

MX3D Bridge are reasonably similar in nature within the 

individual sensor types. The strain signals, however, tend to be 

both unique to each location and complex in nature. Example 

one-week signals of the SG04, SG05, SG12 and SG13 strain 

gauges, which while the bridge was at the University of Twente 

were located at the eastern end of the bridge, are provided in 

Figure 13. 
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Figure 13. Pre-processed one-week strain sensor signals. 

Signals are shifted along the y-axis for clarification. 

4.3 Thermal response predictions  

The dataset of the first two weeks, of the one-month dataset 

being considered, is set as the reference period for the 

generation of regression models, which includes both training 

and testing. The dataset after the measurement collection 

disruption (i.e. after 24 May) is the monitoring period. 

Temperature signals are converted to the PC space. The input 

dataset to the regression generation is composed of 

1.67×10⁻³ Hz, i.e. one measurement every 10 minutes. The 

remaining measurements for the testing set are used for 

evaluation of the regression model accuracy. The accuracy is 

expressed using a parameter 𝑒𝑝, which is a measure of the error 

computed in terms of the range of the measured response (see 

Eq. (1)). 

 

𝑒𝑝 =
𝑒𝑠
𝑟𝑠

 (1) 

 

𝑒𝑠 is the root mean squared error in predictions and 𝑟𝑠 is the 

range of measured response at sensor 𝑠 for the reference period. 

Insignificant improvements to the prediction accuracy are 

noticed when the input number of PCs is more than 10 PCs. A 

40-minute thermal inertia parameter is found to result in the 

smallest 𝑒𝑝 values.  Parameters 𝑒𝑝, 𝑒𝑠 and 𝑟 for the reference 

period are given in Tables 2 and 3. The tables also contain the 

parameter 𝑒𝑃𝐸, which is the PE parameter expressed as a 

percentage and is calculated as follows:  

 

𝑒𝑃𝐸 =
|𝑃𝐸𝑠|

𝑟𝑠
 (2) 

 

𝑃𝐸𝑠 is the PE and 𝑟𝑠 is the range of measured response at 

sensor 𝑠 for the monitoring period.  

Strains are predicted more accurately than loads. Only 𝑒𝑝 for 

LC04 and SG38 exceeds 5% for the reference period. Example 

measured and predicted responses of LC02 and SG13, over a 

three-day period, are shown in Figures 14 and 15. The SG13 

measured and predicted responses almost coincide, with very 

slight deviations being discernible. The LC02 predicted 

response deviates visibly from the measured response during 

periods when the temperature decreases.  

Table 2. Prediction accuracy and prediction errors of load cell 

measurements 

Sensor 

Reference period Monitoring period 

𝑒𝑝 𝑒𝑠 𝑟 𝑒𝑃𝐸 𝑟 

LC01 4.6% 34 N 740 N 8.1% 648 N 

LC02 4.7% 29 N 640 N 6.4% 600 N 

LC03 4.2% 32 N 770 N 6.8% 677 N 

LC04 5.1% 52 N 1020 N 7.7% 885 N 

Average 4.7% 37 N 792 N 7.2% 702 N 

 

Table 3. Prediction accuracy and prediction errors of strain 

gauge measurements 

Sensor 

Reference period Monitoring period 

𝑒𝑝 𝑒𝑠 𝑟 𝑒𝑃𝐸 𝑟 

SG04 3.8% 6.2 µε 162 µε 6.6% 134 µε 

SG05 4.4% 4.9 µε 109 µε 6.2% 103 µε 

SG12 3.8% 10.5µε 271 µε 5.0% 272 µε 

SG13 2.2% 4.5 µε 203 µε 3.0% 170 µε 

SG26 3.0% 9.8 µε 324 µε 4.5% 338 µε 

SG27 2.1% 6.1 µε 290 µε 2.4% 283 µε 

SG38 8.7% 22.7µε 262 µε 10.5% 304 µε 

SG39 3.5% 5.9 µε 169 µε 4.3% 147 µε 

Average 4.0% 8.8 µε 224 µε 5.3% 219 µε 

 

Figure 14. LC02 predicted and measured response over a three-

day period. 

 

Figure 15. SG13 predicted and measured response over a three-

day period. 

 

The load cell PE signals are plotted in Figure 16. The signals in 

the monitoring period are much noisier than in the reference 

period. Tables 2 and 3 give 𝑒𝑃𝐸 and range values. Although the 
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response ranges of the load cells in the monitoring period are 

smaller than in the reference period, the 𝑒𝑃𝐸 values are greater 

than 𝑒𝑝 values, indicating that the regression models fail to 

offer the same degree of prediction accuracy for the new 

measurements. The strain gauge PE signals (see Figure 17) for 

the monitoring period are also less accurate then for the 

reference period, although the average 𝑒𝑃𝐸 value is smaller than 

the average load cells 𝑒𝑃𝐸 value. The strain ranges at some 

sensor locations for the monitoring period are even greater than 

for the reference period. The PE SG38 signal is the most 

erroneous. PE values at the beginning of the monitoring period 

even exceed 100µε, suggesting that either the regression 

models fail to predict the SG38 measurements or the sensor 

might be faulty. Further studies are required to gain a better 

understanding of the nature of such high signal variations.  

 

Figure 16. The load cell PE signals. Signals are shifted along 

the y-axis for clarification. 

 

Figure 17. The strain gauge PE signals. Signals are shifted 

along y-axis for clarification 

4.4 Discussion 

The MX3D Bridge not only has a unique shape, and is 

produced using a new novel construction material and 

manufacturing technique, but it also has a complex thermal 

response. The four strain gauge measurements collected over a 

one-week period (see Figure 13) give a brief insight into the 

variability of the observed strains. In this study the regression 

models were trained with a dataset comprising of 

measurements over a two-week period. The results show that 

although the response is predicted with reasonable accuracy, 

the desired accuracy (𝑒𝑃𝐸<5%) was not reached for multiple 

sensors for the monitoring period. The SG38 signals had the 

least accurate predictions. A histogram counting the number of 

measurements within a range of 𝑒𝑃𝐸 values of PE SG13 and PE 

SG38 is shown as Figure 18. The PE SG38 curve has a long dip 

at the beginning of the monitoring period, which is reflected as 

the large distribution of measurements within the negative 𝑥-

axis region. It also is much wider than the PE SG13 curve, 

indicating that large number of measurements are extremely 

erroneous (i.e. 𝑒𝑃𝐸 is between -20% and 30%).  

 

Figure 18. Curve histogram of 𝑒𝑃𝐸 for the one-week monitoring 

period. 

Although the reference period covers a wide range of 

temperature variations the global temperature increases as the 

month progresses. The number of hours of daylight also 

increases during the dataset collection period, therefore the 

bridge and surrounding environment are exposed to longer 

periods of high temperature as the period progresses, than at the 

beginning of May. This phenomenon could be reducing the 

accuracy of the thermal response prediction. Figure 19 shows 

T03 temperature measurements over a 30-hour period at the 

beginning and end of the dataset collection period. The average 

temperature the end of the period is higher than at its beginning. 

Also, the duration of high temperatures is longer at the end of 

the month than at its beginning. 

 

Figure 19. T03 measurements over two 30 hour periods. The 

cross marks indicate the lowest temperatures in a 24-hour 

period.  
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5 CONCLUSIONS 

Metal 3D printing is starting to be explored as a manufacturing 

technique in the construction sector, with numerous benefits 

over traditional forming techniques, such as geometric 

freedom, reduced material usage and improved onsite safety. 

The first metal 3D printed structure, the MX3D Bridge, has had 

a bespoke sensor designed and installed to measure the short- 

and long-term structural performance, along with the collection 

of human interaction data as part of a ‘living laboratory’. Initial 

load, strain and thermal data collected during a nine-month 

testing and commissioning period at the University of Twente 

is presented in this study.  

Conclusions from the first attempt to characterize thermal 

response of the MX3D Bridge are as follows: 

• Although datasets of measurements collected over two 

weeks may be sufficient, the reference period needs to 

include the entire variability of the measurements for 

higher prediction accuracies. 

• The load and temperature plots are similar in nature 

between individual sensors in each sensor type family, 

while the strain gauges tend to have unique signatures 

(see Figure 13). 

• Although printed structures are expected to behave in a 

broadly similar manner to conventional structures, the 

complex geometric form, and anisotropic and non-

uniform material properties present a unique challenge 

characterising their thermal response.  

The work presented in this study is ongoing work. Once the 

MX3D Bridge is in its final location and measurements 

comprising at least one year will be recorded, the bridge 

thermal response will become clearer than it is now, opening 

opportunities for multiple publications.  
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ABSTRACT: Structural health monitoring (SHM) has been studied vastly in the last decade. Bridge health monitoring is a 

subdomain of this area. The critical infrastructures which can be monitored with the help of wireless sensor networks (WSN) has 

grown tremendously. Bridges have varying monitoring requirements as they vary in their categorization and usage. A generic 

monitoring system cannot satisfy the requirement of all the structures. Heterogeneity in the design of the structures brings up 

stringent requirement of quality of service (QoS). This work studies the QoS requirements of girder bridges with respect to real 

time response, and energy consumption of the deployed sensor nodes. The underlying communication protocol for this purpose is 

IEEE 802.15.4, where the optimum beacon enabled superframe structure and energy efficiency with varying superframe order 

(SO) and beacon order (BO) are analyzed. It is determined that superframe networks used in IEE 802.15.4 give a maximum of 40 

days to monitor a bridge before a new network needs to be implemented to collect data. Therefore, other avenues, such as Long 

Range Wide Area Networks (LoRaWAN) must be studied. 

KEY WORDS: Structural Health Monitoring (SHM); Wireless Sensor Networks (WSN); Bridge Health Monitoring; Quality of 

Service (QoS). 

1 INTRODUCTION 

The need for Structural Health Monitoring (SHM) using 

Wireless Sensor Networks (WSN) has been accepted widely 

and is being positively accelerated by Internet of Things (IoT) 

[1]. This acceleration has fostered a global impact in the form 

of processed data availability throughout the world. With that 

in mind, the bottom layer requirement for Structural Health 

Monitoring (SHM) traditionally relies on sensors to prolong 

bridge use and life.  

Communication related Quality of Service (QoS) 

requirements for various bridge structure are data transmission 

rate, energy consumption of the sensor nodes, sampling rate of 

the sensor nodes, synchronization error, and the processing 

capabilities of the sensors [2]. QoS depends on the need of the 

monitoring application, as bridges structure have various traffic 

classifications such as low, moderate, high, and very high 

traffic. Furthermore, types of vehicles allowed on bridges 

directly affect the sensing of the data, processing of the data, 

and its transmission to the Sinks, which are responsible to 

collect and process the data in order to reach a decision. These 

factors are highly impactful on the lifetime of the deployed 

network. In 2011, Chen et. al. proposed various scenarios 

where monitoring is for short- and long-term bridge 

monitoring. The short term and long-term monitoring 

differentiation can be strongly argued in the presence of the 

bridges’ traffic load and the type of vehicle permitted to use the 

bridge. Urban and rural bridges should be monitored differently 

as they differ in their load of the traffic. 

Remotely located bridges face less traffic as compared to the 

bridges located in urban areas. Traffic loads need to be studied 

before implementing the networks deployment parameter. 

There are scenarios where monitored data collection and 

processing is needed on an hourly basis, daily basis, and weekly 

basis. 

Recently, there has been tremendous effort to enhance the 

lifetime of the WSN. The network’s lifetime is decided on 

various parameters. Zhou et. al. claim that the deployment of 

the sensor in different kind of topology of the network can be 

one of the important reasons behind the lifetime improvement 

or decline [3]. Additionally, the demand of quality data from 

the monitoring network plays a role in the lifetime of the WSN. 

There is tradeoff between QoS and network lifetime. The more 

polished data require greater energy consumption. Also, if the 

deployment of the sensor node is very specific to the critical 

spot of the structure then death of any node may be catastrophic 

in terms of monitoring. 

Important QoS metrics for bridge health monitoring are event 

detection, event reporting probability, event classification 

error, event classification delay, and the lifetime of the 

individual node as well as entire network [4]. The relationship 

between the network lifetime or individual node is directly 

proportional to the aforementioned QoS metrics.  

This paper demonstrates the need of the QoS for bridge 

health monitoring using IEEE 802.15.4 MAC protocol [5]. This 

is accomplished within the following sections: related studies, 

the important features of IEEE 802.15.4, demonstration of the 

simulation model, and analysis of results followed by 

conclusion.  

2 RELATED STUDIES 

The importance of QoS for WSNs has been widely studied and 

analyzed in the last decade [6,7]. There are studies available 

which examine the QoS requirements for the various kind of 

WSN applications, such as healthcare monitoring, battlefield 

monitoring, intruder detection, low energy critical 

Performance analysis of IEEE 802.15.4 for QoS of Bridge Health Monitoring 
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infrastructure monitoring, and environment monitoring 

[8,9,10]. Despite the abundance of research of WSN in 

applications listed above, QoS application in SHM is lacking 

the impetus for change in the field of bridge monitoring. Chen 

et. al. [2] discourse the need of QoS for critical infrastructure 

protection and categorize the various QoS in the following 

terms: real time, dependable, user specified QoS, and low level 

QoS. These QoS metrics are further narrowly divided into 

energy consumption, delay, throughput, fault recovery etc. 

While there are other metrics, they fall out of scope of this 

work.  

The prominent WSN MAC protocols are shared in Table 1. 

Part of this surveyed table is borrowed from the work of Chen 

et. al. [2]. The parameter which is most important for the 

application in this study is energy conservation with respect to 

data traffic. As seen in the Table 1, most of the MAC protocols 

are better in energy conservation but the struggle to deal with 

heterogeneous data traffic. This study aims at investigating the 

lifetime of the monitoring networks in case of low traffic, 

therefore, the IEEE 802.15.4 MAC protocol is analyzed for the 

aforementioned QoS requirement.  

Table 1. Prominent MAC protocols for WSN Applications. 

 

MAC Protocols 
Energy 

Conservation 

Capability to 

handle various 

traffic class 

IEEE 802.15.4 Moderate Yes 

Sensor MAC (S-

MAC) 

High No 

Berkley MAC 

(B-MAC) 

High No 

Dynamic MAC 

(D-MAC) 

Moderate No 

Traffic Adaptive 

MAC (TRAMA) 

High No 

Energy Efficient 

MAC (EMACS) 

High No 

 

Liu et. al. discuss energy efficiency with multiple objectives 

for structural health monitoring and find out the relation 

between strategic deployment and energy consumption. They 

claim there exists a tradeoff between model information 

accuracy and energy consumption [11]. Similar studies support 

the energy efficiency analysis for structural health monitoring 

but fail to address the same for bridge health monitoring 

[12,13,14]. Studies related to structural health monitoring of 

bridges that focus on the data collection and its purity, how 

efficiently data is being collected and how long the monitoring 

system will survive are rare. As bridge health monitoring has 

its own challenges, it needs to be addressed separately [15]. 

3 IEEE 802.15.4 OVERVIEW 

IEEE 802.15.4, which is a low power and low data rate 

Wireless Personal Area Network (WPAN) Medium Access 

Control (MAC) protocol, has been designed to help smaller 

energy constraint devices conserve more energy, provided they 

use low data transmission or reception. The last decade has seen 

the exploitation and uptick of WPAN MAC in wireless sensor 

networks. Due to its renowned relevance of late, it has been 

studied extensively for different applications allied with 

sensors. 

This protocol is a medium access control protocol, which 

entails to avoid collision and unproductive retransmission 

during communication. To avoid energy consumption in 

smaller devices, the mechanism in this protocol categorizes the 

network formation in beacon enabled mode and non-beacon 

enabled mode. These two categories differ due to the use of 

beacons and the presence of a time duration which is called a 

superframe. The beacon enabled mode controls the 

communication activities and the duty cycle of the devices with 

the help of a Personal Network Coordinator (PNC). The non-

beacon approach gives freedom to the networked devices to act 

on their own for various communication need and the duty 

cycles.  

The various applications differ in how to deploy the network, 

which in wireless network communication terms is defined as 

network topology. The various topologies include: Bus 

topology, Star topology, Ring topology, Cluster topology and 

Mesh topology. Although all these topologies can be used by 

beacon or non-beacon approach of IEEE 802.15.4, Cluster Tree 

topology with beacon enabled approach has been applied to this 

study. This topology has been selected due to the inherent 

nature of the monitoring network which relies on a coordinator 

to collect and process the data for decision making. 

Cluster Tree topology, as can be seen in Figure 1, is a 

formation where there is a Personal Area Network (PAN) 

coordinator, alternatively called a sink, which collects data 

from various sub coordinators. These sub coordinators in turn 

collect data from the end devices. This formation exists to 

decrease the burden on the end devices for long range 

communication, which consumes more energy. Smaller 

clusters tend to avoid data collision as each cluster has lesser 

number of devices as compared to the entire network. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Cluster Tree Topology. 

 

Beacon enabled networks rely on a superframe structure, 

which is depicted in Figure 2. This superframe structure 

provides flexibility to opt for various types of communication. 

The Contention Access Period (CAP) enables communication 

between sink and source devices instantly, provided they win 

the channel to transmit the data. Contention Free Period (CFP) 

provides needed reserved slots to the sink and source. While 

reserving the slot for communication, the uplink or downlink 

communication also needs to be reserved. In beacon enabled 

mode, a PNC coordinator is responsible for various 
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communication needs of the end devices and decides about the 

shrinking and expanding the duration of the superframe. The 

time duration of the superframe depends on the Superframe 

Order (SO) and Beacon Order (BO). Equation 1 and 2 together 

are responsible for the duty cycle of the networks, as these 

metrics cause the supeframe to have an inactive period, CAP or 

CFP. Superframe duration ranges from 15.36ms to 251.6s. The 

range depends on the value of SO and BO, if SO and BO are 

equal to 14 the duration will be 251.6. Common values of SO 

and BO result into full duty cycle. Decreasing the value of BO, 

while SO is intact, causes variance in the duty cycle in 

decreasing order. 

 
Figure 2. Superframe Structure of IEEE 802.15.4. 

 

 𝑆𝐷 = 𝑎𝐵𝑎𝑠𝑒𝑆𝐷 ∗ 2𝑆𝑂 (1) 

 𝐵𝐼 = 𝑎𝐵𝑎𝑠𝑒𝑆𝐷 ∗ 2𝐵𝑂  (2) 

 

Where 0 ≤ SO ≤ BO ≤14 and aBaseSD = 15.36 ms 

  

Figure 2 of the superframe structure clearly divides the time 

frame into Beacon, CAP, CFP and Inactive Period. The beacon 

helps the coordinator to announce its presence and makes it 

responsible for the management of the formed network. New 

devices scan the environment periodically to find out the 

presence of a coordinator, if they find the beacon, they put a 

join request else they become PNC and start sending beacon in 

its vicinity. 

The CAP is meant to provide channel access where each 

sensor node competes for the channel. Any device which 

intends to transmit the data in this period observes the channel 

for a certain amount of time. Once it finds the channel idle, it 

sends the data. This mechanism is known as Carrier Sense 

Multiple Access (CSMA). Devices which need an exclusive 

slot for transmission utilize the CFP. The CFP internalizes the 

time division multiple access mechanism to provide the needed 

time slots for the communication. The inactive period of the 

superframe then offers the opportunity to the devices to sleep. 

The size of the superframe structure shrinks or expands due to 

Superframe Order (SO) and Beacon Order (BO). 

Equations (1) and (2) have a relationship based on the SO and 

BO. The limit is used for the expansion on the base of 

0≤SO≤BO≤14. Equation 1 and 2 have a direct impact on 

superframe duration and beacon interval, as it relies on the 

variable SO and BO. Once the superframe duration and beacon 

interval is calculated we can calculate the Duty Cycle as 

mentioned in Equation 3. 

 

 𝐷𝑢𝑡𝑦 𝐶𝑦𝑐𝑙𝑒 =  
𝑆𝐷

𝐵𝐼
 (3) 

 

4 SIMULATION MODELING 

Energy consumption of each node is calculated on the base of 

following equations. In equation 3-8, Et and Er denote energy 

consumed by a sensor node in transmission and reception of 

data, 𝑣 is the voltage, 𝐶𝑡, 𝐶𝑟 , 𝑎𝑛𝑑 𝐶𝑠 are the variables meant for 

current consumption, 𝛥𝑡 is the duration of the transmission or 

reception of the data. 𝛥𝑡𝑠 denotes the inactive period and Es 

denotes the energy saved during inactive period. 

 

 𝐸𝑡 = 𝑣 ∗  𝐶𝑡 ∗ ∆𝑡 (4) 

 𝐸𝑟 = 𝑣 ∗ 𝐶𝑟 ∗ ∆𝑡 (5) 

 ∆𝑡𝑠 = 𝐵𝐼 − 𝑆𝐷 (6) 

 𝐸𝑠 = 𝑣 ∗  𝐶𝑠 ∗ ∆𝑡𝑠 (7) 

 𝐸𝑎𝑠 =
𝐸𝑎+𝐸𝑠

2
 (8) 

For the energy consumption of a sensor node the most 

important operations are transmission, reception which is 

denoted in the Equations 4 and 5. To conserve the energy, 

nodes sleep and remain inactive for specified amount of time. 

Equation 6 specifies the inactive period and Equation 7 benefits 

and finds the saved amount of energy. Equation 8 depicts the 

energy consumed in the transition between active (Ea) and sleep 

mode (Es), Eas. 

The IEEE 802.15.4 MAC is simulated using the wireless 

modeler of the OPNET 14.5 version. Tables 2 and 3 depict the 

simulation parameters which have been taken into 

consideration during the simulation. 

 

Table 2. Simulation Parameters. 

Parameters IEEE 802.15.4 

Topology Clustered Tree Topology 

Nodes 10 RFDs 3 FFDs 

Data Rates 250 Kbps (Max) 

Communication Range 10 Meters 

Packet length 127 Bytes 

 

Table 3. Battery Energy Specification. 

Attribute Name Description 

Receive Mode  MICAz = 27.7 mA  

Transmission Mode MICAz (0 dBm)    =  17.4 

mA  

MICAz (-5 dBm)   =  14 mA  

MICAz (-10 dBm) =  11 mA  

Idle Mode  MICAz = 35 µA  

Sleep Mode MICAz = 16 µA  

Initial Energy  2 AA Batteries (1.5V, 2300 

mAh) = 2 × 24 840 = 49 680 

Joules  

 

5 RESULT ANALYSIS 

Analysis of CAP and CFP is performed in a rural or remote 

area, where traffic is assumed to be low. Figure 3 demonstrates 

that on the base of provided duty cycle to the network, how long 

a network can survive. The parameters have been enumerated 
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in the simulation depicted in Table 2. Bridges in remote and 

rural areas exhibit less traffic and therefore do not need to be 

monitored continuously, thus data has been collected from 

sensors once, twice and three times a day in the contention free 

period of the superframe. Contention free periods enables us to 

use the guaranteed time slot and it saves more energy. If data 

collection is happening once a day, it was found that IEEE 

802.15.4 supported that the guaranteed time slot mechanism 

will offer a lifetime of about 40 days maximum and about 17 

days minimum ~17. When data is collected three times a day, 

there exists a sharp decline in the lifetime when duty cycle is 

close to one. This occurs because the network consumes more 

energy in wakeup and sleep operations occurring three times a 

day. Therefore, it is implied that a bridge which is experiencing 

less traffic, the sensor devices may be kept in full sleep mode. 

When their timer of sleep expires, they can reassociate with the 

coordinator and transmit the data. This approach will not be 

helpful for the bridges with higher traffic load.  

 

 
Figure 3. Duty Cycle vs Network lifetime (BO=14, SO = 

{10:14}) under CFP. 

 

Figure 4 demonstrates the lifetime of the network when 

contention access period (CAP) of the superframe is under use 

exclusively. The result is based on the varying interarrival time, 

where the sensors wakeup then contend for the channel. This 

also happening once, twice and three times a day. The previous 

result demonstrated the same under the influence of exclusive 

contention free period where there is no reason to consume 

energy while contending for the channel. Here the contention 

causes more energy consumption. The maximum and minimum 

lifetime ranges from about 28 days maximum to 7 minimum 

days when packet interarrival time is 30 seconds, and it declines 

further when arrival interval of packet is 10 seconds. The initial 

slow decline is due to lesser duty cycle, as the low duty cycle 

allows some of the network devices opportunities to transmit 

their data. When the duty cycle grows, the probability of 

winning the channel for transmission is higher which ultimately 

causes more energy consumption. 

 

 

 
Figure 4. Duty Cycle vs Network lifetime (BO=14, SO = 

{10:14}) under CAP. 

6 CONCLUSION 

This work brings into notice the need of QoS, precisely 

energy consumption in the network which may cause the 

failure of the network and ultimately undermines the 

monitoring of the bridges for longer duration. The need of 

the monitoring of lifetime of the monitoring networks are 

addressed so critical data is not lost in downtime or 

inefficiencies of sensor networks. CAP and CFP are analyzed 

with various traffic load and duty cycles to study their 

impact on the network lifetime. Remotely located bridges 

with less traffic load (three times a day maximum sensing) 

cannot survive more than 40 days if they rely on CFP. 

CAP is more power hungry, and its use will result into 

higher energy consumption. Therefore, choosing IEEE 

802.15.4 for monitoring of bridge health may not be a 

wise decision. Due to this conclusion, other avenues are to be 

researched to efficiently monitor bridges. Recent studies in 

Long Range Wide Area Networks (LoRaWAN) potentially 

show more prominence in terms of better network 

lifetime. The authors will look next into LoRaWAN for 

satisfying the need of QoS of bridge health monitoring. 
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ABSTRACT: Full-scale measurements have been taken of two tall buildings in London monitored in a wide range of wind 
conditions. The effects of the wind on the two structures have been studied by comparing the wind-induced vibrations obtained 
from the accelerometers’ readings at the top of the buildings against the corresponding wind data. Although modal parameters, 
damping ratio and natural frequency, have been studied in relation to a series of variables, such as temperature, time, amplitude, 
and wind speed and direction, the dominant effect was found to be amplitude for both natural frequencies and damping ratios. 
Additionally, a gradual decrease in natural frequencies has been observed for one of the buildings with the passage of time 
during the twelve-month monitoring period. This is assumed to be due to the increase in the mas on the structure. The damping 
ratios have been found to increase with an increase in amplitude for all the modes considered for both buildings. On the 
contrary, natural frequencies have shown a decreasing relationship with respect to amplitude. The dissipation of energy and 
consequently mitigation of oscillations illustrated by the increase in the damping ratio with amplitude has a positive effect 
regarding the integrity of the structures. 

KEY WORDS: Full-scale measurements; Tall buildings; Wind-induced vibrations; Modal parameters; Amplitude-dependence; 
Time-dependence. 

1 INTRODUCTION 
There is a trend in recent years for the construction of more 
slender tall buildings, which, hence, feature more sensitivity 
to wind-induced vibrations. Wind actions are a main concern 
in the design of tall buildings, but still there exists more 
uncertainty in these actions and in the resulting dynamic 
responses than in most other kinds of loads. In addition, for 
this type of structure, occupant comfort is directly related to 
the resulting sway. Therefore, understanding the resulting 
dynamic responses, vibration properties and their changes in 
tall buildings is becoming more important from both a 
structural health and habitability point of view. Quantifying 
and identifying trends of modal parameters in a range of 
different wind conditions can achieve this. 

Calculations of the dynamic response of tall buildings use 
assumptions of the damping, ultimately based on empirical 
data. Although wind tunnel tests are valuable in assessing the 
dynamic behaviour of structures, the full-scale damping is still 
uncertain and some aerodynamic effects may be affected by 
scaling issues. Therefore, data from measurements of full-
scale tall buildings, such as estimates of damping and other 
modal parameters, are very valuable. 

The lack of universally accepted formulas to calculate and 
predict trends of modal parameters has led to calculations 
being based on empirical models. Several studies have 
presented results of modal analysis and the associated wind 
conditions from the full-scale measurements on tall buildings 
[1-15]. All of these previous studies have identified modal 
parameters, i.e., natural frequencies and damping ratios, and 
they have been evaluated in relation to a series of parameters, 
such as acceleration, displacement or wind speed. 

In this research, two tall buildings in London have been 
considered in the study. Tower 1 (T1) rises 150 meters while 
Tower 2 (T2) stands 205 meters tall. Sets of accelerometers 
were installed on top of the buildings to monitor the effects of 
the wind on the structures. Wind conditions for T1 have been 
obtained from readings of an ultrasonic anemometer installed 
at the top of the building while Met Office data has been 
considered for T2. Full-scale measurements on T1 were 
collected from October 2017 to October 2018 while readings 
from T2 correspond to a 1-week period in January 2020. 
Some preliminary results based on T1 were presented in [16] 
and [17]. 

Acceleration signals have been obtained from vibrations 
measured in two orthogonal directions. The natural frequency, 
damping ratio and acceleration amplitude of the first mode in 
the two directions considered were identified from the fitted 
Power Spectral Densities (PSDs) of the accelerations. Trends 
in the damping ratios and natural frequencies have been 
evaluated in a range of wind conditions and in terms of 
amplitude. The damping ratios have been found to increase 
with an increase in wind speed and amplitude for the different 
directions of motion considered. Meanwhile, natural 
frequencies have shown a decreasing relationship with respect 
to wind speed and amplitude. The dissipation of energy and 
consequently mitigation of oscillations illustrated by the 
increase in the damping ratio with wind speed and amplitude 
has a positive effect regarding the integrity of the structure. 
Furthermore, understanding variations in the modal properties 
with time and in relation to vibration amplitude or wind 
conditions is important for potential structural health 
monitoring over long periods. For T1, the correlation of 
natural frequencies with amplitude in terms of time has been 
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observed to show a decreasing relationship with the passage 
of time for the full monitoring period. 

2 DESCRIPTION OF TOWERS AND MONITORING 
SYSTEMS 

This project is based on test cases of two high towers in 
London. A set of accelerometers and an ultrasonic 
anemometer were installed on T1 to monitor the effects of the 
wind on the structure from October 2017 for a continuous 
period of about a year, giving a wide range of wind 
conditions. The same accelerometer equipment was later 
installed at T2, from which a set of measurements obtained 
during a week at the end of January 2020 has been considered 
in this paper. Figure 1 and Figure 2 shows the plan and 
elevation of the 45th to 47th floors of T1 respectively, with the 
locations of the instruments and the local co-ordinate system. 

 
Figure 1. Plan of T1 showing locations of instruments and 

local co-ordinate system (dimensions in m). 
 

 
Figure 2. Elevation of the top three floors of T1 showing 

locations of instruments (dimensions in m). 
 
The top two floors of the T1 are set back from the main 

façade, so the accelerometers were installed on the highest full 
concrete slab level, in the external area on the 45th floor. 
Figure 3 shows the plan of floor 56 of T2 with the location 
and orientation of the accelerometers. In both cases, two 
sensors monitored motion in the towers’ local x direction, 
offset from each other to measure translational and rotational 
motion, and one sensor monitored motion in the local y 
direction. The accelerations were acquired continuously at a 
sampling frequency of 61 Hz. 

 
Figure 3. Plan of the T2 showing locations of instruments and 

local co-ordinate system (dimensions in m). 
 
The wind velocity at T1 was measured at a sampling 

frequency of 1 Hz using an ultrasonic anemometer (Figure 1) 
installed at the highest accessible point, on the edge of the 46th 
floor. Wind measurements were recorded hourly and 
correlated against hourly accelerometer measurements. The 
measured wind velocity exhibited a large vertical angle of 
attack (mean 30°), presumably due to the proximity of the 
anemometer to the building itself. The mean wind speed is 
therefore based on the components of the wind velocity in the 
horizontal plane. Wind data for T2 has been obtained from 
Met Office records [18]. 

3 SIGNAL PROCESSING AND SYSTEM 
IDENTIFICATION 

From the hourly measurements of the three accelerometers on 
the 45th floor of T1, the x and y components of the motion 
were decomposed. The output PSD of the structural 
acceleration response was estimated in the frequency range 
0.1-5 Hz by using the modified Welch’s periodogram as it 
was detailed in [19]. Figure 4 shows the PSDs of the 
acceleration of a 1 hour-long record in the x and y directions. 
Four clear modes in each of the sway directions were 
identified below 5 Hz from the PSDs of the accelerations. It 
was found that the natural frequencies of the structure in the x 
direction were slightly higher than those of the corresponding 
modes in the y direction. These slight differences were 
expected since, although the tower is close to rotationally 
symmetric, there are slight differences in the structure in the 
orthogonal directions. 

 
Figure 4. PSD of acceleration of T1 in the x and y directions. 
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The Frequency Domain Decomposition (FDD) method 
detailed in [20] was used for signal processing of the 
accelerometers data from the T2 due to difficulties in 
identifying closely spaced modes. The FDD method provided 
a solution allowing discrimination between the close modes 
found. Firstly, the cross-spectral density matrix of the signal 
from each accelerometer was estimated. Singular value 
decomposition of the cross-spectral density matrix was then 
performed in order to obtain the normalized mode shapes (i.e. 
relative contribution of x, y and rotational motion) of each 
mode, from which the generalized accelerations could be 
obtained. Figure 5 shows an example of the PSD of 
accelerations of a record for T2, where the decoupled modes 
can be observed. 

 
Figure 5. Measured and fitted PSD of generalized 

accelerations of T2. 

 
The Iterative Windowed Curve-fitting Method (IWCM) 

[21] was used to perform the fitting process of the processed 
PSDs of the accelerations obtained for the two buildings. This 
method was developed for estimating modal parameters from 
ambient vibration measurements, and it has been successfully 
applied to other structures previously [22, 23]. An example of 
the measured and fitted PSDs for the acceleration responses of 
a given record in the y direction for T1 is shown in Figure 6. 
The output PSD of the structural acceleration response was 
fitted in the frequency range 0.1-4.5 Hz. PSDs for the other 
components of motion have been fitted similarly. From the 
curve-fitting of the PSDs for the hourly acceleration 
responses, the natural frequency and damping ratio of each 
mode were identified. The RMS acceleration amplitude for 
each mode was obtained from the PSDs by integrating them 
over the frequency range of interest. 

 
Figure 6. Measured and fitted PSD of acceleration at T1 in the 

y direction. 

4 ESTIMATED MODAL PARAMETERS 
In order to quantify the effect of wind on the structure, the 
hourly accelerometer and anemometer data were correlated 
and compared against each other. Regarding the symmetry of 
the two buildings shown in Figure 1 and Figure 3, the two 
different fundamental modes have been considered in this 
paper, i.e., in the local x and y directions of each tower, 
denoted as Mode X and Y respectively. Trends in the natural 
frequencies and damping ratios with the wind speed and 
acceleration amplitudes have been identified. In addition, the 
natural frequency of T1 has been assessed in relation to the 
passage of time. The coefficient of determination, R2, has 
been also computed for each plot in order to quantify the 
quality of the fit for the different considered variables. A 
higher value of R2 might indicate a cause-effect relationship 
between two variables. 

The two modal parameters estimated for this building, 
natural frequencies and damping ratios, have been 
investigated in relation to a series of parameters, such as the 
time, various measures of the vibration amplitudes, 
temperature, wind speed and wind direction. Relationships of 
natural frequencies with the RMS acceleration amplitude and 
wind velocity for both T1 and T2, and the effect of time on 
the natural frequencies for T1 are shown and will be discussed 
next. The relationship of damping ratio to the RMS 
acceleration amplitude and wind velocity for both T1 and T2 
has been also studied in this paper. The modal parameters 
showed higher correlation with the RMS acceleration 
amplitude than with other measures of the amplitude.  

 Natural Frequencies 4.1
The correlation between the estimated natural frequencies of 
T1 and time, after removing the amplitude effect and time for 
Mode X and Mode Y is shown in Figure 7 and Figure 8 
respectively. It can be observed that there is a gradual 
decrease of natural frequency with the passage of time during 
the full monitoring period for both modes considered.  

The form of the fitting curve was chosen after evaluating 
the effect of the amplitude and time, independently, with 
respect to frequency. Change of the natural frequency with 
amplitude and time was found to fit an exponential decrease 
with a non-zero horizontal asymptote. The decrease in natural 
frequency with time is believed to have been due to the 
increasing mass from fitting out and increasing occupation of 
the building during the monitoring period. It is thought that 
the decrease in the rate of occupancy, and the consequent 
decreasing rate of the added mass during the last months of 
monitoring ultimately resulted in the stabilized frequency 
values after the monitoring ended, once the building was fully 
occupied. This behaviour can be observed in Figure 7 and 
Figure 8 where the perceived reduction in the rate of 
frequency decrease during the last months of monitoring is 
illustrated by the decrease in the slope of the trend curve. 
Although the monitoring system remained in place during the 
full monitoring period, data was not recorded continuously 
and gaps between clusters of data points are present. The 
functional form of the fitting curve that produces the 
relationship between the natural frequencies and the 
corresponding date of measurement according to [24] is 
defined by: 

                          Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure

1609



  (1) 

where: n’ is the adjusted natural frequency (in Hz) 
  a, b, c are constants 
  t is time [DateTime format] 

 
Figure 7. Relationship between adjusted natural frequency of 

Mode X and time for T1. 

 

 
Figure 8. Relationship between adjusted natural frequency of 

Mode Y and time for T1. 

 
The decrease of the natural frequencies during the 12-month 

monitoring period can be observed in Figure 7 and Figure 8. 
T1 started to be occupied by the end of the year 2017 and the 
first half of the floors were occupied by March 2018. Given 
that 90% of the concrete strength is attained by 28 days after 
setting and that the measurements started more than a month 
later than the structure was fully completed, the effect of the 
structural stiffness has been discarded as a significant factor of 
influence in the change of the frequencies during the passage 
of time. Natural frequencies are usually identified more 
precisely than the damping ratios for comparable wind 
conditions from full-scale ambient vibration data in tall 
buildings. However, this change of mass resulted in scattered 
plots of natural frequencies due to the variation in the 
identified values.  

The relationship between the estimated natural frequencies 
of T2 and the RMS acceleration amplitude for Mode X and Y 
is shown in Figure 9 and Figure 10 respectively. 

 
Figure 9. Relationship between natural frequency and 

acceleration amplitude for Mode X of T2. 

 

 
Figure 10. Relationship between natural frequency and 

acceleration amplitude for Mode Y of T2. 

 
The chosen functional from of the fitting curve that models 

the relationship between the natural frequencies and the RMS 
acceleration amplitude is defined by: 

  (2) 

where: n is the natural frequency (in Hz) 
  d, f, g are constants 
  σ is the RMS acceleration amplitude (in m/s2) 
The relationship between the estimated natural frequencies 

of T2 and the wind speed for Mode X and Y is shown in 
Figure 11 and Figure 12, respectively. As well as for the 
amplitude relationship shown previously, there is a marked 
decrease in the estimated natural frequencies with the 
increasing wind speed for the different modes considered. 

 
Figure 11. Relationship between natural frequency and wind 

speed of Mode X for T2. 
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Figure 12. Relationship between natural frequency and wind 

speed of Mode Y for T2. 

 
The chosen functional form of the fitting curves that 

captures the relationship between the natural frequencies and 
the corresponding hourly mean wind velocity is defined by: 

  (3) 

where: n is the natural frequency (in Hz) 
  h, i are constants 
  U is the hourly mean wind speed (in m/s) 
The R2 values computed for each plot of the natural 

frequencies are summarized in Table 1. Although plots of the 
natural frequencies and the RMS acceleration amplitude for 
Mode X and Y of the T1 are not shown in the paper, R2 values 
have been also included in Table 1. Except for Mode X for the 
T2, for which the differences is negligible, the R2 values of the 
correlation between natural frequency and wind speed are 
clearly lower than the corresponding values for the amplitude 
relationship, so it can be stated that there is a higher 
dependency of natural frequencies on amplitude than wind 
speed.  
 

Table 1. R2 values of the natural frequency relationship with 
amplitude and wind speed. 

Building T1 T2 
Mode X Y X Y 

Natural Frequency-
Acceleration Amplitude 0.32 0.40 0.62 0.30 

Natural Frequency- 
Wind Speed 0.20 0.21 0.63 0.23 

 

 Damping Ratios 4.2
The coefficient of variation between different damping ratios 
were up to 144%, although using the large number of records 
available, underlying trends could be found. No variation of 
damping ratio with time was observed for either of the 
buildings. 

Although there is much scatter of the individual estimates, 
an underlying trend of increasing damping ratio obtained from 
T1 is apparent with increasing wind speed for Mode X and Y. 
The relationship between the variables can be observed in 
Figure 13 and Figure 14. 

 
Figure 13. Relationship between damping ratio and 

acceleration amplitude of Mode X for T1. 

 

 
Figure 14. Relationship between damping ratio and 

acceleration amplitude of Mode Y for T1. 

 
The relationships between the damping ratios of T2 and the 

RMS acceleration amplitude for Mode X and Y are shown in 
Figure 15 and Figure 16 respectively. Similar trends have 
been found from data obtained on the two different buildings, 
though the trends are less clear for T2 since there were far 
fewer records.  

 
Figure 15. Relationship between damping ratio and RMS 

acceleration amplitude of Mode X for T2. 
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Figure 16. Relationship between damping ratio and RMS 

acceleration amplitude of Mode Y for T2. 

 
There is still an open discussion on the amplitude-dependent 

behaviour of damping of tall buildings and several prediction 
models have been developed by different authors. Most of the 
authors agree that the variation of damping ratio with 
amplitude is explained by the slipping contact between 
friction surfaces and the amount of wind-induced energy 
dissipation. Studies published by Davenport and Hill-Carroll 
[25] found damping ratio increased monotonically and slightly 
with amplitude while Jeary [26] and Tamura et al. [27] 
suggested that the increase in damping ratio may eventually 
reach a plateau at a certain amplitude. More recently Spence 
and Kareem [28] proposed a new data-driven probabilistic 
model where both the damping ratio and natural frequency 
were modeled in terms of amplitude since the same physical 
process governs the behaviour of both relationships. 

From the results presented in Figures 13-16, trends of 
increasing damping ratio with the increasing acceleration 
amplitude have been found. It can be stated that the obtained 
results indicate the amplitude-dependency of the damping, as 
it has been observed in some previous studies of full-scale 
measurements in tall buildings. However, given that there is 
no data measured at very high amplitudes, the damping ratio 
behaviour cannot be predicted for higher amplitudes. The 
chosen functional form of the fitting curve that illustrates the 
relationship between the damping ratios and the 
corresponding RMS acceleration amplitude is: 

  (4) 

where: ζ is the damping ratio (in percentage) 
  j, k, l are constants 
  σ is the RMS acceleration amplitude (in m/s2) 
Variation of the damping ratio estimates of T1 with the 

wind speed for Mode X and Y is shown in Figure 17 and 
Figure 18 respectively. The correlation between the variables 
has been observed to present a linear trend in the range of 
wind speed obtained from the full-scale measurements.  

 
Figure 17. Relationship between damping ratio of the first 

mode and mean wind speed Mode X for T1. 

 

 
Figure 18. Relationship between damping ratio of the first 

mode and mean wind speed Mode Y for T1. 

 
Variation of the damping ratio estimates of T2 with the 

wind speed for Mode X and Y is shown in Figure 19 and 
Figure 20 respectively. As well as for the amplitude 
relationship shown previously, there is an increase in the 
estimated damping ratios with the increasing wind speed for 
the different motion modes of the two considered towers. 

 
Figure 19. Relationship between damping ratio of the first 

mode and mean wind speed Mode X for T2. 
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Figure 20. Relationship between damping ratio of the first 

mode and mean wind speed Mode Y for T2. 

The chosen functional form of the fitting curve that 
illustrates the relationship between the damping ratios and the 
corresponding hourly mean wind velocity is defined by: 

  (5) 

where: ζ is the damping ratio (in percentage) 
  m, o are the constants 
  U is the hourly mean wind velocity (in m/s) 
The R2 values computed for each plot of the damping ratios 

are summarized in Table 2. Except for Mode X of T2, for 
which the values are close, the R2 values of the correlation 
between damping ratio and wind speed are notably lower than 
the corresponding values for the amplitude relationship, so it 
can be stated that there is a higher dependency of damping 
ratios on amplitude than wind speed. It can be stated that the 
obtained results indicate the amplitude-dependency of the 
damping, as it has been observed in some previous studies of 
full-scale measurements in tall buildings. 

 

Table 2. R2 values of the damping ratio relationship with 
amplitude and wind speed. 

Building T1 T2 
Mode X Y X Y 

Damping Ratio-
Acceleration Amplitude 0.65 0.78 0.27 0.12 

Damping Ratio- 
Wind Speed 0.13 0.19 0.30 0.04 

 

5 CONCLUSIONS 
The measurements of wind-induced vibrations and associated 
wind conditions have been completed for the two tall 
buildings in London. Trends in damping ratio and natural 
frequency have been evaluated for a range of wind conditions 
from vibrations measured in the first mode in two orthogonal 
directions.  

Although damping ratio and natural frequency have been 
studied in relation to a series of parameters, such as 
temperature, time, amplitude and wind speed, the dominant 
effect was found to be the amplitude for both natural 
frequencies and damping ratios. The natural frequencies have 
shown a decreasing relationship with respect to amplitude, 
while the damping ratios have been found to increase with an 

increase in amplitude for the considered modes. The 
dissipation of energy and consequently mitigation of the 
oscillations associated with the increasing damping ratio with 
both the wind speed and amplitude has a positive effect on the 
integrity of the structure. Additionally, a gradual decrease in 
natural frequencies has been observed for T1 with the passage 
of time during the twelve-months monitoring period, which is 
assumed to be due to the increase in the mass on the structure. 

Ongoing work aims to investigate these issues in more 
detail using data from the full monitoring period and 
considering the effect of wind direction. 
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ABSTRACT: This paper reports the work in the context of the SMART_OPS project, which aims to develop a monitoring solution 

for large movable scaffolding systems (LMSS) with Organic Prestressing System (OPS).  

The SMART_OPS project includes 2 sets of monitoring systems installed on a Movable Scaffolding System (MSS) for deck spans 

up to 70m. The MSS built 12 spans near Bratislava between May 2019 and February 2020. In the first stage, it was used a 

commercial system to get knowledge of the variables under study with state-of-the-art equipment. In the second stage, a 

customized monitoring system is under development. The monitoring scheme included 2 sonic anemometers, 29 strain gauges 

and 3 triaxial accelerometers in the first stage. This paper describes the results obtained with commercial equipment to demonstrate 

in a full-scale MSS under normal operation the advantages and challenges of monitoring. This first experience was also crucial to 

define the main characteristics of the customized monitoring system. 

KEY WORDS: Movable Scaffolding Systems (MSS); Large MSS (LMSS); Organic Prestressing System (OPS); Structural 

Monitoring; Operational Modal Analysis (OMA). 

1 INTRODUCTION 

The construction of prestressed concrete bridge decks with 

Movable Scaffolding Systems (MSS), a three-dimensional 

steel lattice structure that supports the formwork, used to 

construct one entire span of the bridge deck, that additionally 

has the ability to self-launch between adjacent spans, is 

typically used in the 40-60 m span range. Until the last few 

years, bridges with 70-90 m deck spans were usually built with 

precast solutions, metallic solutions or by balanced cantilever 

method. However, over the last few years, experiences have 

been made and new solutions have been developed for the 70-

90m span range, usually referred as LMSS – Large MSS [1]. 

These experiences in large scale MSS were partly supported by 

the OPS use. The OPS technology is an active control system 

for static or quasi-static loadings, where prestress cables and 

hydraulic jacks become part of the structure as structural 

members [2]. The hydraulic pressure in the jacks is controlled 

by an algorithm based on the mid-span deflection of the MSS. 

When the mid-span deflection reaches a predetermined 

threshold, the OPS algorithm transmits instructions to the 

hydraulic jacks which compensate the deflection (the algorithm 

induces force increment with increasing deflection).  

Unlike a permanent structure, MSS must undergo several 

operations with very different characteristics, namely: 

• Static phase (usually called Concreting): suspension 

of the deck concrete weight while the deck is not self-

supporting. The concrete weight is substantially bigger than the 

MSS weight. During this phase the MSS deformation is kept 

small by the OPS in order to achieve a bridge deck with the 

desired geometry; 

• Movable phase (usually called Launching): 

movement of the MSS between adjacent spans facing an 

evolving structural system (the MSS moves above supports that 

run through the entire MSS length). 

This already highly technological MSS machines will be 

equipped with the SMART_OPS monitoring system that will 

permit to monitor online the forces transmitted to the 

supporting structure, the evolution of its response to strong 

winds and the tracking of its modal properties, with particular 

attention to the natural frequencies tracking, as a mean to detect 

structural anomalies and variations along MSS typical working 

cycle. The data supplied by the SMART_OPS also provides 

additional information to improve the safety and risk 

management in bridge construction. 

The commercial monitoring system installed on the MSS 

represented in Figure 1 includes three subsystems, comprising 

2 sonic anemometers, 3 triaxial accelerometers, 14 linear strain 

gages and 5 rectangular rosette strain gages. 

 

Figure 1. Monitored MSS over Danube river with Bratislava 

on the background [3] 

This paper includes preliminary results from the data 

collected by the anemometers and accelerometers. The 

accelerometers collected information between 28/04/2019 and 
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04/03/2020. The anemometers were installed later, operating 

between 13/09/2019 and 12/02/2020. 

2 SENSORS LAYOUT 

The monitoring plan included 2 sonic anemometers, one 

installed near the front end of the MSS (Anemometer 1, see 

Figure 2) and other installed near the MSS highest point 

(Anemometer 2, see Figure 2) 

The sonic anemometers provided information about 4 variables 

related with wind and temperature: Wind Speed, Wind 

Azimuth, Wind Elevation and Sonic Temperature. The 

anemometers sampling rate was around 28Hz, then adjusted in 

post-processing to 25Hz to ensure homogeneity. The results 

from both anemometers are similar, with minor differences in 

wind speed and wind direction. Therefore, in this work, only 

the data from anemometer 2 is detailed. 

 

Figure 2. Anemometers positions 

The mean wind speed for 10-minute periods reached a 

maximum of 16.6m/s on 04/02/2020 between 9:20 and 

9:30 GMT (see Figure 3). 

 

Figure 3. Mean wind speed for 10-min periods 

The wind data did not change significantly from span to span, 

which was expected, because the distance to the ground and the 

surroundings are similar for all spans. This paper does not 

account for these minor differences between spans. 

The wind occurred in several plan directions, from which 3 

were preponderant (see Figure 4). The most frequent direction, 

around 70º with the North, is the one with lower wind speeds. 

This direction is nearly the direction of the bridge deck and is 

possible that this wind direction is related with the preparation 

for bridge construction (the tree removal in the deck alignment 

created a channel of wind). 

The most relevant direction is around 330º with North. This 

direction combines the highest speed winds and a direction 

nearly perpendicular to the MSS, which is usually the critical 

direction for the MSS (the exposed area to transversal winds is 

significantly higher than for vertical and longitudinal winds). 

 

Figure 4. Mean wind speed for 10-min periods 

 Accelerometers 

After some analyses on the MSS numerical model to find the 

most suitable positions for the accelerometers, an ambient 

vibration test was performed onsite on a similar MSS (the 

viaducts on both sides of the bridge were built by similar 

MSSs). Finally, the elected positions include one at the tip of 

the front cantilever (102), one near the middle of central span 

(103) and one at one-third of central span (104) (see Figure 5). 

Each of the 3 points is instrumented with a triaxial 

accelerometer measuring with a sampling rate of 50Hz 

(longitudinal, transversal and vertical accelerations were 

recorded). 

 

Figure 5. Accelerometers positions 

3 VIBRATION LEVELS 

The vibration levels of the MSS along the bridge deck 

construction are very inconstant, depending essentially on the 

existence and magnitude of the most important sources of 

excitation. The most important sources are the work onsite, the 

wind, foundation microtremors and water movement on the 

Danube river. The work on the MSS is particularly relevant for 

the vibration level, being possible to identify even the working 

hours, the lunch and middle-morning breaks and the change 

from daylight saving time to standard time on 27/10. In 

Figure 6 it is represented the RMS of the vertical accelerations 

for periods of 5 minutes, as a function of the date (in the 

horizontal axis) and the GMT hour (in the vertical axis). The 

areas in red are associated with higher accelerations. 
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Figure 6. Vibration levels on the MSS during the bridge construction (the vibration level increases from blue to red) 

The wind also plays a vital role in the excitation of the MSS. 

The acceleration response to wind is governed by buffeting (see 

Figure 7). Since it is much more flexible, the influence of wind 

on the front cantilever (Etna 102, see Figure 5) is higher than 

on the central span (Etna 103 and Etna 104, see Figure 5). 

 

Figure 7. Relation between mean wind speed and the RMS of 

transversal acceleration, both for 10 minute periods 

4 AMBIENT VIBRATION TESTS 

For comparison with the numerical model and to obtain a 

higher spatial definition of the modes, an ambient vibration test 

was performed during the construction of the 5th deck span. The 

Etna 102 on its original position was used as reference during 

all setups (see Figure 5). All other points of the MSS 

(represented in blue in Figure 9) and the points on the bridge 

deck (represented in magenta in Figure 9) were instrumented 

only in 1 setup. 

For modal identification, it was used the peak picking 

method. The averaged normalized spectrum (ANPSD) for 

transversal and vertical directions is represented in Figure 8 for 

all points (in green), for the points on the MSS (in blue) and for 

the points on the bridge deck (in magenta). 

On the spectrum associated with the points on the MSS (blue 

line) 9 peaks were identified, marked by red lines in Figure 8. 

 

Figure 8. ANPSD for transversal and vertical directions 

The more prominent peaks are related with the front nose 

modes, the peak with frequency around 1.099Hz with 

transversal bending and torsion of the nose (see Figure 9 on the 

left) and the frequency around 1.666Hz with the vertical 

bending of the front nose (see Figure 9 on the right). 

  

Figure 9. Mode shapes for f=1.099Hz (on the left) and 

f=1.666Hz (on the right) 

5 MODAL IDENTIFICATION 

After removal of long-term trends and decimation to 25Hz, 

each one-hour transversal and vertical time series were 

subjected to a modal identification process using the Enhanced 

Frequency Domain Decomposition method (EFDD) [4]. 

Since the modes are well-spaced, it was considered only the 

1st singular value of the decomposition. The peaks of the 

spectra were grouped into modes with similar characteristics 

(frequency, damping and modal configuration) and compared 

with the modes obtained with the ambient vibration test. The 

more relevant modes are included in Figure 10. 
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Figure 10. Identified modes using EFDD grouped by color and compared with ambient vibration tests (in red, on the right) 

The natural frequencies identified with the ambient vibration 

test (numbered from W.EVA.1 to W.EVA.8 on Figure 10) and 

afterwards with the continuous monitoring data are nearly the 

same. 

The modal configurations obtained with EFDD are compared 

with the ones estimated with the ambient vibration tests in 

Figure 11. Figure 11 includes the information presented in 

Figure 9, together with the results delivered by the EFDD 

method (in red). The outcomes from both methods agree. 

  

Figure 11. Mode shapes for f=1.098Hz (on the left) and 

f=1.668Hz (on the right) 

The mean characteristics of the modes identified with EFDD 

are detailed in Table 1. Comparing the mode characteristics, 5 

of the modes identified recurrently by the EFDD were also 

identified with the ambient vibration test: 

• FDD.1 ≈ W.EVA.1 

• FDD.2 ≈ W.EVA.2 

• FDD.3 ≈ W.EVA.3 

• FDD.4 ≈ W.EVA.4 

• FDD.6 ≈ W.EVA.6 

Table 1. Modes identified with EFDD. 

 

The other modes identified with the ambient vibration tests 

have also a correspondent mode on the continuous monitoring, 

but their appearance is not so frequent, eventually because they 

are related with specific conditions of excitation or particular 

conditions of the MSS. 

6 CONCLUSIONS 

The monitoring system installed on the MSS consisting on 

anemometers and accelerometers proved successful on 

collecting information on wind characteristics and on modal 

identification of the main modes in the [0 5Hz] frequency 

range. The use of peak peaking and EFDD methods revealed 

similar results, parametric methods for more robust tracking of 

the modal properties are under implementation. 
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ABSTRACT: The metal roofing system is widely used in the platform canopy of the high-speed railway. When metal roofing 

blows off under strong wind, the blown off roofing can interface with normal operation of high-speed train. Therefore, it is vital 

important to propose an efficient method to detect the early abnormal behavior of the metal roofing system. 

In this paper, the operational modal analysis is firstly performed on a scaled model of the metal roofing system, and the first four 

order modal parameters are estimated.  Subsequently, an aluminum clip linking the panel and purlin is removed to simulate the 

slightly change of the boundary condition. However, it is observed that the modal frequency is insensitive with such an early 

structural change. Afterwards, a continuous dynamic monitoring campaign is developed to investigate the temperature effect on 

the modal frequency. It is found that the fundamental frequency is negatively correlated with temperature during a day. The 

temperature varying from 20 to 60 degrees Celsius results in the frequency fluctuation within 0.2Hz. 

KEY WORDS: Operational modal analysis, Continuous dynamic monitoring, Metal roofing panel, Temperature effect.

1 INTRODUCTION 

Metal roof panels are mostly used on the roofs of large 

buildings, such as airport terminals, high-speed rail stations 

and so on. In recent decades, a number of applications have 

been applied around the world, followed by many accidents. 

For example, in March 2013, the roof of the northeastern 

corner of the T3 International Terminal of Beijing Capital 

Airport was partially destroyed by a strong cyclone, causing a 

large-scale accident. In March 2018, Nanchang Airport 

encountered a wind with a maximum wind speed of 37 m/s, 

and some of the eaves decoration materials in the entrance 

area of T2 Terminal were blown down by the wind, causing 

great damage. It can be found that large-scale structures 

accidents have caused great damage to the society due to 

strong winds, and it must be paid attention to by people. 

The metal roof panels are mostly overlapped left by right, 

and the upright hem is clamped and connected with the metal 

support. Wind lift accidents are mostly caused by damage to 

the joint between the support and the upright seam. Current 

research on wind resistance of metal roof panels can be 

divided into wind tunnel tests and numerical simulations. 

Wind tunnel test uses the wind pressure characteristics of the 

structural scale model in the wind tunnel to simulate the use of 

solid structures in natural wind. For example, H.Yashu[1] used 

the rigid model test to obtain the wind pressure distribution on 

the roof surface. Miyake[2] carried out aeroelastic model tests 

on rectangular flat roofs and discussed the mechanism of 

wind-induced vibration of flexible roofs. Numerical 

simulation methods mostly use computational fluid dynamics 

and computational structural dynamics methods to 

numerically simulate the flow field around a building in an 

atmospheric wind field environment, so as to calculate the 

wind load and even the dynamic response of the structure. For 

example, Sun Xiaoying[3] used Fluent software to 

systematically study the average wind pressure distribution on 

the surface of long-span flat roofs, and discussed the influence 

of wind direction, high-span ratio, and roof inclination on the 

average wind pressure distribution on the roof surface.    

Uematsu Y[4] studied the wind pressure distribution on the 

surface of long-span roof structures with simple shapes. It can 

be found that most of the existing researches have studied the 

influence of wind characteristics on inclined metal roof panels. 

However, for the metal roof panel structure in operation, there 

is no reliable method to determine the health status of the 

support. Based on this, the author of this paper proposes a 

method for judging the health status of metal roofing panels 

based on the damage index of the modal information of the 

metal roofing panel to determine the damage status of the 

metal roofing panel. 

2 EXPERIMENT DESIGNING 

In order to achieve modal experimental research on metal 

roof panels, a metal roof panel platform was built in Shenzhen 

Harbin Institute of Technology. The platform consists of an 

upper cover and a lower support. Covering part is composed 

of 9 YX65-430 type aluminum magnesium manganese roof 

panels and 50 type 75 aluminum alloy supports. The metal 

roof panel is buckled on the support, and is connected by 

stacking left and right in sequence. The support is fixed to the 

lower frame by bolts. The frame is composed of several steel 

beams and columns, and the columns are inserted into the 

ground and fixedly connected to the ground. 

The modal test method uses operational modal analysis and 

uses the random subspace method [5] to obtain the modal 

information of the structure. Firstly, select two reference 

points on the board, named them No.1 and No.2. Then select 

two support positions as the damage variable group and name 

them No. 3 and No. 4. Then select 8 positions at equal 

intervals on each board as the measuring points, and name 

them No.5 to No.12. Limited by the number of sensors, each 

mode is measured and controlled. By moving from No.5 to 

No.12 sensors, the modal of the whole board is obtained. 
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Figure 1 Metal roof panel. 

 

Figure 2 Framework beneath panel. 

 

Figure 3 Modal test. 

Using a random subspace algorithm, at a certain natural 

frequency, the relative value of the mode shape amplitude of 

each measurement point relative to the reference point can be 

acquired. Then it is prepared to get the mode shape of the 

whole structure. By adjusting the direction of the sensor, the 

mode shapes in the vertical direction and in the plane 

perpendicular to the plate extension direction are measured. 

3 EXPERIMENTAL RESULTS 

By the method described in the previous section, the first 

four order modal information of the metal roof panel 

experimental platform can be obtained. The first, third, and 

fourth order are vertical modes, and the second order is 

horizontal. The frequency and mode corresponding to each 

order are shown in the following figure: 

 Table 1. Modal Frequency of Experimental Model. 

Modal order First Second Third Fourth 

Modal frequency 

(Hz) 

10.32 11.30 14.20 38.65 

 

 

Figure 4: First-order mode. 

 

Figure 5: Second-order mode. 

 

Figure 6: Third-order mode. 

 

Figure 7: Fourth-order mode. 

In order to obtain the influence of structural damage on the 

modal information, the damage was arranged at point No.3. 

Damage type is removal of the support of position 3, and 

measured the mode shapes of plates 2, 3 and 6. The No. 6 

plate is near the damage, which is the experimental group. 

Plates 2 and 3 are far away from the injury, which is the 

control group. Ten groups were tested under the condition of 

injury and health to reduce experimental error, and the order 

modes of plates 2, 3, and 6 were obtained and their changes 

were compared before and after injury. 
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Figure 8: First-order mode of Plate 2. 

 

Figure 9: Second-order mode of Plate 3. 

 

Figure 10: First-order mode of Plate 6. 

 

Figure 11: Second-order mode of Plate 2. 

 

Figure 12: Second-order mode of Plate 3. 

 

Figure 13: Second-order mode of Plate 6. 

It can be observed that the vertical first-order mode has 

almost no change before and after damage. The vertical 

second-order mode changes at the damage location before and 

after the damage but the rules are not obvious. The transverse 

first-order mode has no obvious change law before and after 

damage.  

And then compare the mode amplitudes of the damage 

points before and after the damage. The amplitude of this 

mode is the ratio of each mode of the damage point to the 

mode of point No.1. 

Table 2: Vertical First-order Mode Amplitude Ratio 

Vertical First Order (10.30 Hz) 

9 sets of 

experiments 

Damage Point 1 Damage Point 2 

Health Damage Health Damage 

0.804 0.791 0.889 0.957 

0.795 0.792 0.961 0.972 

0.763 0.765 0.915 0.917 

0.801 0.798 0.963 0.949 

0.776 0.777 0.937 0.937 

0.777 0.781 0.931 0.933 

0.777 0.775 0.923 0.933 

0.777 0.775 0.935 0.940 

0.782 0.781 0.943 0.945 

Average 0.784 0.782 0.933 0.943 

Rate of 

Change 
-0.25 % 1.06 % 

Table 3: Horizontal First-order Mode Amplitude Ratio 

Horizontal First Order (11.20 Hz) 

9 sets of 

experiments 

Damage Point 1 Damage Point 2 

Health Damage Health Damage 

1.028 1.078 1.101 1.101 

1.034 1.065 1.078 1.085 

1.058 1.068 1.090 1.079 

1.061 1.050 1.093 1.087 

1.073 1.057 1.119 1.096 

1.067 1.051 1.101 1.108 

1.058 1.040 1.061 1.078 

1.103 1.085 1.095 1.089 

1.053 1.028 1.011 1.102 

Average 1.059 1.058 1.083 1.092 

Rate of 

Change 
-0.13 % 0.79 % 

It can be found that when the support is removed, the 

relative change of the mode shape amplitude at the damage 

location is less than 1%. No significant change in the shape of 

the metal roof slab. Obviously, it is not advisable to use it for 

damage identification of metal roofing panels. 
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4 EFFECT OF TEMPERATURE ON MODAL 

A large number of research show that among various 

environmental factors, under long-term use, temperature can 

cause significant changes in the dynamic characteristics of the 

structure, and even cover up the modal parameter changes 

caused by damage. Therefore, the influence of temperature 

has become an important issue that cannot be ignored in 

damage identification. Xia Zhanghua et al[6]. carried out 

research and analysis on the influence of ambient temperature 

on the relative wavelet entropy index of continuous box-girder 

rigid-frame bridges. Giraldo D F et al.[7] studied damage 

detection adapted to different environmental conditions. 

Behmanesh et al.[8] studied the simulation damage 

probability identification of Downing pedestrian bridge based 

on the Bayesian finite element model update. Zhou G D et al. 

[9] conducted a review of the relationship between 

temperature and vibration characteristics of long-span bridges. 

Xu Y L et al. [10] monitored the influence of temperature on 

the suspension bridge. Therefore, it is very important to 

explore the mechanism of the dynamic changes of the 

structure affected by temperature. To explore or eliminate the 

influence of temperature on the damage index is the most 

difficult point of structural damage identification. At present, 

the method of investigating the influence of temperature on 

the modal parameters of a structure is to collect long-term 

data using a long-term health monitoring system, and then 

perform statistical analysis to discuss the influence of 

temperature on the dynamic characteristics of the structure. 

Due to the lack of analysis on the temperature effect of 

aluminum, magnesium, and manganese metal roofing panels, 

and the effect of sunlight on aluminum, magnesium, and 

manganese metal roofing panels changes greatly within a day, 

an experiment is designed to study the effect of temperature 

on the structural mode. 

Five test points are arranged on the outdoor board 

experimental platform, of which No.1-No.3 are the middle of 

the board, and No.4 and No.5 are the board boundary points. 

As shown in the picture, the temperature measurement also 

uses the centralized acquisition platform developed by the 

research group. K-type thermocouple, fixed on the roof to 

measure, as shown in the figure. Due to the small thickness of 

the plate and the good thermal conductivity of the metal, the 

temperature is considered to be the same everywhere. 

 

Figure 14: Experimental Scene Picture. 

 

Figure 15: K-type Thermocouple. 

The daily changes in frequency and temperature with full 

health and one support removed were collected, and the 

results are shown in the following figure. 

 

Figure 16: Temperature Change Within a Day. 

 

Figure 17: Change of Panel Boundary Frequency Within a 

Day Under Healthy Conditions. 

 

Figure 18: Change of Panel Mid Frequency Within a Day 

Under Healthy Conditions. 
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Figure 19: Temperature Change Within a Day. 

 

Figure 20: Change of Panel Boundary Frequency Within a 

Day Under Damagement. 

 

Figure 21: Change of Panel Boundary Frequency Within a 

Day Under Damagement. 

It can be found that as the temperature increases, the base 

frequency decreases. In order to better study the relationship 

between the frequency and the temperature, the temperature is 

taken as the abscissa and the frequency is taken as the ordinate. 

Observations are made by drawing and straight line fitting is 

performed by the least square method. The result is shown in 

the figure. 

 

Figure 22: Change of Panel Mid Frequency Within a Day 

Under Damagement. 

 

Figure 23: Sampling Point Locating in Panel Mid under 

Healthy Condition. 

 

Figure 24: Sampling Point Locating in Panel Mid under 

Damagement. 

 

Figure 25: Sampling Point Locating in Panel Boundary 

under Damagement. 

It can be concluded that whether in a healthy or damaged 

state, the base frequency has a negative correlation with 

temperature. And the frequency change within 0.2 Hz in one 

day is not enough to affect the damage pattern recognition. 

5 CONCLUSION 

In this paper, a modal test is performed on a metal roof 

panel and it is found that the mode shape is not a good way to 

identify the damage of the support. According to the author's 

related research, the first-order frequency under heavy 

conditions can identify damage. This paper studies the effect 

of temperature on the first-order frequency of metal roofing 

panels and finds that the first-order frequency has a negative 

correlation with temperature. 
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ABSTRACT: In the aftermath of seismic events, the availability of real time Structural Health Monitoring (SHM) information 

can support the selection of the most efficient emergency management plan. A remaining issue in SHM is to convince owners and 

operators of infrastructure of what is the “added-value” of SHM and what are its social and economic benefits. The Value of 

Information (VoI) from Bayesian decision theory has been recently proposed to this aim. In this paper, the general methodology 

to compute VoI from Seismic SHM (S2HM) is described and a sensitivity analysis is carried out to investigate in which cases the 

installation of a S2HM provides the higher benefit. Specifically, the sensitivity analysis is carried out considering a range of 

different structural properties of the bridge and different seismic hazard levels. Results demonstrate that, for the considered 

decision scenario, the installation of a S2HM system is particularly convenient for relatively weak bridges located in high 

seismicity areas.  

KEY WORDS: Value of Information from SHM; Decision making; Seismic emergency; Bridges. 

1 INTRODUCTION 

In the aftermath of a seismic event, transportation 

infrastructures provide life-saving and essential services [1]. 

However, the critical elements of such infrastructures, i.e., 

bridges, are generally built according to obsolete building code 

or could be in bad maintenance conditions. Therefore, their 

seismic performances are difficult to predict and they might be 

severely damaged by seismic events [2].  

The aim of Seismic Structural Health Monitoring (S2HM) is 

to provide prompt information on the state of structures after an 

earthquake [3]. In the case of road bridges, this information can 

support decision makers in selecting the best emergency 

management action, e.g., close the bridge, leave it open, or 

issue traffic restrictions. Herein, the best action is intended as 

the one associated with the minimum expected cost, or in other 

words, with the minimum risk.  

Unfortunately, the installation and the management of 

permanent SHM system is generally expensive. Therefore, 

owners and managers of bridges require tools to estimate the 

benefit associated with the implementation of monitoring 

strategies to optimize the allocation of economic resources.  

In the last decade, the Value of Information from Bayesian 

decision analysis [4], [5] has been used to estimate the benefit 

of installing SHM system on civil structures [6]–[8]. The COST 

Action TU1402 on Quantifying the Value of Structural Health 

Monitoring (SHM) contributed substantially to the 

dissemination of this research topic between the years 2014-

2019 [9], [10].  

The VoI from SHM has been used to quantify the benefit of 

monitoring gradual degradation phenomena [7], [11]–[13], post 

hazard management scenarios [6], [8], [14], [15], and combined 

post hazard management of degrading structures [16]–[18]. 

The VoI from SHM in supporting post emergency management 

of road bridges has been investigated in Reference [19], where 

a framework to compute the VoI in this context is described.  

This framework accounts for the seismic hazard considering 

multiple seismic scenarios during the life cycle of the 

structures. In Reference [19], a case study is investigated to 

demonstrate the feasibility of the proposed framework. 

Specifically, the VoI from vibration-based S2HM is estimated 

for a road bridge located in a medium-high seismic area. It has 

been shown that the VoI is strongly affected by the magnitude 

of the costs assigned to the direct and the indirect consequences 

associated with the different emergency management actions. 

However, the results relate to the specific case study.  

The goal of this paper is to generalize the results obtained in 

Reference [19] accounting for structures with different 

characteristics and considering varying seismic hazard levels 

which correspond to different geographical regions. To do that, 

a sensitivity analysis is carried out changing the parameters that 

describe the seismic fragility of the structure and repeating the 

analysis for different seismic hazard scenarios.  

The paper is organized as follows. Section 2 presents the 

theoretical background of the VoI from S2HM in the case of 

seismic emergency management of bridges. Section 3 is 

dedicated to the sensitivity analysis on the VoI, accounting for 

different structural characteristics and levels of seismic hazard. 

Section 4 contains the conclusion and ends the paper.  

2 THEORETICAL BACKGROUND   

The mathematical formulation of the VoI from S2HM for 

seismic emergency management of road bridges has been 

presented in Reference [19]. To make the paper self contained, 

some background information is provided in this section.  

The VoI is formulated in the realm of the Bayesian decision 

theory [4] and is based on the Bayesian definition of probability 

[20] and the expected utility theorem by von Neumann and 

Morgenstern [21]. It can be defined as the expected reduction 

in expected management cost (in this case the expected 

emergency management costs) when using the information 
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from a SHM system. In particular, the information is aimed at 

supporting a decision maker in selecting the optimal emergency 

management action, such as “Close the bridge” or “Keep the 

bridge open”, during the seismic emergency phase, in order to 

reduce the expected management costs.  

The information has a value in a decision scenario where it 

influences the choice of the optimal management action. The 

decision scenario tackled in Reference [19] and also in this 

paper is the following: After the occurrence of a mainshock, the 

decision maker must select the optimal action between closing 

the bridge or leaving it open to traffic. In the aftermath of the 

seismic event, the bridge might collapse because of aftershocks 

(the effect of traffic loading is neglected). The selection of the 

optimal action relates to the state of the bridge after the 

earthquake, to the probabilities of failure due to aftershocks and 

to the direct and indirect consequences associated with the 

different management actions. Data acquired by a S2HM 

system installed on the structure allows to enhance the 

knowledge on its actual condition after the mainshock and 

thereby the choice of the optimal action. 

Considering the above, to obtain the VoI before acquiring the 

information from the SHM system is it necessary to compute 

the expected management costs in two situations: 1) when the 

SHM system is not installed on the structure, i.e., using the 

information on the asset available from other sources (e.g., 

expert opinions) and 2) considering the SHM information 

before it is actually available. These two types of analyses, 

which are presented in the following subsections, are referred 

to as Prior analysis and Pre-Posterior analysis, respectively.  

 Prior analysis 

After the earthquake, the bridge can be in one of the discrete 

damage states 𝐷𝑆𝑙 , 𝑙 = 1, … , 𝐿 that only depend on the main 

shock. Based on the available knowledge, for example the 

fragility curves of the bridge, the decision maker assigns to 

each damage state a prior probability 𝑃(𝐷𝑆𝑙|𝐼𝑚), which 

depends on the intensity measure 𝐼𝑚, e.g., the Peak Ground 

Acceleration (PGA) at the bridge location or the corresponding 

Spectral Acceleration (SA) at a given period. The occurrence 

of an aftershock may lead the bridge to failure: if the bridge is 

open, its failure may entail casualties and fatalities. If the bridge 

is closed, the consequences will be related to the loss of 

functionality of the bridge, independently on its failure. The 

decision analysis consists in selecting the optimal action �̂� 

among a set of possible decision alternatives 𝐴𝑛, 𝑛 = 1, … , 𝑁 

considering the consequences of each of these actions and the 

bridge conditions 𝐷𝑆𝑙 . The expected cost of each action 𝐴𝑛 

conditional to the characteristics seismic event, represented by 

the parameters in the vector 𝚯𝐦, is computed as follows:  
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where 𝐸[𝑐(𝐴𝑛)|𝑀𝑚, 𝑅𝑚, 𝐷𝑆𝑙] is the expected cost of 𝐴𝑛 

conditioned on the earthquake magnitude 𝑀𝑚, the distance of 

the epicenter from the bridge 𝑅𝑚, and 𝐷𝑆𝑙; 𝚯𝐦 = [𝑀𝑚, 𝑅𝑚, 𝐼𝑚] 
is a vector containing the parameters characterizing the 

mainshock, namely 𝑀𝑚, mR  and 𝐼𝑚. The term 

𝐸[𝑐(𝐴𝑛)|𝑀𝑚, 𝑅𝑚, 𝐷𝑆𝑙] is computed according to Eq. 2 and 

takes into account the probability of structural failure due to 

aftershocks during the emergency phase 𝑃(𝐹|𝑀𝑚, 𝑅𝑚, 𝐷𝑆𝑙) 

and the cost associated with both structural failure 𝑐𝐹(𝐴𝑛) and 

survival 𝑐𝐹(𝐴𝑛) which depend on the action 𝐴𝑛. In particular, 

the probability of failure 𝑃(𝐹|𝑀𝑚, 𝑅𝑚, 𝐷𝑆𝑙) is conditioned on 

the characteristics of the mainshocks, namely 𝑀𝑚 and 𝑅𝑚, 

which determine the properties of the aftershocks, and on the 

damage state of the bridge after the mainshocks, 𝐷𝑆𝑙 . This 

aspect is further clarified in Section 2.5. 

 ( ) ( )
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The optimal action �̂� is chosen as the one corresponding to 

minimum expected costs 𝑐1(𝚯𝐦), as follows: 

 ( ) ( ) ˆ ˆ arg min n
n
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 (4) 

 Pre-Posterior analysis  

The Pre-Posterior analysis is carried out before the information 

from the SHM system is available. Herein 𝑂𝑗, 𝑗 = 1, … , 𝐽, 

indicated one of the possible outcomes of the monitoring 

system. Such information is used to update the prior 

probabilities of the different damage states 𝑃(𝐷𝑆𝑙|𝐼𝑚) 

introduced in the previous section. This is done by applying the 

Bayes theorem, as follows: 

 ( )
( ) ( )

( )
,

j l l m

l j m

j m

P O DS P DS I
P DS O I

P O I
=  (5) 

where 𝑃(𝑂𝑗|𝐷𝑆𝑙) is the probability that the SHM system 

provides the outcome 𝑂𝑗 given that the damage state of the 

bridge after the mainshock is 𝐷𝑆𝑙 . The denominator 𝑃(𝑂𝑗|𝐼𝑚) 

is the total probability of the outcome 𝑂𝑗 conditional to the 

occurrence of the main shock 𝐼𝑚.and is obtained as:  

 ( ) ( ) ( )1

L

j m j l l ml
P O I P O DS P DS I

=
=  (6) 

For each possible SHM outcome 𝑂𝑗, the decision maker 

selects the optimal action �̆�𝑂𝑗
 and the corresponding minimum 

expected cost 𝐸 [𝑐(�̆�𝑂𝑗
)|𝑂𝑗 , 𝚯𝐦], namely: 

 , arg min [ ( , )( ])
j n

n
O j jE c AA A O O= =

m m
Θ Θ  (7) 
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As stated at the beginning of this section, the Pre-Posterior 

analysis is carried our before having the real information from 

the SHM system. The expected emergency management cost 

with information form SHM 𝑐0(𝚯𝐦), i.e., the Pre-Posterior 

cost, is obtained as follows: 
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This cost depends only on the characteristics of the 

mainshock contained in the vector 𝚯𝐦.  

 Value of Information 

The VoI for a specific seismic scenario, that is the VoI as a 

function of 𝚯𝐦, is computed as the difference between then 

Prior decision analysis cost from Equation 4 and the Pre-

Posterior costs from Equation 9, namely:  

 1 0VoI( ) ( ) ( )c c= −
m m m
Θ Θ Θ  (10) 

To remove the dependency on a given seismic event, the VoI 

from Equation 10 is integrated over the joint probability density 

function of the terms contained in 𝚯𝐦,𝑓(𝐼𝑚, 𝑀𝑚, 𝑅𝑚), namely: 
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M R I

f M R I dI dM dR
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The term 𝑓(𝐼𝑚, 𝑀𝑚, 𝑅𝑚) can be expressed as follows: 

 ( , , ) ( , ) ( ) ( )m m m m m m m mf I M R f I M R f M f R=  (12) 

where 𝑓(𝐼𝑚|𝑀𝑚, 𝑅𝑚) is the Probability Density Function 

(PDF) of the intensity measure 𝐼𝑚 conditioned on 𝑀𝑚 and 𝑅𝑚, 

𝑓(𝑀𝑚) and 𝑓(𝑅𝑚) are the PDF of the magnitude and the 

epicentral distance, respectively.  

The VoI computed by means of Equation 11 relates to a 

single seismic event. Nevertheless, multiple seismic events 

might occur during a reference period, such as the monitoring 

period or the design life of the bridge. To account for multiple 

seismic events, the Life Cycle VoI, VoILC, is introduced [8], 

[22]. It is defined as follows: 

 LC 1

VoI
VoI

( 1)
LCT

mi ir


=
=

+
  (13) 

where 𝜆𝑚 is the annual rate of earthquake occurrence above a 

certain lower magnitude 𝑀𝑚,𝑙 , and 𝑟 is the discount rate. The 

VoILC can be intended as the expected reduction in emergency 

management costs in the reference period resulting from the use 

of a SHM system. It is highlighted that the Life Cycle VoI, 

VoILC, according to Eq. 13, is directly proportional to the 

annual rate of earthquake occurring in the area. Therefore, 

given the same VoI, seismogenic areas characterized by higher 

values of annual rate will provide higher values of VoILC.  

 

 Seismic hazard 

In the previous sections, it has been shown that the computation 

of the VoI in seismic emergency management requires the 

availability seismic hazard models for both mainshocks and 

aftershocks. Specifically, distributions of their magnitudes, 

locations and intensity must be evaluated. Several probabilistic 

models are available in the literature, see e.g., [23], [24]. The 

models adopted in this study are described in this section.  

As for mainshocks, the PDF of magnitudes, 𝑓(𝑀𝑚), is 

modelled as truncated exponential function [23], as follows: 
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m

m l m u
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e
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e e



 



 

−

− −
=
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where 𝑀𝑚,𝑙 and 𝑀𝑚,𝑢 are the lower and upper bonds, 

respectively, of the mainshock magnitude, and 𝛽 = 𝑏 𝑙𝑛 1 0, 

where 𝑏 is the Negative slope of the Gutenberg-Richter law. In 

fact, the use of this model implies to assume that the occurrence 

of mainshock is a Poisson process and that the number of 

mainshocks 𝑁 in a reference time is given by the Gutenberg-

Richter law, 𝑁 = 10𝑎−𝑏𝑀𝑚.  

The distribution of the locations of epicenters is related to the 

model adopted to characterize the seismic source [25]. Herein, 

an area source model is employed where earthquakes are 

assumed to be homogenously distributed in space, see e.g. [26].  

The distribution of the intensity measure 𝐼𝑚 is obtained using 

the Ground Motion Prediction Equations (GMPE) proposed by 

Bindi et. Al. [27] in the form 

 ( )10log ,m m mI M R = +  (15) 

where 𝜓(𝑀𝑚, 𝑅𝑚) is a function which depends on 𝑀𝑚 and 𝑅𝑚, 

and 𝜀 is a zero mean normal random variable with standard 

deviation 𝜎𝜀. In particular, the intensity measure used in this 

study is the Spectral Acceleration (SA) related to the 

fundamental period of the structure.  

As for aftershocks, they are modelled as a nonhomogeneous 

Poisson process in which their occurrence rate decreases with 

increasing elapsed time after the mainshock. The magnitude of 

aftershocks is assumed to be bounded between a lower and an 

upper bound. The lower bound is taken equal to the lower 

bound of mainshock magnitudes whereas the upper bound is 

taken equal to the magnitude of the mainshock which caused 

the aftershocks. Under these assumptions, the mean number of 

aftershocks in the period [𝑡; 𝑡 + 𝑇] following a mainshock of 

magnitude 𝑀𝑚 reads: 
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where 𝑎, 𝑏, 𝑐, and 𝑝 are parameters which depend on the 

seismic area. The PDF of aftershock magnitudes depends on 

the magnitude of the mainshock and it is expressed as follows: 
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where 𝛽 = 𝑏 𝑙𝑛 1 0. It is assumed that aftershocks occur in a 

circular region centered at the location of the epicenter. The 

area of this region depends on the intensity of the mainshock, 

as follows [28]:  

 4.1
10 mM

aS
−

=  (18) 

According to Reference [29], aftershocks locations have 

uniform probability inside this area and zero probability 

outside. Hence, in virtue of Equation 18, the PDF of 𝑅𝑎 

depends on both magnitude and the location of the mainshock, 

i.e., 𝑓(𝑅𝑎|𝑀𝑚, 𝑅𝑚). 

The GMPE used for mainshocks is also used for aftershocks. 

Considering the above, given a mainshock of magnitude 𝑀𝑚 at 
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distance 𝑅𝑚 from the bridge, the distribution of the intensity 

measure of one aftershock reads: 
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 Prior probabilities  

Prior probabilities of the different damage states after the 

mainshock are used in the Prior analysis, see Eq. 1, and are 

updated in the Pre-Posterior analysis using the information 

from the SHM system, see Eq. 5, In this study, they are 

retrieved from seismic fragility curves [30], [31], which 

express the probability that a damage parameter 𝐷𝑃 exceeds a 

given threshold 𝐷𝑃𝑙  associated with the l-th damage state for a 

given value of 𝐼𝑚, 𝑃(𝐷𝑃 ≥ 𝐷𝑃𝑙|𝐼𝑚). The probability 

𝑃(𝐷𝑆𝑙|𝐼𝑚) that the structure is in damage state 𝐷𝑆𝑙  after the 

mainshock of intensity 
mI  reads: 
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where 𝐷𝑃1 = 0. Herein, fragility curves are expressed by the 

Lognormal probability distribution, as follows: 

 ( )
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l
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P DP DP I
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 =    
   

   

 (21) 

where 𝛷[ ] is the standard cumulative probability function, 𝐼𝐷𝑆𝑙
 

is the median intensity measure of the mainshock required to 

cause the damage state 𝐷𝑆𝑙 , 𝛽𝑡𝑜𝑡 is the total Lognormal 

standard deviation which is equal to 0.6 according to Reference 

[32].  

 Probability of failure due to aftershocks 

In the decision scenario tackled in this study, after the 

mainshock, the bridge could fail because of aftershocks. In fact, 

after the mainshock, the decision maker does not know if the 

bridge will fail due to aftershocks, but they can estimate the 

probability of structural failure 𝑃(𝐹|𝑀𝑚, 𝑅𝑚, 𝐷𝑆𝑙) which 

depend on the conditions of the bridge after the mainshock and 

on the properties of the aftershocks, which in turn depend on 

those of the mainshock, i.e., 𝑀𝑚 and 𝑅𝑚. Such probabilities 

have been introduced in Section 2.1 to estimate the expected 

cost of different decision actions, see Eq. 2.  

The computation of the probabilities of failure due to 

aftershocks requires the availability of so-called aftershock or 

transition fragility curves [33], which provide the probability 

𝑃(𝐹|𝐼𝑎 , 𝐷𝑆𝑙) that the bridge in damage state 𝐷𝑆𝑙  (due to the 

mainshock) fails due to an aftershock of intensity 𝐼𝑎. In this 

study, fragility curves are expressed by the Lognormal 

probability distribution (similarly to mainshock fragility curves 

presented in Eq. 21), as follows: 
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where 𝐼𝐹(𝐷𝑆𝑙) is the median intensity measure of the aftershock 

required to cause the structural failure, 𝛽𝑡𝑜𝑡 is the total 

Lognormal standard deviation which taken equal to 0.6.  

The probability of failure 𝑃∗(𝐹|𝑀𝑚, 𝑅𝑚, 𝐷𝑆𝑙) due to a single 

aftershock is computed as follows:  
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where the term 𝑓(𝐼𝑎|𝑀𝑚, 𝑅𝑚) is computed according to Eq. 19.  

If the aftershock sequence is modelled as a Poisson process, 

the probability of failure in the period [𝑡; 𝑡 + 𝑇] can be 

computed as follow: 

 ( ) ( ), , ,
, , 1 F m m lN M R DS t T

m m lP F M R DS e
−

= −  (24) 

where 𝑁𝐹(𝑀𝑚, 𝑅𝑚, 𝐷𝑆𝑙 , 𝑡, 𝑇) is the mean number of 

aftershocks that induce the failure of the structure in the time 

interval [𝑡; 𝑡 + 𝑇], which reads: 
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3 APPLICATION 

 Description of the case study 

The VoI from S2HM in seismic emergency management has 

been introduced in the previous sections. This framework is 

applied herein to study the influence on the VoI from S2HM of: 

(1) the structural properties and (2) different seismic hazard 

scenarios. To this purpose, the reference case study shown in 

Figure 1 is used.  

This reference case study consists in a bridge located in the 

centroid of a circular seismogenic area, that is an earthquake 

model source in which mainshocks are assumed homogenously 

distributed in space [26].  

After the mainshock, it is supposed that the bridge can be in 

two damage states, namely “lightly damaged” and “severely 

damaged”. Therefore, a single fragility curve is sufficient to 

obtain the probability of the two damage states after the 

mainshock, given the intensity measure 𝐼𝑚. 

 

 

Figure 1. Bridge location and seismogenic area. 
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A single parameter is required to define this fragility curve, 

according to the Lognormal formulation showed in Eq. 21, 

namely the term 𝐼𝐷𝑆2
 which is the median intensity measure of 

the mainshock that causes the damage state 2DS . Since two 

damage states are defined, two aftershock fragility curves are 

required to compute the probabilities of failure due to 

aftershocks, see Section 2.6. They are defined by the terms 

𝐼𝐹(𝐷𝑆1) and 𝐼𝐹(𝐷𝑆2), which are median intensity measures of the 

aftershock that causes the failure when the structure, damaged 

by the mainshock, is in damage state 𝐷𝑆1 and 𝐷𝑆2, 

respectively.  

In this application, it is assumed that the decision maker is 

asked to chose between two alternative emergency 

management actions, namely “close the bridge” and “keep the 

bridge open”. The costs associated with bridge failure and 

survival for the two actions are displayed in Table 1.  

The computation of the VoI relates to a seismic SHM system 

which provides the first natural frequency of the structure. This 

damage sensitive feature is expected to decrease in case the 

earthquake generates losses of stiffness in one or more 

locations on the structure (e.g., formation of plastic hinges). 

The output of the SHM system is modelled by means of 

continuous likelihood functions representing the Probability 

Density Function (PDF) of the natural frequency in 

correspondence of the two damage states. The parameters of 

such distributions are retrieved from Reference [19] and are 

displayed in Table 2.  

Table 1. Estimated costs for decision analysis. 

 𝐴𝑛 = 𝑂𝑝𝑒𝑛 𝐴𝑛 = 𝐶𝑙𝑜𝑠𝑒 

𝑐𝐹(𝐴𝑛) 1 × 107€ 1 × 105€ 

𝑐�̄�(𝐴𝑛) 0€ 1 × 105€ 

Table 2. Likelihood functions. 

Damage state Distr. Mean CoV 

𝐷𝑆1 Log 0.92 0.058 

𝐷𝑆2 Log 0.71 0.053 

Table 3. Mainshock parameters. 

Variable 
Value 

ZS 904 ZS 915 ZS 935 

Fault type Strike-slip Normal Strike-slip 

Minimum 

magnitude*, 𝑀𝑚,𝑙 
4.3 4.3 4.3 

Maximum 

magnitude*, 𝑀𝑚,𝑢 
5.5 6.6 7.6 

Annual rate, 𝜆𝑚 0.050 0.311 0.090 

Negative slope of 

Gutenber-Richter 

relation, 𝑏 

0.939 1.083 0.609 

* Magnitudes are given in terms of MS. 

Table 4. Aftershock parameters. 

Variable Value 

𝑎 -1.71 

𝑏 0.97 

𝑙𝑜𝑔 𝑐 -1.46 

𝑝 0.94 

As for the seismic hazard, the parameters found in Reference 

[34] are used to describe the mainshock hazard. It is highlighted 

that such parameters are used as reference values since here the 

seismogenic area shown in Figure 1 is considered in the 

calculation of the VoI. Specifically, the parameters of three 

different seismogenic areas with increasing maximum 

magnitude are used, see Table 3. They are addressed as low 

(area ZS 904, 𝑀𝑚,𝑢 = 5.5), medium (area ZS 915, 𝑀𝑚,𝑢 = 6.6) 

and high (are ZS 935, 𝑀𝑚,𝑢 = 7.6) seismicity zone. Regarding 

the aftershock hazard, the parameters provided in Reference 

[35] are employed, see Table 4. The duration of the emergency 

phase is assumed to be two weeks. 

 Sensitivity analysis – Results 

The varying structural properties of the bridge are modelled 

through variations of the terms 𝐼𝐷𝑆2
, related to the mainshock 

fragility curve, and the terms 𝐼𝐹(𝐷𝑆1) and 𝐼𝐹(𝐷𝑆2) related to the 

two aftershock fragility curves. An increase of 𝐼𝐷𝑆2
 corresponds 

to a bridge that reaches damage state 2 for a stronger seismic 

event. An increase of 𝐼𝐹(𝐷𝑆1) (or 𝐼𝐹(𝐷𝑆2)) corresponds to a bridge 

that collapses due to a stronger seismic event when it is in 

damage state 𝐷𝑆1 (or 𝐷𝑆2) after the main shock. In applications 

involving real bridges, such terms are computed by means of 

numerical analysis and depend on the properties of the structure 

and the analyzed damage states, see e.g. [36].  

The results of the VoI analysis for the low, medium, and 

high seismicity zones are displayed in Figures 2, 3 and 4, 

respectively. They have been obtained by Monte Carlo 

simulations considering 106 mainshock scenarios and 106 

aftershock scenarios. In each figure, three plots are displayed: 

Each plot relates to a different value of the threshold value 

𝐼𝐷𝑆2
characterizing the mainshock fragility curve, namely 

𝐼𝐷𝑆2
= 0.5m/s2, 𝐼𝐷𝑆2

= 1.5m/s2, and 𝐼𝐷𝑆2
= 2.5m/s2. They 

represent different bridges with increasing resistance (e.g., 

which reach the second damage state for increasing 

acceleration values). 

The quantities on the y- and x-axes are the terms 𝐼𝐹(𝐷𝑆1) and 

𝐼𝐹(𝐷𝑆2), respectively. The area of the plots in which hold the 

relation 𝐼𝐹(𝐷𝑆2) > 𝐼𝐹(𝐷𝑆1) is white because the structure in 𝐷𝑆2 

is expected to be weaker than the structure in 𝐷𝑆1. In other 

words, being 𝐷𝑆1a damage state less severe with respect to 𝐷𝑆2 

(e.g., “lightly damaged” versus “severely damaged”) the 

intensity of the aftershock that causes the failure when the 

bridge is 𝐷𝑆1 cannot be lower than the intensity of the 

aftershock that causes the failure when the bridge is in 𝐷𝑆2. 

The analysis of Figures 2-4 can be carried out at three 

different levels, namely:  

a) Global level, i.e., comparing the three Figures which 

corresponds to comparing zones with different seismic 

hazard; 

b) Figure level, i.e., comparing the three plots in each figure 

which corresponds to compare structures in the same 

seismic zone but with different seismic vulnerability in the 

original configuration; 

c) Plot level, i.e., studying the results obtained in each plot 

which corresponds to compare structures in the same 

seismic zone and with the same original vulnerability but 

with a different reliability after a damaging seismic event; 
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Figure 2. Sensitivity analysis for low seismicity zone. 

 

Figure 3 Sensitivity analysis for medium seismicity zone. 

 

Figure 4. Sensitivity analysis for high seismicity zone. 

In order to discuss these results it is useful to remark that, as 

shown in Reference [19], the VoI(𝚯𝐦) reaches the maximum 

values for events 𝚯𝐦 that, based on a Prior analysis, lead to 

similar expected costs of the two management actions (leave 

the bridge open or close the bridge). In this case, the 

information from the SHM system is very valuable since 

without is the decision maker do not know which one is the 

optimal action.  

 

Figure 5. Boundaries between optimal actions in Prior analysis 

for varying 𝐼𝐷𝑆2
 and seismic hazard. 

Figure 5 reports these boundaries for bridges with different 

vulnerability (red and blue curves) in zones with different 

seismicity level (left and right figure). “Leave the bridge open” 

is the optimal action for low intensity events (small magnitude 

𝑀𝑚, high epicentral distance 𝑅𝑚) whereas “close the bridge” is 

the optimal action for severe events (high magnitude 𝑀𝑚, low 

epicentral distance 𝑅𝑚). 

a) At global level, that is considering different levels of 

seismicity (Figures 2, 3, 4) for a given bridge (represented 

by a triplet of values, 𝐼𝐷𝑆2
, 𝐼𝐹(𝐷𝑆1), 𝐼𝐹(𝐷𝑆2) the VoI increases 

with the seismicity level. This is due to the fact that at the 

increase of the seismicity level, the number of events (𝑀𝑚, 

𝑅𝑚) that lead to the same expected cost of the two decision 

alternatives is higher (compare Figure 5 left and right). For 

the events along the blue and red lines, the two decision 

alternatives have the same cost, thereby the information 

provides the highest support to the decision maker. In the 

figure on the right (high seismicity) there are more events 

for which the monitoring information provides a support to 

the decision maker and this leads to a higher VoI. The 

higher number mainly depends on the fact that in low 

seismicity area the maximum magnitude is bounded to 

𝑀𝑚,𝑢 = 5.5. 

b) At figure level, i.e., for a given seismic hazard conditions 

and reliability values 𝐼𝐹(𝐷𝑆1)-𝐼𝐹(𝐷𝑆2), the VoI decreases with 

the vulnerability of the bridge in its original condition, that 

is for higher values of 𝐼𝐷𝑆2
. This is explained in Figure 5 

where the blue and red curves correspond to different values 

of the bridge vulnerability: 𝐼𝐷𝑆2
 (𝐼𝐷𝑆2

= 0.5𝑚/𝑠2 and 

𝐼𝐷𝑆2
= 2.5𝑚/𝑠2). In both high and low seismicity areas, the 

red curve (low vulnerability) is shifted toward the upper-left 

corner of the plot because the expected cost of leaving the 

bridge open (e.g., the direct consequences related to the 

collapse of the bridge) decreases with the vulnerability and 

thereby it becomes equal to the cost of closing the bridge 

for more severe events (higher 𝑀𝑚 or lower 𝑅𝑚). The shift 

of the curves reduces the number of events that leads to 

equal management costs and thereby decreases the value of 

VoI.  

c) At plot level, that is for a given seismicity level and 

vulnerability of the bridge, the VoI increases as the 

difference between the values of the two terms 𝐼𝐹(𝐷𝑆1) and 

𝐼𝐹(𝐷𝑆2) increases. To explain this, it is worth to recall that 
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the information provided by the SHM enables a better 

estimation of the structural state and thereby of the 

consequences entailed by the different decision alternatives 

in each damage state. When such consequences are similar 

(that is when the probabilities of failure in the different 

damage states are similar), irrespective of the structural 

state, its improved knowledge does not change the choice 

of the optimal action, thereby it becomes irrelevant. On the 

contrary, when the probabilities of failure in different 

damage states and thereby the consequences of each 

decision alternatives change with the damage state, a better 

knowledge of the latter can greatly improve the choice of 

the optimal action leading to a high VoI.  

4 CONCLUSION 

The availability of information from a S2HM system installed 

on critical components of infrastructures, e.g., bridges, might 

be particularly useful in the aftermath of a seismic event to 

support decision making related to the use of structures, such 

as issuing traffic restrictions. Specifically, the information from 

S2HM allows to have a better understanding of the actual 

structural conditions and, in turn, to reduce the expected losses 

associated with emergency management operations. However, 

managers of infrastructure have limited budgets at their 

disposal and therefore they require tools to compute the benefit 

of installing S2HM systems on their assets to optimize 

allocation of economic resources.  

In this paper, a framework based on the VoI from Bayesian 

decision analysis to compute the benefit of installing a S2HM 

is described and applied on a reference case study to understand 

in which cases the installation of a S2HM system might be 

particularly worth. To this aim, a sensitivity analysis has been 

carried out with respect to parameters that characterize the 

structural performance and the seismic hazard level.  

Results show that the VoI increases with:  

• the seismicity level of the region; 

• the vulnerability of the bridge; 

• the difference between the reliabilities of the bridge in 

the considered damaged states.  

It is highlighted that further investigations are required to 

fully generalize the results obtained in this study. In fact, in real 

applications the decision problem could be more complex (e.g., 

considering traffic restrictions) or the decision maker could 

consider more than two damage states. Nevertheless, the 

findings of this paper might constitute an effective criterion for 

decision makers to choose which structures should be 

monitored in their portfolio of bridges.   
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ABSTRACT: Deterioration modeling is a key task in bridge maintenance planning. Advanced deterioration modeling offers ability 

to focus maintenance action to where and when they are most needed. Accurate predictions of bridge deterioration require 

extensive historical data about bridge condition development. In the United States, bridge inspection results are compiled into a 

database known as the National Bridge Inventory (NBI). In the literature, this database has been used in conjunction with statistical 

approaches for deterioration modeling. In this paper, we use a neural network survival model to model the time bridge decks 

remain in a given condition rating. Survival analysis is an exciting field of statistics that has been widely used in medical and 

reliability engineering fields and in bridge engineering. This paper explores a flexible method of modeling bridge deck survival 

probabilities, aimed at informing the integrity management process. We employ Nnet-survival, a Python library for neural network 

-based survival analysis originally developed for medical purposes. A neural network approach like the one adopted allows 

deviation from the traditional proportional hazards assumption. We show how the ability to avoid this assumption is important for 

bridge condition data.  We use the neural network architecture developed to study the temporal variation of relative risk between 

different bridge characteristics. 

KEY WORDS: Bridge decks; deterioration modeling; Neural Network: Survival Analysis. 

1 INTRODUCTION 

Engineers predict infrastructure condition using deterioration 

models. These predictions are important for the general public 

because they are used in creating government budgets.[1] 

Bridges are a particularly important application for 

deterioration models – in the United States, State DOTs are 

required to “identify” deterioration models for pavements and 

bridges that are part of the National Highway system.[2]  

In the United States, the law requires state DOTs to maintain 

an inventory of bridges.[3] These inventories contain the 

condition of bridge elements, recorded according to Federal 

Highway Administration (FHWA) guidelines.[4] The 

condition of bridge decks is recorded as Condition Rating (CR), 

a value between 0 and 9. The applicable condition levels are 

presented in Table 1. The compilation of these bridge records 

is called National Bridge Inventory (NBI [5]). The condition 

records in NBI are a comprehensive record of bridge 

deterioration history that can be used for deterioration model 

creation and validation. 

Table 1. NBI Condition Ratings[4]. 

Rating Condition description 

9 Excellent Condition 

8 Very Good Condition 

7 Good Condition 

6 Satisfactory Condition 

5 Fair Condition 

4 Poor Condition 

3 Serious Condition 

2 Critical Condition 

1 “Imminent” Failure Condition  

0 Failed Condition – out of service – beyond corrective action 

There are many different types of bridge deterioration 

models.[6] In this work we study survival analysis. Survival 

analysis is an area of statistics focused on studying time-to-

event for different events of interest. Typical applications are 

time-to-failure of components and systems in reliability 

engineering [7], mortality in medical sciences [8] and different 

life events in social sciences (childbirth, marriage etc.)[9]. In 

bridge deterioration context, the event of interest is either the 

end of service life or condition rating decrease. To simplify 

presentation, in this paper, the event of interest is referred to as 

failure, even if the event is not strictly a failure of the system. 

Researchers started to explore survival analysis-based 

models to improve traditional Markov chain-based 

deterioration models.[10] Markov chain models are used in 

Pontis, a Bridge Management System (BMS) adopted by 

majority of US state DOTs.[11] Markov chains are based on 

the assumption that state transition probabilities do not depend 

on time. Survival analysis is one of the ways to remedy this 

shortcoming.[12]  

In addition to age, many other characteristics affect bridge 

deterioration. Construction material, structural type and traffic 

volume are examples of such characteristics. These 

characteristics will be referred to as covariates.  

Cox’s Proportional Hazards Model (PHM) is one way of 

predicting the effect of covariates.[13] FHWA has included 

PHM in their Long-Term Bridge Performance Program’s 

InfoBridge web portal.[14] In PHM, the hazard function – the 

instantaneous failure rate – is a product of two factors: the 

baseline hazard function and the Hazard Ratio (HR). Goyal et 

al. have developed a method for computing deterioration model 

transition matrices using PHM. [15]. 
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This method relies on the proportionality of hazards –

baseline transition matrix is computed and multiplied it with 

the HR of each structure. If the HR is constant in time, the 

above approach would be very convenient to use as HR would 

have to be computed only once for each bridge. However, 

literature shows that the proportional hazards assumption is not 

valid in all cases. Mauch and Madanat investigated bridge 

decks in Indiana and found out that the assumption does not 

hold for all cases.[12, p. 55] More recently, Tabatabai et al. 

came to same conclusion for bridge decks in Wisconsin.[16] 

Thus, literature points out that HR depends on time, contrary to 

the assumption taken in PHM.  

The aim of this paper is to investigate the time-dependency 

of HR for concrete bridge decks and validate the earlier 

observation that proportional hazards assumption does not hold 

for bridge deck data. We use a Neural Network (NN) based 

survival analysis to study the time-dependency of HR for 

concrete bridge decks. We study a database created by 

Fleischhacker et al.[17], [18] based on NBI condition records 

for concrete bridge decks. We first confirm the findings in 

literature that the proportional hazards assumption does not 

hold. Then, we show that the variation of HR over time is 

considerable.  

While mentioned literature found evidence against the PH 

assumption, their  datasets were limited to two states, Indiana 

and Wisconsin. This paper expands research to data compiled 

from nationwide records. Thus, our contribution to the body of 

knowledge are conclusions regarding the validity of the PH 

assumption carried out from a global study encompassing the 

nationwide bridge data. 

2 DATASET USED 

The condition rating recorded in NBI is representative of the 

asset condition – in this case bridge decks. Hence, deterioration 

modeling means modeling the evolution of the condition rating. 

Similar approach was used in previous works, see for example 

[16], [17] and [15]. As this paper focuses on survival analysis, 

we model the evolution of condition rating and we define event 

or failure to mean decrease in condition rating.  

Survival analysis requires a database that shows the time a 

bridge spent in observed condition rating, before inspectors 

assigned a lower rating. This time is known as the Time-In-

Condition Rating (TICR).[17] The challenge of ascertaining 

TICR is that there are no guarantees about its completeness. For 

example, if the observation of the bridge does not begin 

immediately after construction, it is not possible to know how 

long before the first inspection the bridge was at the observed 

rating. Similarly, when observation period ends before the 

decrease of condition rating is assigned, an imperfect record of 

TICR is recorded. In both cases instead of TICR, a lower bound 

for TICR is observed. This phenomenon is called censoring and 

the database must contain indicators for censored observations.  

Direct use of NBI is not suitable for studying bridge deck 

survival analysis for two reasons. First, the NBI dataset 

contains large number of variables, out of which only a select 

subset can be expected to be relevant. The dataset by 

Fleischhacker et al.[17] [18] provides a readily filtered version 

of this data, which was beneficial for our purposes, as we were 

not interested in investigating which variables are most 

significant for bridge degradation, but rather, to show how the 

HR varies over time.  

The second reason was that TICR and censoring flags were 

included as variables in the dataset. Details of the original 

dataset are given in [17]. We used the same set of covariates as 

Fleischacker et al., which are: 

1) Average Daily Truck Traffic – ADTT 

2) Climatic Region – ClimaticRegion  

3) Condition Rating – CR  

4) Deck Protection Type – DeckProt  

5) Deck Type – DeckType  

6) Distance to Sea Water – SeaDist  

7) Functional Classification (NBI Item 26) – 

FunctClass  

8) Maintenance Responsibility – MaintResp    

9) Structural Type – StructType    

Apart from the Distance to Sea Water, all these variables are 

from the NBI, or derived from it. Distance to Sea Water was 

added by Fleischhacker et al.[18] The variable was originally 

numeric, but they converted it into two categories: “sea less 

than 3 km away” and “sea more than 3 km away” 

3 METHODS 

 Survival Analysis 

To facilitate presentation this section briefly presents 

fundamentals of theory of survival analysis and proportional 

hazards models (PHM). Let’s represent time to event (the 

survival time) by random variable T.  Survival function S(t), 

also known as reliability function [7], gives the probability of 

surviving until time t. Let f(t) be the probability density 

function of T and F(t) be the corresponding cumulative density 

function and we have: 
𝑆(𝑡) = 1 − 𝐹(𝑡).  (1) 

  
Graph of S(t) is referred to as the survival curve. The survival 

function can be given an alternate presentation using so-called 

hazard function h(t)[7]:  

𝑆(𝑡) = 𝑒(− ∫ ℎ(
𝑡

0 𝜏)𝑑𝜏)  . (2)
Hazard function (or hazard rate) is given by: 

ℎ(𝑡) =
𝑃(𝑡 < 𝑇 ≤ 𝑡 + Δ𝑡|𝑇 > 𝑡)

Δ𝑡
=

𝑓(𝑡)

𝑆(𝑡)
 , (3) 

Where t is “a short period of time”. 

In PHM, the hazard function is given by the the following 

expression: 

ℎ(𝑡|𝒙) = ℎ0(𝑡)e(𝒙𝑇𝜷) , (4) 

 

where x is the vector of covariates and β is a vector of 

regression weights and h0 is a base-case (x=0) hazard function.  

The Hazard Ratio (HR) reflects the effect the covariates have 

on deterioration, in comparison to some reference case. The 

reference case is the set of covariates that is deemed typical, or 

otherwise worth comparing to. For example, in case of human 

health, non-smokers could be considered the reference case. In 

this case, the HR for a smoker would show how much more 

risky smoking is compared to not smoking. The Hazard Ratio 

(HR) for a set of covariates 𝒙𝟏 is defined as the ratio of the 

hazard function for that individual to the hazard function for a 

reference individual with covariates 𝒙𝟎 [15]: 
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𝐻𝑅 =
ℎ(𝑡, 𝒙𝟏)

ℎ(𝑡, 𝒙𝟎)
= e[𝒙𝟏−𝒙𝟎]𝑇𝜷, (5) 

where the second equality follows from the definition of the 

proportional hazards model presented earlier. The equation 

above shows a key aspect of this model: the hazard ratio does 

not depend on time. The hazard ratio has an intuitive 

interpretation: a bridge with HR of 2 is two times as likely to 

have its condition rating decreased in “a short period of time”.  

For our task of modeling bridge deck deterioration the PHM 

has two major shortcomings. First, the formulations above 

operate under the assumption of continuous time. Bridge 

condition data in the NBI is recorded yearly and the assumption 

seems problematic considering the discrete nature of the data. 

Second, the PHM assumes that the effect of covariates does not 

change over time. In the case of bridges, that assumption is 

highly questionable. For example, this would mean that certain 

weather conditions (snowfall, thaw) would have an equally 

damaging effect for a new bridge and an old bridge, given that 

all other conditions are equal. In addition, previous works have 

found evidence against this assumption.[12, p. 55] [16] 

 

 Discrete time survival analysis 

Singer and Willett pointed to the challenge in dealing with 

discrete time data in their work on educational research. [19]  

Like bridge data, educational data is recorded on discrete time 

intervals and assuming proportional hazards is highly dubious. 

To remedy these shortcomings, they developed a discrete-time 

model. In their model, the discrete-time hazard function is 

given by: 
ℎ𝑗 = 𝑃[𝑇 = 𝑗|𝑇 ≥ 𝑗] , (6) 

 

Where j denotes the index of the discrete time period. 

Gensheimer and Narasimhan used the discrete approach by 

Singer and Willett to develop a neural network survival model 

capable of accounting for non-proportional hazards. [20] Their 

model is based on the discrete survival function: 

𝑆𝑗 = ∏(1 − ℎ𝑖)

𝑗

𝑖

(7) 

 

Where j is the index of discrete time period. Using this they 

derive the log-likelihood function for observing failure in 

period j[20]: 

ln𝐿 = ln(ℎ𝑗) + ∑ ln(1 − ℎ𝑖)

𝑗

𝑖=1

 . (8) 

 

Similarly, they give the log-likelihood for censored 

observations[20]:   

ln𝐿 = ∑ ln(1 − ℎ𝑖)

𝑗−1

𝑖=1

 . (9) 

 

Likelihood function is the probability of observing failure at 

period j, when the hazard function is given by h. Log-likelihood 

is the logarithm of likelihood. The output of neural network 

model gives discrete-time hazard functions ℎ𝑖. 

 Neural Network Model 

In order to investigate how the hazard ratio varies with respect 

to time, we created a neural network model for concrete deck 

survival analysis, which requires a model that would allow non-

proportional hazards. This was enabled by a Neural Network 

based discrete time survival analysis Python library 

implemented by Gensheimer and Narasimhan[21]. 

We designed a neural network architecture to respect some 

of the characteristics of the data. Out of the N covariates, only 

ADTT is a numeric variable, all other variables are categorical. 

The input variables can thus be divided into two groups based 

on if they are categorical or numerical. In addition, based on 

engineering judgement, we decided that care needed to be taken 

to ensure that ADTT will have a monotonic effect on the hazard 

function. 

To treat this numeric variable differently, we built NN 

architecture such that it can handle two different types of 

inputs, numerical and categorical. These two types of inputs 

have separate hidden layers, until they reac output layer, in 

which they are combined to create the probability predictions. 

This is schematically shown in Figure 1. Combining 

calculations in the output layer is important, as we want the 

model to include interactions between the two different types 

of variables. 

 

 
Figure 1. NN Architecture. 

4 RESULTS 

 Selection of reference covariate values 

We investigate the variation of HR for different types of 

bridges over time. Equation (5) shows that HR is defined using 

a reference set of covariates and we need to decide the reference 

covariate vector to reach our goal. In the traditional PH 

approach the reference case corresponds to 𝒙𝟎 = 𝟎.[15] 

According to Equation (5) this covariate assignment yields the 

baseline hazard function ℎ(𝑡|𝒙𝟎) = ℎ0(𝑡). We cannot use this 

reference covariate assignment because of the different 

modeling approach we have chosen. The NN approach is data-

based and owing to the way we have encoded the categorical 

variables, no bridge has a covariate vector full of zeros, and 

zero vector cannot be considered as a reasonable reference 

point.  

When selecting the reference covariate vector, in addition to 

considering the characteristics of our NN model, we also need 

to consider our goal of investigating the variation of HR in time. 

We select the reference covariates such that they are the same 

as the ones used earlier by Fleischacker et al (see Table 2).[17] 

They used the same dataset and the same covariates as us and 
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their reference values are also within the variation in the data.  

They gave estimates of constant HR with different variable and 

their confidence intervals. These estimates are a good point of 

comparison for the temporal variation in HR.  By selecting the 

same reference cases, our results are comparable and within the 

data ranges. This way, we satisfy both requirements. They did 

not clearly specify what reference value they used for the 

ADTT variable, but explained that they used ADTT=100 in 

their analysis of the survival curves. Since better information 

was not available, we used ADTT=100 as the reference value 

to compute the hazard ratios. The reference values chosen as 

described above are presented in Table 2. 

Table 2: Covariate Reference Values. 

Covariate Reference Value 

ADTT 100 

ClimaticRegion Region 5—Cold    

CR 7 

DeckProt None 

DeckType 1 

SeaDist 5064.6 

FunctClass Rural 

MaintResp State Highway Agency 

StructType  Steel—simple span 

 

 Temporal variation of HR 

We fit the neural network model to the dataset and compute HR 

as function of time.  We follow Fleishhacker et al.[17] and 

exclude data that has CR lower than 3, to have comparable 

results. We plot the HR-time curves for different levels of 

covariates. We do this for each of the covariates separately, 

while keeping all the other covariates at the reference level. 

This way, we can explore the time-varying effect of each of the 

covariates. 

Below we present the time-HR curves with respect to some 

covariates that we deemed most interesting. The discussed 

covariates are: ADTT, CR, and DeckType. 

 Average Daily Truck Traffic – ADTT 

Variation of HR with time and ADTT is presented below in 

Figure 2. The figure shows that HR depends on time. The 

variation of HR seems to be quasi-periodic and decreasing in 

time. For larger values of TICR, the HR reverses. We believe 

this reversal is an artifact of the data – the amount of data for 

larger values of TICR is smaller and we suspect this causes 

some irregular behavior. We consider the reversal irregular 

because by common sense, heavier truck traffic should always 

increase risk.  

From Figure 2, we see that the spikes in the HR appear with 

the interval of approximately three to four years. We suspect 

the periodicity is caused by inspection maintenance practices. 

According to FHWA[22], the routine bridge inspection interval 

is 24 months; hence, the HR curves should show peaks at even 

TICR. The simple explanation for period of about three to four 

years is that two years is too short time to see changes. 

However, this explanation does not explain why the periods are 

more prominent in ADTT data, compared to other variables. 

Additional research is needed to find out what is the cause of 

the observed peaks in the HR curves. 

 

 
Figure 2. HR with different ADTT. 

 Condition Rating – CR 

The variation of HR in time with different CR values presented 

below in Figure 3. The curves from CR 3-8 do not reveal 

anything that earlier researchers would not have uncovered, the 

variation is not large and PH assumption is credible. For CR 9, 

the hazard ratio decreases over time from its high initial value. 

Note that CR9 is the condition rating corresponding to new 

structure. Considering this, we believe the curve shows the 

effect of initial faults or quality control issues. Over time, the 

effect of initial faults decreases, and the hazard ratio decreases.  

The pattern of initial decrease in hazard fits into what is 

known as the bathtub curve. Bathtub curve is a shape of hazard 

function where the hazard first decreases, stays stable and 

finally increases. Nakat and Madanat observed this hazard 

function shape in pavement overlay crack initiation. [23] Since 

bridge decks carry same loads as pavement and cracking is the 

key driver of deterioration, we believe the decreasing HR 

observed in CR9 is also related to the effect they discovered. 

 

 

Figure 3. HR with different Condition Rating. 

 Deck Type – DeckType 

The effect of deck type on HR is presented below in Figure 4. 

This figure shows that the performance of precast panels is 

better than cast-in situ decks, but the difference decreases as 

TICR increases. Because the HR decreases over time when a 

bridge has already been in service (the reference CR-7), we 

cannot attribute this to quality control issues, as the bathtub 

curve shape would suggest. 
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Garber and Shahrokhinasa compared the performance of 

cast-in-place and precast decks. [24] They found that that both 

deck types have similar performance. They argue that due 

precast panels should have better performance and attribute this 

finding to effects related to the joints. Russell discovered 

problems with precast joint cracking in box-beam bridges.[25] 

We believe that the HR increase in precast panels could be 

explained by joint-related problems. However, further research 

is needed to confirm or reject this hypothesis. 

 

 

Figure 4. HR with different Deck Types. 

5 CONCLUSION 

In this paper, we studied the temporal variation of HR of 

concrete bridge decks. We used a multivariable neural network 

survival model. The scientific contributions of this paper are: 

1) We introduced the use of neural networks in bridge 

deck survival analysis. We designed an architecture 

for modeling concrete bridge deck deterioration. The 

architecture produces non-proportional hazard 

estimates and utilizes multivariable data. 

2) We showed that for bridge decks, PH assumption does 

not hold for all covariates. This has been shown in 

earlier literature for individual states. We confirm the 

earlier finding with a nationwide database. 

3) We found evidence for a bathtub-shaped hazard 

functions for CR9. This implies that quality control 

and initial defects play a large role in the deterioration 

of decks; the hazard rate of new decks decreases 

rapidly in the initial years. 

The practical engineering impact of this paper is providing 

evidence that proportional hazards assumption is not applicable 

for the treatment of all bridge covariates. Since PH is a popular 

approach for modeling bridge deck deterioration, 

understanding its limitation is important for development of 

robust models for asset management. 

In future research, we plan to analyze the data in more detail 

to confirm and explain the findings of this work. Mainly, we 

are interested in finding reasons for the variations in HR that 

were observed. The analysis here was done on a national level; 

this approach is coarse. We believe that a more detailed 

analysis related to different states, structural/deck types, and 

other specific characteristics would yield more detailed 

information. 
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ABSTRACT: The benefit of Structural Health Monitoring (SHM) can be properly quantified using the concept of Value of 

Information (VoI), which is, applied to an SHM case, the difference between the utilities of operating the structure with and without 

the monitoring system. The aim of this contribution is to demonstrate that, in a decision-making process where two different 

individuals are involved in the decision chain, i.e. the owner and the manager of the structure, the VoI can be negative. Indeed, 
even if the two decision makers are both rational and exposed to the same background information, their optimal actions can 

diverge after the installation of the monitoring system due to their different appetite for risk: this scenario could generate a negative 

VoI, which corresponds exactly to the amount of money the owner is willing to pay to prevent the manager using the monitoring 

system. In this paper, starting from a literature review about how to quantify the VoI, a mathematical formulation is proposed 

which allows one to assess when and under which specific conditions, e.g. appropriate combination of prior information and utility 

functions, the VoI becomes negative. 

KEY WORDS: Value of information; Bayesian inference; Expected utility theory; Decision-making; Bridge management; 

Structural health monitoring. 

1 INTRODUCTION 

Structural Health Monitoring (SHM) is a powerful tool for 

bridge management that support decisions concerning 

maintenance, reconstruction and repairs of assets through 

reducing uncertainties on the state of the structure. Uncertainty 

increases the likelihood of unwelcome outcomes such as 

neglecting necessary repairs while engaging in unnecessary 

ones. Such decision-making is challenging as it requires the 

decision maker to trade-off between anticipated risk and 

benefits to prioritize activities. The prioritization of activities 

will be determined in part by uncertainty and in part by the 
appetite for risk of the decision maker, which varies across 

individuals such that, given the same alternatives with the same 

state of uncertainty, two rational decision makers may take 

different courses of action. Through reduction in uncertainty 

such decision makers become more aligned in their choices. 

However, monitoring systems are costly and with limited 

budgets the anticipated value of the information provided 

towards the safety of the structure must be considered.   

Although the utility of SHM has rarely been questioned in our 

community, very recently a few published papers [1] [2] have 

clarified how to evaluate it. The benefit of information is 
formally quantified by the so-called Value of Information 

(VoI), a concept anything but new: it was first introduced by 

Lindley [3], as a measure of the information provided by an 

experiment, and later formalized by Raiffa and Schlaifer [4] 

and DeGroot [5]. Since its introduction, it has been 

continuously applied in many fields, including statistics, 

reliability and operational research [6] [7] [8]. Its first 

appearance in the SHM community was implicitly in the 1980s 

[9], while explicitly it is much more recent and dates back, to 

our best knowledge, to a paper published in 2005 by Straub and 

Faber [10], followed by Bernal, Zonta and Pozzi [11], Pozzi, 

Zonta, Wang and Chen [12], Pozzi and Der Kiureghian [13], 

Thöns and Faber [1], Zonta, Glisic and Adriaenssens [2], 

Limongelli, Omenzetter, Yazgan and Soyoz [14], Giordano, 
Prendergast and Limongelli [15] - a recent state of the art can 

be found in Straub et al. [16] and Thöns [17]. In the last few 

years, quantifying the value of SHM has known a renewed 

popularity thanks to the activity of the EU-funded COST action 

TU1402 [18]. 

In summary, the value of a SHM system can be simply 

defined as the difference between the benefit, or expected 

utility upp, of operating the structure with the monitoring system 

and the benefit, or expect utility u0, of operating the structure 

without the system. Both upp and u0 are expected utilities 

calculated a priori, i.e. before actually receiving any 

information from the monitoring system. While in u0 we 

assume the knowledge of the manager is his/her a priori 

knowledge, upp is calculated assuming the decision maker has 

access to the monitoring information and is sometimes referred 

as to preposterior utility. In classical decision theory, one of the 

main assumptions is that all decisions concerning system 

installation and operation are taken by the same rational agent. 

In this case, it is easily proved that the VoI can only be positive, 
consistently with the principle that “information can’t hurt”, as 

first introduced by Cover and Thomas [19] and later by Pozzi 

et al. [20]. 

However, there are several cases in the literature where a 

negative VoI is observed: we think that these cases, regardless 

of the field of application, can be classified in three different 

classes. The first one relates to non-cooperative games and 

decisions against nature: in summary, when agents compete 

against each other, information can produce a negative value to 

some of them, precisely because we are in the area of 

competitive decisions. In the literature, we can find some 
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examples principally in the field of financial markets, see for 

instance Baiman [21], Schredelseker [22], Pfeifer, 

Schredelseker and Seeber [23]. The second case is instead 

about the presence of constraints in the decision process, which 

can lead the decision maker to take irrational decisions. A clear 

example is reported in Pozzi et al. [20] and Pozzi et al. [24], 

where a system’s maintenance agent has to blindly follow the 

prescriptions of codes and regulations, regardless of their 

inherent rationality: in this case, the decision maker, in order to 

bypass societal constraints (e.g., legal requirements, etc), may 
find it convenient to avoid information. As demonstrated in the 

papers, the constraint affects the VoI, which may consequently 

result in it being negative. Finally, the last case relates to the 

presence of multiple rational decision makers that have to take 

decisions at different levels, which are somehow connected. 

This case is presented for instance in Bolognani et al. [25], 

where two individuals are involved in the decision chain as 

regards a SHM-based decision process. In the paper it is proved 

that, because of the different appetite for risk of the two rational 

agents, the VoI may become negative. While in the literature it 

is easily demonstrated the reason why in the first two cases 
introduced above it is possible to find a negative VoI, 

respectively because of competitive decisions and because of 

irrational constrains, it is not so immediate to understand why 

it may happen in the third case, which is based only on rational 

behaviours. Consequently, in this contribution we will focus on 

this specific third case, which is also the one that mainly affects 

the field of our interest, i.e. SHM: the typical situation in SHM 

is that there are more individuals involved in the decision chain, 

e.g. one who decides whether or not to install the monitoring 

system, and one who decides how to use it. 

The case we analyse has been then introduced in Bolognani 

et al. [25]; we summarize the main assumptions in the 
following. Two decision makers are involved in the decision 

chain, and they have to take decisions at two different decision 

stages. Firstly, a decision is made on whether or not to buy and 

install the monitoring system on the structure; typically, this 

decision is carried out by a high-level manager, who we 

conventionally refer to as owner. The second stage concerns the 

day-to-day operation of the structure, which includes for 

example maintenance, repair, retrofit or enforcing traffic 

limitations, once the monitoring system is installed; if installed 

these decisions may be informed by the monitoring system. 

Typically, this decision is carried out by an engineer, who we 
will refer to as manager. The two agents are both rational and 

with the same background knowledge, they only differ in the 

weight they apply to the possible economic losses, meaning 

that they have different utility functions. Therefore, the two 

decision makers may differ in their choices under uncertainty: 

for instance, the owner needs to consider the manager’s 

appetite for risk when deciding whether to install a monitoring 

system, as this will indicate how the system will influence the 

manager’s decision-making and as such the value of this 

information. As proved in Bolognani et al. [25], these 

assumptions can lead to a negative VoI because, even if the two 

agents have the same prior knowledge of the problem, their 
optimal actions can diverge after the installation of the 

monitoring system, due to their different attitudes towards risk. 

While in the paper it is showed that the VoI can become 

negative, it is not proved under which generic mathematical 

conditions this is true. 

The aim of this contribution is to demonstrate under which 

conditions, e.g. appropriate combination of prior information 

and utility functions, it is possible to find a negative VoI in this 

specific case, by developing a mathematical formulation. In 

Section 2 we start reviewing the formulation for the 

quantification of the VoI in a SHM-based decision process, 

both in the classical case of a singular rational agent and in the 

case of two different individuals, needed for a better 
understanding of how it is possible to achieve a negative VoI 

only in the second case. Next, in Section 3, we introduce a 

prototype decision problem and we develop a mathematical 

formulation to investigate under which generic circumstances 

the VoI becomes negative. Some concluding remarks are 

presented at the end of the article. 

2 VALUE OF INFORMATION FOR SHM-BASED 

DECISION 

In this section, we review the concept of VoI for SHM-based 

decision problems, following a similar path as in Zonta et al. 

[2] and Bolognani et al. [25]. The reader can find recent 

examples of SHM-based decision problems in Flynn and Todd 

[26] [27], Flynn et al. [28], Tonelli et al. [29], Bolognani et al. 
[30], Verzobio et al. [31] [32]. 

As observed in Cappello, Zonta and Glisic [33], SHM-based 

decision-making, i.e. deciding based on the information from a 

SHM system, is properly a two-step process, as represented in 

Fig. 1: it includes the judgment of the state S of the structure 

based on the information y from the sensors, and subsequently 

the decision of the optimal action aopt to take based on the 

knowledge of the state S. As regards the first step, i.e. the 

judgment, the logical inference process followed by a rational 

agent is mathematically encoded in Bayes’ rule [34] [35], 

which allows one to estimate the posterior distribution on the 

state of the structure P(y|S). Successively, the decision-making 
step is about choosing the best action aopt: Expected Utility 

Theory (EUT) [36] [4] describes the analysis of decision-

making under risk and is considered as a normative model of 

rational choice [37]. 

 

Figure 1. Process of SHM-based decision-making. 

Before proceeding with the mathematical formulations of VoI, 

we introduce some generic assumptions: 

• The monitoring system provides a dataset that can be 

represented by a vector y. 

• The structure, for instance a bridge, can be in a one out of 

N mutually exclusive and exhaustive states S1, S2, …, SN 

(e.g.: S1 = ’severely damaged’, S2 = ’moderately 

damaged’, S3 = ’not damaged’, …). 
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• The state of the structure is generally not deterministically 

known, and can be only described in probabilistic terms. 

• The decision maker can choose between a set of M 

alternative actions a1, a2, …, aM (e.g.: a1 = ‘do nothing’, 

a2 = ‘limit traffic’, a3 = ‘close the bridge to traffic’, …). 

• Taking an action produces measurable consequences 

(e.g.: a monetary gain or loss, a temporary downtime of 

the structure, in some cases causalities); the consequences 

of an action can be mathematically described by several 

parameters (e.g.: the amount of money lost, the number of 
day of downtime, the number of casualties), encoded in 

an outcome vector z. 

• The outcome z of an action depends on the state of the 

structure, thus it is a function of both action a and state S: 

z(a, S); when the state is certain the consequence of an 

action is also deterministically known; therefore, the only 

uncertainty in the decision process is the state of the 

structure S. 

• For simplicity and clarity, we refer here to the case of 

‘single shot’ interrogation, which is the case when the 

interrogation occurs only following an event which has a 
single chance to happen during the lifespan; an extension 

to the case of multiple interrogations is also found in 

Zonta et al. [2]. 

In the classical formulation of VoI [2], which we will refer to 

as unconditional, i.e. assuming all decisions concerning system 

installation and operation taken by the same rational agent, the 

VoI of a monitoring system is simply the difference between 

the expected utility with the monitoring system upp, and the 

corresponding utility without the monitoring system u0: 

VoI = upp −  u0. (1) 

In the case of a structure not equipped with a monitoring 

system, the rational manager decides without accessing any 

SHM data, and they will choose the action a that maximize the 

expected utility u0. Consequently, the utility without 

monitoring, also called prior utility, is calculated as follows: 

u0 = max
i

u(ai),           aopt = arg max
i

u(ai), (2a,b) 

where aopt is the action which carries the maximum expected 

utility u. Conversely, if a monitoring system is installed and the 

data are available for the agent, the monitoring observation y 

affects the state knowledge, and therefore indirectly their 

decisions. In this case, the expected utility upp, also called 

preposterior utility, can be derived from the posterior expected 

utility u(y) by marginalizing out the variable y [2] [33]: 

upp = E𝐲 [max
i

u(ai,y)] = ∫ max
i

u(ai,y) ∙ p(y) 
Dy

dy, (3) 

where Ey is the expected value operator of y, while distribution 

p(y) is the so-called evidence in classical Bayesian theory [34]. 

In conclusion, the unconditional VoI of a monitoring system is 

calculated as follows: 

VoI = upp − u0 = ∫ max
i

u(ai,y) ∙ p(y) 
Dy

dy − max
i

u(ai) . (4) 

In other words, the VoI is the difference between the expected 

maximum utility and the maximum expected utility. It is 

mathematically verified that upp is always greater than or equal 

to u0, and therefore the VoI as formulated above can only be 

positive. This is to say that under these assumptions we would 

never prefer not to have the data if they were available, which 

is consistent with the principle “information can’t hurt” [19].  

Bolognani et al. [25] have investigated a variant of the 

decision problem above where two different rational 

individuals, rather than one, are involved in the decision chain. 

In particular, there is an owner who decides whether or not to 
install a monitoring system, and a manager who decides which 

is the optimal action once the monitoring system is installed or 

not. Therefore, all utilities are from the owner perspective, but 

should be evaluated accounting for the action that the manager, 

not the owner, is expected to choose. The prior expected utility 

of Eq. (2), in the case of a structure without the monitoring 

system, changes to: 

u0 = u(𝑎opt
∗ ) = u {arg max

i
𝑢∗(ai)} , (5) 

where the star * indicates the optimal action or the utility from 

the manager perspective. Similarly, the expected utility of the 

owner in the expectation of what the manager would decide if 

a monitoring system was installed turns into:  

 upp = ∫ u {arg max
i

𝑢∗(ai,y)} ∙ p(y) dy
Dy

. (6) 

The VoI of a monitoring system calculated under these 

assumptions is labelled conditional, to remind us that the utility 

of the owner is conditional to the action chosen downstream by 

the manager, and reads [25]: 

 VoI = upp − u0 =

∫ u {arg max
i

𝑢∗(ai,y)} ∙ p(y) dy
Dy

− u {arg max
i

𝑢∗(ai)} . (7) 

Table 1 summarizes the unconditional and conditional 

formulations. As observed in Bolognani et al. [25], in the 

conditional case it is no longer automatically verified that the 

owner’s preposterior utility upp is always greater than or equal 

to the prior utility u0. Therefore, unlike the unconditional case, 

we could find a combination of prior probabilities, likelihood 

and utility functions which yield a negative conditional VoI. 

The aim of this contribution is then to demonstrate under which 

mathematical conditions it is possible to find a negative VoI.  

Table 1. Formulation of VoI for SHM in the unconditional and 

conditional case. 

 

Unconditional 

formulation 

(Manager = Owner) 

Conditional 

formulation 

(Manager ≠ Owner) 

Prior utility 
without 

monitoring   

u0 

max
i

u(ai) u{arg max
i

𝑢∗(ai)} 

Preposterior 
utility with 

monitoring 

upp 

∫
max

i
u(ai,y) ∙

 p(y) dyDy

 ∫
u {arg max

i
𝑢∗(ai,y)} ∙

 p(y) dyDy

 

 

                          Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure

1643



3 WHEN DOES THE VOI BECOME NEGATIVE? 

In the previous section, we have introduced the concept of 

conditional value of information and we have noticed that, 

‘under certain conditions’, it could become negative. In this 

section, we wish to clarify which exactly are the conditions 

whereby the conditional VoI becomes negative. To do so, we 
will focus our analysis on a 2-state 2-action prototype decision 

problem, graphically illustrated in the decision tree of Fig. 2, 

which is representative of a number of binary decision settings 

that can be found in the literature [4] [37]. Particularly, we 

make the following assumptions: 

• The structure can be in one of two mutually exclusive and 

exhaustive states S1 and S2 (e.g.: S1 = the bridge is 

damaged; S2 = the bridge is not damaged). 

• The decision maker can choose between two alternative 

decisions a1 and a2 (e.g.: a1 = do nothing; a2 = close the 

bridge). 

• Both actions may have consequences, depending on the 

(uncertain) state: we indicate with z(ai, Sj) the set of 

consequences of action ai on the realization of state Sj. 

Both manager and owner are equally aware of these 

consequences. 

• We indicate with U(z) the utility function of the owner, 

where the argument z is a particular set of consequences. 

To simplify the notation, we label Uij = U(z(ai, Sj)) the 

utility of the consequences of action ai on the realization 

of state Sj. To prevent confusion, note that in this paper 

capital U indicates the utility function, while lowercase u 

denotes an expected utility. 

• Regardless the complexity of the monitoring system, its 

ultimate output is represented by a single parameter y, 

defined in the domain [0, ymax]. Parameter y could be, for 

instance, a compensated measurement, or a synthetic 

damage index calculated using the full dataset recorded to 

date. The manager decides solely based on parameter y. 

• The two agents, owner and manager, have the same prior 

knowledge of the problem, i.e. their prior probability P(Sj) 

of being in one of the two states is identical. They also 

interpret the data from the SHM system using the same 

interpretation model, which is encoded in the two 
likelihood functions p(y|Sj). They are both rational and 

judge consistently with Bayes’ rule: therefore, their 

judgement on the state of the structure, prior or posterior, 

is always identical. 

• Similarly, the two agents decide rationally consistently 

with EUT. However, their utility functions are generally 

different, thus their decisions, in the same situation, could 

differ. 

• Parameter y is defined in such a way that the values of y 

whereby the owner chooses an action rather than the other 

are separated by a single threshold y̅. Without losing 

generality, we can assume here that when y < y̅ the owner 

chooses action a1. The same applies to the manager, 

except that their threshold, labelled y̅∗, could be different.  

With the above assumptions, we will establish the conditions 

whereby the VoI becomes negative. Before tackling the 

problem in full, we start with the assumption that U12 = U21 = 0 

and U11 < U22 < 0.  

 

Figure 2. Decision tree of the prototype decision problem. 

This simplifying hypothesis makes the solution much more 

intuitive and easier to understand and will be released at the end 

of this section. To further help the reader picturing the problem, 

imagine we are dealing with a bridge that may be in damaged, 

i.e. S1, or undamaged, i.e. S2, condition. The manager can 

decide to keep the bridge open or close it. If the bridge is left 

open and is damaged, the bridge fails (i.e. the bridge collapses) 

producing a negative utility U11. If the bridge is unnecessarily 
closed when not damaged, the manager is sanctioned with a 

penalty U22. The loss for a failure is in absolute value much 

greater than the penalty for closing the bridge without 

necessity, i.e. |U11| > |U22| or U11 < U22, reminding that we are 

dealing with negative utilities. More generally, this is the 

prototype of any problem where an agent is faced with a binary 

decision, and each decision can be right or wrong depending on 

the unknown state. If the agent makes the right choice, nothing 

happens, otherwise they are sanctioned with a penalty. 

 Decision a priori 

We analyse the problem of decision a priori from the owner 

perspective. The owner will favour action a2 over a1 when the 

prior expected utility u2 is greater than the prior expected utility 

u1, i.e.: 

          u1 < u2. (8) 

Recall u1 = P(S1)U11, u2 = P(S2)U22, and both utilities are 

negative, we can rewrite the inequality of Eq. (8) as: 

R =
P(S2)

P(S1)
 
U22

U11

< 1, (9) 

where R is a discriminant ratio which expresses the optimal 

action a priori from the owner perspective. We observe that, by 

definition, R = 1 corresponds to the indifference in the choice a 

priori between the two actions a1 and a2, i.e. u1 = u2, while it is 

preferred to choose action a1 if R > 1, i.e. u1 > u2, or action a2 

if R < 1, i.e. u1 < u2. It is convenient to express the discriminant 
R as: 

 R =
r

q
, (10) 

where: 

q =
P(S1)

P(S2)
,                 r =

U22

U11

. (11a,b) 

Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure

1644



Index q is the prior odds of state S1 respect to S2, while index r 

is an indicator of the subjective risk appetite of the decision 

maker: the more the agent is risk seeking, the bigger is index r. 

The risk seeking index r is subjective and changes with the 

actor. So, for the manager in general we may have a different 

value r∗ and therefore a different value of the discriminant ratio 

R∗ a priori. We assume in the following that manager and owner 

agree that the optimal action a priori is, for example, a2, thus 

both ratios R and R∗ are smaller than one. 

 Decision a posteriori 

We start the analysis a posteriori from the owner’s perspective. 

After observing a particular output y from the monitoring 

system, the owner updates their knowledge of the structural 

state from prior P(Sj) to posterior P(Sj|y). Similar to the prior 

case, the owner decides a posteriori by comparing the expected 
utilities of the two actions a posteriori, i.e. u1(y) = P(S1|y)U11 

and u2(y) = P(S2|y)U22, as shown in Fig. 3(d) in the example 

case of Gaussian likelihood distributions (Fig. 3(a), 3(b), 3(c)). 

The threshold y̅ is the value of y for which a posteriori the 

expected utilities are the same, i.e. u1(y̅) = u2(y̅), which we 

express in the following: 
                      

 y̅: u1(y̅) = u2(y̅). (12) 

Recall we have assumed the owner’s choice a priori is action 

a2, and that y is defined in such a way that the optimal action a 

posteriori is a1 for y < y̅. Therefore, a posteriori the owner will 

change their decision when y < y̅ and confirm the prior decision 

otherwise. Using Bayes’ theorem, Eq. (12) can be rearranged 
in the form: 

y̅ :  
p(y̅|S

1
)

p(y̅|S
2
)

=
P(S2)

P(S1)
 
U22

U11

. (13) 

We immediately recognize that the right-hand term of Eq. (13) 

is the same ratio R a priori introduced in Eq. (9). Further, we 

define the function g(y) as the ratio between the likelihoods of 

the two states: 

g(y) =
p(y|S

1
)

p(y|S
2
)

. (14) 

Therefore, the owner threshold y̅ is determined by the following 

simple equation: 

y̅ :  g(y̅) = R. (15) 

As such function g, which depends only on the likelihood 

distributions, equals R when evaluated in the threshold, as 

shown in Fig. 3(e). We observe that the threshold effectively 
depends on ratio R, which in turn depends on the risk apatite of 

the owner.  

In a similar manner, the manager threshold y̅∗ is such that 

g(y̅∗) = R∗, as illustrated again in Fig. 3(e). The manager 

threshold y̅∗ can be bigger or smaller than the owner threshold 

y̅ depending on whether the manager is respectively more or 

less risk seeking than the owner. Since in general the threshold 

of the manager and the one of the owner do not coincide, we 

can have essentially three situations a posteriori (i.e. following 

a monitoring observation y): 

• If observation y is smaller than the two thresholds, both 

manager and owner agree to change their decision to a1. 

• If observation y is bigger than the two threshold, manager 

and owner agree to keep the prior decision a2. 

• if observation y is included between the two thresholds, 

manager and owner disagree on the decision to be made. 

 Preposterior analysis 

We define Δu(y) = u1(y) − u2(y) the utility gain resulting 

from changing a decision a posteriori. Evidently, changing their 

mind is convenient to the owner when the monitoring system 

yield value smaller than their threshold. The conditional VoI, 

introduced in Eq. (7), based on the developed assumptions can 

be calculate as follows: 

VoI = ∫ Δu(y) ∙ p(y) dy

y̅∗

0

, (16) 

where Δu(y) ∙ p(y) can be seen as an expected utility density 

function (EUDF), plotted in Fig. 3(f). The figure shows that the 

VoI is effectively the area under the expected utility function 

up to the threshold of the manager y̅∗. We also observe that: 

• Because the EUDF is greater than zero under the 

threshold of the owner y̅, evidently the VoI is maximum 

and always positive when the two thresholds coincide; 

this is the case of the unconditional value of information 

uVoI. 

• When the manager is less risk seeking than the owner, i.e. 

y̅∗ < y̅, the conditional VoI is smaller than the 

unconditional, but can never be negative – could be at 

least zero when y̅∗ = 0. 

• When the manager is more risk seeking than the owner, 

i.e. y̅∗ > y̅, the negative integral of the EUDF between the 

two thresholds can be interpreted as a Loss for 

Disagreement (LfD) of the two decision makers. If the 

LfD equals the uVoI, then the conditional VoI results as a 

negative valued VoI.  

In order to better clarify the condition whereby the VoI is 

negative, note that in our particular case the EUDF can be 

written as: 

Δu(y) ∙ p(y)=(P(S1|y)U11 − P(S2|y)U22) ∙ p(y)=

= P(y|S
1
)P(S1)U11 -P(y|S

2
)P(S2)U22. (17) 

Therefore, the conditional VoI becomes: 

VoI = ∫ p(y|S
1
)P(S1)U11 dy

y̅∗

0

− ∫ p(y|S
2
)P(S2)U22 dy

y̅∗

0

. (18) 

The VoI is equal to zero either if y̅∗ = 0 or:  

y̅∗:    
∫ p(y|S

1
) dy

y̅∗

0

∫ p(y|S
2
) dy

y̅∗

0

=
P(S2)

P(S1)
 
U22

U11

. (19) 

Notice that the format of Eq. (19) is strikingly similar to Eq. 

(13), with the only difference that the left-hand term is the ratio 

between the cumulative distributions of the two likelihoods, 
rather than the two mass density functions. Therefore, we 

define another function G(y), as the ratio between the 
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cumulative distributions of the two likelihoods (i.e. F(y|S1) and 

F(y|S2)): 

G(y) =
F(y|S

1
)

F(y|S
2
)

=
∫ p(y|S

1
) dy

𝑦

0

∫ p(y|S
2
) dy

�̅�

0

. (20) 

Consequently, the minimum manager threshold y̅∗ that makes 

the VoI negative is determined by the following simple 

equation: 

 y̅∗:   G(y̅∗) = R. (21) 

This outcome, together with Eq. (15), explicates how the 

threshold y̅ and the index R of the manager, i.e. y̅∗ and R∗, must 

be, in comparison to the ones of the owner, in order to achieve 

a null conditional VoI: 

   y̅∗ = G -1(g(y̅)), R∗ = g (G -1(R)) . (22a,b) 

In other words, in order to have a null VoI, the ratio between 

the thresholds and between indexes r of the two agents are: 

r∗

r
=

R∗

R
=

g (G -1(R))

R
,               

y̅∗

y̅
=

G -1(R)

g -1(R)
. (23a,b) 

 

 

 

Figure 3. Graphical representation of how the conditional VoI 

may become negative: likelihood distributions (a), joint 

probabilities and evidence (b), posterior probabilities (c), 

expected utilities (d), indexes g and G (e), EUDF (f). 

 Generalisation and summary 

We have derived these formulations under the very stringent 

assumption that U12 = U21 = 0. Now let us release this 

assumption: the condition whereby the owner will favour 

action a2 over a1, which was previously encoded into Eq. (9), 

now reads: 

P(S2)

P(S1)
 
U22 − U12

U11 − U21

< 1, (24) 

so it suffices to redefine the risk seeking factor r as: 

 r =
U22 − U12

U11 − U21

, (25) 

and the rest of the formulation is completely identical. Index r, 

and consequently also R, is an indicator about the risk appetite 

of the decision maker based on the definition of the four 

utilities: even in this general case, the more the agent is risk 

seeking, the bigger is index r. 

In summary, the necessary and sufficient condition to have a 

negative VoI is: 

R∗ > g (G -1(R)),            y̅∗ > G -1(g(y̅)), (26a,b) 

where the ratio R depends on the prior odds q and on the risk 
seeking ratio r, defined in Eq. (25). We can conclude that, in 

order to achieve a negative VoI, the manager has to be more 

risk seeking than the owner, i.e. r∗ > r, so that their threshold 

y̅∗ is bigger of an amount that only depends on the choice of the 

likelihood distributions. 

 Notable case 

Eq. (26a) shows that the ratio R∗ that produces a negative VoI 

depends only on the choice of the likelihood distributions and 

on the owner ratio R. In order to calculate R∗, we need to 

express the functions g(y) and G(y), and to calculate their 

inverse functions g -1(R) and G -1(R). Unfortunately, in most 

cases it is not easy, and sometime not even possible, to express 

the inverse functions in closed form. A notable exception is 

when we describe the likelihood distributions with polynomial 

functions, as follows: 

p(y|S
1
) = (n + 1) yn,

p(y|S
2
) =

n + 1

n
(1 −  yn),    with y ∈[0, 1]. (27a,b)

 

These likelihoods are presented in Fig. 4, as an example, for the 

polynomial degree n varying from 1 to 4. For instance, n=1 

corresponds to the case of triangular distributions over an 

interval. In order to make this case more intuitive to the reader, 

imagine that the monitoring system ultimately yields a damage 

index that is equal to 0 if there is no damage, and equal to 1 if 

the structure is fully damaged. In this case, the undamaged 
likelihood (i.e. P(y|S2)) could be described with a triangular 

distribution that has its maximum at 0, at its minimum at 1. 

Similarly, the damaged likelihood (i.e. P(y|S1)) could be 

described with a triangular distribution that has its maximum at 

1, at its minimum at 0. 
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Figure 4. Likelihood distributions according to the polynomial 

degree n. 

In this case, functions g(y), G(y) and their inverse are: 

g(y) = n 
yn

1 −  yn
, g -1(R) = √

R

n + R

n

 . (28a,b) 

G(y) = n 
yn

(n + 1) −  yn
,         G -1(R) = √

R(n + 1)

n + R

n

. (29a,b) 

An interesting feature of this class of likelihood functions is 
that the rate between the manager and owner threshold is 

constant and equal to: 

y̅∗

y̅
= √n + 1

n
. (30) 

This means that, to achieve a null conditional VoI, the threshold 

of the manager has to be bigger than the one of the owner of a 
quantity that depends only on the polynomial degree n. For 

instance, in the linear case, i.e. n = 1, it results that y̅∗ has to be 

double of y̅. Table 2 reports the results for n from 1 to 4. 

Table 2. How the ratio between y̅∗  and y̅ varies according to n 

to achieve VoI = 0. 

n 1 2 3 4 

y̅∗

y̅
 2 √3 √3

4
 √4

5
 

 

It is evident that, as n increases, it decreases how much y̅∗ has 

to be bigger than y̅ in order to have (O|M)VoI = 0, and 

consequently a negative conditional VoI. We can easily 

understand the reason of this outcome by analysing it 

graphically: in the linear case, presented in Fig. 5(a), the 

threshold of the manager has to be clearly double of the one of 

the owner, because uVoI and LfD are two triangles. Conversely, 
with n > 1, as for example Fig. 5(b) shows for n = 2, it is evident 

that, in order to have the area of uVoI and the one of LfD equal, 

y̅∗ has to be bigger than y̅, but less than double. 

In addition, we have already anticipated that a bigger 

threshold corresponds to a bigger index R, meaning that the 

manager has to be more risk seeking than the owner in order to 

have a null conditional VoI, and consequently a negative one. 

We can verify this sentence by developing Eq. (23a), in this 

case of polynomial likelihood distributions: 

r∗

r
=

R∗

R
=

g (G -1(R))

R
=

n + 1

1 − R
=

n + 1

1 − r q⁄
. (31) 

This means that, in order to have a null conditional VoI, the 

manager has to be more risk seeking than the owner, i.e. r∗ > 

r, by an amount that increases as the polynomial degree n rises, 

and which depends also on r itself. In conclusion, while it is 

clear that in real-life the likelihood distributions may have 

various different shapes, e.g. Gaussian, defining them with 

polynomial functions allows us to achieve results in closed 

form, which is useful to understand better the practical meaning 

of the developed formulation. 

 

Figure 5. Expected utility density function (EUDF) for n = 1 

(a), and n = 2 (b). 

4 CONCLUSIONS 

The benefit of SHM can be quantified using the concept of the 

Value of Information (VoI), which is the difference between the 

utilities of operating the structure with and without the 

monitoring system. In its calculation, a commonly understood 

assumption is that the individual who decide on the installation 

of the monitoring system, i.e. the owner, is the same rational 

agent who will later use it, i.e. the manager. In the real word 
these two agents involved in the decision chain are often 

different individuals. We have investigated, for a specific 

prototype decision problem, which are the conditions for which 

it is possible that the VoI becomes negative. A negative VoI 

means that the owner perceives the idea of monitoring as 

damaging, to the point they are willing to pay to prevent the 

manager using the monitoring information. We can conclude 

that: 

• The VoI is never negative when manager and owner are the 

same rational individual, consistently to the principle that 

“information can’t hurt”; this ideal value is labelled 
unconditional VoI (uVoI). 

• When manager and owner are not the same individual, the 

VoI is equal or less than the uVoI. 

• The smaller VoI originates from a disagreement between 

manager and owner on what is the most convenient action 

to take based on the information from the SHM. 

• This disagreement produces an overall negative expected 

utility, labelled Loss for Disagreement (LfD).  
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• When the disagreement is such that the LfD exceed the 

uVoI, the value VoI become negative. 

• The predominant factor that determines a negative VoI is 

the different risk appetite of the two decision makers, owner 

and manager: a necessary, but not sufficient, condition is 

that the manager is more risk seeking than the owner. 

• Other influential factors are the shape of the likelihood 

distributions and the values of prior probabilities. 

• The general mathematical conditions whereby the VoI is 

negative are encoded in Eq. (26). 

To conclude, we can ask ourselves if it is a “good” or a “bad” 

thing to a have a negative VoI. The answer is that we cannot 

say that it is always a good or a bad thing because, as everything 

discussed into this paper, it depends on the perspective: if the 

perspective is the owner’s, clearly the owner optimal situation 

is to have a manager with the same scale of values and the same 

risk appetite: this strongly depends not only on the level of 

education, but also on their role, responsibility and reliability 

into the decision chain. In principle, by providing strict 

guidance in form of a standard or procedure for making 

decision could compel the manager to align to the owner 
perspective standpoint, resulting in the maximum utility for the 

owner perspective. 
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ABSTRACT: As modal testing is gaining more and more recognition in the field of structural engineering, damage detection is 

getting more attractive as a direct application of the method. The fact that modal testing judges the global dynamic properties of 

a structure through its vibrations suggests that comparisons between these properties for a base structure and a damaged one 

may give indications of the damage. Many different methods, numerical, statistical and analytical have been used in the 

literature for damage detection. The accuracy of those methods vary but the simplicity was always a question. Most recognized 

methods are mode shape changes, mode shape derivatives, and frequency shifts. Through several modal testing analyses and 

comparisons, it was noticed that not mode shape change by itself can readily determine a damage location. A simple method is 

proposed to determine damage location with an acceptable accuracy. Dynamic modal tests using hammer impulses on a steel 

bridge deck were numerically simulated and the resulting vibration histories were then treated as from a field vibration test. 

Modal identification was then performed and through the results a concept of weighting the mode shape changes based on the 

frequency changes is proposed. The proposed method gave good results in locating the position of damage. 

KEY WORDS: SHM, Damage detection, Bridge, Vibration 

1 INTRODUCTION 

As an important application, damage detection is gaining 

more and more research interest in recent years. This is 

becoming more and more important because of the need to 

maintain civil engineering structures in appropriate working 

conditions as more and more advanced and valuable structures 

are being built. Our modern expensive structures, as well as 

our valuable old ones such as historic buildings need 

monitoring and condition assessment to plane their 

maintenance and to keep them in their optimum service 

conditions. Vibration testing and monitoring is now the most 

important ingredient of an effective monitoring system. 

Studying the collected vibration signals and deducing modal 

and structural properties from them helps monitoring the 

global changes. A more demanded goal of this monitoring is 

to determine the location and extent of the structural damage 

if it occurred. 

One of the main studies in this field is the study by 

Doubling et al. (1996) which confirmed that vibration 

characteristics of a structure can be used to predict damage 

locations. However there was a also a note that early stage 

damages may not be easy to detect by directly comparing 

spectral or modal parameters. In 1999 Abdel-Wahab and De-

Roeck presented a good practical example on how to locate 

damage using mode shape curvatures. Maia et al. (2001) 

applied various FRF based detection techniques on a 

laboratory damaged free-free steel beam. Statistical models 

and those based on state space representations gained more 

interest by Krishnan et al. (2006) and Figueiredo (2010). 

However, revisiting the basic methods is getting interest also 

for the need of simpler methods to be applied by engineers. 

He and Zhu (2011) presented their work in detecting damage 

in a steel framed structure using natural frequency shifts. They 

quoted that damage detection algorithm should have sufficient 

robustness to deal with relatively large modeling error and 

measurement noise. This indicates that direct use of simple 

parameters alone can result in inaccurate detections. In 2015, 

Al-Araki, Zaki et al., provided the results of a research thesis 

focused to test damage detection methods on a laboratory steel 

bean. Moughty and Casas Provided a useful state of the art 

scan of the methods used for damage detection in 2017. 

Mariella et al., also provided the valuable results of an 

experimental and numerical study for damage detection in 

2019.  

2 NUMERICALLY SIMULATED VIRTUAL MODAL 

TESTS 

In order to establish the methodology and to eliminate any 

possible bias or noise from field testing conditions, it was 

decided to apply the method numerically first to prove its 

clarity and validity. Full dynamic tests were numerically 

conducted on a selected bridge model. Response outputs were 

selected at several points simulating the recordings from 

accelerometer field arrays. Afterwards signal processing and 

modal identification was used to extract modal parameters 

from test raw data the same way it is done on records from a 

real structure. The obtained modal parameters for both intact 

and damaged cases were then used to apply the proposed 

damage indicator method. 

2.1 Virtual Test Structure 

A steel bridge structure was chosen which resembled a steel 

bridge on Km10.6 on the Cairo-Alexandria railway. The 

bridge is an open deck plate girder steel bridge of one 30.0m  

long simple span.  The bridge have a 2.2m plate girder as 

shown in the cross section in Figure 1 and cross girders of 

Frequency weighed modal shifts method for damage localization  
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0.9m depth spaced each 3.0m as shown in Figure 2. The cross 

sectional properties of the main structural elements are  listed  

in Table 1. 

All structural elements were modeled using quadrilateral 

elastic shell elements shell63 in ANSYS software which  has 

both bending and membrane capabilities.  Both in-plane and 

normal loads are permitted. The element has six degrees of 

freedom at each node: translations in the nodal x, y, and z 

directions and rotations about the nodal x, y, and z- axes. 

Stress stiffening and large deflection capabilities are included. 

A consistent tangent stiffness matrix option is available for 

use in large deflection (finite rotation) analyses if required. 

Fine mesh was chosen to accurately capture the response. 

 

 

Figure 1. Modeled Bridge Cross Section. 

Table 1. Properties of Main Elements (mm). 

Element  Web height Fl. Width Fl. Thick.  

Main Girder 

Cross Girder  

2200 

900 

450 

300 

40 

24 

Spreader 600 300 16 

    

 

 

Figure 2. General configuration of virtually tested bridge. 

2.2 Virtual Impulse Excitation 

The bridge is then virtually excited using a numerical impulse 

simulating that of a large impact hammer at the point shown 

in Figure 4. The impulse forcing function is a triangular one 

with an impulse duration of 0.02 seconds as shown in Figure 

3. This would give a spectrum which covers adequately the 

frequency response range of interest. 

 

 

Figure 3. Impact Forcing Function. 

 

 

Figure 4. Acceleration Recording Points. 

Transient time history analysis under the influence of this 

impact is then conducted using very small time stepping 

(0.0025sec) equivalent to 400Hz sampling rate. The analysis 

was done using the Newmark integration algorithm. Damping 

was chosen to be proportional Rayleigh damping as follows: 
 

 (C) = α(M) + β(K)                         (1) 

      α/2ω + βω/2 = ξ      (2) 
 

Where α and β are viscous or material damping and 

stiffness damping parameter respectively, and where ω is the 

frequency, and ξ is the damping ratio. Knowing the practical 

damping ratios for such a steel bridge structure both mass and 

stiffness multipliers were obtained to be 0.9 and 2.5E-05. 

Those values yielded normal responses as will be shown. 

Acceleration time history records of the impulse response is 

then collected at several locations as shown in Figure 4 

simulating those from an accelerometer array in a modal field 

test. Typical time history output is given in figure 5, while 

typical spectra from the results is shown in figure 6. 

 

 

Figure 5. Typical Response Time history at point 48 of the 

bridge. 
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Figure 6. Schematic Cumulative Spectrum of Different Test 

points. 

2.3 Simulated Bridge Damage 

Two damaged bridges were also tested. Each is the same as 

the intact base structure shown above but with introducing a 

certain damage at each case. The first damage was a reduction 

in the stiffness of a small flange area of the main girder near 

mid span at about 0.4L from support where L is the span 

length. This damage was meant to simulate the effect of some 

local corrosion. This case is given the label DM1. 

The other damaged bridge was affected by a total 

elimination of a number of elements of both the flange and 

web but in a small area also resembling the effect of tear or 

break due to accidents at 0.2L from support. This case is given 

the label DM2. Both damage cases DM1 and DM2 are shown 

in Figure 7. 

3 MODAL IDENTIFICATION 

In order to go through the exact steps of field modal test, the 

acceleration records for each of the virtually tested structures 

were assembled in matrix and spectral analysis was performed 

after some signal processing to obtain an assembled cross 

spectral matrix of each bridge. Figures 8a,b. give examples of 

the assembled time histories and spectrums from all test 

points. 

 

 

Figure 7a. Damage Case DM1 at 0.4L. 

 

Figure 7b. Damage Case DM2 at 0.2 L. 

The assembled cross spectral matrix was then used in each 

case to perform singular value decomposition of the cross 

spectral matrix. This process of modal identification resulted 

in the natural frequencies and mode shapes. The results from 

the modal identification process for each case of the intact 

bridge and damaged cases were obtained as shown for DM2 

in figures 9. 

 

 

Figure 8a. Assemble time histories of Bridge Case DM2. 

 

 

Figure 8b. Assemble Power Spectra of Bridge Case DM2. 

 

 

Figure 9. Identified Modes for Damaged Bridge DM2. 

4 PROPOSED DAMAGE INDICATOR 

Through several dynamic modal testing campaigns and 

analyses it became clear that not only one modal property has 

the most significant change for each mode. Although it is 

established that damage causes frequency shifts between the 

modes of an intact and damaged structure, the amount of shift 

varies from mode to mode and can sometimes be misleading 

if it is used by itself to interpret the damage. Just as the human 

response to a vibration record with a broad-band frequency 

content varies for each frequency component according to 

sensitivity of the human to a certain frequency component, the 

modal response of a structure varies from mode to mode when 

introducing damage according to significance of that damage 

DM1

D1
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to this specific mode. Simply for example a damage located 

exactly or near mid span will have least effect on even modes 

because of their nodal points being near mid-span. So, it is 

proposed here that the concept of frequency weighing used to 

evaluate human response to vibration exposure in ISO2631 

(2003) and similar standards be applied here also to assess the 

influence of damage on the structure. So simply if we 

calculate the frequency shift for each mode for all obtained 

modes. The proposed method suggests that the most 

significant change takes place for the most affected modes 

according to the properties of the structure and the geometry 

of damage. So if the ratio of each frequency shift to the total 

of all shifts (Aw) is used it would give an indication of how 

significant this damage is to this mode and if used as a 

weighing factor can eliminate the contribution of non-affected 

modes to minimize miss-interpretations. The frequency 

weighing factor for each mode (i) is introduced by: 

 

                           Aw i = Δ fi / Σ Δfi          (3) 

 
It is  also known  that  damage  causes  modal  shape  shifts.  

The  nodal  point  of  a  mode  shape moves  towards  the  

damage  location  usually  causing  different  magnitudes  for  

each location of the mode shape than those of the intact 

structure. However, the above is not always true for every 

mode. This may cause again miss-interpretations to take 

place. Over and above it was consistently noticed that the best 

results from mode shape shifts are obtained for the modes 

which are most affected by the damage. So it is first proposed 

to weigh the mode shape amplitude differences with  the  

above  frequency  weighing  factor  (Aw)  to eliminate 

discrepancies from non-significant modes to a certain damage.   

It is also found more beneficial to do this for the mass 

normalized modes which can be obtained from test data by  

assessing  proportional  mass  distribution  for  the  structure.  

Mass normalized mode  shape  Φ  is  obtained  from  obtained  

mode  shape  Ψ  as follows : 

 

                 mr = [Ψ] [M] [Ψ]                    (4) 

                  [ Φ] = √ mr . [Ψ]                    (5) 

 
It is proposed to sum the resulting indicator for all modes. 

This will accumulate the beneficial indicator results from all 

significant modes after eliminating the non-significant ones. 

So if the mode shape amplitude at one point is Φc for the 

intact structure and ΦD fir the damaged one the resulting 

indicator (ZInd) would be given by, 

 
   i=n 

   ZInd = Σi=1 ( [(Φ Di - Φ ci)/ MaxΦ ci] * Aw i )     (6) 
 

Furthermore it is noticed in previous studies that damage 

causes more pronounced change in the derivatives of the 

mode shape. It is proposed here that if the value of the mode 

shape amplitude at a certain point is larger than that of the 

average of the values at both the precedent and the following 

points –which gives the simplest form of a derivative- the 

difference can be used to further enhance the damage 

indication in the factor Zind as follows,  

 

        i=n 

         ZInd = Σi=1 ( [(Φ Di - Φ ci)/ MaxΦ ci] * Aw i  

                   * [(Φ Di /(Φ D+1i + Φ D+1i)/2) -1] )      (7) 

5 RESULTS AND DISCUSSION 

Equation (7) gives the proposed damage indicator function. 

The accuracy of the proposed ZInd was tested using the 

results of the virtual tests of the two damaged bridge cases 

DM1 and DM2. After obtaining the modal parameters of all 

the previously described three cases, simple spreadsheets were 

formed to apply the proposed procedure. It can be noticed 

from comparing lines in figure 10 for case DM1 that using 

mass normalized mode shapes pronounces the indication of 

damage.  

Final  curves  for  the  indicator functions are  shown in  

figure 10 for damage case DM1 and in figure 11 for damage 

case DM2. It is very clear that the proposed damage indicator 

Zind gave the location of damage of DM1 to be within 0.4 L 

comparable to its actual location in figure 7a, and also for the 

damaged case DM2 to be  within 0.2L which is also 

comparable to its actual location in figure 7b. It can be 

concluded that the proposed damage indicator Zind 

successfully detected the location of damage with  an 

acceptable  degree  of  accuracy.  It is recommended to  

further study the proposed indicator to more structures and 

more damages. 

 

 
 

 

Figure 10. Zind damage indicator for damaged case DM1 at 

0.4L. 
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Figure 11. Zind damage indicator for damaged case DM2 at 

0.2L. 

6 CONCLUSION 

The growing need for a reliable and simple procedure or 

method to detect damage in engineering structures made the 

application of vibration modal testing and analysis towards 

that goal very demanded. In this paper an attempt to introduce 

a new simple damage indicator based on modal properties 

obtained from modal tests is made. Virtual simulations to 

modal tests have been conducted numerically on an intact 

steel bridge numerical model and also after introducing two 

separate cases of damages to it.  

The proposed indicator depends on weighing the mode 

shape shifts using frequency shifts which give an indication of 

which modes are more affected by a certain damage. The local 

influence of damage on mode shape slope is also incorporated 

in the equation of the proposed damage indicator Zind, 

equation (7). The new indicator successfully located the 

damage for the two damage cases investigated. 
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ABSTRACT: Monitoring and inspection of structures to ensure their reliability is a major trend in civil engineering practice.  In 

recent years, vibration-based damage assessment of structures has drawn wide attention because of its potential applicability in 

health monitoring.  This paper study aims at examining simple damage detection techniques using new procedures.  An 

experimental program was conducted using simply supported steel beam under various damage scenarios.  Different damage 

indicators such as frequency change, mode shape change, mode shape derivative change as well as newly introduced indicator 

using phase shifts are applied to the acquired data to characterize the damage.  The results showed that the change modes shape 

increase as a results of stiffness difference between the top flange and bottom flange where the damage is located.  Moreover, 

for modes shape changes for the first, second and third test cases it was clear that the second flexure vertical mode shapes 

indicate a movement toward damage location.  

 

KEY WORDS: Bridge damage; Modal analysis; Frequency change; Mode shape change; Mode shape derivative; Phase shifts. 

1 INTRODUCTION 

The goal of monitoring and inspection of structures is to 

determine the location of the structural damage.  Therefore, 

vibration testing and monitoring has become one of the most 

important features of an effective monitoring system to 

investigate such determination. Analyzing the collected 

vibration records helps monitor the global and also the local 

changes in the stiffness and mass of the structure.  

In 1995, Salawu and Williams [1] presented a review of 

full-scale dynamic bridge tests and distinguish various reasons 

for full-scale testing which they summarized to increase the 

database of similar structures with the objective to predict the 

response of new structures; and to determine the integrity of 

structures after an occurrence of unknown overload, or the 

effectiveness of remedial works. Brownjohn, et al. [2] studied 

the ambient vibration (wind and traffic excitation) of a 

suspension bridge, providing resonant frequencies, mode 

shapes, and damping ratios. They proposed a numerical model 

updating scheme based on the measurement results to describe 

deterioration and to assess the effective stiffness.  

Peeters and De Roeck [3] presented an overview on modal 

parameter extraction techniques such as the complex mode 

identification function as they were testing damage cases in 

the Z24 bridge. They used instrumental variable method, and 

stochastic subspace identification.  They also pointed out to 

the similarities between the conventional polyreference time-

domain identification method, the instrumental variable 

method, the eigensystem realization algorithms, and the 

statistical subspace identification methods.  Wenzel Helmut, 

Furtner Peter [4] showed that the BRIMOS technology 

(Bridge Monitoring System) provides additional information 

for the bridge inspector to carry out an accurate assessment of 

the condition and the remaining lifetime of the bridge. There 

are many objectives for bridges monitoring.  K. He and W.D. 

Zhu [5] used optimization method through forward and 

inverse problem solutions to detect damage. To resolve the 

inverse problem, a logistic function transformation was 

introduced to convert the constrained optimization problem to 

an unconstrained one, and a robust iterative algorithm using 

the Levenberg–Marquardt method is developed to accurately 

detect the locations and extent of damage. Cha [6] has 

introduced an interesting study which incorporates nonlinear 

optimization techniques with modal identification to detect 

damage. 

Zhong and Oyadiji [7-8] presented a crack detection method 

based on finding the difference between two sets of detailed 

coefficients obtained using the wavelet transform of two sets 

of mode shape data of a cracked beam.  Rucevskis, S.; 

Janeliukstis, R.; Akishin, P.; Chate, A. [9] described a method 

that requires only the mode shape curvature data of the 

damaged plate-like structures, in which the damage index is 

defined as the absolute difference between the measured 

curvature of the damaged structure and the smoothed 

polynomial representing the curvature of the healthy structure.  

In this work the simpler damage indicators such as mode 

shape change and mode shape derivative are applied on the 

introduced simply supported steel beam model and further 

other indicators are proposed. 

2 EXPERIMENTAL PROGRAM 

2.1 Instrumentations 

Uni-axial piezoelectric accelerometers type BK 4507 B004 

were used in this study. The specifications of accelerometers 

are in accordance with ANSI S2.11-1969 and parts of ISO 

5347.  The accelerometers have a resonant frequency of more 

than 18 KHz. The frequency ranges from 0.2 x10-3 to 6 KHz. 

This type of accelerometer was chosen because it has light 

weight which reduces the effect of its mass on the modal 

properties of the tested model. Moreover, it has high 

Evaluation of damages for flexural behavior of steel beam using free vibration 

measurements 
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resolution which is necessary for low amplitude 

measurements. 

Multi –channel digital data acquisition system was used to 

collect data from accelerometers simultaneously. Data 

acquisition systems collect the signals generated by sensors, 

conditioner and convert them into digital form, and transmit 

the signals to a computer.  The data acquisition system 

includes the three following primary components: (1) data 

acquisition hardware, (2) data acquisition peripherals, and (3) 

data acquisition software. Figure 1 shows the Multi –channel 

Digital Data Acquisition used in this study. 

 

 

Figure 1. The Multi –channel Digital Data Acquisition. 

A 16-bit Analog to Digital converter for dynamic signal 

input was used. (BNC) cables were used in this study. A 

dedicated software for the system was used for acquiring input 

channels data, storage, saving and applying custom 

application. The software is capable of acquiring plotting and 

storing all analog input channels on a signal screen.  

Signal analysis software was used to transfer data obtained 

as row data files to time history records is a real time signal 

analysis application with a complete range of spectral analysis 

tools. The software is designed as a collection of tools which 

can be combined to create user interface specific analysis. 

MODAL  [1]  software which works under MATLAB was used 

for modal identification. Both the Enhanced Frequency 

Domain Decomposition (EFDD) and the Eigen Realization 

Algorithm (ERA) were applied in this study. 

2.2 Testing Program 

A simply supported steel I-Section beam with a clear span of 

2550 mm was used to create the different scenarios of 

damages and their effect on modal parameters (natural 

frequencies, modal shapes, phase change, etc.).  The elevation 

and cross-section of the beam are shown in Figure 2 (a-d).   

 

 

 

 

 

  

Figure 2. Beam elevation, cross-section and cuts detailing. 

 

(a) 

(b) 

(c) 

(d) 
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The beam was tested for flexure modes under different 

damage scenarios. These scenarios included in addition to the 

control undamaged case (i); (ii) damaged; and (iii) repaired 

damage beams.  Initially, an undamaged beam (V1) was 

tested, to serve as reference, and then three successive 

controlled damage scenarios were imposed at the bending 

zone (i.e. middle of beam span).  The damages were 

introduced by making various cuts in the bottom and top 

flanges of the steel beam. The artificial damages induced in 

this experiment were considered to represent the actual 

damage which might occur in real structures.   

The first level of damage was to cut the half bottom flange 

of the Steel beam (V2).  This damage was simulated by 

making a rectangular cut in half the bottom flange (10x50mm) 

at middle of the beam.  The second level of damage was in 

full width of bottom flange of the beam (V3). This damage 

was simulated by making a rectangular cut in full the bottom 

flange (10x100mm) at the middle of the beam.  The third level 

of damage was on both bottom and top flange as well (V4). 

This damage was simulated by making rectangular cuts in the 

full top and bottom flanges at the middle of the beam.  

Thereafter, the beam was carefully repaired by welding the 

cutting parts (V5).  The repaired beam was tested to evaluate 

the response of steel beam after been repaired. List of tested 

scenarios are summarized in Table 1. 

Table 1. Details of tested beams. 

Scenario 

No. 

Undamaged/ Damage 

Positions  

Scenario 

Symbol 

Scenario 1 Undamaged Beam V1 

Scenario 2 Half Bottom Flange Damage V2 

Scenario 3 Full Bottom flange Damage V3 

Scenario 4 Full Bottom top Flange 

Damage 

V4 

Scenario 5 Repaired Beam V5 

 

2.3 Test Procedure 

The beam was instrumented with accelerometers to measure 

the modal parameters. The accelerometers were installed 

vertically on the center line of the top flange surface at eight 

positions (spacing 350 mm), as shown in Figure 2 and 3.  

 

 

Figure 3. Arrangement of accelerometers on the top flange of 

the beam. 

The tested beams were excited by induced pluses of a 

manual rubber hammer. The duration of the transient signal 

for each test was about 300 seconds. The beam is excited 

every 60 seconds. The excitation point has been chosen 

carefully and many response points are measured. The 

responses of the structure were captured using the carefully 

pre-selected accelerometers. The recorded files were 

processed in the signal data processing software. The record 

with the best signals was then used for modal parameters.  

The ASCII records were imported to the modal software 

running under MATLAB. It should be mentioned that the 

whole system was calibrated according to the requirements of 

the standard (ISO 14964).  Figure 4 shows the flow chart of 

testing procedure. 

 

 

Figure 4. The Flow Chart of Testing Procedure. 

 

3 RESULTS AND DISCUSSION 

The results of frequencies change, mode shape change, mode 

shape derivative change and phase shift change for the tested 

scenarios are presented in the following sections  

3.1 Frequency Shifts 

The results of 1st, 2nd and 3rd mode shape frequencies of the 

vertical accelerometers for different scenario of the 

experiments are shown in Figure 5.  The results of the 1st 

mode shape reveals that there is a clear decrease in the value 

of frequencies of the damaged beam (Figure 5(a)).  The 

frequency of the half flange made damage (V2) is reduced by 

4%, whereas the frequency of the full bottom flange made 

damage (V3) is reduced by 8%, compared to the undamaged 

beam (V1).  These decreases in the frequencies are attributed 

to change in the physical properties of the structure (i.e. mass, 

stiffness, damping, etc.), due to the occurrence of the damage.  

The results also show that the frequency of full top and 

bottom flange damage (V4) is comparable to that of only 

bottom flange damaged.  This indicated that the top flange 

damaged has no significant effect on the frequency change 

since this section stiffness has already been lost.  Regarding 
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the repaired beam (V5), significant increase in the value of 

frequency was observed compared to that of undamaged beam 

(V1) for mode (1). 

 

 

 

 

Figure 5. 1st, 2nd and 3rd Vertical Flexure Mode Shape 

Frequencies Changes. 

This indicated the recovery of stiffness properties after 

repairing the damaged cases.  Similar trends were observed 

for the 2nd and 3rd modes, as shown in Figures 5 (b) and (c), 

respectively.  

3.2 Mode Shapes Change 

The results of the mode shapes change of the 1st, 2nd and 3rd 

vertical flexure mode are shown in Figure 6.  In order to 

facilitate the plotting, all mode shapes have been normalized 

in a manner that helps to compare mode shape changes for 

different scenarios of damages.  The undamaged beam mode 

shape (V1) was considered as a reference mode shape curve.  

Figure 6 (a) reveals that flexural cracking at mid span tends to 

push odd vertical mode shapes from sides towards damage 

location causing the side inclinations of the mode shape to be 

steeper than the original and also to increase the amplitude at 

the crack zone. The repaired beam mode shape moves toward 

the undamaged beam mode shape.  Figure 6 (b) shows the 

results of the 2nd mode shape change.  As shown in this figure 

all tested scenarios displayed almost similar behavior, except 

V2, which showed clear increase of the peak and shifted to the 

right sides. It was also noticed that the mode shape of V4 did 

not display significant change in comparison to V3 and the 

curves look symmetric (Figure 6 (c)). This indicated that the 

top flange damaged has no significant effect on the mode 

Shape change. 

3.3 Mode Shape Derivatives Change 

The results of the mode shape derivatives change of the 1st, 2nd 

and 3rd   flexure vertical mode are shown in Figure 7.  The 

results of 1st mode shape derivatives change indicated that the 

derivatives grow almost linearly for both undamaged and 

damage scenarios, expect for damage scenario V3, which 

shows significant difference (Figure 7 (a)). The higher values 

of derivatives are on both left and right sides of damaged 

curves compared with the undamaged case.  This behavior 

was not observed for damaged scenario V4.  Again, this might 

be due to the equivalence of stiffness reduction on the top and 

bottom flanges. For the repaired scenario (V5), similar trend 

to that of undamaged case was displayed. This is attributed to 

the recovery of the physical properties of the repaired beam. 

The results of 2nd mode shape derivatives change are shown 

in Figure 7 (b).  The results reveal that all damaged scenarios 

displayed different behavior compared with the undamaged 

scenario.  The peaks at the middle are shifted outward for 

damaged cases V2 and V3. The third case presents higher 

peak on all zones. It clear that the mode shape derivative 

change are influence by mass and stiffness reduction which 

resulted in shift in the curvature increases i.e., its curve peaks 

need to shrink toward the damage location. 

 

 

 

(b) 

(a) 

(c) 
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Figure 6. 1st, 2nd and 3rd Flexure Mode Shapes Change. 

 

 

 

 

Figure 7. 1st, 2nd and 3rd Vertical Flexure Mode Shapes 

Derivatives Changes. 

 

 

(a) 

(b) 

(c) 

(b) 

(a) 

(c) 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure 

1670 

3.4 Phase Shift 

Figure 8 presents the experimental results of phase changes of 

selected tested specimen (V1and V3) for the 1st, 2nd and 3rd 

vertical flexural tests. The V3 damage scenario was selected 

because yielded the greatest value for the phase shift  

 

 

 

 

Figure 8. 1st, 2nd and 3rd Mode Shapes Phase Shift. 

It is clear that this proposed parameter, the phase angle is 

defined always relative to a single value, which is the phase of 

a point near the left support can indicate well the damage 

location. It is clear that the damage beam case shows 

pronounced phase shit with the undamaged one. In addition, 

the phase shift become more obvious for 2nd and 3rd mode of 

changes, as can be seen form Figure 8 (b) and (c), 

respectively.  It was consistently noticed during most of the 

laboratory testing that phase values were changed between the 

damaged and the undamaged models.  

4 CONCLUSION    

Several test of specimens structural beams which   

representing damaged beams in flexural zone were tested in a 

modal testing experimental program.  Modal parameters such 

as frequency shifts, mode shape changes, modal derivatives 

changes and phase shifts were captured and results were 

analyzed.   The conclusions that could be drawn from this 

study are: 

The value and direction of shift for all modes shape curves 

move towards the damage location. 

All modes shape changes of the first, second and third beams 

of the second flexure vertical mode shape indicate increase of 

the sides movement toward damage location.  

Phase shits show a noticeable change compared with 

undamaged beam and can be investigated as a damage 

indicator. 
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ABSTRACT This paper presents a finite-element model of the Phu My Bridge, a 380m-main span reinforced concrete cable-

stayed bridge in Ho Chi Minh City, Vietnam. The model is also updated based on accelerometer data from the on-structure sensing 

system for structural health monitoring (SHM). A comprehensive sensitivity study is undertaken to examine the effects of various 

structural parameters on the modal properties, according to which a set of structural parameters are then selected for model 

updating. The finite-element model is updated in an iterative procedure to minimise the differences between the analytical and 

measured natural frequencies. The model updating process converges after a small number of four iterations, due to the accuracy 

of the initial model which was achieved through careful consideration of the structural parameter values for the model, optimal 

element discretisation for mesh convergence, and the most sensitive parameters for updating. The updated finite-element model 

for the Phu My Bridge is able to reproduce natural frequencies in good agreement with measured ones and can be helpful for long-

term monitoring efforts. 

 

KEY WORDS: Structural Health Monitoring; Sensitivity-Based Model Updating; Operational Modal Analysis. 

 

1 INTRODUCTION 

The Phu My Bridge (Figure 1), opened to traffic in 2009 and 

located over the Saigon River in Ho Chi Minh City (HCMC), 

Vietnam, is a critical link in the highway system around HCMC 

designed to relieve traffic congestion in the urban core. 

Additionally, the Phu My Bridge is an important link in the 

transport corridor from the southern Mekong Delta region to 

the central and northern parts of Vietnam. To ensure the 

structural integrity and operational safety, in 2019 the bridge 

was fitted with a structural health monitoring (SHM) sensing 

system that includes three inclinometers on the eastern side 

pylon, eight accelerometers (4 on the eastern deck and 4 on the 

four longest mid-span cables on the eastern side), one weather 

station, and one anemometer.  

 

 
 

Figure 1. Phu My Bridge Layout. 

 

A three-dimensional finite-element (FE) model was 

constructed using linear elastic beam elements for the deck, 

towers, and piers, truss elements for the cables, and elastic or 

rigid links for the connections and boundary constraints. The 

bridge deck girder, which is composed of two longitudinal 

concrete girders linked by transverse prestressed concrete cross 

girders at 5m intervals, is modelled using a single spine passing 

through the centre of the deck. The cables are modelled using 

single linear elastic truss elements and the nonlinear effect due 

to cable tension and sag is considered by linearizing the cable 

stiffness using an equivalent modulus of elasticity [1]. As this 

is the first attempt at updating the model with one set of data, 

for simplicity one value for the cable elastic modules is adopted 

for all cables.  The FE model, after a mesh convergence study, 

consists of 2290 beam elements, 144 truss elements, and 2310 

nodes as shown in Figure 2.  

 

 

Figure 2. Three-dimensional model of Phu My Bridge. 

 

2 METHODOLOGY 

 Operational Modal Analysis 

Through Operational Modal Analysis (OMA), modal 

properties were identified from ambient vibration data captured 

by the Phu My SHM system over a seven-day period from July 

29th to August 4th 2020. This was carried out by using two 

different output-only techniques: the Enhanced Frequency 

Domain Decomposition (EFDD) in the frequency domain and 

Finite element model updating of a cable-stayed bridge using structural health 

monitoring data 
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the data driven Stochastic Subspace Identification (SSI); these 

techniques are available in the commercial program ARTeMIS. 

 Finite Element Analysis 

Modal properties identified from OMA show reasonable 

correlation with the FE model results in terms of natural 

frequencies and mode shapes. However, consistent 

discrepancies can be seen between the analytical and measured 

natural frequency results. While the finite element method is a 

mature technique, FE models are unable to predict structural 

responses with complete accuracy due to inherent errors in the 

modelling procedure. Errors that may cause discrepancies are 

well documented in the literature. Possible sources are [2]: (1) 

Structural modelling errors such as ill-defined boundary 

conditions, difficulty in modelling detailed, complex shapes, 

connections, joints, and assumptions for simplification 

purposes; (2) Structural parameter errors such as estimating 

values for unknown material properties; and (3) Model order 

errors resulting from inaccurate model discretisation. In this 

study, (1) and (2) are the major contributors of differences 

between the analytical and measured results. 

 Model Updating 

If the measured modal properties identified from the SHM data 

are assumed to be very close to the actual behaviour of the 

structure, then the intent is to update the FE model so that the 

predicted modal properties match those obtained from 

measurements. This presents a challenging problem as complex 

structures with a large number of degrees of indeterminacy, 

such as cable-stayed bridges, have inherent uncertainties in 

many parameters and boundary conditions. Numerous model 

updating methods have been proposed to meet this challenge 

[3][4][5].  

For cable-stayed bridges, the most popular updating methods 

are sensitivity-based and iterative i.e. changing the most 

sensitive model parameters iteratively until agreement between 

predicted and measured results has been achieved. This 

approach has the advantages of identifying parameters that can 

directly affect the modal properties of the structure and acquire 

an immediate physical interpretation of the updated results. 

In this paper, a sensitivity-based updating method is used for 

updating the FE model of the Phu My Bridge. The method is 

based on the eigenvalue sensitivity of selected structural 

parameters that are assumed to fall within certain limits 

according to the degrees of uncertainty, possible variation, and 

engineering judgement. The changes of these parameters are 

found by minimising an objective function by solving a 

quadratic programming problem detailed in the next section. 

3 SENSITIVITY-BASED PARAMETRIC UPDATING 

WITH CONSTRAINTS 

As the relationship between the natural frequencies and model 

parameters is nonlinear, the problem is linearized and can be 

expressed as a Taylor series expansion (limited to the first two 

terms) [5]. Since the Taylor expansion is truncated by 

neglecting the higher-order terms, the shortened expansion 

necessitates several iterations. When very large discrepancies 

exist between the measured and analytical responses, the 

validity of the Taylor series truncations to first order is 

undermined and the iterative process is prone to divergence. As 

such, the initial FE model prior to updating should be relatively 

close to the measured behaviour [6].  

The model updating approach adopted for this study utilises an 

improved sensitivity-based updating algorithm as described in 

[7]. This updating approach has the advantage of considering 

uncertainties in the measurements and the input parameters by 

utilizing weighting matrices. The formulation of the procedure 

is as follows. 

The ith eigenvalue λi and the corresponding eigenvector ϕi of 

an undamped continuous system discretised into an n degrees 

of freedom FE model are obtained by solving the following 

eigenequation: 

 𝐊Φ𝑖 = λi𝐌Φ𝑖 (1) 

 

where K and M are the structural stiffness and mass matrices, 

respectively. 

If from an initial FE model the set of structural parameters 

(pi,a, i = 1, 2, 3,……, np) can be represented by a vector Pa 

 

 𝐏𝑎 = [𝑝𝑖,𝑎 | 𝑖 =  1, 2, 3, … … . . , 𝑛𝑝]𝑇 (2) 

 

where np is the total number of structural parameters, then a set 

of eigenvalues (Ʌa) can be obtained from the model as  

 

 𝚲𝑎 = [𝜆𝑖,𝑎  | 𝑖 =  1, 2, 3, … … . . , 𝑛𝑎]𝑇 (3) 

where na is the total number of computed modes. The subscript 

a in Eqs. (2) and (3) is used to indicate the results from the 

analytical model.  

From SHM modal analysis of the structure, the modal 

characteristics of the structure can be determined and expressed 

as 

 𝚲𝑒 = [𝜆𝑖,𝑒  | 𝑖 =  1, 2, 3, … … . . , 𝑛𝑒]𝑇 (4) 

 

where Ʌe is the vector of measured eigenvalues, and ne is the 

total number of measured modes. The subscript e is used to 

indicate that the properties are obtained from measurements. It 

may be assumed that the total number of measured modes is the 

same as the total number of analytical modes (ne = na). 

As mentioned previously, the analytical (Ʌa) and the 

measured (Ʌe) modal properties are usually discrepant due to 

inaccuracies in both the FE model and the measurements. For 

SHM purposes, it is assumed that the measured modal 

properties are very close to the actual behaviour of the structure 

and that the FE model errors are the main contributor to the 

discrepancy. Therefore, the model can be improved by the 

parametric model updating procedure. Let Pu represent the 

vector of structural parameters after updating 

 

  𝐏𝑢 = [𝑝𝑖,𝑢 | 𝑖 =  1, 2, 3, … … . . , 𝑛𝑝]𝑇 (5) 

 

The relationship between the measured and initial model 

eigenvalues can be approximated by a first-order Taylor series 

expansion with respect to the structural parameters. The higher-

order terms in the Taylor series expansion are neglected under 
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the assumption that the changes in the structural parameters 

between successive iterations are sufficiently small: 

 

  𝛅𝚲 = 𝐒𝛅𝐏 (6) 

where δɅ is the eigenvalue residual vector calculated by Ʌe - 

Ʌa ; δP  is the perturbation vector of the structural parameters 

calculated by Pu - Pa ; and S is the sensitivity matrix. 

As Eq. (6) attempts to determine the change in parameters 

required to obtain the measured observations, Eq. (6) is 

formulated as an inverse problem. The selection of updating 

parameters depends on their sensitivity, and the total number of 

updating parameters determines the complexity of the 

optimisation problem. Therefore, reducing this number by 

determining the most sensitive parameters is critical to 

successful model updating. A sensitivity analysis for each 

parameter computes the sensitivity coefficient defined as the 

rate of change of a particular response quantity with respect to 

a change in the structural parameter. For all selected responses 

and parameters, the sensitivity matrix Sij with respect to 

eigenvalues is obtained by [8]: 

  

 Sij =
δλi

δPj
 (7) 

where δPj and δλi are the change in parameter and the 

corresponding change in response, respectively. If sensitivities 

for different types of parameters are to be compared, then the 

relative sensitivity matrix Sr is defined by [6]: 

 

 Srij
= (

δλi

δPj
) Pj (8) 

 

where Pj is the structural parameters evaluated either at the 

initial estimate Pa, or at an iteration value during the updating 

process where j = 1, 2, 3, . . . ., n for n iterations.  

The relative sensitivities can be also normalised with respect 

to the response value to form the normalised sensitivity matrix 

Sn defined by: 

 Snij
= (

δλi

δPj
) ∙ (

Pj

λi
) (9) 

 

The following objective function was proposed to solve the 

inverse problem as stated in Eq. (6) [9]. 

 

 𝐉 = 𝛅𝐏𝐓𝐖𝐏𝛅𝐏 + (𝐒𝛅𝐏 − 𝛅𝚲)𝐓𝐖𝐄(𝐒𝛅𝐏 − 𝛅𝚲) (10) 

 

where WP and WE are the positive definite weighting matrices. 

WP is chosen to restrain large changes to more certain 

parameters or parameters that may affect the eigenvalues 

drastically, and WE is chosen to give weighting to those 

eigenvalues that are more certain than others. 

To avoid very large variations in parameter perturbation that 

violate the assumption of the first-order Taylor series 

approximation and reduce the physical meaning of the updated 

result, inequality constraints for each structural parameter are 

implemented as follows: 

 𝐁𝒍 ≤ 𝐏 ≤  𝐁𝐮 (11) 

 𝐛𝒍 ≤ 𝛅𝐏 ≤  𝒃𝐮 (12) 

where Bl and Bu are vectors of lower and upper bounds for the 

structural parameters P, respectively, and bl and bu are vectors 

of lower and upper bound perturbations for the change in 

structural parameters δP, respectively. 

Figure 3 presents an overview of the model updating 

procedure to solve Eq. (6). 

 

 

Figure 3. Flowchart sensitivity-based model updating with 

constraints [7]. 

 

Thus, parameter updating can now be achieved by 

minimising the objective function (Eq. (10)) subjected to the 

constraints defined by Eq. (11). This constrained optimisation 

may be stated as the following quadratic programming 

problem: Minimise 

 

 𝐉(𝐱) =  𝟏
𝟐⁄ 𝐱𝐓𝐖𝐱 (13) 

 

subject to: 

Aix = di (i = 1, 2, 3,. . . , ne) and  

Aix ≤ di (i = ne + 1, ne + 2, ne + 3,. . . , ne + 2np) 

 

where 
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 𝐱 =  {
𝛅𝐏

𝐒𝛅𝐏 −  𝛅Ʌ
} (14) 

 𝐝 =  {
 𝛅Ʌ
𝐛𝒖

−𝐛𝒍

} (15) 

 𝐀 =  [
𝐒 −𝐈
𝐈 𝟎

−𝐈 𝟎
] (16) 

 𝐖 =  [
𝐖𝑷 𝟎
𝟎 𝐖𝑬

] (17) 

 

and Ai and di refer to the ith row of matrix A and vector d, 

respectively.  

 

4 SELECTION OF MATCHING MODES AND 

UPDATING PARAMETERS 

Before updating the model, the modes are selected for matching 

between the FE analysis results and the OMA measurements, 

and the structural parameters selected to be included for 

updating. It would be ideal if as many modes as possible are 

matched between the analytical predictions and measurements. 

However, it is generally assumed that the identification of 

lower modes is more reliable than higher modes and therefore 

focusing on matching lower modes is more logical. In this 

study, the lowest 15 modes with frequencies ranging between 

0.2 and 1.2 Hz identified from the initial model are chosen to 

be matched with the OMA results. These include eight vertical-

dominant, one lateral-dominant, one torsional-dominant, and 

one longitudinal-dominant modes of the deck. The frequencies 

determined from the initial FE model and their corresponding 

values obtained from OMA measurements are summarised in 

Table 1. Note that modes 4, 5, 12 and 13 identified from the FE 

results were not identified from the OMA. 

A comprehensive eigenvalue sensitivity analysis is 

performed to study the effects of parameters on the selected 

mode frequencies. These parameters include geometry and 

material properties of the deck, towers, material properties of 

the cables, as well as the boundary conditions of the deck/pylon 

and deck/ pier connections (Table 2). Some key considerations 

associated with the parameter updating and sensitivity analysis 

are summarised as follows: 

1. For description purposes, the structural parameters are 

grouped into geometry, non-structural mass, and materials. 

2. For reference purposes, the pylons have been divided into 

five distinct parts as shown in Figure 4. 

3. It is assumed that the cross sections of the deck, pylons, 

and piers have homogeneous properties that do not vary. 

The parameterisation of the connections and boundary 

conditions present a challenge to defining the initial model, 

and to model updating. In this study, three elastic springs 

with one, two, and three degrees of freedom (DOF) 

respectively are assigned to each deck/pylon and deck/pier 

connection. This DOF combination of elastic springs 

allows suitable mode shape behaviour with any 

‘separation’ between deck and pylon, and deck and pier. 

The pylon and pier legs are fully fixed to the ground. 

Table 1. Selected modes for model updating. 

# Mode shape 

description 

Notat

-ion 

FE 
Model 
(Hz) 

OMA 

(Hz) 

% 

diff. 

1 First vertical 

bending of deck 

VD1 0.260 0.281 -7.40 

2 Second vertical 

bending of deck 

VD2 0.346 0.362 -4.42 

3 First lateral 

bending of deck 

LD1 0.425 0.428 -0.64 

4 First lateral mode 

of towers 

LT1 0.515 - - 

5 Second lateral 

mode of towers 

LT2 0.520 - - 

6 Third vertical 

bending of deck 

VD3 0.521 0.554 -6.05 

7 Fourth vertical 

bending of deck 

VD4 0.580 0.614 -5.52 

8 First longitudinal 

bending of deck + 

towers 

LDT1 0.621 0.665 -6.55 

9 Fifth vertical 

bending of deck 

VD5 0.677 0.684 -1.06 

10 First torsional 

mode of deck 

TD1 0.830 0.836 -0.75 

11 Sixth vertical 

bending of deck 

VD6 0.891 0.899 -0.85 

12 First lateral mode 

of end piers 

LP1 0.978 - - 

13 Second lateral 

mode of end piers 

LP2 0.981 - - 

14 Seventh vertical 

bending of deck 

VD7 1.071 1.163 -7.93 

15 Eighth vertical 

bending of deck 

VD8 1.127 1.21 -6.83 

Note: % diff. = (Initial FE model results – OMA results) / OMA 

results 

 

 
 

 

Figure 4. Pylon definitions. 
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Table 2. Model input parameters. 

Index Parameters  Initial 

estimation 

Geometry Parameters 

G1 Pylon lower leg cross sectional 

area 

35 m2 

G2 Pylon side leg cross sectional area 18 m2 

G3 Pylon upper leg cross sectional 

area 

15 m2 

G4 Pylon lower cross beam (CB) 

cross sectional area 

30 m2 

G5 Pylon upper cross beam (CB) 

cross sectional area 

25 m2 

G6 End pier leg cross sectional area 15 m2 

G7 End pier cross beam (CB) cross 

sectional area 

6 m2 

G8 Girder cross sectional area 23 m2 

G9 Girder moment of inertia (I) 21 m4 

G10 Girder torsional inertia (I) 58 m4 

G11 Stay cable cross sectional area Varied 

Non-structural Parameters 

NS12 Non-structural (NS) girder mass 15000 

kg/m 

Material Parameters 

M13 Pylons and piers concrete 

strength 

60 MPa 

M14 Girder concrete strength 60 MPa 

M15 Stay cable Young’s modulus (E) 195 GPa 

M16 Concrete density 2500 

kg/m3 

M17 Stay cable density 7850 

kg/m3 

M18 Concrete Poisson’s ratio 0.2 

M19 Stay cable Poisson’s ratio 0.3 

M20 Spring stiffness 3 x 107 

N/m 

 

The eigenvalue sensitivities of the 15 selected modes with 

respect to all parameters described above are computed using 

Eq. (9). This dimensionless sensitivity indicates the effect of a 

certain parameter on a particular frequency. The sensitivities 

range between -0.4 and 0.4. Table 3 lists the input parameters 

from the most sensitive to the least sensitive and noting their 

sensitivity effect - positive sign indicates that an increase in 

parameter values results in an increase in natural frequencies, 

and negative sign indicates an increase in parameter values 

results in a decrease in natural frequencies.  

 

Table 3. Model input parameters from most sensitive to least. 

Rank Index Parameter Sensitivity 

effect 

1 M16 Concrete density - 

2 M15 Stay cable Young’s 

modulus (E) 

+ 

3 G8 Girder cross 

sectional area 

- 

4 G11 Stay cable cross 

sectional area 

+ 

5 G2 Pylon side leg cross 

sectional area 

+ 

6 G1 Pylon lower leg 

cross sectional area 

+/- 

7 M13 Pylons and piers 

concrete strength 

+ 

8 G9 Girder moment of 

inertia (I) 

+ 

9 M14 Girder concrete 

strength 

+ 

10 NS12 Non-structural (NS) 

girder mass 

- 

11 G3 Pylon upper leg 

cross sectional area 

+/- 

12 M17 Stay cable density - 

13 G4 Pylon lower cross 

beam (CB) cross 

sectional area 

+ 

14 G5 Pylon upper cross 

beam (CB) cross 

sectional area 

+/- 

15 G10 Girder torsional 

inertia (I) 

+ 

16 G6 End pier leg cross 

sectional area 

+/- 

17 M20 Spring stiffness - 

18 G7 End pier cross beam 

(CB) cross sectional 

area 

No effect 

19 M18 Concrete Poisson’s 

ratio 

No effect 

20 M19 Stay cable Poisson’s 

ratio 

No effect 

 

 

5 PARAMETER UPDATING AND UPDATED MODEL 

RESULTS 

To reduce the complexity of model updating, only those 

parameters with higher sensitivity and with a reasonable degree 

of uncertainty are included and listed in Table 4. Since the 

geometry of the cables are well documented, the cross-sectional 

areas of the stay cables are assumed to be correct and are 

excluded as candidate parameters for adjustment. Additionally, 

the least sensitive parameters are also excluded. 
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Table 4. Model input parameters selected for adjustment. 

Index Parameter 

M16 Concrete density 

M15 Stay cable Young’s modulus (E) 

G1 Pylon lower leg cross sectional area 

G2 Pylon side leg cross sectional area 

G3 Pylon upper leg cross sectional area 

G4 Pylon lower cross beam (CB) cross sectional 

area 

G5 Pylon upper cross beam (CB) cross sectional 

area 

G8 Girder cross sectional area 

G9 Girder moment of inertia (I) 

NS12 Non-structural (NS) girder mass 

M14 Girder concrete strength 

M13 Pylons and piers concrete strength 

 

 

The structural parameters in Table 4 are updated in an 

iterative fashion using the procedure illustrated in Figure 3. The 

initial estimates of the parameters used in the initial finite-

element model as listed in Table 2 are taken as the starting point 

for the iterative process. For each iteration, an eigenvalue 

sensitivity analysis is preformed using the parametric values 

updated in the previous iteration. The parameters are restrained 

from extreme changes in each iteration by choosing a weighting 

matrix WP so as not to violate the first-order Taylor series 

expansion approximation for Eq. (6).  

The 12 most sensitive structural parameters in Table 4 are 

updated gradually in each iteration with the natural frequencies 

calculated at the end of each iteration gradually approaching 

those of the measured values. The convergence criterion used 

to stop the iteration is set to ± 4.5% difference between the 

measured and calculated frequencies across all modes (Table 

5). 

 

The convergence of the updating process is reached after four 

iterations. Table 5 summarises the 15 frequencies calculated 

during these four iterations. Most of the calculated frequencies 

converge gradually toward the corresponding measured values. 

The differences between the measured and calculated 

frequencies for the initial and final (4th iteration) updated 

models are plotted in Figure 5. The updated model frequencies 

are generally closer to the measured frequencies and the 

updated results fall within ±4.5%. However, as shown in Figure 

5, the frequency differences of modes 9 and 11 increase as the 

iteration increases. This is attributed to the fact that global 

fitting of frequencies can sacrifice the matching of some 

individual modes. 

 

 

 

 

 

 

 

 

 

 

 

Table 5. Model updating results. 

Mode 

Finite-Element model frequency results (Hz) 

Initial 

model 

Updated model after iteration 

1st 2nd 3rd 4th 

VD1 0.260 0.265 0.269 0.272 0.273 

VD2 0.346 0.352 0.358 0.361 0.364 

LD1 0.425 0.426 0.427 0.428 0.428 

LT1 0.515 0.514 0.513 0.511 0.510 

LT2 0.520 0.519 0.518 0.516 0.515 

VD3 0.521 0.545 0.549 0.550 0.550 

VD4 0.580 0.595 0.601 0.607 0.609 

LDT1 0.621 0.631 0.638 0.640 0.642 

VD5 0.677 0.685 0.699 0.710 0.712 

TD1 0.830 0.829 0.829 0.828 0.828 

VD6 0.891 0.920 0.930 0.936 0.938 

LP1 0.978 0.994 1.001 1.005 1.007 

LP2 0.981 0.995 1.005 1.010 1.012 

VD7 1.071 1.095 1.115 1.125 1.126 

VD8 1.127 1.165 1.175 1.182 1.185 

 

 

 

Figure 5. Comparison of frequency difference between initial 

and final (4th iteration) updated model. 

 

Table 6 shows the updated values of the 12 structural 

parameters at the end of the 4th iteration as compared to the 

initial estimates. All show variations except for the pylon lower 

and upper cross beams which show very minor changes. The 

fact that the initial model being quite close to the measured 

values (<10% differences) means the changes in the parameter 

values are generally minor in nature. It should be 
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acknowledged that there is no evidence to suggest that the 

updated structural parameter values are the ‘true’ values for the 

Phu My Bridge. The set of updated parameters can be 

considered plausible candidates among many sets of 

parameters with different combinations that can satisfy the 

constrained optimisation problem.  

Further running of the updating procedure does not show 

reduced differences between the updated model and the OMA 

results. Modes 9 and 11 in particular continue to increase in 

difference between the updated model and the measured 

results. If modes 9 and 11 are excluded and the iterations 

continued, only a minor improvement is achieved, and 

additional iterations cannot reduce the frequency differences 

further. This is attributed to errors associated with collecting 

and postprocessing the measurement data, the simplifications 

and assumptions in the FE model, and the inherent assumptions 

and limitations of the presented updating procedure. 

 

Table 6. Updated parameter values. 

Index Parameter Initial 

estimation 

Updated 

value 

M16 Concrete density 

(kg/m3) 

2500 2507 

M15 Stay cable 

Young’s modulus 

(E) (GPa) 

195 194.95 

G1 Pylon lower leg 

cross sectional area 

(m2) 

35 35.1 

G2 Pylon side leg 

cross sectional area 

(m2) 

18 18.4 

G3 Pylon upper leg 

cross sectional area 

(m2) 

15 15.5 

G4 Pylon lower cross 

beam (CB) cross 

sectional area (m2) 

30 30.02 

G5 Pylon upper cross 

beam (CB) cross 

sectional area (m2) 

25 25.01 

G8 Girder cross 

sectional area (m2) 

23 20.5 

G9 Girder moment of 

inertia (I) (m4) 

21 21.7 

NS12 Non-structural 

(NS) girder mass 

(kg/m) 

15000 14987 

M14 Girder concrete 

strength (MPa) 

60 55 

M13 Pylons and piers 

concrete strength 

(MPa) 

60 55 

 

 

 

 

6 CONCLUSION 

This paper presents the first attempt of dynamic modelling and 

model updating of the Phu My Bridge. A total of 15 modes, 

with a frequency range between 0.2 and 1.2 Hz, are selected for 

matching between the measured and calculated FE results. A 

total of 12 structural parameters are selected for updating based 

on an eigenvalue sensitivity study. The updating method used 

is an eigenvalue sensitivity-based approach, and the parameters 

are bounded according to their degree of uncertainty and 

possible variation based on engineering judgement. The model 

updating process converges after a small number of four 

iterations. The small number of iterations highlights the 

importance of accurate initial modelling in reducing the 

computational demand and complexity of the updating 

problem. Accurate modelling was achieved through careful 

consideration of the structural parameter values for the model, 

optimal element discretisation for mesh convergence, and the 

most sensitive parameters for updating. Overall, the 

frequencies calculated from the updated model are closer to the 

measured values when compared to those calculated from the 

initial model.  

This study summarises the updating of an initial FE model 

based on on-structure sensing system and SHM vibration data. 

The results suggest that it is possible to use bridge SHM data to 

update a FE model so that the numerical natural frequencies are 

reasonably close to the measured ones. Complete elimination 

of the frequency differences, however, presents challenges due 

to inherent assumptions introduced before and during the 

formation of the model updating process.  
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ABSTRACT: Development of deep learning techniques to analyse image data is an expansive and emerging field. The benefits 

of tracking, identifying, measuring, and sorting features of interest from image data has endless applications for saving cost, time, 
and improving safety. Much research has been conducted on classifying cracks from image data using deep convolutional neural 
networks; however, minimal research has been conducted to study the efficacy of network performance when noisy images are 
used. This paper will address the problem and is dedicated to investigating the influence of image noise on network accuracy. The 
methods used incorporate a benchmark image data set, which is purposely deteriorated with two types of noise, followed by 
treatment with image enhancement pre-processing techniques. These images, including their native counterparts, are then used to 
train and validate two different networks to study the differences in accuracy and performance. Results from this research reveal 
that noisy images have a moderate to high impact on the network's capability to accurately classify images despite the application 
of image pre-processing. A new index has been developed for finding the most efficient method for classification in terms of 
computation timing and accuracy. Consequently, AlexNet was selected as the most efficient model based on the proposed index. 

 
KEYWORDS: Crack detection; Transfer learning; Deep convolution neural network; Image noise; Network performance. 
 

1 INTRODUCTION 

Cracks develop in metal and concrete structures due to 
many reasons, for example, cyclic fatigue loading, stress 
corrosion, seasonal temperature fluctuations, mechanical 
damage, material aging, Alkali-Silica reaction, welding 
operations, and during manufacturing. Cracks that are not 
detected and repaired are likely to lengthen and deepen 
resulting in eventual structural catastrophic failure in some 
cases.  

Tunnels and bridges are examples of civil structures that 
can cause loss of life or serious asset damage should they fail. 
The size, height, location and access constraints with these 
structures can make identification of cracks dangerous and 
time-consuming [1, 2]. Islam and Jong-Myon [3] acknowledge 
that visual inspections of large civil infrastructure is a common 
trend for maintaining their reliability and structural health. 
Other than safety and time inefficiencies associated with 
manual crack detection methods, Kim, Ahn [4] advises that 
manual visual inspections are often considered to be ineffective 
with regards to accuracy, reliability and cost.  

It is well understood that identification of cracks in common 
civil materials such as concrete and metals is vital; however, 
the trend to conduct manual visual inspections remains a 
commonly adopted practice that has limitations [5]. There are 
safety risks associated with conducting manual inspections and 
there are even more severe safety risks with not embarking on 
any structural health monitoring (SHM) regime [6]. The more 
recent Morandi bridge failure in Genoa Italy, is an example of 
structural failure due to questionable maintenance practice and 
high-cost constraints [7]. 

Detection of cracks in concrete materials has largely been 
conducted by visual inspections which is known to be 
ineffective but time-consuming. The recent application of 
computer vision and deep convolution neural networks 
(DCNNs) has become an emerging subfield for crack detection, 
which has made a contribution to improved safety, reduced cost 
and time [8, 9]. Computer vision is a type of artificial 
intelligence that trains computers to identify and classify 
objects from images [10]. 

The input images used in computer vision method are 
captured by various means. Unmanned aerial vehicles (UAVs) 
are becoming a popular choice for high-rise building façade 
visual crack detection, according to Liu et al. [11]. Images can 
also be taken by manual means by handheld cameras or 
cameras can be transported by vehicles and robotic methods 
such as the methods utilized by Chen et al. [12]. Image capture 
is subject to the limitations of noise, which can originate from 
the image capture equipment or relative translations between 
image capture equipment and the image subject [13]. Such 
motion noise is a common error when image capture equipment 
is mounted to UAV equipment [14]. 

Despite the growing use of DCNN for crack classification 
applications, there are some remaining problems to be 
addressed. Little research has been conducted on the impact of 
using lower quality images to detect cracks or how to overcome 
those effects through the use of image pre-processing tools. The 
lack of research investment in this area has created uncertainty 
when noisy images are presented for SHM applications. The 
significance of this research is the bridging of this uncertainty 
when comparing the performance of different techniques. 

Referring to the above preface, the outline of this article is 
as follows: Firstly, some of the related papers in the realm of 
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the impact of noise and computer vision are reviewed. 
Following this, different types of noises are introduced and the 
image data set is presented, including the introduction of the 
proposed methodology for comparing image enhancement 
techniques. Finally, the results for each technique are depicted 
and discussed in detail.  

2 RELATED WORK 

The use of image data in computer vision-based crack 
detection has recently become a hot topic in the non-contact 
monitoring approach as opposed to the contact type health 
monitoring such as the successful methods deployed by 
researchers Nguyen et al., whereby FE modeling and model 
updating exercises are performed based on inputs obtained 
from single and triaxial sensors affixed to structures [15, 16]. 
Similarly, structural deterioration and damage can also be 
classified from contact sensor data using signal processing 
techniques and supervised machine learning approaches as 
recently introduced by Gharehbaghi et al. [17, 18].  

In the area of computer vision-based crack detection, deep 
learning algorithms are used to classify cracks from non-
contact means such as image data. The two main approaches in 
this direction are (i) deep learning by pre-trained models (aka 
transfer learning) and (ii) deep learning based on new model 
developments. The advantage of pre-trained models is the 
reduction in time required to gain skills and to develop 
alternative model network architectures. Depending on the 
application, pre-trained models can also speed up the training 
process [19]. Pre-trained models require images as input data 
that need to be resized, which results in interpolation between 
image features in the time-frequency space, which has a 
consequence of reduced network accuracy. 

Notable research utilizing pre-trained models include that 
conducted by Bang et al. [20], who compared VGG-16 and 
ResNet-101 against their own designed network tasked at 
detecting pavement cracks. Results reveal that pre-trained 
networks had lesser accuracy compared to the researcher's 
approach with their own black-box asphalt image set. 
Similarly, Cho and Kim[21] used AlexNet to train images 
scraped from the internet and their own UAV images to classify 
cracks, joints, edges and other surface irregularities in concrete 
materials. A probability map was generated; however, many 
images contained very well-defined surface irregularities with 
little noise impact. Other pre-trained networks such as VGG-
16, InceptionV3 and Resnet have been tasked with classifying 
concrete crack images by automated means with well-defined 
concrete cracks [22]. The comparison of networks was, 
however, not completed on noisy images. AlexNet, 
InceptionV3, and Resnet pre-trained models have also been 
compared, utilizing well-defined crack images with no 
discernible image noise [3]. 

Currently, there is limited research investigating the impact 
of image blur and Salt & Pepper noise incorporating automated 
vision-based crack detection utilizing pre-trained methods. 
This study will bridge this gap and furthermore, install 
confidence with the use of poor image quality for classification 
tasks. 

 

3 NOISE ON IMAGES AND DATASETS 

Image noise occurs due to image acquisition and image 
transmission. The main types of noise include impulse, 
Gaussian, Rayleigh, Erlang, Exponential, Uniform and Impulse 
(salt & pepper) [23]. Impulse noise can be caused by incorrect 
ISO digital settings [24]. Gaussian noise can occur due to 
elevated image sensor temperatures and due to voltage and 
illumination variables [25]. Blur noise is also a type of image 
acquisition noise caused by the relative movement between the 
image subject and acquisition equipment.  For computer vision 
and AI image processing with CNNs, image noise poses as a 
threat to classification accuracy performance.   

Popular public image datasets for the development of SHM 
crack detection techniques include SDNET-2018 [26], which 
contains over 56 000 images, Mendeley data with 40 000 
images [27] and GoogleNet [28] with a growing image 
database. This research will use SDNET-2018 due to its 
challenging images, which includes a large variety of crack 
image width and sizes, including concrete surface irregularities 
and minor cracks. Samples of the less challenging Mendeley 
images can be viewed in Figure 1 below, with images A-D 
showing cracks and the bottom row E-H without cracks. 

 
Similarly, sample challenging SDNET-2018 images used in 
this research can be viewed in figure 2 below, with the top row 
(A-D) showing cracks. Due to the thin and lesser defined crack 
images, the data is more challenging to classify. 

 

Figure 1 Mendeley data 

 

Figure 2 SDNET-2018 
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Figure 3 shows samples of SDNET-2018 dataset in the 
existence of motion blur and salt & pepper noise.  As can be 
seen, identifying minor cracks in a noisy environment is a 
changeling issue. Therefore this image data is selected for 
comparing the performance of different methods in classifying 
the crack and non-crack image. In the following, the proposed 
methodology for this target is described. 

 

A. Original  
Image 

B. Motion 
Blur Noise 

C. Salt &       
Pepper noise 

Figure 3 Noise impact on SDNET-2018 

4 METHODOLOGY 

In this study, images sourced from SDNET-2018 are 
strategically processed based on the workflow depicted in 
figure 4 below. Firstly two types of noise, including blur and 
salt and pepper, are applied to the image separately. Afterward, 
three methods include M1 (pure transfer learning), M2 (transfer 
learning coupled with 2d-adaptive noise filtering), and M3 
(transfer learning coupled with image sharpening), are 
deployed for classifying crack and non-crack images. Finally, 
some indices are practices for assessing image classification 
performance. 

 

Figure 4 Research workflow 

 
For the purpose of using a pre-trained model, the input layer 

should be modified according to the new image data. Therefore, 
in the first step, the original size of images is changed to the 
size of the model. Image pre-processing includes the resizing 
of SDNET-2018 RGB images from 256×256×3 to 224×224×3 
for Resnet-101, AlexNet requires image input size of 227×227 

and Inception-V3 requires 229×229×3. All images are 
normalized after resizing and applying filtering techniques to 
ensure the image space is centralized about the image centroid.  

 
Regarding method M1, no further processing is applied to 

raw images, which are then used to refine the transfer learning 
CNN hyperparameters for enhanced performance. 

 Image filtering methods (M2 and M3): 

In the following approaches, two filtering techniques are 
applied to the noisy images to test network efficacy in the pre-
trained networks: 2D adaptive noise Wiener filtering and image 
sharpening. 2D adaptive noise filter calculates the local mean 
and variance around each pixel as follows [29, 30]:  
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Where  denotes a P Q local neighbourhood of each pixel 

in a sample image, s being the power spectrum with 1p and 2p  

being the upper and lower frequency bands. 
Next, a filter is created by using the average of the local 
estimated variances: 
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Where v2 is the average of the noise variance, and when it 
is not available, the adaptive filter deploys the mean of all local 
variances instead. 

In method M3, the image sharpening technique used is 
called unsharp masking (USM) sharpening for enhancing edge 
contrast. The USM sharpening approach contains the following 
steps:  

Firstly, Gaussian high-pass filtering is applied as 
follows[31]: 

 

( , ) ( , ) ( , )H x y I x y I x y Gi i     (4) 

 
where H  presents the high pass filter for the original image 

( , )I x yi stands for coordinates, and G is  Gaussian high-pass 

filter. Herein, the standard deviation   controls the sharping 
range. 

 Secondly, an unsharpened mask is added to the original 
image as: 

 

( , ) ( , ) ( , )O x y I x y H x yi    (5) 

where ( , )O x y presents the sharpened image and  the 

sharpening. 

 Transfer learning 

Most popular transfer learning methods are based on 
convolutional neural networks (CNNs). CNNs are one of the 
main subsets of deep neural networks with artificial neurons 
deployed for image classification and recognition. A typical 
CNN includes a set of convolution and pooling layers as a 
feature extraction part and fully connected layers and activation 
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function as classification part for classification objects. A 
typical CNN architecture is shown in Figure 5 [32]. In transfer 
learning, the CNN, which is previously pre-trained with a 
significant number of images, is deployed for the classification 
of a new dataset with a modified classification part. 
Subsequently, the pre-trained models are able to transfer the 
previous knowledge such as weights and features gained from 
one task (source task) is reused to a new, however similar task 
(target task) with less computational resources and training 
time [33].  

 

 

Figure 5 Typical CNN architecture 

There are several pre-trained deep learning models, 
including Xception, VGG16, Vgg19, ResNet50, and 
MobileNet have been used for image classification. However, 
in this study, three pre-trained models, including AlexNet, 
Inception-V3 and ResNet101, have been repurposed through a 
process of transfer learning. These models are selected so as to 
conduct a comparison between models with various model 
complexity as well as computational complexity. For 
illustration purposes, a ball chart presentation of different 
models taken from Top-1 accuracy on the ImageNet-1k is 
reported in Figure 6. In this figure, each model's computational 
cost is considered through the floating-point operations 
(FLOPs), and the area of each ball presents the model 
complexity (total amount of learnable parameters) [34].  

Figure 6 Ball chart reporting the Top-1 accuracy versus 
computational complexity [34] 

Referring to the figure, AlexNet is a candidate for rapid 
models with fewer operations required but not very accurate; 
and Inception-V3 and ResNet101 are amongst the top models 
for accuracy with higher computational complexity (higher 
amount of parameters). As an example case of network 
repurposing, Figure 7 shows the modified AlexNet layers. 
These networks were previously trained using for than 1000 
000 images from the ImageNet database to classify more than 
1000 image classes [35]. CNN model repurposing includes 
modification of the network input and final layers to classify 
cracked and non-cracked concrete images from SDNET-2018 
data. Similarly, Inception-V3 and ResNet-101 network models 
have their input and last fully connected layers modified to suit 
the repurposed application to classify cracks from concrete 
images. Each model is trained with 1000 SDNET-2018 images 
containing cracks and non-cracked base image data. 

 

Figure 7. AlexNet modified layers (adapted from [36]) 

 Performance indices 

 
Network performance is measured by means of various 

indicators such as precision, recall, and F1 Score. Precision is 
the percentage of results that are relevant [37]. Recall is the 
percentage of total relevant results that have been correctly 
classified [37]; recall is also known as Validation accuracy. F1 
Score is a combination of precision and recall measures 
synthesized into a single and convenient measure for DCNN 
performance comparisons. These indices are formulated as 
follows[37]: 

    

Precision =
True Positive

Actual Results
    (6) 

 

Recall =
True Positive

Predicted  Results
 

 

  (7) 

F1Score =
2 × Precision

Precision + Recall
 

 
 (8) 

In this paper, for the purpose of having a union comparison, 
a new comparative performance index (CI) is established as the 
average of the three above indices.   

 

CI =
Precision + Recall + F1Score

3
 

(9) 
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5 RESULTS AND DISCUSSION 

In this section, the results are demonstrated for three 
methods (M1, M2 and M3) separately. To show the efficiency 
of each technique, the percentage of improvement is reported 
versus the reference benchmarks mentioned in Table 1. This 
table consists of the performance results of classification using 
transfer learning applied to original images (noise-free).  These 
attribute results are utilized as reference benchmarks for each 
model, i.e. Ref.1 for AlexNet, Ref.2 for Inception-V3, and 
Ref.3 for ResNet101. 

 

Table 1. Baseline network results - no noise (References) 

Attribute % 
AlexNet 
(Ref.1) 

Inception-V3 
(Ref.2)  

ResNet-101 
(Ref.3)  

Validation 87.30 84.67 86.00 
Precision 87.34 84.72 87.30 

F1 87.34 84.69 86.64 
 

Furthermore, in order to have the same condition for pre-
trained models, the hyperparameters for training is set as 
depicted in Table 2. It noteworthy that the best hyperparameters 
can be obtained exclusively for each model through an 
optimization solver like the Bayesian algorithm. The system 
configuration used for analysis is shown in Table 3. 

 

Table 2. Hyper Parameters 

Training Solver 
 

Stochastic Gradient Descent with 
Momentum (SGDM)  

Initial Learn Rate 
 

0.0001 

Minimum Batch 
Size 

16 

Validation 
Frequency 

 
5 

Maximum 
Epochs 

 
10 

 

Table 3. System configuration 

GPU GTX 1050  4 GB/GDDR5 

RAM DDR4 8 GB 
CPU Ryzen5-3500  4 Cores/8 Threads 

 M1 (Transfer Learning Method)  

Applying the first method (M1) the results for each type of 
noise is shown in Figure 8 and 9. It is evident that the 
performance is reduced in all models due to noise. Referring to 
Figure 8, the most efficient model for salt and pepper noise is 
Inception-V3 with about 78.0%, and the worst case is ResNet-
101 with approximately 70.0% accuracy. Additionally, the 
maximum variation observed in the performance was for 
ResNet-101 with an observed 16.5% change. This result 
depicts that ResNet-101 is the most sensitive model to the salt 
and pepper noise.  

By observing Figure 9, AlexNet reveals better performance 
for motion blur noise with about 82%, and ResNet-101 has the 
worst performance of around 78.0% accuracy. Comparing both 
figures, it is deducted that salt and pepper noise has more 
impact on decreasing the classification accuracy using transfer 
learning. 

 

Figure 8 Results for M1 (Salt and Pepper noise) 

 

Figure 9 Results for M1 (Motion blur noise) 

 

 M2 (2d adaptive noise filtering) 

With regards to the second approach and studying Figure 
10 and 11, it is evident that both types of noises reveal a 
negative impact on the performance of classification. In the 
case of salt and pepper noise, AlexNet and Inception-V3 are 
suitable candidates for classification with a performance of 
about 78.5%; however, ResNet-101 is not an appropriate 
model for comparison purposes. The most significant 
reduction in performance is observed for ResNet101, which 
is almost 13%. 

 Contrarily, AlexNet, and Inception-V3, are not 
appropriate alternatives for motion blue noise since they 
experience more than a 10% fall in performance level. 
Nonetheless, ResNet-101 is the most efficient model, which 
indicates a nearly 5% drop in classification accuracy. 

76.06

87.32

77.98
84.70

70.24

86.65

81.92
87.32

81.62 84.70
78.20

86.65
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Figure 10 Results for M2 (Salt and Pepper noise) 

 

Figure 11 Results for M2 (Motion blur noise) 

 M3 (Image sharpening) 
 

 The classification results for the last approach are depicted 
in Figure 12 and 13, where the maximum performance of 
approximately 78.2% is achieved by ResNet-101 and the 
minimum by Inception-V3 with 69.42% in the existence of salt 
and pepper noise. 

When motion blur noise is applied to images, the top 
performance is observed for ResNet101 with roughly 86.0%.  
Inception-V3 reveals relatively lower functionality in this case, 
with about 82.0% accuracy. Considering both noises, salt and 
pepper noise discloses considerably higher effects on crack 
classification performance.  

 

 

Figure 12 Results for M3 (Salt and Pepper noise) 

 

Figure 13 Results for M3 (Motion blur noise) 

 Efficiency index 

For the purpose of comparing the computational time in 
running each method, the average elapsed time in minutes is 
calculated for all methods and presented separately for each 
model (Figure 14). It is clearly evident that AlexNet is more 
than five times faster than the other two models. Inception-V3 
results in a computational time of approximately 27 minutes for 
processing the test images. The most computationally complex 
deep learning model is Resnet101, which requires 
approximately 33.0 minutes for completing a classification 
process. 
 

 

Figure 14 Computational time assessment 

Finally, for the sake of determining the most cost-effective 
solution for the noise environment, computational efficiency 
criteria (Cc) is established such that it can nominate the most 
accurate method while it demands less computational time. 
This evaluation criterion is defined through an index as: 

,

,max

1
& 1.0

(1 )
i

c i

i c

CI
C CT

CI C


 

 
 

(10) 

Where CIi stands for comparative performance index for the 

thi method andCTi is the computation time in minutes 

calculated for each method. ,maxcC is the maximum value of 

CIi which is used for normalization. In this equation, the 

minimum computation time is supposed to be one minute. 
Ignoring the normalization parameter, ,maxcC , the highest limit 

of Cc would be 100, which is derived from 1.0CI  and
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1.0CT  . Contrarily, the lowest limit of this index is zero 
deriving from 0.0CI  and CT   . 
Values near one indicate the superior, cost-effective method, 
while the lower values denote the more costly method. The 
results for each method and each type of noise is indicated in 
Figure 15 and 16. As highlighted, the proposed index is not 
sensitive to the type of image and takes the same values for both 
types of noise. Therefore, despite the fact that the AlexNet was 
not an accurate model in all cases, in respect of computational 
cost criteria, it is the leading model in all methods. Likewise, 
InceptionV3 and ResNet101 depict nearly the same 
functionality based on Cc criteria. 
 

 
Figure 15 Computational efficiency index Cc (Salt and 

Pepper noise) 

 
Figure 16 Computational efficiency index Cc (Motion blur 

noise) 
 

6 CONCLUSION 

This research successfully evaluates the influence of image 
blur noise on AlexNet, Inception-V3, and ResNet-101 CNN 
accuracy. Three different approaches, including transfer 
learning without image enhancement, transfer learning coupled 
with 2d-adaptive noise filtering and image sharpening, were 
utilized for assessing the effect of different noise on the 
performance of image classification. 

As a result, it was shown that 2d-adaptive image filtering 
applied with transfer learning (M2) is the best solution for 
addressing salt and paper noises. Whereas, noise mitigation by 
means of image sharpening (M3) was the most appropriate 
method for dealing with motion blur image noise. As a 
summary of results, network performance improvements for 
these two effective methods and corresponding models 
(AlexNet, Inception-V3, and Resnet-101) are shown in Table 4 
below. 

Table 4. Appropriate Noise mitigation techniques 

Method Model 
Performance 

(%) 
Suitable 

state 
M2 

(2d adaptive 
noise filtering) 

AlexNet & 
Inception-V3 

78.5% 
Salt and 
pepper 
noise 

M3 
(Image 

sharpening) 

ResNet-
101 

86.0% 
Motion 
Blur 
noise 

 
In order to assess the efficiency of each method and 

model, a criterion called Cc was developed, which considered 
both accuracy and computational time simultaneously. The 
proposed index revealed that AlexNet was the best CNN for 
all considered methods concerning overall performance. 

Besides the excellent advantages of transfer learning for 
image classification applications, such as classifying concrete 
images, it has been found that there is a moderate to high impact 
on classification accuracy when blur noise or Salt & Pepper is 
introduced to the images. As an extension of this research, new 
approaches utilizing non-transfer learning techniques, 
including signal transformation and feature conditioning 
coupled with hyper-parameters optimization techniques, is 
underway to help with coping with image data uncertainties 
such as noise. Additionally, testing of these techniques with 
other types of noise, such as Impulse, Erlang, and Rayleigh 
noise, presents a recommended future research opportunity. 
This and the extended research have opened a number of 
opportunities for future research on deep learning for structural 
health monitoring of civil infrastructure. 
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ABSTRACT: The present study concerns a fibre Bragg grating (FBG) based structural monitoring system installed on a water 

supply pipeline in Sydney, Australia. This paper presents the details of the implemented monitoring system including hardware 

and software. It discusses the use of FBG optical technology, that was chosen due to its advantages in the water-filled pressurized 

environment and the requirement for rapid installation. It also documents the transducer solution that was developed, the 

architecture of the optical sensing network, the data handling process from measurement to the real-time visualization, and the 

challenging installation performed during the shutdown window. Most significantly, this project demonstrates the feasibility of 

deploying such a system and provides relevant insights from two years of monitoring including opportunities for improvement.  

KEY WORDS: fibre Bragg Grating, Structural Health Monitoring, pipeline monitoring, displacement measurement, optical strain 

sensor, optical temperature sensor. 

 

1 INTRODUCTION 

The present study concerns a fibre Bragg grating (FBG) based 

structural monitoring system installed on a water supply 

pipeline in Sydney, Australia. The pipeline is a mortar lined 

steel, lead-jointed underground structure with 2.5m diameter, 

which was laid in 1935 and is located in a back-filled tunnel 

embedded in sandstone ~115m below Sydney. The pipeline is 

a critical asset, as it is currently supplying water to nearly 1.3 

million Sydney citizens.  

A road tunnel and a rail tunnel were planned for construction 

in the vicinity of this pipeline at the inner west of Sydney. The 

road tunnel was anticipated to approach within 5m of the 

pipeline and the smaller rail tunnel within approximately 3m of 

the pipeline. 

A risk assessment identified the possibility of serious impact 

on the pipeline structure from these infrastructure projects, 

which could cause in joint movements and consequent pressure 

loss and/or contamination of the water supply. Therefore, the 

asset owner investigated the risk implications of the planned 

construction using geotechnical modelling strategies. A small 

relaxation (10mm) in the sandstone supporting the pipeline was 

predicted with minimal risk to the structural integrity of the 

pipeline. 

As the pipeline is a critical asset, the owner contracted 

EngAnalysis to verify the modelling predictions with live 

measurement at the pipe joints along critical areas of the 

pipeline to monitor movements during the adjacent tunnelling 

and construction works. In this way, the monitoring system 

would be able to detect and alert for potential damage and 

unexpected movement in the pipe adjacent due to the tunnelling 

operation. This monitoring plan was a vital control measure, 

not only to guarantee the integrity of the tunnel but also the 

continuous water supply. Such a monitoring system was 

particularly important due to the age and design uncertainties 

of the structure that increased the chance of unpredictable 

behaviour. The required monitoring system raised challenges 

in several fronts:  

• The system should quantify the sub-mm 

displacements (ideally micron) between pipe segments in 3 

dimensions (longitudinal displacement, tilt and yaw) in a water 

filled pipe embedded in sandstone beneath Sydney with the 

nearest portal around 1.4km from the area of interest.  

• The equipment was required to meet potable water 

quality standards. 

• The pipeline shutdown window was short considering 

that it was a main supply pipeline, which impacted the 

installation time and reduced the time for definition and design 

of the complete solution, and it was the first attempt to install 

this type of monitoring system in a pressurized pipeline.  

This paper presents the details of the FBG based monitoring 

system implemented. It discusses the use of FBG optical 

technology as a suitable option for a monitoring system, which 

was chosen due to its advantages facing such an environment 

and the reduced installation time available. It also documents 

the transducer solution that was developed, the architecture of 

the optical sensing network and the challenging installation 

performed during the shutdown window. 

 

 The pipeline 

The pipeline has a difficult history with the original tunnel 

housing the pipeline dug by pick shovel drills and explosives 

through the sandstone of the Sydney Basin in the late 1920’s. 

The original design intent was to use the unlined tunnel as the 

water conduit. This was unsuccessful and the rock tunnel was 

lined with a steel pipe constructed from 12’ sections each 

joined with lead lagging. The tunnel was then back-filled with 

concrete with a drain cavity immediately above the pipe to 
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reduce the probability of pipe crushing during construction and 

later inspection.  

The water pipe was originally finished internally with a 

bituminous anti-corrosive compound that resulted in poor 

tasting water. The bituminous lining was replaced with 

concrete render in the late 1930’s. The numerous aspects of re-

work and the late delivery of the project were probed by a royal 

commission shortly after completion.   

Visual inspection of the pipeline occurs every 15 – 20 years 

and involves the draining of the groundwater surrounding the 

pipe, the dewatering of the pipeline and visual inspection. At 

each 12’ pipe section there is a noticeable crack in the concrete 

render lining indicating that minor settlement is accommodated 

by small amounts of differential movement between the pipe 

sections 

 

2 SENSING STRATEGY 

 Pipe displacement sensing strategy 

The project team decided to monitor the displacement of 

every joint within the area of influence of the construction 

works. Each joint was to be monitored at 3 locations along the 

pipe perimeter (circumferentially at 0°, 120° and 240°) which 

allowed to determine thrust, tilt and yaw. The radial locations 

are illustrated in Figure 1. The design focused on the joints 

rather than on the pipe segment (between the joints), as the 

joints represent a bending and axial discontinuity, expected 

joint motion was much larger than that of the pipe segments. 

 

 
Figure 1. Optical sensors and cable run positions in pipe. 

 

 Network type 

The sensing network called for the instrumentation of 127 

sensors inside the water pipeline, within the distance of 2km 

from the surface portal structures.  

The combination of water filled asset, the large distances to 

the surface and the serial communication between sensor 

strings made an optical sensing network the most reasonable 

option. Among other advantages such as FBG optical sensors 

multiplexing abilities, sensor robustness, easy integration, 

lightweight, small size, passive nature, and resistance to 

electromagnetic interference (EMI), water ingress, durability, 

and corrosion [1, 4].  

 

 Sensor type 

To measure displacement, custom made sensors using FGB 

strain gauges from HBK FiberSensing (HBK FS) were a natural 

choice for this application. However, the application called for 

displacement rather than strain. Therefore, the selected HBK 

FS optical sensors were the FS62WSS – weldable strain sensor 

and the FS63WTS – weldable temperature sensor, which were 

welded onto a quasi-omega shape bracket as shown in Figure 

2. This allowed to develop a system that measured accurate and 

repeatable displacements in a range of ±7mm at a resolution of 

5µm and, that could be easily mounted at each side of the joints. 

 

 
Figure 2. a) FS62WSS sensor; b) FS63WTS sensor;  

c) Sensor assembly. 

 

 FBG technology  

An FBG sensor is an optical element commonly used in 

sensing. It is a reliable and precise fibre optic sensor. The FBG 

consists of a periodic perturbation of the refractive index of an 

optical fibre’s core. This periodic perturbation can be imprinted 

in the core using different techniques. In this case, the UV 

phase mask technique was used. This structure acts as a mirror, 

reflecting a specific wavelength. The working principle follows 

the Bragg condition which relates the Bragg wavelength 

(reflected wavelength), 𝜆𝐵, with the effective refractive index, 

𝑛𝑒𝑓𝑓 and the grating period, Λ: 

 

 𝜆𝐵 = 2𝑛𝑒𝑓𝑓Λ (1) 

 

As the FBG sensor is strained, the grating period is changed, 

and this strain is measured by the change in reflected 

wavelength – referred to as a wavelength shift. Any external 

influence in the system can cause a perturbation on the grating 

period and/or the effective refractive index, thereby changing 

its performance, in particular the Bragg wavelength. The 

structure is naturally sensitive to strain and temperature effects, 

and to measure strain the temperature effect must be 

compensated. The recommendation is to have a temperature 

sensor per strain sensor preventing any impact of temperature 

fluctuation in the strain measurements [5].  

Given the technology advantages, FBG technology is a 

fitting option for SHM projects, delivering durable, accurate 

and user-friendly monitoring systems as well as easy and 

relatively fast installation procedures [6,7]. 

a) b)

c)
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 Calibration procedure: Wavelength to displacement 

To convert wavelength shift to displacement, a specific 

calibration procedure was developed by means of a custom 

semi-automated test rig shown in Figure 3, and associated 

software for extracting calibration factors from the 

measurement data. 

With this test rig each transducer was calibrated for 

displacements of ±10mm. The sensors were also calibrated for 

pressure and temperature effects allowing for a wavelength 

shift correction of these two factors. While the effect of 

temperature was significant, the temperature relationship for 

each sensor was similar and repeatable, allowing for 

corrections to be applied. 

 

 
Figure 3. Custom test rig with four sensors installed for 

calibration. 

 

 Array layouts and acquisition system 

The optical sensing network consisted of optical arrays with 

9 or 10 strain sensors connected in series through splice 

connections produced and protected from factory. The arrays 

could be interrogated from both ends for each circumferential 

location; an example of this configuration is shown in Figure 4. 

This allows a better approach in terms of sensing network, since 

it takes advantage of technology’s redundancy feature.  

 

 
Figure 4. Optical sensing network – example of one array of 

sensors. 

 

In order to compensate the temperature effect, and because a 

constant temperature profile was expected in the pipe, only 6 

optical temperature sensors were included in the optical arrays 

(rather than in each string or 1 optical temperature sensor per 

optical strain sensor).  

The data acquisition system consisted of 4 optical 

interrogators – FS22 BraggMETER SI – with 8 and 4 optical 

channels and an acquisition rate of 1 sample/s. The FS22 

BraggMETER units were mounted on a rack as shown in 

Figure 5. 

 

 
Figure 5. Server rack. 

 System assembly and pre-deployment works 

Since there was no access to site prior to the pipeline 

shutdown period and the system was to be installed within the 

5 days that were available within the scheduled shutdown of the 

pipe, all the optical cables and arrays had to be spliced and 

assembled in advance (from the factory).  

The documented length between joints was 2.7m so sensors 

were placed 3m apart. Three optical arrays were connected at 

each end to a single multi core fibre cable that ran to the surface. 

The nine cable assemblies were brought to site pre-assembled.  

As illustrated in Figure 6, the process joining the optical 

arrays to the cable was: 

1 Fusion splice optical fibres 

2 Heat shrink splice protection, with stainless steel 

shank 

3 Encapsulate the 6 fibre connections in an aluminium 

channel. The encapsulant is Episet XL 

4 Coat the connection with waterproof membrane paint 

(potable water approved). 

 

 
Figure 6. Potting diagram of string to cable connection. 

 

The splices were potted for waterproofing and the cables and 

sensors were bundled in boxes ready for deployment. To meet 

the delivery timeframe, all aspects of hardware and software 

development were occurring in parallel. The assembly and 

calibration process are illustrated in Figure 7. The optical 

cables selected for the system are AFL Global multi-core 

tactical cable. 

 

Optical Fibre connections 

Membrane Coating 

Encapsulant 

Aluminum channel 

                          Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure

1691



 

 

Figure 7. System assembly works. 

 

 Deployment 

To install and protect the sensing network described the pipe 

had to be drained and the surrounding cavity was dewatered, 

this process took much longer than anticipated. After upstream 

sources were closed and the pipe drained, a lot of ground water 

had to be also pumped out for accessing the tunnel. This process 

delayed the installation for almost a week. 

The first thing noticed on the first inspection was that the 

distance between joints was 3.6m rather than documented 

2.7m. Since the distance between sensors was 3m and there was 

no time for re-splicing, it was decided to repurpose every 

second sensor to measure hoop strain. Fortunately, the original 

area that was intended to be covered had enough clearance at 

the sides of the expected excavation area. One side effect of this 

modification was that there was extra cable that had to be coiled 

and supported for sensor as seen in Figure 8. 

 

 
Figure 8. Coiled optical cable before and after sensor 

positioning. 

 

After 5 days, a team of five engineers plus confined space 

tradesmen were able to install all sensors. An example of the 

installation environment is presented in Figure 9. All the 

sensors were checked and confirmed to be operational when the 

access to the pipeline was closed and the pipe filling 

commenced.  

 

 
Figure 9. Installation site 

3 RESULTS  

It was anticipated that an initial displacement at the joints 

would be observed during the pipe-filling process. The 

dramatic increase in pressure experienced by the pipe did not 

create a sudden change in joint displacement, as indicated in 

Figure 10.  

 

 
Figure 10. Pipe displacements during refill. 

 

As indicated in Figure 11, the joints started to expand with 

the water entering the pipeline. Pipe settlement took much 

longer than expected, between 2 weeks to 3 months after the 

ground water was replenished (note this was a period of 

unseasonably low rainfall and drought in New South Wales). 

The typical movement of the pipe joints observed to be 

approximately 1mm. 

 

 
Figure 11. Pipe settlement after refill. 

 

Once the system was fully submerged, the signal from some 

sensors started to vanish from the optical spectrum. Being an 

optical array with multiple sensors on a single cable, 

occasionally whole strings of sensors started to fail. The 

installation process had connected both ends of the strings to 

the surface and some of the sensors were recovered by means 

of interrogating from the other end of a cable string. This 

feature is possible due to redundancy inherent to the reflective 

wavelength detection technology. As seen in Figure 12, after a 

significant loss of sensors experienced during the first months, 

the system levelled out after 6 months. After two years of 

operation, approximately 65% of the sensors are active and 

reliable. Without being able to access the site it is unclear the 

cause of the failure, but it is believed that the in-factory splices 

and the coiled cables are the most likely cause of the failures. 

For future projects, it is highly recommended that the factory 
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splices are further reinforced with potting strategies as outlined 

in Section 2.7.  

 

 
Figure 12. Active and inactive optical sensors for the first 9 

months of operation. 

 

The tunnelling of one of the sites occurred after about a year 

of operation and the system detected no significant motion of 

the pipe observed during that process.  

After a year of operation, the overhead (0°) sensors started to 

record low frequency periodic oscillation occurring at regular 

times of the day on both joints and hoop sensors. It was found 

that the asset owner was injecting supplementary water from a 

desalination plant to supplement the reservoir water during the 

peak demand periods as indicated in Figure 13. The 

desalination plant derived water is warmer than the reservoir 

derived water. The desalination plant point of injection was 

more than 2km upstream of the measurement point and it was 

concluded that the relatively low water flow rate allowed 

thermal stratification within the water column. The upper 

sensors were consequently responding to the warmer water and 

not physical displacement.  

Figure 13.  Calculated temperature difference between top 

and bottom sensors. 

 

In the design phase it had been assumed that the water 

column would be well mixed and the temperature reference for 

each regional area was located in the lower section of the 

pipeline. This observation highlights the susceptible to the 

influence of thermoclines in the water column differentially 

effecting the sensor output. These observations provided 

evidence of water-source stratification and may explain why 

some distribution lines are more susceptible to alteration in 

water temperature, hardness and taste when the desalination 

system is utilized. 

These observations have implications for measurements of 

water quality and the assumption of mixing when multiple 

water sources are injected to a single supply. 

4 CONCLUSIONS  

The project illustrates the feasibility to develop, design and 

install a monitoring system in a water-filled pipe underground 

subject to 80m of pressure within a timeframe of 3 months. It 

is possible to deploy an optical FBG based sensing network 

with 175 displacement sensors within 5 days. 

However, both the FBG sensors and the interrogators are 

relatively high cost per unit of measurement and sensitive to 

temperature. While relatively low-cost connections exist for 

optical fibre cables in relatively dry environments, robust 

spliced connections are costly as is tactical grade multi-core 

cables. Due to the inherent sensitivity of the optical fibre to 

temperature, the accuracy of temperature measurement is 

critically important to any FBG based instrumentation array. It 

is highly recommended that at least one temperature sensor is 

placed in each aggregated location and on each sensor string.  

The serial communication of FBG sensors on a single fibre 

makes this system vulnerable to multiple sensor loss due to the 

damage of a single fibre. If additional interrogator channels are 

available, shorter optical arrays with 5 or 6 sensors each would 

allow for additional redundancy when both ends of the fibre are 

returned to the interrogator. The single-point sensitivity of this 

system should be considered reduced risk of significant loss of 

sensors.  

The optical sensor array and measurement system has been 

and is continuing to be an effective method of risk management 

during the tunnel construction. Despite sensor losses and 

differences between the installation site and documented pipe 

dimensions that the system design was based on, the built-in 

redundancies in both fibre cable length and interrogation 

techniques have allowed the system to continue with successful 

operation in providing the required deliverables of the 

monitoring system. This is allowing the asset owner and 

construction teams to quantify underground heave and proceed 

with confidence in the pipeline structural integrity. 
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ABSTRACT: Inspired by the fact that Duffing oscillator is sensitive to weak periodic signal polluted by strong noise, an adaptive 
Duffing oscillator array is introduced in this study to conduct the time frequency analysis for nonstationary signals submerged in 
a strong background noise. A two-storey frame structure with time varying stiffness under seismic loads is adopted to verify the 
feasibility and effectiveness of the proposed method. The instantaneous frequency results identified by the proposed method are 
compared with those obtained from empirical wavelet transform combined by Hilbert transform (EWT-HT). Comparison results 
verified that accurate time frequency representation for nonstationary signals with a strong noise can be extracted by using the 
proposed method.  

KEY WORDS: Time frequency analysis; Duffing oscillators; Time varying system; Strong noise.

1 INTRODUCTION 
Civil engineering structures subjected to extreme external 
excitations, i.e. earthquake and typhoon, etc., will present a 
certain level of nonlinearity behavior. As a result, the measured 
dynamic responses are usually nonstationary [1]. Instantaneous 
frequency estimation is a useful technique for analysing the 
temporal evolution of signals with varying spectral 
characteristics over time. However, measurement noise 
inevitably exists in the vibration data, which may significantly 
degrade the performance of many existing time frequency 
representation approaches [2].  

Previous studies found that a weak periodic signal 
submerged in a background noise can be sensitively detected 
by a Duffing oscillator via a phase transition from chaotic 
motion to periodic motion. Based on this principle, Duffing 
oscillator has been widely utilized in radar signal detection [3] 
and ultrasonic guided waves (UGV) based Non-destructive 
structural damage detection [4, 5]. The intermittent chaotic 
phenomenon of Duffing system has recently been reported 
when the frequency difference between the reference and 
detected signals is less than 3% [6]. Owing to the fact that the 
intermittent chaotic transition period is related to the frequency 
shift between the sinusoidal driving force and the target signal, 
the instantaneous frequency can thus be indirectly estimated. 
Most of the previous studies use the Duffing oscillator to detect 
the weak signal with time invariant frequency polluted by a 
strong noise. The main scope of this study is to investigate the 
feasibility of using intermittent chaotic phenomenon of Duffing 
system to conduct the time varying system identification and 
detect the instantaneous frequency of nonstationary signals.  

2 METHODOLOGY 

 Duffing oscillator intermittent chaotic based 
instantaneous frequency identification 

A damped cubic-quintic Duffing oscillator with internal 
reference signal and to-be-detected external signal is expressed 
as 

�̈�𝑥(𝑡𝑡) + 𝛿𝛿�̇�𝑥(𝑡𝑡) − 𝑥𝑥(𝑡𝑡)3 + 𝑥𝑥(𝑡𝑡)5 = 

𝐹𝐹𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(𝜔𝜔0𝑡𝑡) + 𝐹𝐹𝐴𝐴𝑐𝑐𝑐𝑐𝑐𝑐[(𝜔𝜔0 + ∆𝜔𝜔)𝑡𝑡 + 𝜑𝜑] + 𝑁𝑁𝐿𝐿𝑛𝑛(𝑡𝑡) (1) 

where the first and second terms on the right hand side of the 
equation represent the internal reference driving force and 
external signal to be detected. ∆𝜔𝜔 and 𝜑𝜑 denote the frequency 
shift and initial phase difference. Gaussian white noise with an 
amplitude 𝑁𝑁𝐿𝐿  is considered as measurement noise. The 
amplitude of the reference driving force 𝐹𝐹𝑐𝑐  is adjusted to a 
value slightly less than the threshold value between chaotic 
state and large-scale periodic state. With trigonometric function 
transformations, Eq. (1) can be rewritten as  

�̈�𝑥(𝑡𝑡) + 𝛿𝛿�̇�𝑥(𝑡𝑡) − 𝑥𝑥(𝑡𝑡)3 + 𝑥𝑥(𝑡𝑡)5 = (2) 𝐹𝐹(𝑡𝑡)𝑐𝑐𝑐𝑐𝑐𝑐[𝜔𝜔0𝑡𝑡 + 𝜃𝜃(𝑡𝑡)] + 𝑁𝑁𝐿𝐿𝑛𝑛(𝑡𝑡) 
in which  

𝐹𝐹(𝑡𝑡) = �𝐹𝐹𝑐𝑐2 + 2𝐹𝐹𝑐𝑐𝐹𝐹𝐴𝐴 cos(∆𝜔𝜔𝑡𝑡 + 𝜑𝜑) + 𝐹𝐹𝐴𝐴2 
(3) 

𝜃𝜃(𝑡𝑡) = 𝑎𝑎𝑎𝑎𝑐𝑐𝑡𝑡𝑎𝑎𝑛𝑛 �
𝐹𝐹𝐴𝐴sin (∆𝜔𝜔 + 𝜑𝜑)

𝐹𝐹𝑐𝑐 + 𝐹𝐹𝐴𝐴cos (∆𝜔𝜔 + 𝜑𝜑)
� 

In Eqs. (2-3), the overall amplitude of the driving force 𝐹𝐹(𝑡𝑡)  
will be periodically varying between [𝐹𝐹𝑐𝑐−𝐹𝐹𝐴𝐴,𝐹𝐹𝑐𝑐+𝐹𝐹𝐴𝐴 ] with a 
angular speed of ∆𝜔𝜔. Owing to the periodic variation of the  
overall amplitude of driving force, the phase space trajectory of 
Duffing oscillator will vary between chaotic state and large 
periodic state with an period of 2π/∆𝜔𝜔. As a result, intermittent 
chaotic can be observed. It is noteworthy that the relative 
frequency shift ∆ω/ω  should be less than 3% [7]. For the 
purpose of detecting nonstationary time series with unknown 
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instantaneous frequency, a large array of Duffing oscillators 
should be arranged to include the possible frequency range. For 
instance, for a signal with a possible frequency range between 
1 ~ 100 Hz, 79 uncoupled Duffing oscillators with different 
reference angular frequency is designed as following 
 

 
Figure. 1 Duffing oscillators array 

 
For a signal with a single frequency component, only one of 

the 79 Duffing oscillator array with a reference value close to 
the actual frequency will experience state transition.  It is time-
consuming to estimate the instantaneous frequency by 
conducting such a large Duffing oscillator array. Instead, an 
adaptive Duffing oscillator will be used to enhance the 
algorithm efficiency. In details, the nonstationary time series 
will be divided into a number of segments and only the signal 
within the first window will be used as input to a large Duffing 
oscillators array to obtain an initial frequency estimation ω1. 
Then, the instantaneous frequency in the adjacent two 
oscillators with the reference frequency is close to the 
frequency estimated in the previous window. More oscillators 
in both sides will be absorbed to the Duffing oscillator array in 
the current window until state transition occurs. This procedure 
will be recursively implemented until the last window to 
generate the time frequency representation. The flowchart of 
the proposed approach is given in Fig. 2.  

 

 
Figure. 2 Two phase flowchart of the proposed instantaneous 

frequency identification method  
 

In this framework, empirical wavelet transform (EWT) is 
utilized to decompose a signal with multiple frequency 
components into several single frequency components [8, 9]. 
Then, the steps detailed as follows will be conducted. 
 

i.  Measure the nonstationary signals which may be 
polluted by a strong environmental noise; 

ii.  Set  the window size and divide the original signal 
into n time windows; 

iii.  Calculate the instantaneous frequency of the first 
time window ω1 with a large Duffing oscillator array; 

iv.  Process the i-th time window signal, where 2≤ i ≤n-1; 

v.  

a) 
set the reference frequency of the oscillator as 
ωOS(mid)= ωi-1; ωOS(L1)= ωi-1/1.032; ωOS(R1)= ωi-

1×1.032; 

b) 
input the signal of the i-th time window into the 
updated Duffing oscillator array, and compute 
the responses of each oscillator;  

c) estimate the Lyapunov exponent of each 
oscillator; 

d) 

if intermittent chaotic does not occur in the 
current Duffing oscillator, oscillators are added 
to the left and right sides of the current Duffing 
oscillator array; 

e) repeat sub-step b)~c) to include more oscillators 
until the intermittent chaotic occurs; 

f) estimate the intermittent period T according to 
the sign of Lyapunov exponent; 

g) calculate and save the instantaneous frequency 
ωi of the i-th time window. 

vi.  reset the reference frequency for (i+1)-th time 
window; 

vii.  loop step ⅳ to step ⅴ until the last window; 
viii.  plot the identified instantaneous frequency curve. 

The window size used in this study is set as 0.5 s. 

3 NUMERICAL STUDY 
Vibration responses of civil infrastructure subjected to strong 
levels of seismic excitations inevitably present nonlinear 
behavior and contain a certain level of uncertainties due to 
nonlinear dynamic characteristics and measurement noise. In 
this study, the 1940 El Centro ground motion will be applied to 
the basement of a two storey shear frame as shown in Fig. 3. 
The masses of floor 1 and floor 2 are m1=1.60×104 kg and 
m2=8×103 kg, respectively. The damping coefficient c1 and c2 
are set as 0.27×105 and 0.36×105, respectively. The time 
varying stiffness of the first and second floor described in Eq. 
(4-5) is considered to simulate the load-induced nonlinearity.  
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Figure 3. Two storey frame structure 

The 1940 El Centro ground motion time series is plotted in 
Fig. 4. The energy of seismic loadS in 0~3s and 28s~30s are 
relatively lower than other time duration. As a result, the 
amplitudes of vibration responses are also small during these 
two periods. The instantaneous frequency results identified 
from the proposed method and the EWT-HT method are 
presented in Figs. 5 (a) and (b), respectively. Comparison 
results shown that the time frequency representation obtained 
from the proposed method are smoother and match better with 
the ground truth. A certain level of oscillations can be found in 
both boundaries of Fig. 5(b) by using both methods. The 
possible reason is that the amplitudes of acceleration responses 
in these two region are relative small and are vulnerable to 
noise effect. Table 1 presents the relative errors of the first two 
order instantaneous frequencies. Results shows that the 
accuracy of instantaneous frequency identified by using the 
proposed method significantly increases.   
 
Table 1. relative instantaneous frequency identification error 

 The Proposed approach EWT-HT approach 
1st 

Instantaneous 
frequency  

3.07% 8.99% 

2nd 
Instantaneous 

frequency 
2.00% 13.45% 

 

(a)   

(b)   
Figure 4. The applied earthquake excitation and the 

corresponding acceleration responses of the structural 
model: (a) El Centro ground motion; (b) vibration 

responses measured at the horizontal direction of the first 
floor 

(a)   

(b)  
Figure 5. Instantaneous frequency identification by using: 

(a) EWT-HT method; (b) The developed method 
 

4 CONCLUSIONS 
This study extends the feasibility of Duffing oscillator in 

analysing nonstationary signals for time frequency analysis. On 
this basis, a high resolution instantaneous frequency 
identification method for nonstationary vibration signals 
polluted by a strong noise is developed. The reference 
frequency of Duffing oscillator of the central oscillator is 
recursively adjusted to the instantaneous frequency identified 
in the previous step to avoid the use of a large array of 
oscillators. The feasibility of the proposed method is validated 
via a two-storey shear frame structure subjected to seismic 
loads. Time frequency analysis results using the proposed 
method are compared with those from the EWT-HT method. 
Comparison results demonstrate that more stable and high 
resolution time varying system identification results can be 
obtained from the proposed adaptive Duffing oscillator 
method.  
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ABSTRACT: Current studies on application of guided waves for submerged structures are limited to the linear features such as 

change of wave speeds and scattering amplitudes. It has been reported that linear features of guided waves can only detect 

defects with sizes in the order of magnitude as wavelength and are insensitive to early stage of damages, such as short cracks, 

persistent slip bands and dislocation. For the structures in gaseous environments, nonlinear features of guided waves have been 

employed to identify smaller defects because they are sensitive to early stage of damage. However, there were no studies 

focused on investigating the feasibility of nonlinear guided waves on the structures submerged in water. Guided waves in the 

submerged structures are different from their counterparts in gaseous environments. The surrounding water can absorb the wave 

energy in the submerged structures, making it difficult to obtain measurable nonlinear guided waves. This paper presents an 

investigation of the generation of nonlinear guided waves in a metallic plate with one side immersed in water. A two-

dimensional (2D) finite element (FE) model is developed using Murgnahan’s strain energy function. The generation of the 

second harmonics is studied for leaky fundamental symmetric mode of guided wave (S0) to leaky S0 mode pair, which satisfies 

the quasi-phase velocity matching condition. The amplitudes of the generated second harmonics and growing trend of the 

amplitudes with propagation distance in the free plate and the water-immersed plate are compared in this study. The results 

show that the generation of second harmonics by the leaky S0 to leaky S0 mode pair is feasible for the water-immersed plate 

structures. 

KEY WORDS: Guided waves; Higher harmonic generation; Submerged plate structures; Finite element simulations. 

1 INTRODUCTION 

Submerged structures, such as water tanks and pips, are 

subjected to fatigue damage due to mechanical and thermal 

cyclic load. Fatigue initially appears in the material as the 

microcracks, which grow quickly after they reach a critical 

size and eventually result in catastrophic failure of the 

structure [1]. To non-destructively evaluate the structural 

health, ultrasonic guided waves have attracted extensive 

research, considering the outstanding capability to inspect a 

relatively large area without moving the transducers. In 

general, it is better to identify defects sooner than later. Earlier 

detection of damage allows more time to plan maintenance 

action and substantially improves safety [2].  

Currently, studies on the application of guided waves for 

non-destructive testing (NDT) in submerged structures are 

limited to the linear features of guided waves. It has been 

proposed that the linear guided waves can only identify the 

defects on the order of wavelength, but they are insensitive to 

smaller damages such as short cracks, persistent slip bands, 

and dislocation [3]. To overcome this limitation, many 

nonlinear guided wave methods were proposed for the last 

two decades. The nonlinear features of guided waves were 

shown to change significantly during early damage stage, 

which enable researchers to identify smaller size of defects. 

Among many other nonlinear guided wave methods, second 

harmonic generation is one of the most popular approaches 

and has been employed to evaluate fatigue damage [4-6], 

deboning [7], delamination [8, 9], and small cracks [10]. Most 

previous studies [11-15] concluded that the primary wave 

mode and its second-order harmonics should satisfy non-zero 

power flux and phase velocity matching conditions so that the 

generated high harmonics can be cumulative. As a result, only 

a few wave modes can be used in practical applications. 

Recently, Wan, Tse, Xu, Tao and Zhang [16] presented 

analytical and numerical studies to demonstrate that the 

fundamental symmetric mode (S0) of Lamb waves satisfies 

approximate phase velocity matching and can also generated 

cumulative second harmonics. In addition, the generated 

second harmonics were numerically demonstrated to be 

sensitive to the change of material with different levels of 

fatigue damage. Zhu, Xiang, Liu, Deng, Ma and Xuan [17] 

conducted experimental studies on the second harmonics that 

were generated by the S0 wave on an aluminum plate with 

different levels of fatigue damage. The relationships between 

the normalized nonlinearity parameters and the number of the 

loading cycles were shown to be a mountain-shape curve. 

They also concluded that the S0–S0 mode pair at a lower 

excitation frequency is more sensitive to the fatigue damage 

than that at a higher frequency.  

There were no studies focused on investigating the 

nonlinear guided waves in structures immersed in water. 

Generating measurable nonlinear guided waves in submerged 

structures is more challenging than that for the structures in 

gaseous environments because the surrounding liquid medium 

makes the guided waves attenuate faster [18]. Our previous 

studies [19, 20] demonstrated that the leaky S0 wave at low-

frequency range is dominated by the in-plane displacements 

so that it can propagate along the submerged plate structures 
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with low attenuation. In addition, the phase velocity of S0 

wave in the dry plate and leaky S0 wave in the immersed plate 

are the same at a given excitation frequency, which can be 

validated by the dispersion curves in [21]. Therefore, it is 

attractive to study the feasibility of higher harmonic 

generation by the leaky S0 wave in the submerged plate 

structures beacsue it has the potential to evaluate fatigue 

damage in water-filled tanks and pipes. 

The paper presents a numerical study on the second 

harmonic generation by leaky S0-leaky S0 mode pair in an 

aluminum plate loaded with water on one side. A two-

dimensional (2D) finite element (FE) model is developed to 

simulate the nonlinear guided wave propagation and the 

results in the immersed plate are analyzed and compared to 

those in the dry plate. The proposed FE model and the 

numerical simulation results are present in Sections 2 and 3, 

respectively. Finally, conclusions are drawn in Section 4. 

2 FINITE ELEMENT SIMULATIONS 

A 2D FE model was developed to investigate the second 

harmonic generation in the immersed plate. Figure 1 shows 

the schematic diagram of the 2D FE model. The aluminum 

plate is 1200 mm long and 2 mm thick. The bottom surface of 

the plate is asummed in contact with water. Four-node bilinear 

plane strain quadrilateral elements with reduced integration 

(CPE4R) and four-node linear 2D acoustic quadrilateral 

elements with reduced integration (AC2D4R) were used to 

discretize the plate and the water, respectively. Each element 

has a square shape with the size of 0.25 ×  0.25 m2. The 

material properties of the plate was simulated using the 

Murnaghan strain energy function [22]: 

 
( )( ) ( ) ( ) ( )( )

( ) ( )( ) ( )( ) ( )

2 32

2 2

1 1
( ) tr tr 2 tr

2 3

tr tr tr det

W l m

m n

 = + + +

−  − +

E E E E

E E E E

 (1) 

where 𝐄  is the Lagrangian strain; 𝜆  and 𝜇  are Lame’s 

constants; 𝑙, 𝑚, and 𝑛 are Murnaghan constants. The constants 

(𝜆, 𝜇,  𝑙, 𝑚, 𝑛) of the aluminum plate are summarized in Table 

1. The density of the aluminum and water are 2700 kg/m3 and 

1000 kg/m3, respectively. The longitudinal wave speed of the 

water is assumed to be 1500 km/s.  

To demonstrate the influence of water on the nonlinear 

guided wave generation, the simulations were conducted on 

the one-side water-immersed plate (denoted as the immersed 

plate) and compared to the plate without the water (denoted as 

the dry plate). Guided waves were excited by applying the 

nodes displacements to the left end of the plate (x = 0 mm). 

The excitation signal is a 20-cycle tone burst with the 

maximum amplitude of 1×10-3 mm. The displacements in the 

x direction were collected from the top surface of the plate for 

data analysis. Figure 2 shows the phase velocity dispersion 

curves for the plate with one side exposed to the water. There 

are three wave modes present in the immersed plate, which 

are the fundamental leaky anti-symmetrical mode (leaky A0) 

of Lamb waves, leaky S0, and quasi-Scholte (QS) waves. As 

shown in [23], the phase velocities of S0 and A0 waves in the 

dry plate are the same as those of leaky S0 and leaky A0 

waves. Therefore, leaky S0 and leaky A0 waves are labelled as 

S0 and A0. In this paper, S0 wave at 100 kHz and 300 kHz as 

well as QS wave at 100 kHz were excited on the immersed 

plate and their corresponding second harmonic generation 

were studied using the 2D FE simulations.  

Table 1. Lame’s constants and Murnaghan’s constants for the 

aluminum plate (Unit: GPa) [24].  

𝜆 𝜇 l m n 

51 26 -281.5 -339 -416 

 

 

Figure 1. Schematic of the FE model. 

 

 

Figure 2. Phase velocity dispersion curves for the 2 mm thick 

aluminum plate with one side exposed to water. Star: 100 kHz 

S0 wave, triangle: 300 kHz S0 wave, and cicle: 100 kHz QS 

wave . 

3 SIMULATION RESULTS 

 S0 wave at 100 kHz 

This section presents the simulation results for S0 wave at 100 

kHz. S0 wave was excited by applying the nodal 

displacements in the x direction (in-plane) at the left end of 

the plate. At this excitation frequency, the phase velocity of 

the S0 mode is 5434 m/s and that of the second harmonics at 

200 kHz is 5424 m/s. So the primary S0 wave is almost phase-

matched to its second harmonic with a deviation less than 

0.2%. Figure 3 compares the simulated signals obtained at x = 

600 mm from the dry plate and the immersed plate. They have 

similar waveforms and phases. The second harmonics are 

successfully generated in both dry plate and immersed plate. 

However, the amplitudes of the primary waves and the second 

harmonics of the signals received from the immersed plate are 

smaller than those of the dry plate. This is because the wave 

energy of leaky S0 wave in the immersed plate can leak into 

the surrounding water as shown in the snapshot of the 

simulation results (see Figure (4)). 
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To better observe how the wave amplitudes change with 

propagation distance, the in-plane displacements were 

collected at 30 measurement points, which are evenly 

distributed at 20 mm apart from 20 mm to 600 mm. The 

signals were transferred from time domain to the frequency 

domain. The amplitudes of the primary wave modes (𝐴1) and 

the ampltidues of the second harmonics (𝐴2) were extracted in 

frequency domain. The nonlinearity parameter was then 

calculated for each measured signal and it is defined as  

 2

2

1

A

A
 =  (2) 

As shown in Figure 5(a), the amplitude of the primary leaky 

S0 wave at 100 kHz in the immersed plate (indicated by the 

green stars) decays quicker than that of S0 wave in the dry 

plate (indicated by the blue circles). The second harmonics in 

the immersed plate (green stars in Figure 5(b)) have similar 

amplitudes as those in the dry plate (blue circles in Figure 

5(b)) within the propagation distance of 300 mm. After that, 

the amplitudes of the second harmonics in the dry plate 

continue to grow linearly. In contrast, the growing speed of 

the second harmonics in the immersed plate becomes slower 

and shows a parabolic trend. Figure 5(c) presents the 

calculated nonlinearity parameters and the function of the 

fitted lines for the dry plate and immersed plate, respectively. 

In both cases, the nonlinearity parameters grow linearly with 

propagation distance. The ratio of the slope of the dry plate to 

that of the immersed plate is 1.065.  

 

 
Figure 3. S0 wave at 100 kHz - simulated signal at 600 mm 

away from the left end of the dry plate (black solid line) and 

the immersed plate (red dash-dot line) (a) in time domain and 

(b) in frequency domain. 

 
Figure 4. Snapshot of the simulation results for S0 mode at 

100 kHz. 

 

 
Figure 5. S0 wave at 100 kHz - the amplitude change with 

propagation distance for (a) the primary wave mode; (b) the 

second harmonics; and (c) nonlinearity parameters.  

 S0 wave at 300 kHz 

Here, we present the simulation results obtained for the 

second harmonics generated by the S0 wave at 300 kHz. The 

phase velocity of the S0 wave is 5407 m/s and that of its 

second harmonics is 5299 m/s. The deviation in the phase 

velocity between the primary wave mode and the second 

harmonics is around 2%, which is ten times larger than that of 

S0 wave at 100 kHz. Figure 6 compares the simulated signals 

obtained at x = 600 mm for the dry plate and the immersed 
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plate. The amplitudes of both primary waves and second 

harmonics of the signals measured from the immersed plate 

are significantly smaller than those of the dry plate. This is 

because the attenuation of leaky S0 wave becomes stronger 

with the increase of frequency. Still, the second harmonics can 

been clearly detected on the plate surface for both cases.  

Figures 7(a)-7(c) present the amplitude change with 

propagation distance for 𝐴1 , 𝐴2 , and 𝛽 , respectively. The 

results show that the primary wave amplitudes of the S0 wave 

in the dry plate (blue circles in Figure 7(a)) decrease slowly 

with propagation distance. The increase of the frequency from 

100 kHz to 300 kHz does not show significant influence on 

the attenuation of the S0 wave in the dry plate. In contrast, 

leaky S0 wave in the immersed plate decays much quicker at 

300 kHz than that at 100 kHz. As a result, significant 

difference can be observed in the generated second harmonics. 

As shown by the blue cycles in Figure 7(b), the amplitudes of 

the second harmonic in the dry plate generated by S0 wave at 

300 kHz follow a sine function pattern, with the maximum 

amplitudes reached around x = 200 mm. This observation is 

consistent with the theoretic derivation in [16]. When the plate 

has one side exposed to water, the generated second 

harmonics increase linearly from x = 0 mm to x = 60 mm (see 

the green stars in Figure 7(b)). Then, the growing speed 

becomes slower and the maximum value reaches around 150 

mm. After that, the amplitudes decrease to the magnitude 

similar to that obtained at the first measurement point (x = 20 

mm). Figure 7(c) shows the calculated nonlinearity 

parameters for the dry plate and the immersed plate, 

respectively. Similar patterns were observed for the 

nonlinearity parameters. The maximum amplitudes are 

reached around 200 mm and 190 mm for the dry plate and the 

immersed plate, respectively. The propagation distances for 

the linear growth of the nonlinearity parameters are 140 mm 

and 100 mm for the dry plate and the immersed plate, 

respectively. The ratio of the slope of best fit line of the 

linearly growing nonlinearity parameters in the dry plate to 

that of the immersed plate is 1.083, which is slightly larger 

than 1.065 for S0 wave at 100 kHz.  

From the above observations, it is concluded that when the 

plate is immersed in water, the growing speed of the second 

harmonics is slightly slower than that on the dry plate. At low 

excitation frequencies, the nonlinearity parameters of leaky S0 

wave in the immersed plate structures increase linearly for a 

fairly long distance. Therefore, it is promising for NDT of 

fatigue damage in the submerged structures. However, the 

attenuation of leaky S0 wave increases with frequency faster 

than that of S0 wave in the dry plate. The linear cumulative 

propagation distance of the second harmonics in the immersed 

plate is shorter than that in the dry plate. In addition, the 

maximum amplitudes of the second harmonics and the 

nonlinearity parameters are both smaller in the immersed 

plate, and hence, the application of second harmonics in the 

immersed structure is more challenging than that in the dry 

structures.    

 

 
Figure 6. S0 wave at 300 kHz - simulated signal at 600 mm 

away from the left end of the dry plate (black solid line) and 

the immersed plate (red dash-dot line) (a) in time domain and 

(b) in frequency domain. 

 QS wave at 100 kHz 

QS wave has recently attracted many research interests for a 

wide range of applications [20]. This wave mode propagates 

along the plate-liquid interface with low attenuation. At low 

frequencies, the QS wave energy is mostly conserved in the 

submerged plate. However, the energy fraction in the plate 

decreases rapidly with frequency. Hayashi and Fujishima [25] 

proposed that normal excitation on the plate surface can 

generate A0 wave in the dry plate and QS wave in the 

immersed plate. Previous studies have concluded that A0 wave 

cannot produce cumulative second harmonics. But the second 

harmonic generation by QS wave has never been discussed. 

Considering that the velocity dispersion curve of QS wave in 

the immersed plate is similar to that of A0 wave in the dry 

plate, the numerical simulation was implemented to 

investigate the second harmonic generation of QS wave in 

comparison to that of A0 wave. The excitation displacements 

were applied in the y direction to the top and bottom surface 

of the plate covering 5 mm long from x = 0 mm to x = 5 mm. 

The other parameters were the same as the previous 

simulations for the S0 wave.         
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Figure 7. S0 wave at 300 kHz - the amplitude change with 

propagation distance for (a) the primary wave mode; (b) the 

second harmonics; and (c) nonlinearity parameters. 

 

Figure 8 compares the simulated signals obtained at x = 340 

mm for the dry plate and the immersed plate. QS wave in the 

immersed plate (red dash-dot line) has much smaller 

amplitudes compared to that of A0 wave in the dry plate 

(black solid line). This is because part of the QS wave energy 

propagates in the surrounding water as shown in the snapshot 

of the simulation results (see Figure 9). In both cases, the 

second harmonics of QS and A0 waves are barely discernible 

even in the log scale.  

 

 
Figure 8. QS wave at 100 kHz - simulated signal at 340 mm 

away from the left end of the dry plate (black solid line) and 

the immersed plate (red dash-dot line) (a) in time domain and 

(b) in frequency domain. 

 

 
Figure 9. Snapshot of the simulation results for QS mode at 

100 kHz. 

 

Figures 10(a) and 10(b) present the amplitude change with 

propagation distance for 𝐴1and 𝐴2, respectively. Both the QS 

and A0 waves decay slowly with propagation distance. 

However, the amplitudes of the generated second harmonics 

by both wave modes do not grow with propagation distance.  

QS wave becomes non-dispersive at higher frequencies but 

its displacements in the immerse plate decrease rapidly with 

frequency [26]. For this reason, QS wave at higher frequency 

is difficult to be excited with finite-amplitude vibration in the 

submerged plate so that it is unlikely to produce cumulative 

second harmonics. Leaky A0 wave was not considered in this 

study because it has fairly high attenuation so that it vanishes 

after a short propagation distance [19]. Therefore, the 

simulation results demonstrated that QS and A0 wave modes 

are not good choices for evaluating the material nonlinearity 

of submerged structures caused by fatigue damage.   
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Figure 10. QS wave at 100 kHz - the amplitude change with 

propagation distance for (a) the primary wave mode and (b) 

the second harmonics. 

4 CONCLUSIONS 

This paper has presented a numerical investigation on the 

second-order harmonic generation by the low frequency 

guided waves in the immersed plate structures. A 2D FE 

model has been developed for the numerical simulation. It is 

assumed that the second harmonics are generated mainly by 

the interaction of guided waves with the microstructural 

defects in the plate. Therefore, the material of the plate is 

simulated using the Murnaghan strain energy function, while 

the nonlinear contribution of the surrounding liquid is ignored. 

The simulations have been conducted on the one-side water-

immersed plate in comparison to the dry plate. The second 

harmonics generated by leaky S0 and QS waves in the 

immersed plate are investigated and compared with S0 and A0 

waves in the dry plate. It has been demonstrated that S0 wave 

at low excitation frequencies are promising to generated 

cumulative second harmonics in the immersed plate for a 

fairly long propagation distance. When the plate is loaded 

with water on one side, the slope of the nonlinearity 

parameters growing with propagation distance decrease by 

around 6% ~ 8%. In addition, the surround water also makes 

the maximum amplitudes of the second harmonics smaller and 

the maximum cumulative propagation distance shorter.   
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ABSTRACT: Concrete crack is a significant indicator related to the durability and serviceability of concrete civil infrastructure 

such as dams, bridges and tunnels. Current inspection of concrete structures is based on manual visual operation, which is not 

effective in safety, cost and reliability. This research aims to address the problems in traditional inspection of concrete structures 

by proposing a novel automatic crack identification approach, which intelligently integrates both image processing and machine 

learning techniques. Through the crack-sensitive feature extraction and model self-learning, the proposed method has higher 

identification accuracy than conventional inspection method, which has been proved by the experimental verification. 

KEY WORDS: Concrete crack; Image processing; Feature extraction; Machine learning. 

1 INTRODUCTION 

Cracks are always observed on the surface of civil 

infrastructures such as buildings, highways, dams, tunnels and 

bridges [1]. Some cracks are dangerous to the structures, while 

the others are not considered as the defect due to the small size. 

However, if they are neglected, the potential danger can lead to 

huge disaster. Accordingly, it is crucial to monitor and inspect 

civil structures to ensure safety and reduce the maintenance 

cost. Recently, with the rapid development of unmanned aerial 

vehicles (UAVs), health monitoring and condition diagnosis of 

large-scale civil infrastructure has been propelled to advance in 

the direction of automatic inspection and remote monitoring. 

Compared with traditional inspection methods with drawbacks 

of time-consuming and high cost, the UAVs are capable to 

conduct the quick assessment of structure which is not 

conveniently accessible, with fewer labour and cost [2,3]. As a 

consequence, it has been regarded as a promising approach for 

infrastructure assessment. 

However, the main challenge for the application of this 

innovative technology is data analysis, that is how to translate 

the captured images to the assessment results. To solve this 

problem, a large number of studies have been carried out in 

crack identification and segmentation via image processing and 

pattern recognition. Kim et al. put forward a crack diagnostic 

method based on the fuzzy set theory for reinforced concrete 

structures [4]. Nnolim proposed an automated crack 

identification approach based on using partial differential 

equation [5]. Tsai et al. demonstrated the application of 

geodesic minimal path algorithm in the generation of the crack 

pattern, which can be used for the process of route planning [6]. 

Kim et al. presented a novel concrete crack assessment 

approach based on the integration of RAP technique and hybrid 

image processing, in which the binarization method was used 

to evaluate the crack width [7]. On the other hand, machine 

learning (ML) techniques have been introduced for image 

processing, and several studies have been reported in 

application of ML in crack classification and segmentation 

accordingly. Lee et al. presented an approach based on back‐

propagation (BP) neural networks to identify and analyse the 

crack on the concrete surface [8]. Chun et al. employed gradient 

boost decision tree to design the crack detection algorithm, the 

inputs of which are colour, gradient and texture characteristics 

of crack [9]. In spite of the progressive advances of ML 

technique, further investigation is necessary to be conducted to 

solve the problems of complex network architecture, hyper-

parameter setting and limited training data. 

To solve the current challenges, this paper proposes a novel 

hybrid method to automate the crack detection of concrete 

structures in real-time. The proposed approach combines the 

image processing and machine learning techniques, including 

gabor filter, local binary pattern, kernel principal component 

analysis, k-nearest neighbours (k-NN), naïve Bayes (NB) and 

support vector machine (SVM). To start with, the two-

dimensional (2D) gabor filter is adopted to filter the original 

image of concrete surface for eliminating the noise influence. 

Then, the local gabor binary pattern histograms are extracted 

from the filtered images to make up the feature vector. To 

decrease the dimension of crack-sensitive features, the kernel 

principal component analysis (KPCA) is conducted on the 

extracted feature vector and the first several principal 

components are used as the inputs of machine learning models 

for concrete crack identification. Finally, three machine 

learning models are developed and compared in terms of 

identification accuracy of concrete crack. The performance of 

the proposed method is evaluated by the images of a concrete 

bridge taken in the field with satisfactory results. 

2 PROPOSED HYBRID APPROACH FOR AUTOMATIC 

CRACK IDENTIFICATION 

In this study, on basis of structural surface photos captured by 

the UAVs, an automatic crack identification approach is 

proposed, which consists of four steps. In the first step, the 

original image is processed by 2D Gabor filter. Then, the local 

gabor binary pattern histogram is extracted from filtered image 

for feature extraction. In the next step, the KPCA is employed 

to reduce the feature dimension, based on which three machine 
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learning models are developed to realize the crack prediction 

via pattern recognition. The details of these methods are 

presented in the following sub-sections. 

 Image pre-processing based on gabor filter 

In this paper, gabor filter is applied to process the original 

image for feature extraction. The principle of gabor filter is 

summarised as follows. 

2D gabor kernel function is defined as follows. 

𝑔(𝑥, 𝑦) = 𝑠(𝑥, 𝑦)𝑤𝑟(𝑥, 𝑦)                           (1) 

where 𝑠(𝑥, 𝑦) denotes the 2D complex wave, defined in Eq. 

(2): 

 𝑠(𝑥, 𝑦) = 𝑒𝑖(2𝜋(𝑢0𝑥+𝑣0𝑦)+𝑃)                          (2) 

where (𝑥, 𝑦) denotes the spatial coordinate and P denotes the 

phase and its value is generally set to 0. (𝑢0, 𝑣0) denotes the 

coordinates in the frequency domain, and corresponding 

expression of polar coordinates is shown in Eq. (3): 

𝑢0 = 𝐹0𝑐𝑜𝑠𝜔0

𝑣0 = 𝐹0𝑠𝑖𝑛𝜔0
                                        (3) 

where 𝐹0 and 𝜔0 are expressed as follows: 

𝐹0 = √𝑢0
2 + 𝑣0

22

𝜔0 = 𝑡𝑎𝑛−1(
𝑣0

𝑢0

)
                                     (4) 

𝜔𝑟(𝑥, 𝑦) is a 2D Gaussian function with rotation parameter, 

defined as 

𝜔𝑟(𝑥, 𝑦) = 𝐾𝑒
−𝜋(

(𝑥−𝑥0)𝑟
2

𝛿𝑥
2 +

(𝑦−𝑦0)𝑟
2

𝛿𝑦
2 )

                   (5) 

where K is a constant; (𝑥0, 𝑦0) denotes the central coordinates 

of Gaussian kernel; 𝛿𝑥
2 and 𝛿𝑦

2 are standard deviations, which 

are used to control the distributions in x and y directions. Hence, 

the specific form of 2D gabor kernel is provided in Eq. (6) 

𝑔(𝑥, 𝑦) = 𝐾𝑒
−𝜋(

(𝑥−𝑥0)𝑟
2

𝛿𝑥
2 +

(𝑦−𝑦0)𝑟
2

𝛿𝑦
2 )

𝑒𝑖(2𝜋𝐹0(𝑥𝑐𝑜𝑠𝜔0+𝑦𝑠𝑖𝑛𝜔0)+𝑃) (6) 

In this paper, the value of P is set to 0, and the following 2D 

gabor filter (Eq. (7)) is selected for processing the original 

image of concrete crack.  

𝜑∏(𝑓,𝜃,𝛾,𝜂)(𝑥, 𝑦) =
𝑓2

𝜋𝛾𝜂
𝑒−(𝛼2𝑥′2+𝛽2𝑦′2)𝑒𝑖(2𝜋𝑓𝑥′)

         (7) 

 Feature extraction based on local gabor binary pattern 

histogram (LGBPH) 

In this paper, the local binary pattern method is employed to 

encode the features of image after gabor filtering, which has 

higher recognition accuracy compared to the encoding of 

original images. Finally, the local gabor binary pattern 

histogram is adopted as the final features to indicate the 

concrete surface crack. Figure demonstrate the procedure of the 

proposed feature extraction method, the detailed procedure of 

which is summarised as follows. 

Step 1. Gabor features are extracted from a raw image of 

concrete surface with or without crack. 

Step 2. Uniform local gabor binary pattern method is employed 

to encode the images extracted from gabor filter. 

Step 3. Each encoded image is divided into k × k sub-blocks, 

and the histogram of LBPH is calculated for each sub-block. 

Subsequently, the histograms of different sub-blocks are 

connected to make up the LGBPH features of the whole image. 

 Feature compression based on kernel principal 

component analysis (KPCA) 

The feature dimension of LGBPHs extracted by the above 

method is high and redundant. If it is not compressed, it will 

greatly increase the complexity of classification decision and 

affect the speed of the classifier. Therefore, it is necessary to 

reduce the dimension of the original features to improve the 

classification efficiency. In this research, to fix this problem, a 

type of nonlinear dimension reducing method called kernel 

PCA (KPCA) is introduced. In KPCA, the kernel function is 

used to map the data in the input space to a high-dimensional 

feature space, which makes the input data have better 

separability. Then, linear PCA is performed on the transformed 

data of the new feature space, and the nonlinear principal 

component of the original data is obtained effectively, and the 

dimension compressed features with better separability are 

obtained. The basic principle and calculate process of using 

KPCA to compress the features of images for concrete crack 

identification are provided as follows. 

First of all, the feature vector x is transformed into a new 

transformation space F, that is Φ: RN→F, x→X. Meanwhile, the 

condition ∑ Φ(𝑥𝑘) = 0𝑁
𝑘=1  is satisfied. The covariance matrix 

of new space can be written as �̃� =
1

𝑁
∑ Φ(𝑥𝑖)Φ(𝑥𝑖)

𝑇𝑁
𝑖=1 . Then, 

the eigenvalue λ and corresponding eigenvector v are 

calculated, meeting the condition 𝜆𝑣 = �̃�𝑣. Accordingly, we 

can get 𝜆Φ(𝑥𝑘)𝑣 = Φ(𝑥𝑘)�̃�𝑣, and there exists α = [α1, …, αN] 

to meet the condition 𝑣 = ∑ 𝛼𝑖Φ(𝑥𝑖)𝑁
𝑖=1 . Then, we define 

𝐾𝑖𝑗 = Φ(𝑥𝑖) ∙ Φ(𝑥𝑖), and get 𝑁𝜆𝛼 = 𝐾𝛼 . For the solution λk 

and αk, the normalisation operation is needed, which is 

expressed as follows: 

1 = ∑ 𝛼𝑖
𝑘𝛼𝑗

𝑘(Φ(𝑥𝑖) ∙ Φ(𝑥𝑖))

𝑁

𝑖,𝑗=1

= (𝛼𝑘 ∙ 𝐾𝛼𝑘)

= 𝜆𝑘(𝛼𝑘 ∙ 𝛼𝑘)  (8) 

For the data in the original space, the projection of x in the 

principal component direction of the transformation space is 

equivalent to the projection of 𝜙 (𝑥) in the principal component 

direction v, that is 𝑣Φ(𝑥) = ∑ 𝛼𝑖𝐾(𝑥𝑖 , 𝑥)𝑁
𝑖=1 . Here, denotes the 

kernel function. Generally, there are several commonly used 

kernel functions to choose, including linear function, 

polynomial function, radius basis function (RBF), etc. In this 

study, the RBF is selected due to its excellent nonlinear 

mapping capacity. 

Through nonlinear dimensionality reduction by KPCA, the 

data dimension can be effectively reduced, and the nonlinear 

features in the original data can be better retained, which can 

greatly improve the accuracy and efficiency of the developed 

model for rapid and accurate identification of concrete cracks. 
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 Crack identification using machine learning (ML) 

techniques 

The final target of this research is to develop predictive models 

to automate the crack identification from concrete images. To 

achieve this target, three machine learning approaches are 

adopted and compared based on the compressed features in 

Section 2.3. The fundamentals of three ML methods are 

described in detail as follows. 

 k-nearest neighbours (k-NN) 

The k-NN algorithm was developed to classify the unknown 

data based on existing data with known labels.32 The essence of 

k-NN is analogy learning, that is learning by comparing the 

given test sample with training samples. Suppose that in the last 

section, l PCs are selected from feature vector of IMF energy 

ratios as the inputs of the ML model, which indicates that all 

the training samples should be in this l-dimensional space. 

When an unknown test sample is given, the k-NN algorithm 

searches the l-dimensional pattern space and finds k training 

samples that are closest to the unknown test sample. These k 

training samples can be regarded as k nearest neighbours of 

unknown sample. 

The implementation of k-NN is based on the following 

assumptions: (1) all the data and labels belong to the numeric 

types; (2) the smaller the distance between two samples, the 

more similar these two samples; (3) each attribute (PC) has 

equal weight; (4) attribute values are normalized; (5) if one 

attribute value of sample x1 and (or) sample x2 are lost, their 

distance are supposed to be maximum possible distance. Here, 

Euclidean distance is employed to measure the similarity 

between test sample Si and training sample Sj, the expression of 

which is shown in Eq. (9): 

𝑑𝑖𝑠𝑡(𝑆𝑖 , 𝑆𝑗) = √∑(𝑆𝑖,𝑘 − 𝑆𝑗,𝑘)
2

𝑙

𝑘=1

                  (9) 

The membership degree of test sample Si belonging to the 

class Cj is defined as follows: 

𝑀𝐷(𝑆𝑖 , 𝐶𝑡) = ∑ 𝑑𝑖𝑠𝑡(𝑆𝑖 , 𝑆𝑗)𝛿(𝑆𝑗 , 𝐶𝑡)

𝑆𝑗𝜖𝑘𝑁𝑁(𝑆𝑖)

       (10) 

where k-NN(Si) denotes the nearest neighbour set; δ(Sj, Ct) 

denotes the class attribute of Sj belonging to Ct, i.e. 𝛿(𝑆𝑗 , 𝐶𝑡) =

{
1,  𝑆𝑗𝜖𝐶𝑡   

0, 𝑜𝑡ℎ𝑒𝑟
. 

Therefore, identifying the class of Si is considered as 

calculating an optimization problem as follows: 

𝐶 𝑎𝑟𝑔 𝑚𝑎𝑥𝑀𝐷(𝑆𝑖 , 𝐶𝑡)                              (11) 

The class C with maximum membership degree should be the 

class of Si. 

 Naïve Bayes (NB) 

Naïve Bayes method is a commonly used algorithm in the area 

of data mining and machine learning. Mainly applied in the 

classification area of machine learning, naïve Bayes method 

has a broad range of engineering applications in terms of public 

opinion analysis, text analysis, user preference analysis, 

biomedical diagnosis, etc. It has the benefits of highly efficient, 

simple, stable and strong theoretical basis. The principle of 

Naïve Bayes method can be briefly summarised as follows. 

Given a training data set (X, Y), in which each sample X 

contains n-dimensional features and Y includes k categories as 

class label. If a new sample x is provided, the total probability 

equation can be expressed by: 

𝑃(𝑦𝑘|𝑥) =
𝑃(𝑥|𝑦𝑘)𝑃(𝑦𝑘)

∑ 𝑃(𝑥|𝑦𝑘)𝑃(𝑦𝑘)𝑘

                        (12) 

where the conditional probability 𝑃(𝑥|𝑦𝑘) can be transformed 

into: 

𝑃(𝑥|𝑦𝑘) = 𝑃(𝑥1, 𝑥2, ⋯ , 𝑥𝑛|𝑦𝑘) = ∏𝑖=1
𝑛 𝑃(𝑥𝑖|𝑦𝑘)   (13) 

Accordingly, the naïve Bayes classifier can be expressed in 

Eq. (14): 

𝑓(𝑥) = argmax𝑃(𝑦𝑘)∏𝑖=1
𝑛 𝑃(𝑥𝑖|𝑦𝑘)             (14) 

 Support vector machine (SVM) 

SVM is a commonly used machine learning method based on 

statistical learning theory, which has the advantages for solving 

the nonlinear pattern recognition problems with small sample.33 

The mechanism of SVM is to learn and improve the 

generalization capacity by search for the structural risk 

minimization. Essentially, it can be transformed into a convex 

quadratic optimization problem. Suppose there is a data set 

T={(x1,y1),…, (xi,yi),…,(xl,yl)}. Based on the nonlinear 

function, the input data can be mapped into the high-

dimensional space for regression, shown in Eq. (15): 

𝑓(𝑥𝑖) = 𝑤 ∙ 𝜑(𝑥𝑖) + 𝑏                           (15) 

where l denotes the sample number; b denotes the bias; w 

denotes the weight vector; φ(xi) denotes the kernel function, 

which is used to transform the linear problem into nonlinear 

problem. In this work, the radial basis function (RBF) is chosen 

as the kernel with the following expression: 

𝜑(𝑥𝑖) = 𝑒
−

‖𝑥𝑖−𝑥‖2

2𝜎2                                (16) 

where σ denotes the kernel parameter. The target of the SVM 

is to find an optimal hyperplane to separate two categories of 

data, which can be transformed into the following optimization 

problem with the constraints. 

min 𝜙(𝑤) =
1

2
‖𝑤‖2     𝑠. 𝑡.  𝑦𝑖[(𝑤 ∙ 𝜑(𝑥𝑖) + 𝑏)]

≥ 1 (𝑖 = 1,2, … , 𝑙)  (17) 

Sometimes the samples cannot be well classified and the 

classification errors exist in the developed SVM models. In this 

case, a slack variable is added into the constraints to solve the 

error problem, shown as: 

𝑦𝑖[(𝑤 ∙ 𝜑(𝑥𝑖) + 𝑏)] ≥ 1 − 𝜉𝑖  (𝑖 = 1,2, … , 𝑙)        (18) 

When 0 < 𝜉𝑖 < 1, all the samples can be correctly classified. 

When 𝜉𝑖 ≥ 1, xi will be misclassified. To avoid this problem, 

the penalty term 𝐶 ∑ 𝜉𝑖
𝑙
𝑖=1  is added to the minimization target 

and the fitness function can be written as follows: 

𝜙(𝑤, 𝜉) =
1

2
‖𝑤‖2 + 𝐶 ∑ 𝜉𝑖

𝑙

𝑖=1

                   (19) 
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Therefore, combine Eq. (18) and Eq. (19), and the 

optimization problem with the constraints can be expressed as: 

min 𝜙(𝑤, 𝜉) =
1

2
‖𝑤‖2 + 𝐶 ∑ 𝜉𝑖

𝑙

𝑖=1

    𝑠. 𝑡.  𝑦𝑖[(𝑤 ∙ 𝜑(𝑥𝑖) + 𝑏)]

≥ 1 − 𝜉𝑖  (𝑖 = 1,2, … , 𝑙)            (20) 

where ∑ 𝜉𝑖
𝑙
𝑖=1  denotes the upper bound of the misclassified 

sample number, which is used to measure the deviation degree 

of the data from ideal partition condition. C denotes the penalty 

coefficient. To calculate this optimization problem, the 

Lagrange function is employed to transform the optimal 

classification problem into its dual form, shown as: 

max 𝐿(𝛼) = ∑ 𝛼𝑖

𝑙

𝑖=1

−
1

2
∑ ∑ 𝛼𝑖𝛼𝑗𝑦𝑖𝑦𝑗𝜑(𝑥𝑖 , 𝑥𝑗)

𝑙

𝑗=1

𝑙

𝑖=1

𝑠. 𝑡. 0 ≤ 𝛼𝑖, 𝛼𝑗 ≤ 𝐶 (𝑖, 𝑗 = 1,2, … , 𝑙), ∑ 𝑦𝑖𝛼𝑖 = 0

𝑙

𝑖=1

  (21) 

Hence, the corresponding classification decision function of 

SVM can be expressed in Eq. (22). 

𝑓(𝑥) = 𝑠𝑔𝑛 (∑ 𝛼𝑖𝑦𝑖𝜑(𝑥𝑖 , 𝑥)

𝑙

𝑖=1

+ 𝑏)              (22) 

In SVM, the penalty coefficient C and kernel factor are two 

main parameters that are capable of remarkably affecting the 

performance of the model. In this research, the values of C and 

σ2 are set as 30 and 2, respectively, according to the suggestions 

in [10]. 

3 EXPERIMENTAL VALIDATION 

In this study, the images, with the resolution of 2048×2000, are 

taken from a bridge are used for evaluating the proposed hybrid 

approach. Then, the images are cut into more images with 

smaller size of 256×256 to make up the dataset, including 

10,000 images of intact surface and 10,000 images of concrete 

crack. For the purpose of model training and validation, we 

randomly select 80% of images of each label as training 

samples, while the rest of images are used as validation samples 

to evaluate the capacities of trained machine learning models. 

Figure 1 provides an example of intact surface image and 

cracked surface image, respectively. 

         

                (a) Intact                                (b) Cracked 

Figure 1. Example of images of concrete surface without and 

with crack. 

Subsequently, the 2D gabor filter is employed to process the 

original images. Figure 2 shows an example of filtering results 

of both intact surface and cracked surface images. It is clearly 

seen that the proposed filter is capable of effectively distinguish 

different types of images (intact and cracked), even though 

background brightness may influence the filtering results. 

Based on the 2D gabor filter, all the images are filtered, which 

will be used for crack-sensitive feature extraction. 

         

                (a) Intact                                (b) Cracked 

Figure 2. Processed images using gabor filter. 

To extract the effective features from the filtered images, the 

local binary patterns (LBP) are considered in this research. 

Figure 3 gives an example of LBP histogram of two types of 

images (intact and cracked). Obviously, the LBP can transform 

the filtered image into a limited number of features, which can 

be used as inputs of machine learning model. It is noticeable in 

Figure 3 that the LPB features were effectively extracted to 

distinguish non-cracked and cracked images. However, it is 

hard to say that this type of feature can be effective in all the 

images in the dataset. To solve this problem, KPCA is used to 

compress the features, which makes the feature separable. In 

this study, the RBF kernel is selected and its parameter is set to 

2.5 according to the suggestion in [11]. Here, t-distributed 

stochastic neighbour embedding (t-SNE) is adopted to visualize 

the features extracted from filtered images. Figure 5 shows a 

comparison of features before and after KPCA operation using 

the former three principal components (PCs). It can be 

observed from Figure 4 (a) that before KPCA operation, some 

non-cracked and cracked images are hard to distinguish due to 

the corresponding red and blue points mixed tougher in the 

figure. However, after the KPCA operation, it is apparent that 

using 3 PCs the cracked cases can be well distinguished from 

the non-cracked cases. Accordingly, if we can use more PCs as 

the input variables, the developed machine learning models will 

have higher prediction accuracy. 

 

Figure 3. Feature extraction using LBP. 
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                       (a) Before PCA 

 
(b) After PCA 

Figure 4. Feature comparison before and after PCA. 

To automate the crack identification in the field, the machine 

learning models are built up, including naïve Bayes, k-NN and 

SVM. It is well known that a training process is necessary to 

get three predictive models ready, which may result in the 

trained models over-fitted. To avoid this phenomenon, 5-fold 

cross validation is considered during the model learning, in 

which all the training data are randomly divided into five 

groups. For each time, one group are used as the test data while 

the other four groups are used as training samples. The whole 

procedure is repeated five times and five results are averaged 

as the objective function to tune the model parameters. Figure 

5 compares the training results of three models in terms of 

confusion matrix. Obviously, the SVM has the best training 

results with prediction accuracy of 94.2%, while the training 

accuracies of naïve Bayes and k-NN models are 91.9% and 

87.3%, respectively. Then, the testing images are sent to the 

trained models for performance evaluation. The corresponding 

results are displayed in Table 1. It is noted that the testing 

accuracies of three models are a little lower than training 

accuracies. Similarly, the SVM has the best prediction 

performance (90.7%) among all three models, which can be 

considered as the optimal solution to the crack identification of 

concrete structures in the field. 

 

(a) Naïve Byes 

 

(b) k-NN 

 

(c) SVM 

Figure 5. Training results of machine learning models. (“1” 

denotes intact; “2” denotes cracked) 
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Table 1. Prediction accuracy of test samples. 

Model Prediction accuracy 

NB 90.7% 

k-NN 85.8% 

SVM 93.1% 

 

4 CONCLUSIONS 

This paper proposes a hybrid approach for automatic crack 

identification of concrete structures. First of all, the 2D gabor 

filter is used to deal with the original image of concrete surface 

for eliminating the noise influence. Then, local binary pattern 

histogram is used to extract features from filtered images as the 

feature vector. To compress the features and make them 

separable, kernel PCA is conducted on the feature vector and 

the transformed PCs are used as the inputs of machine learning 

models. Finally, three state-of-the-art machine learning 

methods, i.e. naïve Bayes, k-nearest neighbours (k-NN) and 

support vector machine (SVM) are developed to automate the 

identification process. The field images taken from a bridge are 

used to validate the effectiveness of the proposed method. The 

results show that SVM has optimal prediction performance 

among three models, with accuracy of 94.2% for training data 

and 93.1% for testing data. In the future work, the deep learning 

technology will be investigated to carry out the crack 

segmentation for the images, which are of great significance for 

the engineers to do onsite inspection of concrete bridges. 
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ABSTRACT: Over the last decade, advanced remote technologies have been considerably utilised for digitisation of civil 

infrastructure assets, particularly bridges, and providing accurate data for indirect inspection and assessment through digital twins 

of their physical counterparts. Although advanced emerging technologies such as Unmanned Aerial Vehicles (UAVs) 

photogrammetry and Terrestrial Laser Scanning (TLS) established a suitable alternative against labour-intensive and expensive 

methods of direct inspections, the research is still lacking a comparative analysis of accuracy and reliability of the associated 

digital twins. This paper serves to investigate and evaluate the geometric accuracy of two 3D reality models generated from an 

existing heritage bridge in Australia extracted from both UAV-based photogrammetry and TLS based point clouds. The 

comparative results show the capability of both UAV photogrammetry and TLS based point clouds for bridge inspection; however, 

TLS expresses a higher level of points’ density with suitable accuracy subject to implementation of precise as-built 3D 

reconstruction method. 

KEY WORDS: Bridge; UAV-based photogrammetry; Terrestrial Laser Scanning (TLS); Digital twin; Accuracy.

1 INTRODUCTION 

Nowadays, utilizing advanced remote technologies as a basis 

for extracting suitable and accurate as-built 3D models of 

infrastructure assets, especially bridges, with the purpose of 

structural assessment and inspection, has been widely 

established [1]. During this period, researchers have mainly 

focused on employing state-of-the-art emerging 

technologies/methods such as photogrammetry and laser 

scanning to minimize and mitigate the consequence of time-

consuming and expensive traditional methods of direct and 

physical on-site inspections [2]. Although several advanced 

technologies have been used by engineers and inspectors for 

generating the structural 3D models, Unmanned Aerial Vehicle 

(UAV) based photogrammetry and Terrestrial Laser Scanning 

(TLS) are among the most common methods used in this 

regard. These technologies possess the potential to provide a 

safer, more cost-effective, more accurate, highly reliable, and 

less distributive bridge inspections [3]. Moreover, their results 

as a point cloud can be virtually revisited on the computer any 

time for more data analysis, inspection purposes, and 

measurements which can significantly decrease the inspection 

process and on-site time works. 

Jahanshahi, et al. [4] in 2011 were among the first researchers 

who investigated the use of camera-based photogrammetry as 

a passive sensor for real-time inspection of bridges. In this 

study, several capabilities and limitations of the proposed 

inspection method were examined. In line with the trend of 

using camera-based inspection methods, in order to use such an 

inspection method more efficient and practical, cameras were 

mounted on mobile devices and vehicles such as Unmanned 

Aerial Vehicles (UAVs), commonly known as drones [5]. 

Currently, several research studies emphasized the valuable 

benefits of using this method for bridge baseline documentation 

and surface evaluation. In UAV based photogrammetry high-

resolution and aerial close images are captured remotely from 

the proposed object and then, the 3D point cloud is developed 

based on the further post-processing using image-based 

techniques including Structure from Motion (SfM) and multi-

view stereopsis (MVS) workflows [6]. In a critical review,  

Remondino, et al. [7] evaluated the quality and accuracy of the 

extracted point cloud data considering various image-based 

techniques and parameters. The results indicated ±10 cm 

accuracy in terms of mean and standard deviation using SfM 

technique for a heritage lighthouse. Moreover, in a bridge case 

study, Seo, et al. [8] analysed the effectiveness of the drones as 

a supplemental bridge inspection tool. In this study, the 

proposed method was tested for a three-span timber bridge in 

the USA. The results demonstrated an acceptable damage 

identification capability and accuracy of data along with lower 

cost comparing with traditional inspection methods. UAVs are 

designed to be controlled based on the Global Positioning 

System (GPS). However, the absence of GPS signals in some 

locations and areas, such as rugged terrains and places like 

under-bridge location could considerably affect the results and 

accuracy of the acquired data [9]. 

Terrestrial Laser Scanning (TLS) is another commonly used 

technology for rapid and precise capturing of an objects’ 

texture and surface. However, unlike surveying methods that 

only capture the specific individual points of an object one after 

another, this advanced technology rapidly captures each detail 

of the entire scene with an accurate position for each object’s 

point in a 3D coordinate system. Recently, TLS has been used 

for various applications in the construction industry and 

inspection purposes. In the case of bridge monitoring, this 

advanced technology offers a wide range of applications in 

terms of 3D model reconstruction, quality inspection, structural 

assessment and management [1, 10-14]. In an initiative, Tang, 

et al. [15] were among the researchers who suggested the 

application of laser scanner for bridge geometric inspections. 

They also reviewed the TLS capabilities in detecting the bridge 
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geometric features such as vertical clearance and creating as-

built models from the laser scanner data points [16]. In another 

effort, Gyetvai, et al. [17] introduced a workflow to improve 

the procedures of creating a detailed and accurate 3D model of 

a wrought-iron bridge with deficiencies from the TLS data 

points for structural assessment purposes. The result of this 

study showed the successful application of this method and 

sufficient accuracy of TLS data in acquiring bridge precise 

geometry information necessary for generating accurate bridge 

member’s cross-sections and overall dimensions. In a recent 

practical study, Gawronek and Makuch [18] evaluated and 

compared the result of TLS based point cloud in measurement 

of a truss bridge deformation under a static loading scenario 

with a precise reflector-less tacheometry. The findings of this 

research indicated ±3 mm maximum deviation in geometric 

deflection measurements. 

After successful application of these technologies in 

providing reliable remote information realizing the as-built 

condition of bridges in a short period of time, the possibility of 

acquiring and extracting well-detailed/accurate bridge 

geometric information with a suitable level of accuracy has 

remained a key challenge to be targeted during the last decade. 

Although several studies investigated the level of geometric 

accuracy of the constructed digital twins [19-21], the research 

is still lacking on the comparison of UAV-based 

photogrammetry and TLS-assisted digital twinning in terms of 

geometric accuracy and integrity for real bridge case studies. 

This paper aims to evaluate and compare the accuracy of two 

point clouds generated using UAV-based photogrammetry and 

Terrestrial Laser Scanning (TLS) for a heritage bridge named 

McKanes Fall Bridge in New South Wales (NSW), Australia. 

The proposed research involves the relative and absolute 

comparison of the acquired data points for different subsections 

of the bridge in both point clouds with the as-is measurements 

and conditions. 

2 BRIDGE CASE STUDY 

To demonstrate the proposed evaluation, two field tests using 

UAV and TLS were carried out on a heritage timber truss 

bridge named McKanes Falls Bridge, shown in Figure 1, 

located in the South Bowenfels, New South Wales (NSW), 

Australia. The bridge is comprised of two 27-metre timber truss 

spans supported with two sandstone masonry abutments at each 

end and a concrete pier at the centre. Bridge deck is made up of 

lateral timber cross beams supporting with longitudinal timber 

girders. 

This study is part of a project including the 

rehabilitation/upgrade of the existing heritage with a safer, and 

more reliable bridge. Upgrading of the bridge’s capacity by 

retaining the original timber truss with new steel and timber 

components, and strengthening the existing abutments and 

foundation with concrete are some of the objectives expected 

to be completed during this project. 

 

(a) Satellite view 

  

(b) McKanes Falls Bridge 

Figure 1. Satellite view, and current state of McKanes Falls 

Bridge. 

 In practice, after preliminary site surveying, pre-checking 

and risk assessments by experienced engineering surveyors and 

research group, flight plans regarding the UAV-based 

photogrammetry and TLS locations were evaluated. The flight 

plan and scan locations were defined in a way to collect 

sufficient data with complete coverage of the whole bridge 

structure. 

2.1 UAV Based Data Acquisition 

The McKanes Falls Bridge was surveyed using the close range 

photogrammetry by employing a high-resolution digital camera 

with 36-megapixel quality mounted on the Intel® Falcon 8+ 

UAV. This UAV system is designed to be light-weight, fast and 

easy to be controlled supporting flight stabilizer technology in 

facing external influences such as high-speed winds. Moreover, 

its control system enables to define and create complex 2D or 

3D paths with several reference points. 

The predesigned flight plan was defined for the control 

system in such a way to capture each side of the proposed 

bridge with offset distance less than 20 m. In order to well 

document the blind spots of the bridge structure, additional 

images were taken from some different locations such as the 

bridge underneath using hand held camera. 

In the post-processing phase, all the acquired images were 

used for 3D reconstruction. In this phase, Structures from 

Motion (SfM) technique integrated with Dense Multi-View 

Stereo (DMVS) method considering ground control points 

were employed to convert the images into a Geo-referenced 3D 

point cloud. Figure 2 (a) presents the outcome of UAV-based 

photogrammetry after post-processing as a point cloud. 
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2.2 TLS Based Data Acquisition 

In another effort, the McKanes Falls Bridge was scanned using 

Leica P40 terrestrial laser scanner. This unit as the latest in the 

technological development of TLS is designed to be light-

weight, compact and efficient in its workflow. This technology 

has the ability to capture more than 1 million data points per 

second in a range up to 270 m away from the object. Automatic 

positioning system, real-time registration, colorized data along 

with range of accuracy up to 0.8 mm at full range distance from 

the object, are some other features referred by the manufacturer 

company. 

Scans were taken from more than 50 locations including 

different sides of the bridge, deck and bridge’s underneath 

according to the predesigned scan positioning plan with offset 

less than 20 m considering default normal resolution (6.3 mm 

at 10 m) and  normal quality. 

In general, the acquired raw data points contain noises which 

affect the geometric measurements and details inspections. In 

this regard, the acquired raw data points were filtered/cleaned 

using Leica-Geosystems software in a pre-processing 

procedure and then geo-referenced according to the geographic 

coordinate system. Figure 2(b) presents the outcome of scans 

as a geo-referenced point cloud.

 

 

(a) View of bridge extracted from UAV-based photogrammetry 

 

(b) View of the bridge captured by TLS 

Figure 2. McKanes Falls Bridge data acquisition. 

3 ACCURACY EVALUATION OF POINT CLOUDS 

Based on the literature presented, UAV-based photogrammetry 

and laser scanning each have their own advantages and 

drawbacks, however, some common limitations/concerns 

might considerably affect the outcome of these systems as a 

precise point cloud. Absence or weakness of GPS signals, 

degradation of instruments calibration, and image matching 

failures in UAV-based photogrammetry; poor beam reflections 

and substandard registrations having not enough reference 

points in laser scanning, are some of these concerns that may 
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lead to low-quality point clouds and in some circumstances, 

inaccurate 3D models [3]. 

Due to the common application of UAV-based 

photogrammetry and TLS for inspection approaches, several 

studies have already been published to evaluate and compare 

the accuracy and quality of the acquired data points [22-24]. As 

an instance, Ruggles et al [22] in 2016 evaluated and compared 

the outcome of UAV-based photogrammetry with a laser 

scanned point cloud for a large landslide in terms of resolution 

and accuracy using cloud-to-cloud distance computation [25].   

VDI/VDE 2634 guidelines [26], published in 2008, have 

initiated and provided various procedures for evaluating quality 

of 3D models in terms of accuracy and potential errors. 

Considering this guideline as the reference, the generated 

McKanes Falls bridge point clouds, captured and scanned by 

both UAV and TLS, were evaluated using the most relevant 

criteria including plane fitting and profiling. Since the point 

datasets were huge, point clouds were manually segregated 

before feeding into the computer program for further analysis. 

In this regard, two cross-sections passing through the bridge 

spans, shown in Figure 3(a), were used to demonstrate the 

bridge deck, concrete columns and beam as the intended 

surveying objects. As shown in Figure 3(b), four sides of each 

column, numbered from 1 to 4, and two sides of the beam are 

considered to be analysed using proposed methods. 

 

 

(a) Cross-section of the bridge 

 

(b) Bridge’s concrete columns, beam and parameters 

Figure 3. Bridge cross-section and intended surveying objects. 

3.1 Plane fitting 

The first applied criterion, known as plane fitting, is defined as 

a fundamental operation of calculating the best fitted plane of 

the objects’ points as the reference plane, and measuring spatial 

distribution of these points from the reference plane. In this 

study, each side of the intended bridge columns and beam were 

considered to be analysed based on the proposed criterion by 

fitting a plane and evaluating the spatial distribution of their 

points by calculating the standard deviation to their referenced 

plane. Moreover, according to these calculations and criteria, 

systematic level of noise for both datasets can be easily 

measured. The standard deviation is defined as follows, Eq. 1. 

 =
−

−
=

M

k i DD
M
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1

2)(
1

1
                         (1) 

   

Where, M is the number of the selected points on the objects’ 

surface, Di and D ̅ are defined as the relative and average 

distance of each point to the best fitted plane, respectively. In 

the following, the standard deviation was calculated after fitting 
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a plane to each side of the intended object’s surface. The results 

are present in Figure 4. 

  

 
Figure 4. Standard deviation of intended objects’ surface in 

both datasets. 

 

As shown in Figure 4, the average standard deviation for laser 

scanning datasets is 1.62 mm while this amount is 1.87 mm for 

UAV-based photogrammetry data points through analysis 

which indicates almost similar level of noise for both datasets. 

However, individual comparisons of objects’ points indicate 

greater performance using TLS in terms of systematic level of 

noise; consequently much accurate point cloud in respect to the 

referenced fitted planes.  

  Following the proposed criterion, measuring the density of 

the point cloud is another approach for evaluating the reliability 

of the acquired datasets and instruments. In this regard, point 

density of the intended object’s surface was calculated and 

compared. This parameter was calculated based on the number 

of points captured on each surface of the objects. The results of 

this evaluation are presented in Figure 5.  As shown in Figure 

5, the average volume density of the points generated using 

TLS is 41 points per square centimetre while this amount is 

about 50% less than that for the points extracted based on the 

UAV-based photogrammetry over similar objects’ surfaces. In 

some instances, such as plane C1-4, the results show more than 

50% difference in terms of point density which indicate more 

reliable results using TLS subject to implementation of precise 

as-built 3D model reconstruction and inspection. Having more 

points in a higher level of density could significantly improve 

the level of detail thereby improving the surface inspection for 

damage identification and level of accuracy in terms of as-built 

3D model reconstruction, bridge monitoring, and assessment.  

 

 
Figure 5. The comparison of the point cloud density obtained 

from UAV and TLS. 

 

In another effort, the scaling error of the generated point 

clouds was evaluated by comparing the distances of the two 

fitted parallel planes for concrete columns with the as-is 

measurements of the columns’ dimensions. In this procedure, 

the average distance between the best-fitted parallel planes of 

the columns were measured selecting several corresponding 

points on both facing planes. Then, the results compared with 

the as-is measurements of the bridge columns in its existing 

condition. The results of scaling evaluation are presented in 

Table 1. 

Table 1. Scaling evaluation  

 As-is 

(mm) 

TLS 

(mm) 

UAV 

(mm) 

TLS scaling 

error (mm) 

UAV 

scaling 

error (mm) 

C1-1 to C1-3 908.1 915.1 940.3 2 32.2 

C1-2 to C1-4 907.9 910.3 944.1 2.4 36.2 
C2-1 to C2-3 909 912.8 939.3 3.8 30.3 
C2-2 to C2-4 910.1 913.3 936.7 3.2 26.6 

 

As presented in Table 1, the scaling error for UAV is much 

greater than the TLS based scaling error compared to the 

corresponding as-is measurements and dimensions. This error 

can be caused by the inaccurate definition of Ground Control 

Points (GCPs) or some related issues/errors regarding the post-

processing methods and registrations. Moreover, according to 

the resolution settings of TLS and scanning range, the result of 

scaling error shows a higher level of accuracy in geometric 

details and measurements compared to as-is details and 

conditions. 

Different levels of accuracy can be considered based on the 

anticipated Level of Detail (LOD) and the importance of the 

project. However, using TLS in this case study provides much 

more precise geometric details than UAV-based 

photogrammetry subject to creation of well-detailed 3D models 

for bridge inspection and health monitoring.  

3.2 Profiling 

Extracting a cross-sectional profile, known as profiling, can be 

a valuable source of making meaningful comparison between 

the acquired point clouds. A cross-sectional profile can easily 

exhibit the linear path of the acquired points in a perpendicular 
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plane, which gives a reliable representation of the section, as 

well as, well-detailed geometric features. In profiling criteria, 

the spatial distributions of the corresponded points in both point 

clouds are evaluated/calculated using the well-known formula 

of Root Mean Square Error (RMSE). 

In this study, the segmented bridge deck was considered to be 

evaluated using this method. In order to make a precise 

comparison between both datasets, the registered point clouds 

in a similar coordinate system were converted into polygon 

mesh (triangle mesh models) using GOM Inspect software 

considering similar parameters [27]. Following this research, 

two cross-sectional profiles were extracted and evaluated using 

both UAV- and TLS-based point clouds, shown in Figure 6. In 

Figure 7, red lines present the UAV-based cross-sectional 

profile while the black lines show linear paths of TLS-based 

point clouds. The result of partial and average RMSE of each 

section and subsections are presented in Table 2. The findings 

of this research indicate an average RMSE, less than 7 mm, for 

the inspected profiles.

 

 

Figure 6. The inspected cross-sectional profiles. 

 

(a) A-A cross-sectional profile 

 

(b) B-B cross-sectional profile 

Figure 7. The inspected cross-sectional profile of the bridge deck, red lines: UAV, black lines: TLS. 
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Table 2. Evaluation of the inspected cross-sectional profiles. 

Section name Subsection RMSE (mm) Average RMSE (mm) 

A-A 

 

A-1 5.32 

5.83 A-2 3.75 

A-3 8.42 

B-B 

B-1 8.01 

6.35 B-2 4.82 

B-3 6.24 

4 DISCUSSION 

As previously mentioned, both UAV-based photogrammetry 

and TLS have their own advantages and drawbacks. 

However, selecting the suitable inspection method is 

generally related to various factors and considerations such 

as required LOD, accessibility of the site, importance of 

projects, and the allocated budget. Compared with 

conventional inspection methods, UAV-based 

photogrammetry has clear advantages regarding its 

accessibility to high altitude or unreachable/hard-to-reach 

areas, reasonable time of inspection, acceptable and flexible 

level of accuracy and detail in a cost-effective procedure. 

However, terrestrial laser scanning provides a various level 

of points’ density with ranged based accuracy suitable for 

well-detail inspections and 3D model reconstruction with 

relatively expensive and heavy equipment. 

In the case of McKanes Falls Bridge inspection, the 

evaluation of extracted point clouds based on UAV 

photogrammetry showed 3D distance measurement errors in 

centimetres. However, considering similar objects and 

measurements, the result of TLS not only exhibited 

millimetre-level accuracy, but also demonstrated a higher 

level of points’ density for each captured surface.  

  Although all of the abovementioned factors are 

important, in case of bridge monitoring and usual access 

issues, utilization of the integrated system can benefit all the 

aspects. 

5 CONCLUSION 

In this research, the accuracy level of two point clouds 

acquired based on UAV photogrammetry and Terrestrial 

Laser Scanning (TLS) were evaluated and compared using a 

series of criteria and methods for a heritage bridge named 

McKanes Falls Bridge located in NSW, Australia. The 

results of this study demonstrated that TLS can offer 

significant advantages in level of the geometric accuracy, 

point’s distribution, level of noise and point cloud density 

which are important considerations in terms of bridge 

inspection and 3D model reconstruction. However, concerns 

remain including the high equipment cost and 

limited/restricted access which can be compensated by the 

use of UAV-based photogrammetry. Although UAV-

derived point clouds of this project possess lower geometric 

accuracy with lower range of density, this inspection method 

can be used as a supplementary method for detailed bridge 

inspections. Selecting the suitable inspection methods is 

generally related to several factors, however, utilizing the 

integrated UAV-based photogrammetry and terrestrial laser 

scanning can benefit all the aspects. 
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ABSTRACT: Dams and reservoirs are important elements of civil infrastructure as they play critical roles in irrigation, flood 

control and electricity generation. Historically, dam failures have led to catastrophic loss in lives and properties. The need to 

monitor structural performance and detect the onset of damage in these structures using structural measurement data is thus 

evident, yet the relevant research has been limited. This paper presents an approach for damage detection of concrete gravity dams 

based on changes in static deflection and modal parameters. Theoretical formula of the static deflection change with regard to the 

damage characteristics taken into account both flexural and shear effects is developed. Based on this, the research shows that 

changes in the static deflection follow certain patterns that can be used to locate and quantify the damage in concrete gravity dams. 

The proposed static damage detection concept is then incorporated with vibration measurements through the modal flexibility to 

assess the damage. Numerical studies in this study show that the proposed approach is promising in detecting seismic cracks that 

are often a common damage type in real concrete dams. 

KEY WORDS: Damage identification; Concrete gravity dams; Static deflection change; Modal flexibility change, vibration 

characteristics. 

1 INTRODUCTION 

Dams and reservoirs are key elements of civil infrastructure 

systems due to their important roles in irrigation, flood control 

and electricity generation. Historically, the failures of these 

structures have led to catastrophic loss in lives and properties 

[1]. The need to monitor structural performance and detect the 

onset of damage in these important structures to ensure their 

integrity and longevity, and prevent subsequent failures is thus 

evident. In recent decades, structural health monitoring (SHM) 

has emerged as a feasible technique for these purposes by using 

on-structure, non-destructive sensing systems [2]. In fact, dams 

are among the most important structures for the mandated 

application of SHM as can be seen in dam safety regulations of 

many countries. 

The existing damage identification (DI) methods for civil 

engineering structures can be classified into different 

categories, such as dynamic methods, static methods and static-

dynamic methods, depending on the type of structural 

measurement data being used. The fundamental idea of  the DI 

techniques is that when damage in a structure becomes 

reasonably significant, it can cause changes in its properties 

(mass, stiffness, and damping), and these in turn will cause 

detectable changes in the vibration characteristics (such as 

natural frequencies and mode shapes) [3, 4] and static 

responses (such as deflection and strains) [5]. Therefore, by 

assessing changes in basic structural response such as natural 

frequencies, mode shapes and static deflections one can assess 

structural damage with regard to its presence, location and 

severity. Based on this fundamental idea, a variety of DI 

methods have been proposed for civil engineering structures 

including bridges [6-9], shear building [10, 11], asymmetrical 

buildings [12], concrete dams [13, 14], and beam-type 

structures [5, 15-17],  to name a few. 

The selection of suitable DI methods for a structure not only 

depends on the sensitivity of the selected features to the 

structural damage, but also on the availability of the monitoring 

data. For concrete gravity (CG) dams, static deflection has long 

been one of the most available and reliable structural responses 

for structural health monitoring and assessment [18]. In 

addition, as many of the large dams in the world are subjected 

to earthquakes, vibration measurement has been a viable source 

of long-term/continuous monitoring data from vibration 

sensing and strong earthquake monitoring systems [14, 19]. 

Both static and dynamic measurements should be considered 

for damage identification in CG dams. However, the relevant 

research in the literature has been limited [20].  

In this paper, a DI approach for CG dams based on the 

changes in static deflection and/or modal flexibility is 

proposed. First, a theoretical relationship between the static 

deflection change and the damage characteristics is developed 

using Virtual work method for Timoshenko beams. Based on 

this, the damage locating and quantification concepts are 

presented. Next, modal flexibility change constructed from 

vibration measurements is incorporated with the proposed 

static DI concept to provide a static-dynamic-based capacity in 

assessing the damage. Numerical studies are then presented for 

a typical CG dam model to verify the efficacy of the proposed 

approach. The paper then concludes with some final remarks. 

2 THEORY 

 Damage Identification Concepts of CG Dams from 

Static Deflection Change 

Consider a typical homogeneous CG dam section with the 

dimensions as shown in Figure 1-a. The dam profile can be 

idealized as a Timoshenko cantilever beam with varying cross 

section (Figure 1-b). The area A(z) and the second moment of 
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area I(z) of the dam section at an arbitrary elevation z can be 

expressed by: 

𝐴(𝑧) = 𝐴𝑏 (1 − 
𝑏

𝑧

𝐻
) (1) 

𝐼(𝑧) = 𝐼𝑏 (1 − 
𝑏

𝑧

𝐻
)
3

 (2) 

where, Ab=1×Bb and Ib = (1/12) ×1×Bb
3 are the area and 

moment of inertia of the dam section at its base, respectively; 

H is height of the dam; b = (Bb – Bt)/Bb is a scalar presenting 

the beam cross section change. 

 

 

Figure 1. (a) Configuration of typical CG dam section, (b) 

Simplified cantilever under virtual UPL, (c) and (d) Virtual 

bending moment and shear force diagrams  

The lateral deflection of the idealized beam under an arbitrary 

lateral static load in the undamaged state can be formulated 

from the principle of Virtual Work method for Timoshenko 

beams as follows: 

𝑢(𝑧) = ∫
𝑀(𝑠)  𝑚(𝑠)

𝐸𝐼𝑏 (1 − 𝑏

𝑠
𝐻
)
3

𝐻

0

𝑑𝑠 + ∫
𝑉(𝑠)  𝑣(𝑠)

𝐺𝐴𝑏 (1 − 𝑏

𝑠
𝐻
)

𝐻

0

𝑑𝑠  (3) 

where, M and V are the moment and shear force of the beam 

under the real static loads; m and v  denote the virtual moment 

and shear forces under a virtual horizontal unit point load acting 

at elevation z; E is the Young’s modulus, G = E/[2(1+)] is the 

shear modulus,  is Poisson’s ratio of the concrete material;  

is the shear correction factor.  

The first integration in equation (3) represents the deflection 

under pure bending mode, while the second integration 

represents the deformation under pure shear condition. 

As moment and shear distributions of statically determinate 

beams do not depend on the cross-sectional stiffness, the 

equations of m(s) and v(s) of the dam as a cantilever beam can 

be given by Figure 1-c, d): 

𝑚(𝑠) = {
𝑧 − 𝑠  ;   0 ≤ 𝑠 ≤ 𝑧
       0    ;           𝑠 > 𝑧  

 (4) 

 𝑣(𝑠) = {
1  ;   0 ≤ 𝑠 ≤ 𝑧
0  ;         𝑠 > 𝑧  

 (5) 

On substitution of equations (4) and (5) to equation (3), it turns 

to: 

𝑢(𝑧) =
𝐻3

𝐸𝐼𝑏
∫

𝑀(𝑠) (𝑧 − 𝑠)

(𝐻 − 𝑏𝑠)
3

𝑧

0

𝑑𝑠 +
𝐻

𝐺𝐴𝑏
∫

𝑉(𝑠)

𝐻 − 𝑏𝑠

𝑧

0

𝑑𝑠  (6) 

In the damaged state, assuming the dam is subjected to a single 

damaged region a ≤ x ≤ a + b (Figure 2-a), with the 

corresponding stiffness reduction of  (0 ≤   1), i.e. the 

remaining bending and shear stiffness in the damaged region 

are (1-)EI and (1-)GA, respectively. From the Virtual Work 

method, the damage-induced deflection difference, or 

deflection change (DC), of the dam along the measurement 

points can be formulated by: 

𝐷𝐶(𝑧) = 𝑢𝑑 − 𝑢ℎ =  

{
 
 
 

 
 
 
                    0                                                                     ;       𝑧 ≤ 𝑎

 𝐻3

𝐸𝐼𝑏
∫
𝑀(𝑠)(𝑧 − 𝑠)

(𝐻 − 
𝑏
𝑠)
3

𝑧

𝑎

𝑑𝑠 +
 𝐻

𝐺𝐴𝑏
∫

𝑉(𝑠)

𝐻 − 
𝑏
𝑠

𝑧

𝑎

𝑑𝑠 ; 𝑎 ≤ 𝑧 ≤ 𝑎 + 𝑏

 𝐻3

𝐸𝐼𝑏
∫

𝑀(𝑠)(𝑧 − 𝑠)

(𝐻 − 
𝑏
𝑠)
3

𝑎+𝑏

𝑎

𝑑𝑠 +
 𝐻

𝐺𝐴𝑏
∫

𝑉(𝑠)

𝐻 − 
𝑏
𝑠

𝑎+𝑏

𝑎

𝑑𝑠 ; 𝑧𝑎 + 𝑏

  
(7) 

where, ud and uh are the deflections of the dam in the damaged 

and undamaged states, respectively;  is a damage severity 

derivative defined as follows: 

 = 
𝛼

1 − 𝛼
   (8) 

It can be observed from equation (7) that the DC(z) plot 

encompasses a zero portion in the first undamaged region 0 ≤ z 

≤ a, then increases by a higher order function in the damaged 

region a ≤ z ≤ a + b, before linearly increases in the second 

undamaged region z  a + b (Figure 2-b). Therefore, by 

observing a measured DC plot, the damaged region can be 

detected within the zero and the linearly portions. This 

distinctiveness is used in the present study to locate the damage 

in CG dams. 

 

 

Figure 2. (a) Single damage scenario, (b) Deflection change 

pattern, (c) Slope of deflection change pattern 

It is noted that the DC formula of cantilever Euler-Bernoulli 

beams presented in Le et al, [16] is a special case of the above 

developed DC pattern since it did not take into account shear 

effect and cross sectional variation. In addition, when the 

bending moments in Eq. (7) are neglected, the DC becomes a 

constant function in the region z  a + b, which is relevant to 

the DC pattern of shear building reported by Koo et al, [10]. 

Therefore, the developed DC function for Timoshenko 

cantilever beams in equation (7) covers the two special cases 

for purely bending and purely shear structures. 

By differentiating equation (7) with respect to z, the slope of 

the deflection change (SDC) of the linear portion of the DC(z) 

plot can be given by: 
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𝑆𝐷𝐶 =
𝑑

𝑑𝑧
𝐷𝐶(𝑧) =  [

𝐻3

𝐸𝐼𝑏
∫

𝑀(𝑠)

(𝐻 − 
𝑏
𝑠)
3

𝑎+𝑏

𝑎

𝑑𝑠]

+ 0 =   . 𝑆𝐷𝐶50%    (𝑧  𝑎 + 𝑏) 

(9) 

Or, 

𝑆𝐷𝐶 =  . 𝑆𝐷𝐶50%    (𝑧  𝑎 + 𝑏) (10) 

where, SDC50% is a scalar function within the square brackets 

in equation (10), containing the undamaged material Young’s 

modulus E, the damage location identifiers (a, b), and the 

geometrical dimensions of the dam section. It is evident from 

equation (10) that SDC50% equals the measured SDC when  = 

1, or  = 50% as can be deduced from equation (9). This means 

SDC50% is the measured SDC of the cantilever beam when it 

subjected to damage at a ≤ z ≤ a+b with a 50% damaged 

severity. This explains the superscription 50% of the SDC50% 

term. In addition, equation (10) shows that the measured SDC 

differs from SDC50% by a scalar (). Therefore, SDC50% can 

represent a baseline SDC. 

 

Figure 3.  (a) Double damage scenario, (b) Deflection change 

pattern , (c) Slope of deflection change pattern 

When the dam experiences damage at two different regions 

(Figure 3-a), for example multiple cracked zones after an 

earthquake, with the damage location identifiers (ai, bi) and the 

damage severities i (i=1,2), the DC function of the dam can be 

formulated analogously with the single damage case. It 

comprises of a zero portion in the undamaged region 0 ≤ z ≤ a1, 

two high order functions in the damaged regions (ai, ai+bi), and 

two linear portions in the undamaged regions (a1+b1,a2) and z 

 a2 + b2 (Figure 3-b). The corresponding slopes of the two 

linear portions of the DC(z) plot can be presented by (Figure 3-

c): 

𝑆𝐷𝐶1 = 
1
𝑆𝐷𝐶1

50% ;  𝑎1 + 𝑏1 ≤ 𝑧 ≤ 𝑎2

𝑆𝐷𝐶2 = 𝑆𝐷𝐶1 + 
2
𝑆𝐷𝐶2

50% ;  𝑧  𝑎2 + 𝑏2
 (11) 

where, the baseline SDC scalars are given by: 

𝑆𝐷𝐶𝑖
50% =

𝐻3

𝐸𝐼𝑏
∫

𝑀(𝑠)

(𝐻 − 
𝑏
𝑠)
3

𝑎𝑖+𝑏𝑖

𝑎𝑖

𝑑𝑠 ;   𝑖 = 1,2 (12) 

The scalar SDC50% can be calculated either numerically from an 

updated finite element model, or by expanding equation (12) 

under a specific static loading condition. From equations (10) 

and (11), the damage severity derivatives are then calculated 

from the following equations: 


1
=

𝑆𝐷𝐶1

𝑆𝐷𝐶1
50%

 ;  𝑎1 + 𝑏1 ≤ 𝑧 ≤ 𝑎2 


2
=
𝑆𝐷𝐶2 − 𝑆𝐷𝐶1

𝑆𝐷𝐶2
50%

  ;  𝑧  𝑎2 + 𝑏2 

(13) 

Finally, the damage severities are derived as:  

𝛼𝑖 = 

𝑖

1 + 
𝑖

 ;   𝑖 = 1,2   (14) 

In practice, the slope of deflection change at one location can 

be calculated from the measured DC vector by: 

𝑆𝐷𝐶(𝑧) =
𝐷𝐶(𝑧 + ∆𝑧) − 𝐷𝐶(𝑧)

∆𝑧
;  𝑧  𝑎 + 𝑏, ∆𝑧 > 0 (15) 

Theoretically, SDC(z) is a constant function in the undamaged 

regions. However, under the presence of measurement noise, 

certain variations of the SDC(z) at different z locations is 

unavoidable. Therefore, in practice, the average 𝑆𝐷𝐶̅̅ ̅̅ ̅̅
𝑖  and 

𝑆𝐷𝐶̅̅ ̅̅ ̅̅
𝑖
50% terms should be used in (13). 

 Obtaining Static Deflections 

For damage detection purposes, structural deflections can be 

measured directly for the case the applied loads are known [5], 

or estimated indirectly from modal flexibility matrices 

constructed from vibration characteristics [17, 21]. To examine 

the performance of the proposed DI approach in CG dams, in 

this study, numerical investigations will be conducted on a FE 

model under two separated load cases: (i) operational loads 

including hydrostatic pressure and the dam self-weight, and (ii) 

virtual unit point load acting at the dam crest. Deflection under 

the first load case is extracted directly from the FE model and 

can represent the actual static deflection measurement. By 

contrast, as the unit point load acting at the dam crest is not a 

real load case, the corresponding deflection is obtained 

indirectly from the measured modal flexibility (MF) matrices. 

The process of obtaining the MF-based deflections is briefly 

described as follows. The flexibility matrix F can be well 

approximated from a few lower modes of vibration as follows 

[22]: 

𝐹 =∑
1

𝜔𝑖
2 

𝑖

𝑖
𝑇

𝑚

𝑖=1

   (16) 

where, i and i are the ith mass-normalized mode shape and 

modal frequency, respectively; m is the number of the 

measured or interested modes, which is normally much lower 

than the degrees of freedoms (DOFs) of the system. After 

obtaining the MF matrix, the deflection of the structure under 

an arbitrary equivalent static point load f can be estimated by: 

𝑢 = 𝐹 𝒇 (17) 

For a single unit point load acting at the dam crest, the 

deflection vector is generally the column of the MF matrix 

corresponding to the dam crest translational DOF. 

3 NUMERICAL INVESTIGATIONS 

In this section, the feasibility of the proposed approach will be 

examined through numerical study. However, due to page limit, 

only the capability of the approach in detecting and locating the 

damage is investigated using changes in the deflection change 
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DC parameter. Full investigations including the use of the SDC 

parameter in quantifying the located damage will be presented 

in future works of the authors.  

 Finite Element Model 

The Koyna CG dam is one of a few popular concrete dams that 

experienced severe seismic cracking due to earthquakes. A 

comprehensive report on the damage patterns of the dam and 

the earthquake characteristics is presented in Chopra and 

Chakrabarti [23]. In the present study, the 103-meter high 

tallest non-overflow cross section of the dam is modelled using 

2D plane stress elements in the ABAQUS finite element 

software (Figure 5-a). For simplicity, the dam is assumed to be 

fixed at its base and subjected to its self-weight and hydrostatic 

pressure when the earthquake occurred. The assumed elastic 

material properties E=31027 MPa, =0.2 and mass density = 

2643 kg/m3, and the first four natural periods of the model T1 = 

0.326 sec, T2=0.124 sec, T3=0.090 sec, and T4=0.063 sec, are 

consistent with those reported in the literature [23, 24]. The 

tensile and compressive strength of the concrete are taken to be 

2.9 MPa and 24.1 MPa, respectively. 

 

Figure 4. Finite element model of Koyna dam (after 

Bhattacharjee and Leger [24]) 

The Koyna earthquake accelerations (Figure 5-b) were 

assigned to the dam model at its base to simulate the actual 

seismic forces. Several damage scenarios were created by 

applying different scaling factors to the input earthquake 

accelerations resulting in different transverse peak ground 

acceleration (PGA) values (Table 1). The plastic-damage 

constitutive model for concrete subjected to cyclic loads 

developed by Lee and Fenves [25] was used to simulate crack 

initiation and propagation. Figure 6 illustrates the damaged 

regions,  which are relevant to experimental and numerical 

studies in the literature (Figure 7), such as Mridha and Maity 

[26], Wang et al, [27]. In Figure 6, the damaged (cracked) 

regions are determined where the tensile damage variable 

(named by ABAQUS as DAMAGET [28]) is close to 1. The 

figure indicates that cracks initiated at the dam neck from the 

damage case D1, then at the dam base from the damage case 

D2, before they penetrated into the dam body in the subsequent 

damage scenarios. The modal frequencies of the first four 

modes in the undamaged and the four damaged states are 

summarized in Table 2.  

 
Figure 5. The Koyna earthquake accelerograms (after 

Bhattacharjee and Leger [24]) 

 

 

Figure 6. Damage scenarios with crack lengths (left to right, top 

to down: D1, D2, D3, D4) 
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Table 1. Damage scenarios 

Damage case D1 D2 D3 D4 

PGA (g) of the 

transverse component 
0.23 0.27 0.3 0.35 

Crack length at dam 

neck (m) 
3.0 4.8 6.5 8.4 

Crack length at dam 

base (m) 
- 2.2 6.5 8.7 

 

The trend of reductions in the natural frequency throughout the 

damage scenarios clearly indicates the presence of cumulative 

damage. However, further investigations are needed to identify 

the damage. 

 

 

Figure 7. Experimental simulation of cracks under on a Koyna 

dam model [26] 

Table 2. Natural frequencies in different damaged states (units: 

Hz) 

Mode 

No. 
D0 D1 D2 D3 D4 

1 3.066 3.062 3.055 3.044 3.035 

2 8.097 8.082 8.056 8.004 7.964 

3 11.073 11.068 11.057 11.033 11.000 

4 15.906 15.901 15.884 15.818 15.713 

Note: “D0” in Table 2 denotes the undamaged state. 

 Damage Identification from Deflection Change under 

Operational Loads 

Figure 8 compares typical dam deformations under its self-

weight and the hydrostatic loads before and after the occurrence 

of damage due to earthquake. It shows that for the lower portion 

below the dam neck, the cracks occurs at the dam base from the 

upstream surface caused additional deflection towards the 

downstream under high hydrostatic pressure. By contrast, for 

the upper portion of the dam, since the hydrostatic pressure is 

significantly smaller, the seismic cracks develop and open from 

the downstream at the dam neck level caused additional 

deflection towards the upstream under the dam self-weight. 

The deflections of the dam are extracted for the upstream 

(US) and downstream (DS) faces in order to calculate the DC 

vectors, which are plotted in Figure 9 and Figure 10. For the 

damage case D1, from the dam base upwards, the DC plot 

encompasses a zero portion, before it linearly increases towards 

the US direction. According to the developed damage locating 

concept, the region between these two linear portions (around 

z = 66.5m) is correctly identified as damage. Similar damage 

patterns are found in the DC plots of the remaining damage 

cases, but with different inclination of the linear portions. For 

the crack at the dam base, though it initiated from D2, it might 

not be significant enough to be detected until becoming more 

severe in the damage cases D3 and D4. In these two last 

scenarios, the DCs in the lower part of the dam inclines towards 

the DS direction, indicating the presence of damage at the dam 

base. 

 

 

Figure 8. Deformation of the dam under operational loads 

(Undamaged left and D4 right; deformation scale factor: 1000) 

It can also be observed from Figure 9 and Figure 10 that the 

slope of the DC plots in the linear portions gradually increases 

as the cracks propagated deeper into the dam body. Therefore, 

the proposed DI method can be used to monitor the 

development of the damage. 

By observing the DC plot, the maximum magnitude of DC at 

the highest point of the dam ranges from 0.5mm to 4mm. This 

is within the measurable range of current deflection 

measurement techniques that can record the deflections to the 

unit of 0.1mm [29]. 

 

 

Figure 9. Deflection change plots under operational loads (left 

to right: D1, D2) 
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Figure 10. Deflection change plots under operational loads (left 

to right: D3, D4) 

 Damage Identification from Modal Flexibility-Based 

Deflection Change 

In this section, the deflections under a virtual unit point load 

acting at the dam crest are estimated indirectly from the MF 

matrices, which are constructed from only the first mode of 

vibration. The resultant MF-based DC plots of the four damage 

scenarios are presented in Figure 11 and Figure 12. As 

expected, the MF-based DC plots follow the theoretical DC 

pattern, which clearly reveal the cracked regions at the dam 

neck and base. Similar to the DI results in the previous section, 

the method experiences difficulty in detecting early cracks at 

the dam base (D2). One distinctiveness compared to the DC 

plots under the operational loads is that the MF-based DC plots 

continuously increase towards the downstream direction in the 

upper part of the dam. This is because the MF-based DC 

indicates global cumulative increases in the flexibility of the 

dam above the damage locations. 

 

 

Figure 11. MF-based deflection change plots under virtual unit 

point load (left to right: D1, D2) 

 

 

Figure 12. MF-based deflection change plots under virtual unit 

point load (left to right: D3, D4) 

4 CONCLUSIONS 

In this paper, an approach to locate and quantify damage in CG 

dams from changes in static deflection and modal parameters is 

presented. The development of the damage identification 

method is based on a theoretical static deflection change pattern 

developed for cantilever Timoshenko beams taken into account 

both flexural and shear effects. Numerical investigations 

indicate that the proposed method can accurately locate various 

seismic crack scenarios, which can be seen as a common 

damage type in CG dams.  

The proposed approach can be applicable for the case where 

static deflections are measured directly under known static load 

such as hydrostatic pressure from the reservoir. Alternatively, 

it is demonstrated that the use of indirect MF-based deflections 

estimated from modal flexibility matrix would bring 

satisfactory damage detection results.  

As the paper is mostly centered around the feasibility 

investigation of the method, further research is needed and may 

be reported in the future work of the authors. 

REFERENCES 

1. De Wrachien, D. and S. Mambretti, Dam-break problems, solutions 

and case studies. 2009: WIT press. 

2. Chan, T. and D.P. Thambiratnam, Structural health monitoring in 
Australia. 2011, New York: Nova Science Publishers. 

3. Sohn, H., C.R. Farrar, F.M. Hemez, D.D. Shunk, D.W. Stinemates, 

B.R. Nadler, and J.J. Czarnecki, A review of structural health 
monitoring literature: 1996-2001. 2004: Los Alamos National 

Laboratory Los Alamos, NM. 

4. Karbhari, V.M. and F. Ansari, Structural health monitoring of civil 
infrastructure systems. 2009: Elsevier. 

5. Le, N.T., D. Thambiratnam, A. Nguyen, and T.H. Chan, A new 

method for locating and quantifying damage in beams from static 
deflection changes. Engineering Structures, 2019. 180: p. 779-792. 

6. Doebling, S.W. and C.R. Farrar. Computation of structural 

flexibility for bridge health monitoring using ambient modal data. 
in Proceedings of the 11th ASCE Engineering Mechanics 

Conference. 1996. Ft. Lauderdale, FL, USA: Citeseer. 

7. Ni, Y., H. Zhou, K. Chan, and J. Ko, Modal Flexibility Analysis of 
Cable‐Stayed Ting Kau Bridge for Damage Identification. 

Computer‐Aided Civil and Infrastructure Engineering, 2008. 23(3): 

p. 223-236. 
8. Jayasundara, N., D. Thambiratnam, T. Chan, and A. Nguyen, 

Damage detection and quantification in deck type arch bridges 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure  

1727 

using vibration based methods and artificial neural networks. 

Engineering Failure Analysis, 2020. 109: p. 104265. 

9. OBrien, E., C. Carey, and J. Keenahan, Bridge damage detection 
using ambient traffic and moving force identification. Structural 

Control and Health Monitoring, 2015. 22(12): p. 1396-1407. 

10. Koo, K., S.-H. Sung, and H.-J. Jung, Damage quantification of 
shear buildings using deflections obtained by modal flexibility. 

Smart Materials and Structures, 2011. 20(4): p. 045010. 

11. Bernagozzi, G., S. Mukhopadhyay, R. Betti, L. Landi, and P.P. 
Diotallevi, Output-only damage detection in buildings using 

proportional modal flexibility-based deflections in unknown mass 

scenarios. Engineering Structures, 2018. 167: p. 549-566. 
12. Wang, Y., D.P. Thambiratnam, T.H. Chan, and A. Nguyen, Method 

development of damage detection in asymmetric buildings. Journal 

of Sound and Vibration, 2018. 413: p. 41-56. 
13. Le, N.T., D.P. Thambiratnam, T.H.T. Chan, A. Nguyen, and B.K.T. 

Huynh. Damage assessment of concrete gravity dams using 

vibration characteristics. in 6th International Conference on 
Structural Engineering, Mechanics and Computation, SEMC. 2016. 

14. Cheng, L., J. Yang, D. Zheng, B. Li, and J. Ren, The Health 

Monitoring Method of Concrete Dams Based on Ambient Vibration 
Testing and Kernel Principle Analysis. Shock and Vibration, 2015. 

2015: p. 1-11. 

15. Boumechra, N., Damage detection in beam and truss structures by 
the inverse analysis of the static response due to moving loads. 

Structural Control and Health Monitoring, 2017. 24(10). 

16. Le, N.T., D.P. Thambiratnam, T.H.T. Chan, and A. Nguyen. 
Damage quantification in beam-like structures from modal 

flexibility change. in SHMII 2017 - 8th International Conference on 

Structural Health Monitoring of Intelligent Infrastructure, 
Proceedings. 2017. 

17. Le, N.T., A. Nguyen, D. Thambiratnam, T. Chan, and T. Khuc, 

Locating and quantifying damage in beam-like structures using 
modal flexibility-based deflection changes. International Journal of 

Structural Stability and Dynamics, 2020. 20. 

18. Wu, Z. and H. Su, Dam health diagnosis and evaluation. Smart 
Materials and Structures, 2005. 14(3): p. S130-S136. 

19. Loh, C.-H. and T.-S. Wu, Identification of Fei-Tsui arch dam from 

both ambient and seismic response data. Soil Dynamics and 
Earthquake Engineering, 1996. 15(7): p. 465-483. 

20. Bukenya, P., P. Moyo, H. Beushausen, and C. Oosthuizen, Health 

monitoring of concrete dams: A literature review. Journal of Civil 
Structural Health Monitoring, 2014. 4(4): p. 235-244. 

21. Sung, S., K. Koo, and H. Jung, Modal flexibility-based damage 

detection of cantilever beam-type structures using baseline 
modification. Journal of Sound and Vibration, 2014. 333(18): p. 

4123-4138. 

22. Pandey, A.K. and M. Biswas, Damage detection in structures using 
changes in flexibility. Journal of Sound and Vibration, 1994. 169(1): 

p. 3-17. 

23. Chopra, A.K. and P. Chakrabarti, The earthquake experience at 
Koyna dam and stresses in concrete gravity dams. Earthquake 

Engineering & Structural Dynamics, 1972. 1(2): p. 151-164. 
24. Bhattacharjee, S. and P. Leger, Seismic cracking and energy 

dissipation in concrete gravity dams. Earthquake engineering & 

structural dynamics, 1993. 22(11): p. 991-1007. 
25. Lee, J. and G.L. Fenves, A plastic‐damage concrete model for 

earthquake analysis of dams. Earthquake engineering & structural 

dynamics, 1998. 27(9): p. 937-956. 
26. Mridha, S. and D. Maity, Experimental investigation on nonlinear 

dynamic response of concrete gravity dam-reservoir system. 

Engineering Structures, 2014. 80: p. 289-297. 
27. Wang, G., Y. Wang, W. Lu, C. Zhou, M. Chen, and P. Yan, XFEM 

based seismic potential failure mode analysis of concrete gravity 

dam–water–foundation systems through incremental dynamic 
analysis. Engineering Structures, 2015. 98: p. 81-94. 

28. Simulia. Abaqus 6.14 Documentation. 2014; Available from: 

http://130.149.89.49:2080/v6.14/. 
29. Lew, J.-S. and C.-H. Loh, Structural health monitoring of an arch 

dam from static deformation. Journal of Civil Structural Health 

Monitoring, 2014. 4(4): p. 245-253. 

 

 

 
 

 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

http://130.149.89.49:2080/v6.14/


Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure  

1728 

 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 



MS27 
LATEST SHM ADVANCES 
IN THE ASIAN REGION



 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure  

Porto, Portugal, 30 June - 2 July 2021 
ISSN 2564-3738 

1731 

ABSTRACT: In this study, mixed trainings of CNN model with both UAV sourced image data and inspection report sourced data 

were conducted to reinforce the machines performance when it’s seeing the background and no-damage structural members, which 

are less in the inspection reports but resourceful in real UAV scanning images. UAV videos acquired from a few real bridge patrols 

were used as sources. The 4K images was sliced from video and split to small samples. Each sample was then label manually to 

classes including background, a few types of damage, and a few types of undamaged structural surfaces. Training with original  

inspection report sourced data, UAV sourced data, and mixed data were conducted and compared in accuracy of damage 

recognition in UAV image. For detailed and better resolution damage detection, pixel level damage detection using the pictures 

from the picture database of both Bridge Inspection and UAV Inspection was also conducted and evaluated in this research. 

KEY WORDS: UAV; Aerial Image; Bridge Inspection; Damage Detection; Deep Learning. 

1 INTRODUCTION 

Instead of manual detailed bridge inspection, UAV based 

bridge patrol can roughly scanning the surface of the bridge and 

bring back high-resolution image data in very low cost. To use 

those data smartly, the application of Convolutional Neural 

Network (Deep Net) based image processing can found 

deteriorations such as cracks, palling, corrosions, leaking water 

effectively.  

Many methods for UAV autopilot were studied in recent 

years, and many useful applications can be used for bridge auto 

patrol. In this studied, recent advanced methods for UAV 

bridge inspection including its performance evaluation, 

limitations, and preliminary application of autopilot for bridge 

patrol were introduced. 

On the other hand, damage detection from UAV image is 

different with those for experimental images, background and 

health structure members are the majority. Damage detection 

using the real-world UAV image is the real challenge to 

suppress the false positive damage. Efforts have been 

conducted to extract labeled damage photos from past 

Inspection reports and to find out effective way to train CNN 

model for damage detection. Although it can achieve accuracy 

about 90% after data argumentation using this data base, its 

ability of recognize damage from real word UAV image is low.  

In this study, mixed trainings of CNN model with both UAV 

sourced image data and inspection report sourced data were 

conducted to reinforce the machines performance when it’s 

seeing the background and no-damage structural members, 

which are less in the inspection reports but resourceful in real 

UAV scanning images.  

UAV videos acquired from a few real bridge patrols were 

used as sources. The 4K images was sliced from video and split 

to small samples. Each sample was then label manually to 

classes including background, a few types of damage, and a few 

types of undamaged structural surfaces.  

Training with original inspection report sourced data, UAV 

sourced data, and mixed data were conducted and compared in 

accuracy of damage recognition in UAV image. 

For detailed and better resolution damage detection, pixel 

level damage detection using the pictures from the picture 

database of both Bridge Inspection and UAV Inspection was 

also conducted and evaluated in this research 

2 UNMANNED BRIDGE INSPECTION USING UAV 

 UAV Bridge Inspection 

The basic concept of UAV based Bridge Inspection is, as 

shown in Figure 1, to instead of operators high place climbing 

and dangerous operation to get close access and observation of 

bridge surface, UAV can be controlled to flight to close the 

bridge surface and capture high resolution and featured digital 

pictures or videos to help engineers and experts to detect 

abnormal, changes and damages so they can diagnose its reason 

and to predict its development and to decide the needs of 

actions such as repair or retrofit. 

  

Figure 1. UAV Bridge Inspection. 
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 AI Enhanced Damage Detection 

Based on the concepts of the UAV Bridge Inspection, it can be 

further expected to use image processing technics, especially 

those dramatically improved ones such as Deep Learning (AI) 

algorithms.  

One of the most common ones is Convolutional Neural 

Networks (CNN), which is known as its success in object 

classifications. Thus by dividing the UAV high resolution 

digital images (HD, 4K), to small pieces (crop), and detect them 

one by one, the damage in the image can be detected, as shown 

in Figure 2. 

 

 

Figure 2. Damage Detection from UAV Images. 

 Fully Unmanned Bridge Inspection 

As the fast explosive innovation of Deep Learning (AI), Fully 

Unmanned Bridge Inspection, or Smart Bridge, can be 

considered to be developed in near future by simply combining 

a few key technologies. As shown in Figure 3, Fully Unmanned 

Inspection can  

1. Acquire UAV images by an UAV piloted aerial video, or 

a planned route autonomous flight. Though not all 

member surfaces can be captured from aerial images to 

date, with the evolution of the UAV aircraft, the coverage 

rate can be continually improved in future. 

2. 4K or higher solution images, frames from videos can be 

uploaded to cloud server or nearby edge computer 

connected storage. Implemented Deep Learning processor 

can process those images to detect damages as show in 

latter chapters. 

3. Consulting with the bridge information model (BIM) 

including structure information, construction information, 

past inspection reports, and repairing, retrofitting 

histories, further diagnose can be predicted for those 

damages. Diagnose is expected as damage reason, 

algorithms, types, stages, and advised reaction plans. 

4. With the assistance of AI, and human management, 

reaction plans could be approved and authorized. 

5. Thus further action can be approached and all results 

should be recorded to the cloud server again, for future 

data base.  

 

  

Figure 3. Fully Unmanned Inspection. 

3 AUTONOMOUS UAV BRIDGE INSPECTION 

 UAV Autonomous pilot  

UAV autonomous piloted flight has been developed for long 

time. The basic mission for the mission is to control the motors 

of the aircraft to move in 3D space from the start point to the 

target point. Recent UAVs installed optical sensors of camera 

sensors can sensing the obstacles and avoiding them by an 

bypass instead of straight line. 

For civil engineers, development of autonomous flight 

aircraft is not necessary, as many aerial photo hobby UAVs also 

applied those functions and even infrastructure inspection is 

also considered by the developers. And Software Development 

Kit (SDK) are also available in many cases. 

 

 Low cost General UAV Aircraft and their performance 

for bridge inspection 

Low cost general UAV aircraft are selected as UAVs for bridge 

inspection UAVs, as their performance has been proved in the 

past researches. 

UAV aircraft used in this this research is shown in Figure 4. 

The performance evaluations for bridge inspection was 

proposed in the references2. 

 

  

 

Figure 4. UAV Aircraft Used in this research. 

The performance for those UAVs can be evaluated as the 

following equation. 

𝑃𝐼 = 𝑂𝑝 + 𝑆𝑓 + 𝑉𝑠   (1) 

 

Where, 𝑃𝐼  is the performance index of the UAV used for 

bridge inspection. 𝑂𝑝  is the operation performance factor, 
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where marks the easiness of operation for bridge inspection, its 

weight is about30% of PI. 𝑆𝑓 is the safety performance factor, 

which marks the safeties of using this UAV in bridge 

inspection, its weight is about35% of PI.  𝑉𝑠  is the Vision 

performance factor, which marks whether the quality of vision 

sensing for photos or videos is good enough to be considered 

as same as manual inspection in close distance, its weight is 

about 35% of PI. 

 

Table 1. UAV Performance Evaluation. 
 

Terms Mp P4 M2z Mm Ma 

Operation 

performance 

Flight time 

(15) 

9 7 10 5 6 

FPV (5) 5 5 5 5 5 

Distance (5) 5 5 5 4 4 

Speed (5) 5 5 5 3 3 

Safety 

performance  

Wind 

Resistance 

(25) 

15 12 21 18 19 

Obstacle 

Avoidance 

(10) 

10 10 10 10 10 

 Vision 

performance  

Static Photos 

(10) 

6 6 6 6 6 

Dynamic 

Video (10) 

10 10 10 8 10 

Gimbal 

Stable (5) 

5 5 5 5 5 

ISO 

Sensitivity 

(5) 

2 2 2 2 2 

Shutter 

Speed (5) 

4 4 4 4 4 

Performance Index (100) 76 71 83 70 74 

 

For the wind resistance, it is difficult to evaluation without 

wind tunnel tests. However, based on the wind tunnel test in the 

past, the following equation (1733) was proposed to simply 

evaluate its maximum wind resistance (sustainable static wind 

speed) using its pure Load-Weight Ratio. 

𝑊𝑟 = −11.5𝑅𝑝 + 15.2   (2) 

Where 𝑅𝑝  is defined by the self-weight 𝑊 and Payload of 

UAV 𝑃 as following equation (1733). 

 

𝑅𝑝 =
𝑊

𝑃−𝑊
    (3) 

 

The UAVs used in this research was evaluated as shown in 

the following table using the Performance Index. It can be seen 

that UAV M2Z (code in this research, reference) shows the best 

performance compare to others. 

 

 

 

  

 

Figure 5. Performance Tests (Push-Force Measure) for UAV. 

 Waypoint based Smart Flight 

UAV autonomous flight and AI based damage detection are 

frequently discussed in recent years. Some services proved by 

a few companies can be seen. However its performance is lack 

of verification. 

One of the most simple way is using Waypoint to define a 

flight plan. One the path points (waypoints) were decided, the 

autonomous flight can be deployed using the point-to-point 

auto pilot. 

Thus, a straight-forward way to auto pilot the UAV is using 

a map and planning the waypoint on it. At every point, its height, 

point direction, camera actions, passing-by speed should be set. 

 

  

Figure 6. Waypoint assigned planning flight. 

 

 

Figure 7. Waypoint Recording Type Autonomous Flight. 

However, different with the 3D mapping, bridge inspections 

need the camera on UAV capture vision information in narrow 

angles such as under surface of girder or decks. This asks more 

accurate definition of the flight path. Thus, it is more 

permissible to directly flight the UAV to a perfect point and set 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure  

1734 

its camera and record this point. This waypoint recording type 

autonomous flight, as shown in Figure 7. 

 Performance verification on real bridge 

As an actual bridge inspection, J Bridge was inspected by 

autonomous flight of UAV. As shown in Figure 8, Bridge J is 

a continuous box girder bridge, and the experiment is carried 

out at around 11:30 in winter, with three people as inspection 

experiment personnel. 

In conducting the inspection, we set a home point at an 

appropriate place after confirming the traffic and safety of the 

surrounding people. The distance between the UAV and the 

bridge was kept at 7 m, the flight was set at 5 m / s, and 

waypoints were set for each pier. The temperature and wind 

speed at the time of measurement were 15.4 ° C and 1.72 m⁄s. 

 

 

Figure 8. View of the Target Bridge at One of the Waypoints. 

 

High quality images are recorded successfully, and the 

operation time is great reduced comparing with the manually 

controlled patrol flight. Even though, the manually flight 

waypoint record is need, operator can focus on the camera 

angle and height during the operation without worrying about 

the flight control. And when the operator moves the aircraft, 

there is no need to consider the camera. Once the waypoint is 

recorded in proper location the flight can be conducted 

autonomously, it is in more stable flight and better vision 

quality than manual pilot. And one the flight waypoint and 

flight path was recorded, it can be used from so on. And the 

image data by different time but same path are easier to be 

compared. 

4 DEEP LEARNING BASED DAMAGE DETECTION 

FROM UAV IMAGES 

 Convolution Neural Network based Classification 

Deep learning is a technology that has succeeded in correctly 

classifying 1000 types of images using a convolutional neural 

network (CNN), as shown in Figure 9, and has been attracting 

attention around the world since around 2012[1, 2]. Damage 

recognition using this is also being studied in the field of civil 

engineering[3,4,5]. 

However, in the studies so far, it is common to use laboratory 

photographs and photographs from inspection reports as 

training data. In many of these photographs, damage such as 

cracks was mainly taken in the center of the image, but in the 

photographs actually taken by the UAV from the actual bridge, 

the background of trees, rivers, passing vehicles, buildings, 

etc., as well as soundness.  

Most of the structural members are shown. If CNNs trained 

using only experimental photographs and inspection report 

photographs are applied to these UAV photographs, there is a 

problem that the error rate becomes large because the 

background and sound structure are also mistakenly recognized 

as damage, and it is not practical. 

 

 

Figure 9. Convolutional Neural Network. 

 

For example, Tabata et al.[6] used photographs obtained from 

inspection reports to crop the damaged part, causing corrosion, 

cracking, peeling / reinforcing bar exposure, water leakage / 

free lime, water leakage / stagnation. We have constructed a 

database consisting of 6 types of photographs, water and 

undamaged, and obtained a model with 90% detection 

accuracy. However, when the model was applied to an image 

taken by a UAV from an actual bridge, the recognition accuracy 

dropped significantly to 64%, as can be seen in Figure 10. 

 

 

Figure 10. Recognized Damage (Corrosion) By CNN. 

 Mixed training for high performance damage detection 

The cause of such problems can be consider as that the CNN 

model is trained mainly by damage photographs in a series of 

learning, and there is little information on the background trees 

and rivers, healthy steel and concrete. In that case, since the 

training data of the sound structure is small due to the learning 

that optimizes the classification problem, the characteristics of 

the sound class are not correctly captured, and the probability 

of hitting the damage is higher. Therefore, the model tends to 

misunderstand the healthy structure as damage according to the 

tendency. 

However, in the video shot by the UAV, many backgrounds 

will inevitably enter the shooting screen. In addition, even 

structural members generally have a sound appearance in most 

cases, and most of the damage is not present in 1% of the 

images taken. In this way, there is a large difference between 

the rate of appearance of damage in the real world and the rate 

of photographs of damage in the training database, and in order 
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to correct it, the background and sound structural appearance 

taken in the real world Must be mixed with the training data at 

a fixed rate. 

In this study, in order to improve this problem, the 

background misrecognition problem is improved by mixing not 

only the damage photograph data from the inspection report but 

also the photograph of the actual bridge taken by the UAV into 

the training database, as shown in Figure 11.  

 

 

Figure 11. Mixed Training Database. 

 

As for the training method of CNN for image classification, 

data set without and with mixing were used to train the CNN 

model as same as the Tabata’s work[6]. Let them be Models 1 

and 2, respectively. As a result of predicting damage 

recognition for the UAV photographs, the accuracy of Models 

1 to 4 was 53.5%, 70%, respectively. Figure 12 shows the 

results of classification visualized. 

 

 

Figure 12. Damage Recognition for Damage (Corrosion: Blue), 

Background (Pink) and Health Structure Member (Steel, 

Green). 

In this image, all three items of "background", "other", and 

"fance" are classified in the same purple so that the damaged 

part can be easily seen. In Model 1. As a result of classification, 

the damaged part "corrosion" was misclassified as undamaged. 

It is considered that this is because when training using only 

UAV photographs, there were few damaged images and the 

model could not correctly grasp the characteristics of corrosion. 

As a result of classification by Model 2, the "corrosion" part 

can be classified almost correctly, but the tree part included in 

the "background" is misclassified as "water leakage" or 

"corrosion".  

In the future, it will be necessary to increase the damage data, 

especially the photographic data showing healthy structures 

from UAV photographs. 

 Pixel level damage detection 

As an attempt to further improve the accuracy, we applied the 

FCN method for recognizing damage at the pixel level without 

being affected by image division. Finally, in order to make it 

more practical than automatic damage recognition, we 

conducted a basic study on damage classification judgment by 

image classification. 

 

Figure 13. Segmentation Model VGG-UNet used in this 

research. 

 

 

Figure 14. Pixel Level Damage Detection. 

5 SUMMARY 

In this study, mixed trainings of CNN model with both UAV 

sourced image data and inspection report sourced data were 

conducted to reinforce the machines performance when it’s 

seeing the background and no-damage structural members, 

which are less in the inspection reports but resourceful in real 

UAV scanning images.  

UAV videos acquired from a few real bridge patrols were 

used as sources. The 4K images was sliced from video and split 

to small samples. Each sample was then label manually to 

classes including background, a few types of damage, and a few 

types of undamaged structural surfaces.  

Training with original inspection report sourced data, UAV 

sourced data, and mixed data were conducted and compared in 

accuracy of damage recognition in UAV image. 

For detailed and better resolution damage detection, pixel 

level damage detection using the pictures from the picture 

database of both Bridge Inspection and UAV Inspection was 

also conducted and evaluated in this research. 
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ABSTRACT: The recent development of sensing devices for infrastructures enhances the possibility of vibration-based structural 

health monitoring (SHM) of civil infrastructures. The low-frequency signal is dominant in the vibration of the large-scale 

structures, and its small amplitude sometimes causes difficulty in measuring. Also, the sensor has enough durability for long-term 

monitoring in a severe environment.  Therefore, the high-accuracy MEMS accelerometer was developed for structural health 

monitoring, and the accelerometers were installed on a plate girder bridge in the northern region of Japan. 24-hour vibration 

monitoring has been conducted for four years for practical SHM research.  

In this study, the monitoring system continuously measures acceleration and saves them every 10 minutes. The natural frequencies 

of four vibration modes are detected by the peak picking method, and there is a good correlation between its peak frequency and 

temperature. The frequency of the 4th mode increased after the repair work. We considered that its change is caused by an increase 

in the lateral bending stiffness of the concrete barrier. We expect those results are beneficial for the SHM of the concrete barrier 

of the bridge. Also, we consider it may have the potential of the detection for deterioration and damage of the structures. 

KEY WORDS: Long term monitoring; Seasonal fluctuation; Natural frequency. 

1 INTRODUCTION 

The recent development of sensing devices for infrastructures 

enhances the possibility of vibration-based structural health 

monitoring (SHM) of civil infrastructures [1]. The low-

frequency signal is dominant in the vibration of the large-scale 

structures, and its small amplitude sometimes causes difficulty 

in measuring. Both good stability and a low noise character are 

required for the accelerometer for good measurement results. A 

number of accelerometers are required to determine the 

vibration mode shapes. Mode shapes are sometimes useful to 

know the dynamic characteristics of large-scale structures. To 

achieve this requirement, cost-effectiveness is also important. 

Therefore, the high-accuracy MEMS accelerometer was 

developed for structural health monitoring and the 

accelerometers have been installed on a plate girder bridge in 

the northern region in Japan. 24-hour vibration monitoring has 

been conducted for 4 years for practical SHM research.  

The bridge is a 4 spans continuous plate girder bridge with 2 or 

3 main girders constructed in 2007. Its location is in the coldest 

region in Japan and the atmospheric temperature fluctuates 

from -28 to 38 °C throughout a year. 5 tri-axial MEMS 

accelerometers and 9 thermometers installed in the 4th span of 

the bridge. The monitoring system measures both ambient 

vibration and traffic vibration of the bridge with a 1000Hz 

sampling frequency from August 2016. And the system also 

measures the temperatures of the main girders and the 

composite bridge deck in 10 minutes intervals from May 2018. 

The bridge authority conducted a repair work of the damaged 

concrete barrier in 2019. 

The monitoring system continuously measures acceleration and 

saves them every 10 minutes as one data set. There are about 

200,000 data set for 4 years. The data processing program 

processed these data sets to obtain predominant frequencies by 

the peak picking method. The natural frequencies of the 4 

vibration modes are detected from the predominant frequencies 

of the power spectra. There is a good correlation between its 

peak frequency and the temperature of the bridge girder which 

is placed in the shade. A lateral vibration predominates only in 

the 4th vibration mode.  

The natural frequency of the 4th vibration modes temporarily 

decreases during the repair work and becomes to increases after 

the repair work. The stiffness is lowered by the shaving 

concrete surface during the repair work and the stiffness 

increased after the repair work. It induced the changing of the 

natural frequency of the 4th vibration mode. This successful 

detection of the frequency change due to the stiffness change 

means the possibility of SHM. This also means that the 

diagnosis might be able to be carried out without a temporary 

closure of the traffic. 

2 LONG-TERM MONITORING ON A STEEL BRIDGE 

 A plate girder bridge 

Figure 1 shows the appearance of the bridge that is a target in 

this study. Figure 2 is the general drawing of the bridge. The 

bridge is a 212 m long four-span continuous steel plate girder 

bridge with steel-concrete composite deck slab constructed in 
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Kitami City, Hokkaido, Japan in 2007. The location is the 

coldest area in Japan and special attention needs for the 

maintenance of infrastructures. The width of the bridge varies 

by span because the bridge connects to the ramp of the exit of 

the road. Therefore, the 1st to 3rd sections have three main 

girders and the 4th span has two main girders. The stiffness of 

the composite deck slab increases comparing to conventional 

RC slabs so that the transverse span of the deck slab is longer 

than RC slabs. This novel structural characteristic makes the 

torsional stiffness lower and its vibration characteristics need 

to investigate carefully. 

 Sensor system 

In this bridge, acceleration and temperature monitoring are 

conducted in the 4th span, which is 35 m long with two main 

girders. The monitoring system consists of a total of 5 tri-axial 

accelerometers (JAE JA-70SA) and 9 thermometers(T&D 

RTR-502). Accelerometers are installed on the girder, two of 

them are on the G-1 girder and the others are on the G-3 girder. 

Thermometers are installed on the surface of a girder and a slab. 

No.1 and 2, No.3 and 4 are installed on the front and back 

surface of the girder to evaluate the effects of the sunlight. 

Figure 3 describes the location of sensors. Figure 4 shows the 

installed sensors. 

The JA-70SA accelerometer, shown in Figure 4 (a), has been 

developed to provide a lower cost alternative to high accuracy 

quartz devices [2]. It was designed initially for structural health 

monitoring. It can achieve a 10-6G's minimum resolution and 

packs its 3-axis into a compact package. 

The monitoring system continuously measures acceleration 

at a sampling rate of 1000Hz and saves them every 10 minutes. 

The thermometer measures the temperature of the structural 

members in 10 minutes intervals. 

 A maintenance work 

A concrete barrier of the bridge side has deteriorated due to the 

freezing and thawing actions. The repair  work on the 

barrier was carried out from September 2, 2019, to December 

2, 2019. The concrete delamination was occurring throughout 

the entire length of the barrier on the G-1 side(upstream side). 

Figure 5 shows the temporally scaffolding installed during the 

construction. As shown in Figure 6, 30 - 35 mm of the concrete 

surface was removed, and the section was repaired using 

polymer cement mortar. 

3 MONITORING RESULTS AND DISCUSSIONS 

 Temperature fluctuation 

The time history of the temperature of some members and air 

temperature are shown in Figure 7. (a) shows thermometer #1 

installed on the G-3 girder, (b) shows thermometer #4 installed 

on the G-1 girder, (c) shows thermometer #5 installed on the 

bottom of the composite slab, and (d) shows the environmental 

air temperature recorded at AMeDAS[3] Kitami observation 

station where the Japan Meteorological Agency established far 

from 2km of the bridge. Thermometer #1 installed on the 

southern side of the bridge shows a maximum temperature of 

47.2°C and a minimum temperature of -25.9°C. From the 

beginning of September to the mid of April, the girder has large 

temperature changes due to direct insolation in the daytime, and 

the highest daily temperature change of 47.7°C recorded on 

Figure 1. Bridge overview. 

(a) Side view. 

(b) Plan view. 

(c) Section view (the 4th span). 

Figure 2. General drawing of the bridge. 

□ Accelerometer     ○ Thermometer 
Figure 3. Sensor location. 

(a) Accelerometer(JA-70SA)  (b) Thermometer(RTR-502). 

Figure 4. Sensor settings. 

1st span 2nd span 3rd span 4th span 
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February 10, 2019. On the same day, thermometer #4, 

thermometer #5, and the outside temperature were 17.6°C, 

5.7°C, and 18.7°C respectively, and the member temperatures 

of the G-1 and G-3 girders differed by almost 30°C with and 

without the effect of solar radiation. On the other hand, 

thermometer #4, located on the north side of the bridge, has a 

maximum temperature of 36.9°C and a minimum temperature 

of -25.4°C in the whole of the period. Since the girder is under 

shaded throughout the year, the temperature fluctuations are 

similar to the air temperature. Thermometer #5, located on the 

bottom of the composite slab, had a maximum temperature of 

31.7°C and a minimum temperature of -16.1°C. This 

temperature change was relatively small to the main girders 

both daily and annually because the composite slab has 

concrete material which has a large thermal capacity. 

 Dynamic change of natural frequencies 

In this section, the long-term changes in vibration 

characteristics are discussed. Figure 8 shows an example of the 

time history acceleration of the #5 accelerometer for 10 minutes 

in the center of the span. The  measurement results show that 

the acceleration amplitude is less than one gal in the constant 

ambient vibration, and the acceleration increases when a 

vehicle passes by. The accelerometer used in this study can 

measure both this ambient vibration and the large traffic-

induced vibration. Figure 9 shows the power spectrum of the 

above acceleration data. In Figure 9, there are 8 peaks in the 

frequency range of 0 - 10Hz. However, in considering the 

seasonal variation of about 0.2 - 0.4Hz, in this study, we focus 

on the four dominant frequencies below 5Hz and they were 

considered as the 1st to 4th modes. 

Figure 7. The time history temperature. 

(d) Air temperature (AMeDAS) 

(c) Thermometer #5 (Bottom of the slab) 

(b) Thermometer #4(G-1) 

(a) Thermometer #1(G-3) 
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Figure 5. The temporally scaffolding. 

Figure 6. Section drawing of the concrete barrier. 
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The peak picking method is applied to obtain natural 

frequencies from a large amount of continuous vibration data. 

The predominant frequencies of the peak of power spectra such 

as shown in Figure 9 were regarded as the natural frequencies 

of vibration modes. Since the peak of the spectrum fluctuates 

over time, a search range of frequencies was determined for 

each vibration mode. The average of the predominant 

frequencies extracted within this range was regarded as the 

natural frequency. The natural frequencies of four low-order 

modes are summarized in Table 1, and the mode shapes of the 

3rd and 4th modes are shown in Figure 10. The 1st to 3rd modes 

are vertical bending modes, and the 4th mode is a combination 

of vertical torsion and horizontal bending. 

Figure 11 (a) and (b) show the variation of the natural 

frequency with time in the vertical direction for the 3rd mode 

and the 4th mode respectively. The annual variation of the 

dominant frequency is higher in winter when the temperature 

of the member decreases, and lower in summer when the 

temperature of the member increases. Also, to compare the 

change in the natural frequency before and after the repair 

work, Figure 12 shows the relationship between the natural 

frequency and the air temperature from January 10 to August 

10 in 2019 and 2020. For the 3rd mode, which is a vertical 

bending mode, the natural frequency did not change 

significantly from the previous year. On the other hand, for the 

4th mode, which is dominant in the horizontal vibration, the 

natural frequency at 0°C increased by 0.028 Hz compared to 

the previous year after the repair work. To evaluate this 

0.028Hz is whether significant or not, we used Welch's test. 

The test condition and result are shown in Table 2 and Table 3 

respectively The test was conducted on 1000 data extracted 

from the data shown in Figure 12. The following formulae were 

used for the statistical analysis. 

 

𝑡0 =
𝑥1̅̅ ̅−𝑥2̅̅ ̅

√𝑉1 𝑛1⁄ +𝑉2 𝑛2⁄
     (1) 

𝑉1 = 𝑆1 (𝑛1 − 1)⁄         (2) 

𝑉2 = 𝑆2 (𝑛2 − 1)⁄         (3) 

𝑆1 = ∑𝑥1𝑖
2 −

(∑𝑥1𝑖)
2

𝑛1
        (4) 

Figure 10. Mode shapes of the 4th span. 

Figure 11. Fluctuation of natural frequencies. 
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Figure 9. The power spectrum of acceleration. 

Table 1. Natural frequencies and mode shapes. 

Mode 

Search 

frequency range 

(Hz) 

Natural 

frequency 

(Hz) 

Mode shape 

1 1.5 – 2.0 1.73 
Vertical 

bending 

2 2.6 – 3.1 2.89 
Vertical 

bending 

3 3.4 – 3.8 3.65 
Vertical 

bending 

4 3.8 – 4.3 4.02 

Transverse 

bending and 

torsional 
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𝑆2 = ∑𝑥2𝑖
2 −

(∑ 𝑥2𝑖)
2

𝑛2
                        (5) 

∅ = (
𝑉1

𝑛1
+

𝑉2

𝑛2
)
2

{
(𝑉1 𝑛1⁄ )2

∅1
+

(𝑉2 𝑛2⁄ )2

∅2
}⁄                       (6) 

 

where, t0 is the test statistic, 𝑥1, 𝑥2 are the mean values, n1, n2 

are the sample sizes, V1, V2 are the sample variances, S1, S2 are 

the summations of the squared deviation, ∅ is the degrees of 

freedom. Table 3 summarizes the calculation results. t0 is 4.71 

in the 4th mode and 8.61 in the 3rd mode, which are significant 

results. Therefore, it can be considered that the difference in the 

natural frequencies of both the 3rd and 4th modes changed 

significantly before and after the maintenance work. 

The reason for these natural frequency changes is recovering 

the stiffness of the concrete barrier by the repair. Since the 

deterioration of the barrier had progressed overtime after the 

construction, the stiffness of the barrier had decreased before 

the repair work. Because the stiffness of the vertical surface of 

the concrete section was restored, the effect on the vertical 

bending stiffness was smaller, then the increase on the natural 

frequencies of vertical bending modes such as the 3rd mode 

was scarce. On the other hand, the stiffness in the horizontal 

bending direction increased due to the large distance from the 

neutral axis, and this difference was expressed as an increase in 

the 4th mode natural frequency. Although these discussions 

were based on the structural mechanism, significant differences 

were obtained in the test results for both modes, and it was 

confirmed that the stiffness change affected the entire structure. 

As described above, in this study, the increase of the natural 

frequencies due to section repair of the concrete barrier of the 

bridge was detected by continuous processing of the 

accumulated vibration data. The fact that the change in the 

frequency was obtained in a specific vibration mode suggests 

that it is possible to identify the location of the deterioration by 

considering the difference in the contribution rate to the overall 

stiffness.  

4 CONCLUSIONS 

In this study, we investigated the time history variation of the 

natural frequencies of a steel plate girder bridge and the effects 

of repair work on the dynamic response characteristics based 

on the acceleration data of long-term monitoring. 

Firstly, we confirmed the performance of the accelerometer 

developed for structural health monitoring. From the long-term 

monitoring in an actual bridge, the accelerometers could 

measure precisely traffic-induced vibration and ambient 

vibration under one of the most severe environments in Japan. 

The natural frequencies change both daily and annually by 

temperature changes of outside air and the structural member. 

Also, due to the stiffness change caused by the repair work of 

the concrete barrier in the target bridge, the natural frequency 

of the mode in the horizontal direction fluctuated. The future 

work is to confirm whether the same tendency occurs in the 

planned repair work of the barrier above the G-3 girder, and 

then the application to damage identification. 
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Table 2. The test condition. 

null hypothesis 𝐻0: 𝜇1 = 𝜇2 

alternative hypothesis 𝐻1: 𝜇1 ≠ 𝜇2 

significance level α = 0.05 

rejection region 𝑅: ȁ𝑡0ȁ ≥ 𝑡(∅, 𝛼)=1.96 

 
Table 3.  The calculation results of the test statics. 

 The 3rd mode The 4th mode 

year 2019 2020 2019 2020 

n 1000 1000 1000 1000 

𝑥ҧ 3.65 3.66 4.00 4.03 

V 0.00215 0.00230 0.00689 0.00801 

t0 4.71 8.61 
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ABSTRACT: This paper investigates using sparse deep belief network (SDBN) for structural damage identification. In this 

approach, Restricted Boltzmann Machines (RBMs) are used as building blocks to formulate a SDBN. This developed SDBN is 

applied to conduct the training of the generated datasets and identify structural damage. To further enhance the capacity of the 

RBMs, a sparse constraint is applied to enable the hidden units to become sparse. Modal information, i.e. natural frequencies 

and mode shapes are used as the input to the network, and the output are the damage locations and severities of the structure. 

Numerical example on a space truss structure are conducted to verify the accuracy and performance of the proposed approach. 

Undetermined damage identification is conducted, where the quantity of input modal data is less than that of the system 

parameters to be identified. The identification results show that the proposed SDBN can identify the damage effectively. 

 

KEY WORDS: Structural damage identification; Deep Neural Network; Sparse; Undetermined. 

1 INTRODUCTION 

Based on many factors, such as fatigue accumulation and 

extreme loading effects, structures would inevitably generate 

some damages in their service periods. If these minor 

damages could not be detected timely, the structure condition 

will further deteriorate and even face a major risk of structural 

failure. Therefore, identifying structural damage at an early 

stage is crucial and vital for infrastructure condition 

monitoring and asset management. Until now, a variety of 

vibration based structural damage identification methods have 

been developed, which can be referred to several review 

papers [1-2]. 

Mathematically, structural damage identification could be 

converted into a pattern recognition problem. Thus, many 

optimization-based methods have gained extensive attention.  

Guo et al. [3] used the Alternating Minimization (AM) 

algorithm for damage identification, in which the objective 

function was formulated by the frequency response-based data. 

Lu et al. [4] developed an enhanced response sensitivity 

method and applied for solving identification problem of open 

cracks. Furthermore, the least square algorithm [5], the 

homotopy algorithm [6] and the gradient-based method [7] 

have been developed to handle with the damage identification 

problem. Nevertheless, the abovementioned traditional 

methods usually require a good initial value and gradient 

information. In real applications, sometimes it is 

computational intensive to obtain gradient information, 

especially for large-scale engineering structures, which poses 

restrictions to these traditional methods.    

On the other hand, neural networks based methods and 

swarm intelligence algorithms could be used to remedy the 

mentioned shortcomings, since these methods learn and make 

predictions through data instead of explicit formulas. Hence, 

many studies by applying swarm intelligence algorithms and 

neural networks methods have been investigated for structural 

damage identification. Ding et al. [8] developed the Tree 

Seeds Algorithm (TSA) to identify the damage in a truss and a 

frame structure.  Later, Ding et al. [9] also introduced the Jaya 

algorithm to solve damage identification problem, where the 

objective function is improved by utilizing the Bayesian 

inference and sparse regularization techniques. As with the 

neural networks based methods, Zhan et al. [10] used the 

Convolutional Neural Network (CNN) to perform damage 

identification for beam structures. Numerical results showed 

that the CNN could yield satisfactory identification results. 

Chen et al. [11] employed the Bayesian Neural Network 

(BNN) to conduct damage identification. The effectiveness of 

using BNN for damage identification is verified with studies 

on a shear building, a truss and an eight-story frame. Bao et al. 

[12] combined the computer vision technique together with 

the Deep Neural Network (DNN) to detect damages for a real 

long-span bridge. Yu et al. [13] also extended the application 

of deep CNN to smart building structures.  

Although these intelligence methods have been successfully 

applied to solve their own problems, challenges still exist. The 

modelling uncertainties have not been investigated in Refs. 

[10, 11, 13], however, they unavoidably exist in real 

applications. Furthermore, in Ref. [8], structural damage 

identification is treated as a determined problem, namely, the 

input data is more than that of the total number of unknown 

parameters. However, for a large-scale structure, sometimes it 

is difficult to collect so many frequency-domain data. 

Therefore, several methods requiring a limited number of 

input data, which is less than that of the total number of 

parameters to be identified, should be studied. 

Aiming at these drawbacks, this article employs the Deep 

Belief Network (DBN) [14] to tackle the undetermined 

structural damage identification problem, by considering 

modelling uncertainties and utilizing a limited number of 

modal data that is less than that of the parameters to be 

Using sparse deep belief network for structural damage identification  
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identified. Furthermore, to enhance the performance of the 

DBN, this article mainly focuses on introducing the sparse 

technique to improve the performance of the standard DBN. 

Then SDBN is developed for undetermined structural damage 

identification. A space truss structure is used as the numerical 

example to validate the effectiveness of the proposed 

algorithm.   

2 PROPOSED METHOD 

2.1 Standard Deep Belief Network  

DBN is actually a probabilistic generative graphic model, 

which could be viewed as a stack of the Restricted Boltzmann 

Machine (RBM).  The topology structure of DBN is that the 

hidden layer of every sub-network is served as the visible 

layer for the next, as shown in Figure 1.  The parameters of 

the first RBM, marked as 
0x  and 

1h , are trained according to 

the observation 
0x . For the following layers, an unsupervised 

learning mechanism, termed as the ‘greedy learning 

algorithm’, is adopted to train the following RBMs. 

Specifically, the parameters of the first RBM are used to 

initialize the parameters of the first layer of DBN. The input 

for the first RBM is calculated for the DBN based on 

)|( 1 0xhQ . The newly calculated output will be introduced as 

the input for the next layer until completing L  layers. 

Afterward, a fine-tuning mechanism is started, in which the 

BP network is applied to obtain the final network parameters. 

Obviously, compared with random initialization of the 

traditional neural network, there exists a RBM training 

process in the DBN. The trained RBM acts a vital role in the 

DBN, since it could provide a good initial value thus enabling 

the following training. 
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Figure 1. The topology structure of the DBN. 

2.2 Restrict Boltzmann Machine  

RBM is a generative stochastic artificial neural network that 

could study a probability distribution over its set of inputs. 

The probability distribution of the RBM is controlled by an 

energy function E, with the parameter setting },,{ cbW=  
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where iv and jh are respectively the binary states of the 

visible unit i  and the hidden unit j ; ic  is the bias weight of 

iv ; jb  denotes the corresponding bias weight of jh ; ijw is the 

collection weight of the hidden layer jh  and the visionary 

layer 
iv ; and   represents the model parameter of the RBM. 

According to the energy function, the joint probability of 

the state ),( hv  can be calculated by  
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where z  represents a partition function shown in Eq. (3), 

which guarantees that the sum of probability distribution in 

Eq. (2) equals to 1. 

The activation probability of the hidden unit jh  is 

calculated according to the visible units as below 

                      )();|1(
1
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m

i

ijj wvbhp 
=

+== v                  (4) 

where  is a classical activation function. It can be found that 

the training data iv  and the weight ijw  determine the 

activation probability jh . 

Considering the symmetric algorithmic structure of the 

RBM, the activation probability of the visible unit iv can be 

calculated as 

                )();|1(
1
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n

j

jii whcvp 
=

+== h                   (5) 

Then the log probability of the training data, given the model 

parameter  , is expressed as 

                    =
h

pp );,(log);(log  hvv                  (6) 

The aim of training the RBM is to choose proper parameter   

to fit the training samples. To this end, gradient-based method 

is applied here. Performing the partial derivative of 

);(log vp  with respect to system parameter set   yields 
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It shall be noted that the Contrastive Divergence (CD) method 

[14] is used to solve Eq. (7) and obtain the final initialization 

parameters. More details about the CD method and the DBN 

can be referred to Refs. [14, 15]. 

2.3 Sparse DBN by using the Arc-tan RBM 

Based on the report with a simulation, there are only few 

neurons being activated in the mammalian brain. Specifically, 

an event could be encoded by a few neurons. According to 

this evidence, some researchers extended the sparsity into the 

network based methods [15, 16].  In this article, to realize the 

sparsity of the activated neurons, a smooth function, that is 

Arc-tan, is introduced into the RBM. The specific Arc-tan 

based penalty item is defined as  

                 )/|)|(arctan(|
2

1 1




l

j

l

m

l

k

j

ExR vh
= =

=               (8) 

where )(Ex  is the conditional expectation given m  training 

samples, k  represents the total number of the hidden units,   

is the hyper-parameter that controls the participation extent of 

the Arc-tan norm. 
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On the other hand, to achieve the sparsity purpose, it should 

maximize the log likelihood function and the Arc-tan norm. 

Thus, given the m  sample data, the objective function to be 

optimized in the Arc-tan based RBM is expressed as 

)/|)|(arctan(|
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),log(maxarg
1 11
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where  is a regularization parameter, which is used to control 

the relationship between the data distribution and the 

regularization (penalty) term. It shall be noted that the 

difference between the RBM and the Arc-tan RBM lies in the 

introduction of the Arc-tan norm. Namely, the algorithmic 

structure of the Arc-tan RBM does not change substantially, 

which means that the CD method [14-15] could still be used 

to solve Eq. (9). Similar to the standard DBN, stacking these 

Arc-tan RBMs, the SDBN could be acquired. Furthermore, 

compared with the standard DBN, the calculation complexity 

of the proposed SDBN does not increase significantly. 

3 NUMERICAL SIMULATIONS 

3.1 Numerical model 

A space truss structure is employed as the numerical example 

as shown in Figure 2, and its physical properties are listed in 

Table 1. Damage is assumed to be only relevant to the linear 

stiffness reduction. Hence, the damage of a structure is 

expressed by a series of scalar variables for all the elements 

with ),...,2,1( nelii =  ranged from 0 to 1. The first five 

natural frequencies and mode shapes are adopted as the input 

for the training of the proposed network, while the output is 

the vector of damage indices. The mode shapes are measured 

at the 5th, 7th, 9th, 11th, 13th, 15th, 17th and 19th nodes, along the 

x-axial direction. Considering the data normalization, the 

quantity of modal data is 40 in total, which is less than the 

total number of structural elements, which is 72. The proposed 

algorithm will be used to perform the undetermined inverse 

identification. 1% stiffness variations with a Gaussian 

distribution are introduced into the elemental stiffness 

parameters to simulate the modelling uncertainties.  
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Figure 2. A space truss structure. 

3.2 Data generation for training 

It is assumed that the damage indices of two specific elements 

alter from 0.01, 0.02, ..., to 0.3, while the other elements 

remain intact. 230,040 samples are generated in this numerical 

example. To illustrate the effectiveness of the modification, 

the standard DBN and the proposed SDBN are employed for 

damage identification. As with the parameter setting, those 

networks are trained with 100 visible and hidden units. These 

two networks are respectively executed by CD algorithm with 

mini-batches of sizes of 20. When coming to the fine-tuning 

stage, a four-layer BP network is employed. The mini-batches 

size is set as 36 and the epoch is set as 5102 . Particularly, 

for the proposed Arc-tan based SDBN, the regularization 

parameter   and the hyperparameter   are set as 0.05 and 

0.1, respectively. In addition, the Mean Square Error (MSE) is 

used to measure the training accuracy. In this case, MSE 

acquired by the standard DBN and the proposed SDBN are 
41064.5 −  and 41087.2 − , respectively. The results 

demonstrate that SDBN performs better than the standard 

DBN, validating the necessity of introducing the sparsity into 

the standard DBN to improve the performance. 

3.3 Damage identification results 

In this section, the trained two networks will be used to 

conduct damage identification. Furthermore, to research the 

influence of noise effect on the identification results, 2% 

white noise is introduced into the natural frequencies while 

6% white noise is introduced into the mode shapes. Moreover, 

two damage cases are investigated. The first case is a single 

minor damage scenario. Specifically, there is a 8% stiffness 

reduction in the 15th element, which means .08.015 =  

Figure 3 displays the final identification results. It is clear 

that the proposed Arc-tan DBN could provide a more accurate 

identification result. The absolute identification errors of the 

15th element obtained form the DBN and the Arc-tan DBN are 

0.0107 and 0.0021. The superiority of using the SDBN for 

identifying single minor damage is demonstrated.    

Table 1. Physical properties. 
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7800kg/m3
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Figure 3. Identification results for a single minor damage case, 

(a): DBN; (b) Arc-tan DBN. 

 

The second case investigates the accuracy of identifying 

multiple damages. It is assumed that there is a 5% stiffness 

reduction in the 1st element and a 10% stiffness reduction in 

the 50th element, which means 05.01 =  and 1.050 = . 

Figure 4 shows the final identification results. Likewise, the 

proposed SDBN could still identify both locations and extents 

of the preset double small damages accurately, even using the 

limit number of measured data. The maximum identification 

absolute errors of the damaged elements by using the 

proposed SDBN is 0.0071, better than that acquired by the 

standard DBN, with the maximum error up to 0.0201. 
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Figure 4. Identification results for multiple damage cases: 

(a) DBN; (b) Arc-tan DBN. 

4 CONCLUSION 

The SDBN is developed to solve the undetermined damage 

identification problem. To enhance the performance of the 

proposed SDBN method, the Arc-tan sparse norm is 

introduced to modify the standard DBN. During the process of 

damage identification, the modeling errors and measurement 

noise are considered, numerical simulation results 

demonstrate that the proposed Arc-tan based sparse DBN can 

effectively identify structural damages, with accuracy better 

than those acquired by the standard DBN.  
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ABSTRACT: The need to perform dynamic response reconstruction of full-bridge structures always arises as the evaluation effect 

of one-dimensional bridge inspection and monitoring (IM) data is limited and it is difficult to realize the accurate identification of 

structural parameters. This study presents a hybrid methodology to reconstruct the full-bridge response through fusion inspection 

and monitoring data and finite element simulation. With the help of proper orthogonal decomposition (POD) technique, the 

distributed sensing IM data is decomposed into proper modes and time random function in time domain. In order to reconstruct 

the dynamic response of the predicted element, the separated proper modes are substituted into an identification network 

established by the multi-level finite element model to extract structure features, which are taken as the input vectors in the network 

used for proper model estimation of the predicted elements. Subsequently, the identified proper mode from IM data and the 

estimated proper mode from multi-level simulation are employed to obtain dynamic responses at the remaining elements where 

direct sensor measurements are not available. The full-bridge response reconstruction can provide a new basis for the structural 

state assessment by using the convergence of different analysis methods. A numerical beam example is used to demonstrate the 

overall reconstruction procedure and validate the effectiveness and accuracy of the proposed methodology. Effects of sensor 

layout, the number of sensors, damage conditions, and the noise level in measurement are studied in detail. 

KEY WORDS: full-bridge response; strain identification; POD technique; finite element simulation; Inspection and monitoring 

data 

1 INTRODUCTION 

Structural health monitoring (SHM) has received extensive 

attention for decades in ensuring structural diagnosis and 

predicting structural health [1-5]. Bridge measurements as 

the base part plays an important role in the reliability of the 

SHM system. In order to monitor the real condition of 

bridge, it is necessary to obtain the system response of the 

whole structure. However, due to the influence of the cost of 

data acquisition or the inaccessibility of measured location, 

responses are usually obtained only in a dimension, which 

cannot be used for a complete diagnosis and evaluation of 

structural performance. Therefore, reconstructing of the 

whole structural response data becomes an important part of 

the structural health monitoring system. In particular, full 

response reconstruction can effectively ensure the 

uniqueness and stability of the monitoring results. 

Numerous research efforts have been devoted to 

reconstructing the structural response in the critical areas of 

the structure. With the help of finite element model, the 

transfer matrix is used to transform the measurable response 

to the expected response at the desired location. This kind of 

method has been developed in frequency domain and 

wavelet domain [1-5]. And then this method was extended 

to effectively identify structural damage combined with the 

updated finite element models [10-12]. Empirical mode 

decomposition (EMD) is also a typical technique for 

reconstruction responses. It decouples the measured 

response to the intrinsic mode function that can be used to 
estimate the response at the non-measured position [13]. In 

order to improve the decomposition ability of this 

technology in narrowband signals, a modal superposition 

method is developed to reconstruct the structural response 

with closely spaced modes [14]. Strain transformation 

function in modal coordinates was derived to extrapolate the 

strain and stress responses in a direct time domain 

strain/stress reconstruction method [15]. Additionally, 

Kalman filter (KF) is often used to process measured noise 

in SHM and can solve the problem of linear and nonlinear 

constitutive model well in response reconstruction. 

Knowing the external input is important to KF that can 

reduce the measurement noise, and many methods have 

developed KF-based to estimate unknown inputs and 

structural response. An analytical Extended Kalman filter 

(EKF) solution was used to deal with the more general 

measurement scenarios [16]. A two-stage KF can work 

under color noise compared to the traditional KF which 

works under white noise [17]. A recursive three-step filter is 

used for unbiased minimum-variance state estimation with 

the least square method [18]. Physical coordinates was used 

in unbiased input estimation and state updating to construct 

complex responses [19]. In order to obtain local and global 

information, some other algorithms based on KF have been 

developed using multi-type responses. Noisy acceleration 

and strain measurements were employed to reconstruct 

displacement response with a modal-based KF [20]. A 

moving-window KF used measured strain and displacement 

to reconstruct these dual-type responses [21]. Based on 

multi-type response, some researches were also done on 

sensor placement and structural damage identification [22-

23].  
The methods based on transfer matrix and EMD discussed 

above use the finite element model or the updated finite 

Reconstruction of full-bridge response using finite elements and inspection and 

monitoring data 
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element model to establish the characteristic parameters 

(transfer matrix and model matrix), and then use the measured 

data to reconstruct the structural response on the basis of these 

characteristic parameters, which involves whether the finite 

element model can provide the parameters consistent with the 

real structural system [24-27].The method based on filtering 

shows its unique advantage in the processing of measurement 

noise. But accurate estimation of input force is required to 

effectively ensure the accuracy of data reconstruction, and the 

input estimation leads to the complexity of response 

reconstruction algorithm and is not suitable for structural 

systems with complex external loads. Thus, the model-free 

methods have been developed that does not rely on any 

assigned finite element model. Many model-free algorithms 

rely on the compressive sensing (CS) framework [28-29]. 

The CS framework was exploited to recover the incoherent 

missing data by some researches [30-33]. A Bayesian CS 

method was extended to reconstruct data with the help of the 

sparse Bayesian learning mechanism [34]. With multivariate 
Gaussian process prior, a Bayesian multitask learning approach 

compared the performance under different covariance 

functions of the missing data [35]. In addition, other model-free 

methods, such as the Sequential Extensive Learning (SBL) and 

the correlation degree, have also been developed for data 

reconstruction in SHM applications [36-37]. The model-free 

method is mainly based on the sparse characteristics of the 

acquired signals in a transform domain to reconstruct the 

complete signals. But the model-free method restricts the 

reconstruction of the structural response of the unmonitored 

location in the whole structural area. 

In order to obtain full bridge structural response, a hybrid 

methodology using finite element and inspection and 

monitoring data is introduced in this paper to avoid updating 

the finite element model and solve the problem of low accuracy 

of response reconstruction for the unmonitored locations. This 

methodology considers the connection between finite element 

simulation and IM data of the structure and uses a POD 

technique to implement the reconstruction of responses, which 

can reconstruct the structural response with a reduced-order 

model (ROM) of the structural system.  

The outline of the paper is as follow. Section 2 gives the 

framework and theory of the proposed methodology. Section 3 

are results of numerical simulations adopting a simply 

supported beam bridge. Section 4 describes the experimental 

set and provides results obtained with the application of the 

methodology. 

2 FRAMEWORK OF THE PROPOSED SYSTEM 

The framework of the full-bridge response reconstruction 

integrates the bridge IM data and finite element simulation, as 

shown in Fig.1. Since the advantage of long-gauge fiber bragg 

grating (FBG) is conducive to obtaining the IM data of the full-

bridge, the long-gauge FBG strain sensor is adopted in this 

paper to monitor the structural response. The IM data collected 

from the long-gauge strain sensors is decomposed with the 

POD technology to obtain the reduced-order model (ROM) and 

the function of temporal coefficients (TCF) that can be used to 

initially estimate the structural response combined with the 

coordinate information of the prediction unit. For the 2-D 

bridge model, the number of monitoring units is much smaller 

than the number of prediction units. So only using the 

coordinate information and the prior information cannot 

reconstruct accurate structural response. In order to improve the 

precision of response reconstruction, a model database is 

established to simulate damage at different locations on the 

full-bridge with the finite element model (FEM). The ROM of 

each model can be identified in the modal database. 

Subsequently, the ROM is employed to find some models 

matching the real structure from the model database. The 

correspondence between the ROM of the prediction unit and 

the monitoring unit in the matching model is demonstrated in 

regularized ROM (RROM) and helpful to estimate the ROM of 

the prediction unit. Finally, the preliminarily estimated 

response is decomposed again by POD that can obtain the 

updated ROM and the function of temporal coefficients, and 

the updated ROM is further improved by the correspondence 

between the monitoring unit and the prediction unit in the 

matching model. Thus, the improved ROM and the function of 

temporal coefficients can analyzed to reconstruct the final 

structural response by the POD. 

3 RESPONSE INITIAL RECONSTRUCTION BASED 

ON IM DATA 

 Response prediction based on POD 

POD is a method used to derive the most efficient coordinate 

system for observing individual phenomena, which can be 

applied to the analysis of random phenomena [1]. It provides 

the most efficient way of capturing the dominant components 

of an infinite-dimensional process with only a finite number of 

“modes”, and often surprisingly few “modes”[2]. In this 

context, it is assumed that U(t) is the strain vector measured at 

all measuring points (N) of the structure： 

𝑢(t) = {𝑢1(𝑡), 𝑢2(𝑡),⋯ , 𝑢𝑁(𝑡)}𝑇                      (1) 

where 𝑢𝑖(𝑡) = 𝑢(𝑥, 𝑦, 𝑡) , is the strain response at the 

coordinates (x,y). Let R( 𝑥, 𝑦; 𝑥′, 𝑦′)  denote the spatial 

covariance function between of the response between the 

monitoring points (𝑥, 𝑦) and (𝑥′, 𝑦′). The R(𝑥, 𝑦; 𝑥′, 𝑦′) can be 

determined as follows: 

R(𝑥, 𝑦; 𝑥′, 𝑦′) = 𝐸[𝑢(𝑥, 𝑦, 𝑡), 𝑢(𝑥′, 𝑦′, 𝑡)]           (2) 

In order to obtain the maximum projection of strain vector 

on the coordinate axis, it is necessary to find an orthogonal 

coordinate system. The ϕ𝑖  is the eigenvector of the 

R(𝑥, 𝑦; 𝑥′, 𝑦′), and it is the basis vector on the i-th axis of the 

orthogonal coordinate system, which satisfies the eigenvalue 

problem of the following equation: 

Rϕ𝑖 = 𝜆𝑖ϕ𝑖                                (3) 

whereΦ = [ϕ1, ϕ2, ⋯ , ϕ𝑁]  is the N × N  matrix of response 

modes; Λ = diag{ 𝜆1, 𝜆2, ⋯ , 𝜆𝑁}  is a diagonal matrix 

consisting of the proper values of the response. The projection 

a𝑖(t) of the strain vector on the ith axis can be defined as: 

a𝑖(t) = 𝑢(t)𝑇 ∙ ϕ𝑖 = ϕ𝑖
𝑇 ∙ 𝑢(t)                       (4) 

where a(t) = {𝑎1(𝑡), 𝑎2(𝑡),⋯ , 𝑎𝑁(𝑡)}𝑇，a𝑖(t) (𝑖 = 1,⋯ ,𝑁) 

is defined as the ith response principal coordinate and is a TCF. 

According to the Karhunen-Loève expansion [3], the 

covariance orthogonal transformation can be defined as: 

𝑢(t) = Φ ∙ a(t) = ∑ a𝑖(t) ∙ ϕ𝑖
𝑁
𝑖=1                       (5) 
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Generally, the first K( K < N)  order eigenmodes contain 

most of the strain energy. With the first K modes, the strain 

vector can be further expressed as 

𝑢(t) = Φ ∙ a(t) = ∑ a𝑖(t) ∙ ϕ𝑖
𝑁
𝑖=1                       (5) 

Generally, the first K( K < N)  order eigenmodes contain 

most of the strain energy. With the first K modes, the strain 

vector can be further expressed as 

𝑢(x, y, t) = ∑ a𝑖(t) ∙ ϕ𝑖
𝐾
𝑖=1 (𝑥, 𝑦)  (𝐾 < 𝑁)                 (6) 

If the eigen mode Φ and the principal coordiante a(t) can be 

obtained, original strain can be expressed by a formula. In an 

engineering sense, the low-order eigenmodes are often 

sufficient to reconstruct the response accurately. Assuming that 

𝑢′(x′, y′, t) is the strain response that needs to be predicted at 

position (x′, y′). Based on the POD principle, 𝑢′(x′, y′, t) can 

be expressed as 

𝑢′(x′, y′, t) = ∑ 𝑎𝑖
′(𝑡)𝐾

𝑖=1 ϕ𝑖
′(x′, y′)                       (7) 

where ϕ𝑖
′(x′, y′) is an approximation value of eigenmodes in 

the position (x′, y′) and can be obtained by inverse distance 

weighted interpolation. 𝑎𝑖
′(𝑡)  is the approximate principal 

coordinate calculated according to the known responses. 

 Modal Matching Based on Finite Element Simulation 

For the 2D bridge model, the number of monitoring units is 

much smaller than the number of prediction units, so only using 

the coordinate of prediction units and the prior information 

cannot effectively reconstruct the unknown response. The FEM 

is a useful tool to build a sufficient database of damage models 

for model matching. Matching model can help to improve the 

accuracy of ϕ𝑖
′(x′, y′) in the Eq.(7), so as to ensure the response 

accuracy of the final reconstruction. For each model in the 

model database, its eigen orthogonal modal (EOM) information 

can be firstly extracted based on POD technology. The 

measured responses are then decomposed to obtain the EOM. 

By comparing the EOM from measured responses with the 

EOM of different models, models corresponding to the model 

closet to the real structure are found to complete the model 

matching. The correspondence between the EOM of the 

prediction unit and the monitoring unit in the matching model 

is helpful to correct the EOM of the prediction unit from the 

initial reconstruction.  

The bridge response is analyzed and calculated in different 

areas. If there are k units (represented as r rows and c columns) 

in an area of bridge, this area can be set up n (n<k) models, and 

the EOM ϕ𝑖
𝜁

∈ ℝ𝑟×𝑐   (𝜁 = 1,… , 𝑘)  can also be extracted. 

Sensor placement is important to make full use of monitoring 

data. Rules for sensor placement are determined and provided 

as: (1) One edge row needs to be filled with sensors; (2) Several 

sensors should be distributed on the other edge row; (3) For a 

row in the middle of the area, several sensors should be 

centrally located in the middle of the row. When there are m 

monitoring units in this area, the EOM ϕ̅𝑗 ∈ ℝ𝑟×𝑐(𝑗 =

1,… , 𝑝)(𝑝 < 𝑚) of real structure can be estimated based on the 

above discussion. According to the rules, ϕ̅𝑗 can be defined as 

ϕ̅𝑗 =

[
 
 
 
 
 �̅�11

𝑗
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𝑗
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                       (8) 

It can be seen from Eq.(8) that the EOM in line 1,line t and 

line r can be obtained from the measured responses and the 

EOM of the un-monitored units are unknowns (set to 0). In the 

model database, model 1 is the model of an undamaged 

structure. The EOM in the model 𝜁  corresponding to the 

monitoring unit can be rewritten as 

φ𝑖
𝜁

=

[
 
 
 
 
 
𝜙11

𝑖 (𝜁)  𝜙12
𝑖 (𝜁)… 𝜙1𝑚

𝑖 (𝜁) … 𝜙1,𝑐−1
𝑖 (𝜁)  𝜙1,𝑐

𝑖 (𝜁)

0…  0  𝜙𝑡,𝑚−1
𝑖 (𝜁)   𝜙𝑡𝑚

𝑖 (𝜁)   𝜙𝑡,𝑚+1
𝑖 (𝜁) 0…  0

𝜙𝑟,1
𝑖 (𝜁)   0  …     0    𝜙𝑟𝑚

𝑖 (𝜁)    0  …    0   𝜙𝑟𝑐
𝑖 (𝜁) ]

 
 
 
 
 

 

(9) 

 

 
Figure 1. Flowchart of the response reconstruction of full-bridge.
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In order to highlight the modal characteristics, A𝑖
𝜁(𝑥, 𝑦) and 

𝐵𝑗(𝑥, 𝑦) are established from Eqs. (9) and (10), which can be 

shown as 

A𝑖
𝜁(𝑥, 𝑦) = 𝜚𝑖(𝜁) − 𝜚𝑖(1)   𝐵𝑗(𝑥, 𝑦) = �̅�𝑗(𝜁) − 𝜚𝑗(1)  (10) 

where 𝜚𝑖(𝜁) = φ𝑖
𝜁
(𝑥, 𝑦)/φ𝑖

𝜁
(𝑥,𝑚) ,  �̅�𝑗 = ϕ̅𝑗(𝑥, 𝑦)/

ϕ̅𝑗(𝑥,𝑚) .After obtaining A𝑖
𝜁(𝑥, 𝑦)  and 𝐵𝑗(𝑥, 𝑦) , this study 

adopts correlation coefficient to find matching models from n 

models: 

𝑟1(𝑖) = 𝑐𝑜𝑟𝑟[𝐵𝑗(𝑥, 𝑦), A𝑖
𝜁(𝑥, 𝑦)]               (11)  

The values greater than (or equal to) the set threshold value 

are selected from r as the result of preliminary screening 

results. The models of preliminary screening are not accurate 

enough and need to be further analyzed to determine the 

matching models. This step mainly depends on the correlation 

between the monitoring units on the cross section. By 

analyzing the attributes of each element and the relationship 

between each element, a judgment matrix J is established 

based on B (non-zero terms), in which the elements are all 1, 

the establishment of J is: 

{
𝑖𝑓 𝐵𝑗(𝑥, 𝑦) > 0 (< 0) 

𝑖𝑓 𝑎𝑏𝑠[𝐵𝑗(𝑥𝑘 , 𝑦𝑘−1)] > 𝑎𝑏𝑠[𝐵𝑗(𝑥𝑘 , 𝑦𝑘)]
 →  𝐽𝑗(�̅�, �̅�)   (12) 

According to the same judgment conditions in B, the 

judgment matrix 𝐽 ̅corresponding to n models is established 

based on A, in which the element are either 1 or 0. For the 𝛼th 

preliminary screening model, the element in 𝐽�̅�
𝛼(�̅�, �̅�)  is 

assigned to 1 if it satisfies the condition, and 0 if it does not. 

Thus, 𝐽 ̅can be obtained: 

{
𝑖𝑓 𝐴𝑗

𝛼(𝑥, 𝑦) > 0 (< 0) 

𝑖𝑓 𝑎𝑏𝑠[𝐴𝑗
𝛼(𝑥𝑘 , 𝑦𝑘−1)] > 𝑎𝑏𝑠[𝐴𝑗

𝛼(𝑥𝑘 , 𝑦𝑘)]
 →  𝐽�̅�

𝛼(�̅�, �̅�)  

(13) 

where 𝑎𝑏𝑠[∙] is the absolute value function. Combining Eqs. 

(14) and (15), there is  

G =  {𝑠𝑢𝑚[𝐽�̅�
𝛼(�̅�, �̅�) − 𝐽𝑗(�̅�, �̅�)] < 𝜚)? 𝑇: 𝐹}                   (14) 

  The matching model of the real structure can be finally 

determined by Eq. (16). After finishing the model matching, the 

EOM calculated by POD technology can be modified by using 

matching model and the EOM from measurement response. 

Combining ϕ𝑖
𝜁
 of the matching model and ϕ̅𝑗, there is: 

ϕ̅𝑗(𝑥, 𝑦) =
�̅�𝑗(𝑥,𝑚−1)×𝜚𝑖(𝜁)(𝑥,𝑦)×ϕ̅𝑗(𝑥,𝑚)

𝜚𝑖(𝜁)(𝑥,𝑚−1)
                    (15) 

It is known from Eq.(15) that the EOM of unmeasured units 

can be obtained in Eq.(8) and Eq.(15) is only applicable to the 

estimation of the prediction unit with the same cross-section as 

the monitoring unit. For the remaining unmonitored units, the 

curve interpolation method can be used to determine their 

EOM. Therefore, the unmonitored units on the full bridge can 

be divided into two levels, as shown in Fig.2. For the second 

level unmonitored unit, the EOM of the preliminary 

interpolation calculation still need to be modified using the 

matching model, especially for the location where damage may 

occur. A multi-damage model base based on the matching 

model of single damage is established to modify the EOM of 

the second level unmonitored units. When the possible damage 

location in the second level unit is determined, it is feasible to 

use the undamaged units in the same cross section to find the 

matching model from multi-damage model base. Ω𝑖
𝜁

∈ ℝ𝑟×𝑐 is 

the EOM of the 𝜁th multi-damage model. Thus, there is: 

𝜗𝑖(𝜁) = Ω𝑖
𝜁
(𝑥, 𝑦)/Ω𝑖

𝜁
(𝑥,𝑚)                         (16) 

 

 
Figure 2. Level division of the unmonitored units 

 

 
Figure 3. Flowchart of the modal matching for different levels 

of unmonitored units 

 

Given that the possible damage is in the line u, this study use 

r2 to determine the matched model from multi-damage model 

base. The expression of r2 is: 

𝑟2 =  (
𝜗𝑢,𝑙

𝑖 (𝜁)−�̅�𝑗
𝑢,𝑙

�̅�𝑗
𝑢,𝑙

× 100) > 𝜚)? 𝑇: 𝐹                 (20) 

where �̅�𝑢,𝑙  is the value of the undamaged element in row u, 

column l. With the matched models, ϕ̅𝑗 at the second level is 

modified using Eq. (15). The overall process for the EOM 

modification involves several steps, as illustrated in Fig.3. 

It is seen from Fig.3 that the EOM of the unmonitored units 

in the first level can be modified using the matching models 

determined by r1 and G, and r2 is then used to find the matching 

model from multi-damage model base for the second level 

unmonitored units. In conclusion, the model matching method 

based on EOM is to modify the EOM of unmonitored unit 

calculated by POD, which can effectively guarantee the 

accuracy of the finally response reconstruction. 

 Response reconstruction 

In this study, a novel response reconstruction method 

including POD algorithm and FEM was proposed to 

reconstruct the response of full-bridge. Based on the above 

matched models, the structure response of all unmonitored 

units can be reconstructed combining the bridge IM data. The 

procedure of the proposed methods for response reconstruction 

is summarized as follows: 

(1) Initialization: 

  (1.1) The IM data is decomposed by POD technology, 

and the EOM and the TCF of the real structure can be obtained 

that only content the value of the monitoring unit. 
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  (1.2) The single damage model base is established. For 

each model, the EOM for all units and for monitoring units are 

extracted separately. 

(2) Response reconstruction: 

  (2.1) For the first level unmonitored unit, the response 

can be preliminarily reconstructed using Eq. (7) with the 

coordinate information 

  (2.2) Combining EOM from measured response and 

from model base, r1 and G are used to determine the matching 

model from the single damage model database. 

  (2.3) The response of the kth unmonitored unit calculated 

in step 2.1 is decomposed by POD again, and its EOM and TCF 

can be obtained. Then, Eq. (15) is used to modify the 

corresponding value of the unmonitored unit in this EOM. 

  (2.4) The TCF and modified EOM obtained in step 2.3 

are employed to reconstruct the response of the kth 

unmonitored unit using Eq. (6). 

 (2.5) Whether the unit is the last unmonitored unit; If 

not, proceed to read the information of the next unmonitored 

unit and repeat the above steps; If so, it’s over. 

After finishing the response reconstruction of the first 

level unmonitored unit, the work can begin for the second level 

unmonitored unit. Here, it should be noted that the flowchart of 

level 1and level 2 unmonitored units is basically the same, but 

the difference is the number of initial units. The initial unit for 

the first level is the monitoring unit, but the initial unit for the 

second level is the monitoring unit and the unmonitored unit of 

the first level. 

4 NUMERICAL STUDY 

A simply supported beam bridge with multiple T beams serves 

as the numerical study. The geometric configuration of this 

bridge is shown in Fig.4. This bridge is 45m long, 12.76m wide 

and 2.75m high, which consists of five T beams. The Young’s 

modulus is 35500 Mpa and the density is 2549kg/m3. Each 

beam structure is divided into 18 Euler beam units in the FE 

models. In this study, damage is designed as reducing 6% of 

height on unit S48, S49, S4,10 and S4,11 of T beam 4. Several 

vehicles with different weights and speeds are simulated to pass 

across this bridge from different lanes. Thus, the dynamic 

response can be obtained using the sensors mounted on the 

bridge.  

 Model matching 

This section discusses the model base establishment and model 

matching with the real structure. In order to ensure the accuracy 

of response reconstruction identification, the single damage 

model base is firstly established to modify the initial calculated 

EOM. Unit 1, 3, 5, 7 and 9 on each beam are simulated with the 

same damage respectively to establish the model base of area I, 

while area II selects unit 9, 11, 13, 15 and 18 on each beam to 

simulate the damage and build model base. When each model 

in the model base is determined, a unit moving load can be 

applied to each model to obtain the dynamic response of full-

bridge. Here, the EOM for different models can be calculated 

using the POD algorithm.  

 
Figure 4. Geometric configuration and sensor placement of a 

simply supported T beam bridge. 

 

According to the sensor layout, the EOM values for different 

models are then extracted with the monitoring units in area I 

and II. For model 1 in area I and II, both of them are models 

simulating undamaged structures, and their EOM shows a 

straight line. For the investigated bridge, several vehicles are 

simulated to pass along different lanes of the bridge at different 

speeds, and the strain time history of each monitoring unit is 

collected using the long-gauge sensor. The sampling frequency 

is 200 Hz, and the sampling time is 10 s. The collected strain 

data is decomposed by POD technology, and it is known from 

the decomposition process that the energy contained in first 

order EOM accounts for more than 99% of the total energy. 

Therefore, the first order EOM and their TCF are selected in 

this paper as the basis for the subsequent analysis. There are 

difference between the EOM values calculated by different 

amount of data, so the EOM value of the structure are not 

concerned in the stage of modal modification. For the real 

structure, the first order ϕ̅1 of area I and area II are extracted 

from the monitoring data. 

Matrix A and B are established based on Eq. (10) using the 

obtained ϕ̅1 and φ1 . In order to find matching models in the 

model base, Eq.(11) is employed to initially match some 

models that corresponds to the investigated bridge. Using the 

results in r1, model 11, 20 and 21 are selected in area I, and 

model 17,18 and 19 are selected in area II. Here, matrix 𝐽1 and 

𝐽1̅
𝛼  are established for obtaining the matrix G that is used to 

determine the final models from the initial match models. It is 

known from the results that the model 20 and 21 from area I 

and the model 17 and 18 from area II are finally determined 

from the signal damage model base to modify the EOM 

estimated by POD algorithm. 

 Response reconstruction 

Based on the above analysis, the responses of unmonitored 

units at the first level are reconstructed for the first time using 

Eq.(6), which are then decomposed to obtain the updated EOM 

and TCE. Combining the matched models, the updated EOM 

of unmonitored unit are modified using Eq. (15). As there are 

two matched models for each area, two modified values can be 

got for each unmonitored unit. The final modified value can be 

calculated by averaging the two modified values. Based on 

Eq.(6), the final response of unmonitored unit is obtained using 

the modified EOM and updated TCF. For clear presentation 

here, four units (S15, S29, S49, S55) are chosen to demonstrate 

their reconstructed responses, and the results are shown in 

Fig.5. Fig.5 shows the comparison between the time histories 

of the reconstructed data and the theoretical values. It is 

observed that the reconstructed results are very close to the 
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theoretical results for the four locations, comparing with the 

results calculated by POD technology. 

 
(a)                                         (b) 

 
(c)                                      (d) 

Figure 5. Reconstructed and theoretical strain response for four 

locations: (a) Results for S15; (b) Results for S29; (c) Results for 

S49 and (d) Results for S55 

After finishing the response reconstruction of unmonitored 

units at the first level, multi-damage model base is established 

based on the above determined matching models. Eqs. (16) and 

(17) are used to match the best multi-damage model for 

modification the response reconstruction at the second level. 

For area I, the above matched model 20 is damaged at the 

location of unit S47, while the damage of model 21 occurs at the 

location of unit S49. Therefore, the multi-damage model base of 

area I consists of two models: one with damage on units S48 and 

S49 (Mmodel 1), and the other with damage on units S47, S48 and 

S49 (Mmodel 2). Similarly, the multi-damage model base of the 

area II is established according to the single damage model 

matched by area II. The matrix r2 is established using Eq.(17), 

and the best matching model is found from the multi-damage 

model base.  

It is known from the Mmodel 1 and Mmodel 2 that the final 

matching model is determined mainly by judging the units S17 

and S27 in the two models and real structure. According to the 

calculation results of Eq.(17), the Mmodel 1 is more compatible 

with the real structure. In the same way, the best matching 

model of area II can also be determined. For the unmonitored 

units at the second level, the response is firstly calculated using 

Eq.(7), and then decomposed into EOM and TCF using Eq. (6). 

Subsequently, the EOM for the unmonitored unit is modified 

by the final matched models using Eq. (15) to obtain the 

updated EOM. The response can be reconstructed again by 

employing the updated EOM and the calculated TCF. Ten 

seconds of reconstructed strain measurement data are presented 

in Fig.6.  

In the same fashion of Fig.5, Fig.6 shows the data 

reconstruction results of the unmonitored units in level 2. By 

comparing the results shown in this figure, the accuracy of the 

reconstructed data is improved as the modification of the 

updated EOM. It is found that the reconstructed results 

obtained from the proposed method are very close to the 

theoretical values except for the units S47 and S4,12. The 

discrepancy at the unis S47 and S4,12 of Fig.7 is possible a result 

of accuracy effect of model base, which is determined to be 

within the acceptable range. With the reconstructed responses, 

the maximum value of each unit is extracted for the absolute 

error analysis.  

Fig.7 shows the absolute error distribution of the response 

reconstruction results. Two kinds of error are used to measure 

the error between the theoretical value and the reconstruction 

value. The maximum absolute error (MAE) and the mean error 

(ME) of the error distribution are obtained with values of 5.17% 

and 1.18%, respectively. This case proves that the proposed 

method is suitable for response reconstruction with moving 

loads excitation. 

 Effect of noise level 

To investigated the effect of the noise level on the performance 

of the reconstruction method, numerical experiments with 

different noise levels are performed. The measurement noise of 

the strain measurement is modeled as zero-mean Gaussian i.i.d 

with 2%, 5% and 8% RMS of the corresponding noise-free 

signal, respectively. The error of the maximum value for each 

reconstruction result is extracted and shown in Fig.8. It can be 

seen that the noise level increasing leads to a bigger 

discrepancies. However, all of the reconstructed maximum 

values are still very close to the theoretical values. MAE and 

ME values of the error distribution in Fig.8 are listed in Table 

1. These two types of errors are very small that proving the high 

stability of the proposed method in the presence of 

measurement noise. 

 Effect of multiple forces 

The feasibility of the proposed method in the presence of 

multiple forces acting on different locations is also 

investigated. There are two conditions employed to verify the 

proposed method. For condition 1, a set of forces are applied at 

a node of unit S39, while another set of forces acts on a node of 

unit S4,12 in condition 2. The reconstructed strain response by 

proposed method, by POD technology and the theoretical 

response of unit S38 are shown in Fig.9. Fig.9 (a) and (b) give 

the reconstruction results of unit S38 under different conditions. 

The reconstructed strain curves are very close to the theoretical 

curves even with 5 % noise, indicating very high reconstruction 

accuracy of the reconstruction method. The error distribution 

of the maximum values has been also calculated with the 

reconstructed responses. The MAE and ME for condition 1 are 

5.91% and 2.42% respectively, while those of condition 2 are 

6.1% and 2.94% respectively. The error results suggest an 

overall satisfactory agreement between the reconstructed 

responses and theoretical responses and they illustrate that the 

proposed method is still applicable in the presence of multiple 

forces acting on different locations. 

 
Figure 6. The reconstructed response of unmonitored units in 

level 2 for area I. 
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Figure 7. The Error distribution of response reconstruction. 

 
(a) 

 
 (b) 

 
(c) 

Figure 8. The Error distribution of response reconstruction in 

different areas：(a):2%,(b)5% and (c)8%. 

Table 1. MAE and ME (%) values of the error distribution 

under different noise levels- 

Noise level (%) MAE ME 

2 4.56 1.41 

5 5.45 2.02 

8 6.07 2.62 

5 CONCLUSIONS 

This study has proposed a methodology to reconstruct the full 

bridge strain response using inspection and monitoring data and 

finite element simulation. The algorithm firstly use the POD 

technology to initially estimate the strain response. And then 

the reconstructed response are then decomposed to obtain the 

proper modes that is updated by using the finite element model 

database. The updated proper modes is finally employed to 

reconstruct the strain response. Via formula deduction and 

numerical simulations, the algorithm is demonstrated robust to 

FEM errors. 

Numerical simulations have indicated that the proposed 

algorithm is not affected by complex vehicle load and damage 

condition. The noise level and multiple impact forces condition 

are also considered. According to numerical analysis results, 

reconstructed responses using the proposed method have MAE 

around 6% and ME around 3%.Current investigation need to 

establish a finite element model database that includes many 

finite element models with different damage location. Future 

work for the automatic generation of finite element model 

database is required to make the method more operable. 

 
(a) 

 
(b) 

Figure 9. Reconstruction results of unit S38 under different 

conditions (5% noise): (a) condition 1 and (b) condition 2. 
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ABSTRACT: This article presents an experimental study conducted to investigate the efficacy of the refined time-reversal method 

(RTRM) probing at the best reconstruction frequency and using an extended wave packet around the main mode in the 

reconstructed signal for computing the damage index, as a baseline-free method for damage detection in a varying temperature 

environment. The experiment is conducted on a think aluminum plate surface bonded with two square shaped piezoelectric 

transducers in pitch-catch configuration. A block mass of 24 mm diameter was bonded on the top surface of the plate centrally 

between two transducers, to represent the damage. The experiments are conducted at the room temperature of 25ºC and an elevated 

temperature of 50ºC. At each temperature the reconstructed response of the damaged system is obtained for Hann window 

modulated five-cycle tone burst signals of 20 V potential. The damage index is computed from the root mean square deviation 

between the normalized reconstructed and original input signals. The damage index changed substantially in the damaged plate 

from the undamaged case, indicating the presence of damage at the room temperature. However, the change in the system 

temperature also changed the damage index in general at a given probing frequency. But, at the best reconstruction frequency, the 

damage index did not show any appreciable change due to the temperature rise in both undamaged and damaged states. This 

indicates that the RTRM can indeed be used for baseline-free damage detection under varying temperatures without resorting to 

any temperature compensation. 

KEY WORDS: Lamb wave; Structural health monitoring; Refined time reversal method; Best reconstruction frequency; Time 

reversibility; Piezoelectric transducer; Temperature effect; Damage detection; Damage index. 

1 INTRODUCTION 

In conventional Lamb wave base structural health monitoring 

(SHM) techniques, the damaged detection is accomplished by 

using baseline subtraction methods in which the changes in the 

current wave response in comparison to the baseline signal 

obtained in the same structure in virgin state, indicates the 

presence of the damage. However, such changes in the response 

can be caused by change in the environmental temperature and 

operation conditions [1]. A large number of studies have been 

reported on the effect of the environmental temperature on the 

Lamb wave response of the structure in the recent past [2, 3]. 

Environmental temperature changes the amplitude and the time 

of flight of the Lamb wave response [4]. The subtraction of the 

temperature affected response with the baseline signal will also 

show scattering leading to a false alarm. To overcome the effect 

of the temperature, various temperature compensation 

strategies of Lamb wave based structural health monitoring 

(SHM) technique have been proposed. These compensation 

strategies are mainly categorized as data driven methods and 

model driven methods. The data driven compensation 

technique is frequently referred as the optimal baseline 

subtraction (OBS) and was proposed in [5]. It is based on the 

identification of the previously collected baseline data identical 

to the response obtained from the structure during inspection. 

A frequently used model-driven compensation methodology is 

the baseline signal stretch (BSS). In which only one baseline 

signal is collected and stretched or compressed in the time 

domain [6] or in frequency domain [7] until it matches with the 

global baseline data. However, the success of the BSS depends  

on the mode purity and structural complexity and the use of 

OBS requires collection of a large number of baseline data at 

different temperatures, which is time consuming and requires 

large storage space. Again, it is not possible to subject real 

structures to all possible combination of temperature variations.   

Baseline-free SHM technologies are being increasingly 

preferred to the baseline-based methods because of several 

complications associated with baseline-based methods. Among 

different baseline-free strategies that have been explored in the 

recent past, the time reversibility process (TRP) of Lamb wave 

propagation is the widely used one for thin-walled structures. 

TRP was originally used in acoustics by Fink [8]. In this 

process the original input signal can be reconstructed at the 

actuator location by emitting back the time reversed version of 

the forward response obtained at the sensor. In an undamaged 

system the normalized reconstructed response perfectly 

matches with the normalized input signal. Any discrepancies 

between them indicate the presence of damage. But, the 

reconstruction of Lamb waves is not perfect unlike acoustics. 

Agrahari and Kapuria [9] proposed to use the TRP of the Lamb 

wave at probing excitation frequency called the best 

reconstruction frequency, at which the percent similarity 

between the reconstructed response and original input signal is 

maximum. They proposed a refined time reversal method 

(RTRM), in which an extended mode of the the reconstructed 

response including the main wave pocket and the extra wave 

pockets developed on each side of the main mode, in the 

presence of any damage was proposed to be used for 

comparison with the input signal for better sensitivity.  
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For the TRP to work in a varying thermal environment as a 

baseline-free method, the time reversibility of Lamb waves 

would have to be necessarily temperature invariant. In recent 

studies, the authors [10, 11] have demonstrated through 

experiments in an undamaged plate that the temperature 

invariance of the time reversibility does not generally hold 

good at a given excitation frequency, except at the best 

reconstruction frequency at which the similarity between the 

reconstructed signal obtained after the TRP and the original 

input signal is maximum at the room temperature. In this paper 

an experimental study is presented to examine whether the 

damage index in the RTRM in the presence of damage is 

affected by the temperature. This will establish the feasibility 

or otherwise. 

2 EXPERIMENTAL SETUP 

The experimental setup (Figure 1) consists of an aluminum 

plate of dimension 1500 mm x 1200mm x 3 mm. To simulate 

the damage a block mass of diameter 24 mm was attached to 

the plate (Figure 2). Two square shaped piezoelectric 

transducers manufactured by SPARKLER CERAMICS Pvt. 

Ltd, India of dimension 10 mm x 10 mm x 0.25 mm are used. 

The transducers were attached over the top surface of the plate 

using commercially available two-part araldite epoxy adhesive. 

The transducers were arranged in a pitch-catch configuration 

with a center-to-center distance of 300 mm (Figure 2). The 

block mass was attached to the plate at the center position 

between the piezoelectric transducers using the same adhesive. 

The adhesive was cured for 48 hours at room temperature, 

before starting of the experiment.   

 

 
Figure 1. Experimental setup. 

 

 
Figure 2. Pitch-catch configuration of the piezoelectric 

transducers with a coin as a block mass at the center. 

 

A data acquisition system (QDAM772E18) manufactured by 

Quazar Technology Pvt. Ltd, India, was used to actuate and 

sense Lamb wave in the plate. The experiment was conducted 

by actuating PZT-A (Figure 2) with a five-cycle Hann window 

modulated tone burst signal of amplitude 20 V. The forward 

response was obtained at PZT-B with a sampling rate of 72 

MSPS. The experiment was repeated 20 times and the response 

was averaged to yield better signal to noise ratio. Then the 

response was time revered and emitted back to PZT-A. The 

reconstructed response was then collected at the PZT-A and 

compared with the input signal to compute the time 

reversibility. The experiment was repeated for different 

excitation frequencies. First the experiments were conducted 

on the undamaged plate (i.e., without the block mass). Then the 

block mass was pasted on the plate and measurements were 

taken. 

A two-part heater manufactured by Elec Heaters and 

Controllers Pvt. Ltd, India, of heating area 400 mm x 200 mm 

was placed at the top and bottom surface of the plate to conduct 

the experiments under thermal environment. One PID 

controller (figure 1) was used to control the temperature of the 

system. Two additional thermocouples were placed over the 

plate in the heating zone to monitor uniform heating. The 

experiments were conducted for two temperatures, 25 °C (room 

temperature) and 50 °C (elevated temperature). The stability of 

the adhesive layer under repeated heating and cooling cycles 

has been examined by authors in [11]. It has been observed that 

there is a reduction in the amplitude of the voltage response 

after first heating and cooling cycle, and the amplitude change 

is insignificant with further thermal cycles. 

 

3 DAMAGE INDEX 

The time reversibility of Lamb wave is obtained by comparing 

the normalized reconstructed response (obtained after 

performing TRP) with the normalized original input signal. 

Any deviation between two signals indicates the presence of 

the damage. The quality of the reconstruction is evaluated using 

different damage indices (DIs). One of the DI is based on the 

root-mean-square deviation which measures relative distortion 

energy (DE) and is defined as  

 

𝐷𝐼𝐷𝐸 = √∫ [𝑉(𝑡) − 𝐼(𝑡)]2d𝑡/ ∫ 𝐼2(𝑡)d𝑡
𝑡𝑓

𝑡𝑖

𝑡𝑓

𝑡𝑖
                        (1)         

 
where V(t) and I(t) denotes the normalized reconstructed signal 

and the input signal respectively. ti and tf denote the initial and 

final time of the waveform used for calculation of DIDE 

respectively. DIDE = 0 represents full reconstruction, indicating 

absence of any damage. The time reversibility can also be 

quantified by percent similarity between the normalized 

reconstructed response and the input signal obtained using DIDE 

as 100(1-DIDE). 100% similarity indicated perfect 

reconstruction.  

In conventional TRM, only the main mode waveform of the 

reconstructed signal (Figure 3) is compared with the input 

signal. However, the presence of damage not only distorts the 

main wave packet of the reconstructed response, but also 

develops extra wave pockets between the main wave pocket 

and the side bands [9]. Agrahari and Kapuria [9] proposed to 

utilize the extended mode comprising of main wave pocket and 

the extra bands for the computation of the damage index. The 

initial and final time of the waveform used are obtained as  

        

        𝑡𝑖 =  𝑡𝑚 − 𝑡𝑠 + 𝑡𝑠𝑙 ,        𝑡𝑓 =  𝑡𝑚 + 𝑡𝑠 −  𝑡𝑠𝑙/2              (2) 
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where tm, ts and tsl, denotes the time instances of the peak of the 

main waveform, time window between the main waveform and 

side band and the time length of the main waveform 

respectively, as shown in Figure 3.  

 

 
Figure 3. Extended mode for the RTRM. 

4 RESULTS AND DISCUSSION 

 Effect of temperature on forward response 

In Figure 4, we compare the forward response of Lamb wave 

propagation from PZT-A to PZT-B obtained in the undamaged 

system for an input excitation with central frequency of 200 

kHz, at room and elevated temperatures. It is seen that an 

increase in the temperature of the system increases the 

amplitude of both S0 and A0 modes of the forward response. 

This can lead to a false alarm of the presence of a damage, if 

used as it is. The change in the amplitude with an increase in 

the system temperature is due to the changes in the material 

properties of the piezoelectric transducer, adhesive layer and 

the plate. It is also observed that the time of flight of both the 

modes have increased with temperature. This is due to the 

thermal expansion of the aluminum plate with temperature and 

the change in the elastic modulus and density of the plate, 

which changes the group velocity of the Lamb wave, 

subsequently leading to the change in the time of flight. 

 Effect of temperature on time reversibility of 

undamaged system 

The percent similarity of the reconstructed signal with the 

original input signal of the undamaged system is obtained at the 

room temperature and the elevated temperature and plotted in 

Figure 5 as a function of central excitation frequencies. It is 

observed that at room temperature better reconstruction occurs 

at low excitation frequencies and there is a decline in the quality 

of time reversibility after an excitation frequency of 180 kHz 

due to high amplitude dispersion at higher frequencies. At the 

room temperature maximum percent similarity is observed at a 

central excitation frequency of 110 kHz (best reconstruction 

frequency) and a minimum percent similarity is observed at an 

excitation frequency of 250 kHz. With the elevation of the 

system temperature to 50 °C, the time reversibility improved at 

some excitation frequencies and declined at some others in the 

probed frequency range. Figure shows a maximum change in 

the percent similarity at an excitation frequency of 200 kHz 

with temperature rise and a minimal change at the best 

reconstruction frequency. It is seen that the excitation 

frequency corresponding to the lowest percent similarity shifts 

to left with the increase in the system temperature. It has been 

observed that the elevation of system temperature affects the 

time reversibility of the system at all excitation frequencies 

failing the requirement of the temperature invariance of the 

time reversibility except at best reconstruction frequency.  

 

 
Figure 4. Effect of the temperature on the forward response in 

the undamaged system. 

 

 
Figure 5. variation of the frequency response of the percent 

similarity of the reconstructed signal with temperature. 

 Effect of temperature on forward response of damaged 

system 

The forward responses obtained from the damaged system at 

the room and elevated temperatures are plotted in Figure 6 for 

the excitation frequencies of 110 kHz and 200 kHz. The 

forward responses obtained at the room temperature in the 

pristine state are also plotted in the figure for comparison. For 

both the excitation frequencies, it is observed that when the 

system is at room temperature, the block mass's presence over 

the plate decreased the amplitude and increased the time of 

flight of the forward response, in comparison with the baseline 

signal for the undamaged plate. The decrease in the amplitude 

for the excitation of 200 kHz is higher than the 110 kHz case. 

An extra waveform is also observed in between the S0 and A0 

mode. Rise in the system temperature further reduces the 

amplitude of S0 and A0 mode of the response obtained for 

central excitation frequency of 110 kHz and the A0 mode of the 

response for 200 kHz. However, an increase in the amplitude 

of the S0 mode is observed for the excitation frequency of 200 

kHz due to temperature rise and can be attributed to the 

dominance of the transducer's dynamic effect over the shear-
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lag effect of the adhesive layer. An increase in the temperature 

also increased the time of arrival of the waveforms. Use of a 

baseline method would identify the same damage at the 

elevated temperature as more severe than actual, severely 

compromising the accuracy of the damage detection 

methodology. 

 

 
                                                    (a) 

 
                                                    (b) 

Figure 6. Comparison of experimentally obtained forward 

response in presence of block mass at room and elevated 

temperatures with the baseline signal for excitation frequency 

of (a) 110 kHz (b) 200 kHz 

 Effect of temperature on time reversibility of damaged 

system 

To study the effect of temperature on time reversibility of the 

damaged system, the normalized reconstructed signals 

obtained after performing TRP for an input excitation of 110 

kHz (best reconstruction frequency) and 200 kHz (arbitrarily 

chosen) at room temperature (25 °C) and 50 °C are compared 

with the normalized input signal in Figure 7.  The extended 

mode of the reconstructed signal, including the main waveform 

and the extra modes, is used for comparison. When the system 

is undamaged, and at room temperature, a maximum percent 

similarity between the reconstructed signal and the original 

input excitation is observed at 110 kHz (Figure 5). It is seen in 

Figure 7 that when the system with damage is at room 

temperature, the reconstructed signal deviated significantly 

from the input excitation, but the increase in temperature 

decreased the distortion of the reconstructed response at 110 

kHz and increased at 200 kHz. However, the change due to 

temperature rise is minimal at the best reconstruction frequency 

of 110 kHz.  

 

 
                                                  (a) 

 
                                                  (b) 

Figure 7. Comparison of experimentally obtained reconstructed 

response in presence of block mass damage at room 

temperature and at elevated temperature with the original input 

signal for central excitation frequency of (a) 110 kHz (b) 200 

kHz. 

 

To further study the effect of temperature on the time 

reversibility of the damaged structure at different frequencies, 

the variation of the percent similarity with temperature is 

plotted in Figure 8 as a function of the excitation frequency. 

The percent similarity obtained for the same structure in the 

virgin state is also plotted in the figure for reference. It is seen 

that the percent similarity obtained in the presence of damage 

at room temperature dropped from its value for the undamaged 

condition at all frequencies in the probed frequency range of 

100 kHz to 300 kHz, indicating the presence of damage. It is 

seen that the rise in temperature alters the percent similarity at 

all excitation frequencies. But the change is minimal (72.3% to 

72.35%) at the best reconstruction frequency. For an excitation 

frequency of 160 kHz, on the other hand the percentage 

similarity increased from 46.7% to 63.5%, with an increase in 

temperature from 25 °C to 50 °C.  

The ratios of DIDE obtained in the damaged structure at room 

and elevated temperatures with the threshold reference DIDE 

obtained at the undamaged condition at the room temperature 

are plotted in Figure 9 as a function of the central excitation 

frequency. In general, the DI ratio of more than 1 indicates the 

presence of damage. It is seen that the DIDE ratio obtained at 

room temperature is more than 1 for all the excitation 

frequencies in the probed frequency range of 100 kHz to 300 

kHz indicating the presence of the damage.  Maximum DIDE 

ratio is observed at best reconstruction frequency, indicating 

the highest sensitivity to the damage at the best reconstruction 
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frequency. With increase in the system temperature, DIDE 

shows variation at all excitation frequencies. However, the 

variation is negligible at the best reconstruction frequency, and 

the DI ratio remains the maximum at the elevated temperature. 

For higher excitation frequencies, the ratio even drops below 1 

indicating no damage. Such dependency of DI on the 

temperature at other frequencies may lead to a completely 

inaccurate assessment of the damage severity.   

 

 
Figure 8. Comparison of the percent similarity of the damaged 

structure at room temperature and elevated temperature with 

the percent similarity of the undamaged case at room 

temperature 

 

 

Figure 9. Variation of the ratio of DIDE obtained from the 

damaged structure with the undamaged state with temperature 

5 CONCLUSION 

A detailed experimental study on the efficacy of the RTRM as 

a baseline-free method for damage detection in a varying 

temperature environment has been conducted. The effect of the 

temperature on the forward response and the time reversibility 

of the Lamb wave in the aluminum plate surface bonded with 

two piezoelectric transducers and a block mass damage has 

been investigated. Experiments have been conducted at a 

system temperature of 25°C and 50°C. It has been observed that 

the time reversibility of the undamaged system varies with 

temperature at all excitation frequencies except at the best 

reconstruction frequency. The presence of damage decreases 

the amplitude of the forward response and increases the time of 

flight. An increase in the system's temperature may increase or 

decrease the amplitude of the forward response depending on 

the frequency of the excitation. The damage index changed 

substantially in the damaged plate from the undamaged case, 

indicating the presence of damage at room temperature. 

However, at a given probing frequency, the change in the 

system temperature also changed the damage index in general. 

But, at the best reconstruction frequency, the damage index did 

not show any appreciable change due to the temperature rise in 

both undamaged and damaged states. This indicates that the 

RTRM can indeed be used for baseline-free damage detection 

under varying temperatures without resorting to any 

temperature compensation. 
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ABSTRACT: In general, damage detection using time reversal method (TRM) is a two-step process. In the first step, source 

transducer bonded to the host plate is excited with an input voltage signal and the output signal is measured at the receiver 

transducer in a pitch-catch mode. In the next step, the measured forward signal, consisting of fundamental symmetric mode (S0) 

and/or antisymmetric mode (A0) depending the excitation frequency, is reversed in time and emitted back to the source transducer, 

termed as the reconstructed signal. The dissimilarity between the original input signal and the reconstructed signal indicates the 

presence of damage. Recently, the authors proposed the reconstruction algorithm for probability inspection of defects (RAPID) 

supported refined time reversal method (RTRM) based damage detection technique and found to be very effective in accurately 

localizing the damage. As evident, RTRM is also a two-step process. By using the virtual time reversal (VTR) algorithm the two-

step process can be reduced to single step, i.e., only the forward response is measured from source transducer and receiver in 

pitch-catch mode. The measured forward response is used to determine the frequency transfer function, which in turn is used to 

compute the reconstructed signal at the source from the time-reversed forward signal as input. In this work, an experimental 

investigation is carried out for damage localization employing the VTR algorithm supported RTRM (termed as VRTRM). The 

efficacy of the proposed VRTRM is compared with the recently developed technique RTRM. It is found that, the proposed 

VRTRM technique is able to predict the damage location very near to the actual damage location in line with the RTRM technique.  

KEY WORDS: Lamb wave; structural health monitoring; time reversal method; extended wave packet; damage localization; best 

reconstruction frequency; virtual time reversal; sensor network. 

1 INTRODUCTION 

Structural health monitoring (SHM) using baseline free damage 

detection method is of paramount importance for civil, 

mechanical and aerospace industries, since the information on 

the pristine state for the in-service structures is, in most cases, 

not available. The time reversal method (TRM) of Lamb wave 

propagation is being widely studied as promising method for 

baseline-free defect detection in thin walled plate/shell-like 

structures [1,2]. In this method, the source transducer bonded 

to the host plate is excited with an input voltage signal and the 

output signal is measured at the receiver transducer in a pitch-

catch mode (Figure 1). The measured forward signal, 

consisting of fundamental symmetric mode (S0) and/or 

antisymmetric mode (A0) depending on the excitation 

frequency, is reversed in time and emitted back to the source 

transducer, yielding what is known as the reconstructed signal. 

The dissimilarity between the reconstructed signal and input 

excitation signal indicates the presence of damage. 

Recently, Kapuria and Agrahari [3] brought out a new 

method, termed as refined time reversal method (RTRM), for 

computing damage index (DI) using an extended wave packet 

ranging between the two side bands accompanying the main 

wave packet. In comparison with DI calculated from 

conventional main wave packet, the extended wave packet DI 

provides greater sensitivity to the presence damage when 

probed at “best reconstruction frequency”. The best 

reconstruction frequency for a particular structure-transducer-

adhesive arrangement was defined as the frequency of 

excitation at which the similarity between the original input 

signal and the reconstructed signal, i.e. the time reversibility of 

Lamb wave in the undamaged plate is maximum over a given 

value of excitation frequency.  

Kannusamy et al. [4] proposed a technique based on the 

RTRM for damage localization in thin plates using network of 

PZT wafer patch transducers and validated experimentally. The 

method employs damage imaging algorithm called the 

reconstruction algorithm for probability inspection of defects 

(RAPID). The method is able to predict the damage location 

with very good accuracy. In order to reduce the hardware 

operations and to limit the practical issues, a virtual time 

reversal (VTR) algorithm is proposed by Liu et al. [5] to detect 

the delamination in a carbon fiber-reinforced composite plate 

using non-contact air-coupled Lamb waves scan method. The 

VTR method only needs the forward signal from the actuator 

to sensor in pitch catch configuration; the time reversal process 

is replaced by the virtual signal operation using frequency 

operation from input excitation signal and forward operation 

signal. 

In this work, an experimental investigation is carried out for 

damage localization employing the VTR algorithm based 

RTRM (termed as VRTRM). The efficacy of the proposed 

VRTRM is compared with the recently developed technique 

RTRM. The method employs the RAPID algorithm for damage 

imaging. 
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Figure 1. Schematic concept of damage identification through 

time-reversal method (TRM). 

2 REFINED TIME REVERSAL METHOD  

In the RTRM, the damage detection is carried out at the best 

reconstruction frequency at which the similarity between the 

original input signal and the reconstructed signal is the 

maximum. The percentage similarity is calculated using L2 

error norm as [6] 

% 𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 = (1 − √∫ [𝑉(𝑡) − 𝐼(𝑡)]2𝑑𝑡
𝑡𝑓

𝑡𝑖

∫ 𝐼2(𝑡)𝑑𝑡
𝑡𝑓

𝑡𝑖

⁄ ) × 100 

(1) 

where I(t) and V(t) denotes the normalized original input and 

reconstructed signals, respectively, and ti and tf are the start and 

end time of the signals in comparison.  

The damage index (DI) is evaluated using the correlation 

coefficient as 

𝐷𝐼 = 1 − √[∫ 𝑉(𝑡)𝐼(𝑡)𝑑𝑡
𝑡𝑓

𝑡𝑖

]

2

∫ 𝐼2(𝑡)𝑑𝑡 ∫ 𝑉2(𝑡)𝑑𝑡
𝑡𝑓

𝑡𝑖

𝑡𝑓

𝑡𝑖

⁄  

(2) 

In the conventional TRM, the DI is computed using the 

waveform of the main mode of the reconstructed signal. 

However, the main wave packet does not undergo any 

significant distortion due the presence of damage and it is best 

captured by the extra bands appearing between the main mode 

and the side bands. In view of this, in the RTRM [5], the DI is 

computed using an extended wave packet ranging between the 

two side bands accompanying the main wave as shown in 

Figure 2. The start and end time instances for the extended 

wave packet are thus obtained by 

𝑡𝑖 = 𝑡𝑚 − 𝑡𝑠 +
𝑡𝑠𝑙

2
,       𝑡𝑓 = 𝑡𝑚 + 𝑡𝑠 −

𝑡𝑠𝑙

2
       (3) 

where tm is the time instant of the peak of the main mode, ts is 

the time difference between the peak main mode and the side 

band of the reconstructed signal, and tsl is the time length of the 

main mode. ts is determined as ts= d/VS0− d/VA0, where VS0 and 

VA0 are the group velocities of S0 and A0 modes, respectively, 

and d is the center to center distance between the transducer 

pair. 

 

 

Figure 2. Schematic diagram of reconstructed signal along with 

Hilbert envelope showing the main mode and extended mode 

for a damaged plate. 

3 VIRTUAL TIME REVERSAL ALGORITHM 

In general, the damage detection using time reversal method 

(TRM) is a two-step process. In the first step, source transducer 

bonded to the host plate is excited with an input voltage signal 

and the output signal is measured at the receiver transducer in 

a pitch-catch mode. In the next step, the measured forward 

signal, consisting of fundamental symmetric mode (S0) and/or 

antisymmetric mode (A0) depending the excitation frequency, 

is reversed in time and emitted back to the source transducer, 

termed as the reconstructed signal. The dissimilarity between 

the original input signal and the reconstructed signal indicates 

the presence of damage. By using the virtual time reversal 

(VTR) algorithm the two step process can be reduced to single 

step, i.e., only the forward response is measured from source 

transducer and receiver in pitch-catch mode. The measured 

forward response is used to determine the frequency transfer 

function, which in turn is used to compute the reconstructed 

signal at the source from the time-reversed forward signal as 

input. The schematic procedure for VTR algorithm is shown in 

Figure 3.  

The first step is from PZT A to PZT B, the signal received in 

pitch-catch configuration can be written in frequency domain 

as 

𝑉𝑏(𝜔) = 𝑉𝑎(𝜔) 𝐺(𝑟, 𝜔)                    (4) 

Where Va(𝜔) and Vb(𝜔) are the input excitation and 
forward response signals in frequency domain, 
respectively, and G(r,w) denotes the frequency response 
function for the actuator sensor path. r  is the distance 
between the actuator and sensor, and 𝜔 denotes the 
angular frequency. 
Therefore, Frequency response function is written as 

𝐺(𝑟, 𝜔) =  
𝑉𝑏(𝜔)

𝑉𝑎(𝜔)
                                      (5) 

Then, time reversed signal represented as 

𝑉𝑇𝑅(𝜔) = 𝑉𝑏
∗(𝜔)                                      (6) 

The superscript * denotes the complex conjugate. 
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Then second step is to obtain the reconstructed signal by 

virtual time reversal process which is expressed as 

𝑉𝑅(𝜔) = 𝑉𝑏
∗(𝜔) 𝐺(𝑟, 𝜔) =  𝑉𝑏

∗(𝜔) 
𝑉𝑏(𝜔)

𝑉𝑎(𝜔)
              (7) 

 

Figure 3. Schematic of virtual time reversal process. 

4 DAMAGE LOCALIZATION ALGORITHM 

The probability of presence of damage location is evaluated 

using the RAPID algorithm [7]. The plate is discretized into 

(n,m) number of pixel points and (x,y) is the coordinate of each 

pixel point. The probability of presence damage at each pixel 

point is obtained using the DIs of the individual sensing paths 

by: 

𝑃(𝑥, 𝑦) =  ∑ 𝐷𝐼𝑖𝑊𝑖(𝑥, 𝑦)𝑁
𝑖=1                           (8) 

with 

 

𝑊𝑖(𝑥, 𝑦) = {
1 −

𝑅𝑖(𝑥, 𝑦)

𝛽
        𝑤ℎ𝑒𝑛 𝑅𝑖(𝑥, 𝑦) < 𝛽

            0                     𝑤ℎ𝑒𝑛   𝑅𝑖(𝑥, 𝑦) ≥ 𝛽 

 

 

𝑅𝑖(𝑥, 𝑦) =
𝑑𝑎𝑝

𝑖 + 𝑑𝑏𝑝
𝑖

𝑑𝑎𝑏
𝑖

− 1 

Where Ri(x, y) denotes the relative distance between pixel 

point (x,y) to the ith sensing path, and di
ap and di

bp are the 

distance from pixel point (x,y) to the actuator and sensor of the 

ith sensing path. di
ab denotes the distance between actuator to 

sensor for ith sensing path. DIi denotes the damage index 

evaluated for ith sensing path and N is the total number of 

sensing paths. The scaling parameter β controls the size of the 

monitoring area and it is taken as 0.05 [4]. 

5 EXPERIMENTAL STUDY 

The time reversal experiments are carried out using an 

aluminium plate with a network of PZT wafers/transducers. 

Figure 4 shows the experiment setup which consist of an 

aluminum plate of size 1500 mm x1200 mm with 3 mm 

thickness.  Eight PZT patches of SP-5H type having square size 

of 10 mm and 0.25 mm thickness are used for sensor network. 

The PZT patches are bonded on the plate by means of 

commercially available two component epoxy adhesive. A 

circular block mass of 23 mm diameter and 2.9 mm thickness 

is bonded on the plate to simulate the damage.  

The high frequency data acquisition system with associated 

GUI based software developed by Quazar Technologies Pvt. 

Ltd, India is used for actuation and sensing the signals from 

PZT wafers. The sampling frequency of 72 MHz is used. To 

reduce the signal-to-noise ratio, at least 20 repetitive 

measurements are carried out and are averaged. Figure 5 shows 

the PZT transducers arrangement and the selected sensing paths 

(actuator-sensor pairs) for the present study on damage 

localization. Table 1 shows the coordinates of transducers 

location with respect to center of plate. The center of the block 

mass damage is located at (-75 mm and 75 mm). 

Table 1. Coordinate locations of PZT patches. 

PZT  

patch 

x  

(mm) 

y  

(mm) 

PZT  

patch 

x  

(mm) 

y  

(mm) 

P1 −217.28 −90.00 P5 217.28 90.00 

P2 −90.00 −217.28 P6 90.00 217.28 

P3 90.00 −217.28 P7 −90.00 217.28 

P4 217.28 −90.00 P8 −217.28 90.00 

 

 

Figure 4. Experimental setup for damage localization study. 

 

 

Figure 5. Pitch catch configuration of PZT transducers. 

6 RESULTS AND DISCUSSION 

Time reversal experiments are carried out on selected sensing 

paths for varied excitation frequencies with the Hanning 

window modulated five cycle tone burst. The percent similarity 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure  

1764 

of the reconstructed signal with the original input signal is 

evaluated using the Equation 1 for the varied excitation 

frequencies. It is found that almost for all the sensing paths the 

maximum percent similarity is in the range of 150 kHz - 160 

kHz, which is considered as the best reconstruction frequency. 

Next, the experiments are carried out on each sensing path 

with the input excitation of five cycle modulated tone burst 

with central frequency of 150 kHz (i.e, at best reconstruction 

frequency) to obtain the forward response and reconstructed 

response through time reversal process.  

 

 
(a) 

 
(b) 

Figure 6. RTRM and VRTRM reconstructed signal comparison 

for sensing paths (a) P1-P5, and (b) P1-P6 at 150 kHz 

frequency. 

By using the forward response and input excitation signal, 

the virtual time reversal process is carried out by using 

Equation 6 to obtain the virtual time reversal reconstructed 

signal. Figure 6 shows the comparison of RTRM and VRTRM 

reconstructed signal for some of the sensing paths P1-P5 (i.e, 

path away from damage) and P1-P6 (i.e, path near to damage). 

The comparison plot shows that the VRTRM reconstructed 

signal is well matching with the RTRM reconstructed signal in 

the main mode and side band area as well as in the extra mode 

area.  

Further, the DI is evaluated for the all the sensing paths using 

Equation 2. Then, the probability images constructed using the 

RAPID algorithm (Equation 8) for the RTRM and VRTRM are 

shown in Figure 7. The maximum probability value from the 

probability image is considered as a predicted damage center. 

The predicted damage location by the RTRM and VRTRM are 

5.39 mm and 6.08 mm away from the actual damage location, 

respectively. The proposed VRTRM technique is able to 

predict the damage location very near to the actual damage 

location in line with the RTRM technique. 

 
(a) 

 
(b) 

Figure 7. Probability image obtained from RAPID algorithm 

for the five cycle modulated tone burst with 150kHz central 

frequency using (a) RTRM (b) VRTRM. 

7 CONCLUDING REMARKS 

Experiments are conducted in an aluminium plate to localize 

the block mass damage using the proposed VRTRM technique 

with the RAPID damage diagnostic algorithm. The damage 

localization efficacy of the proposed VRTRM is compared with 

the recently reported technique RTRM. It is found that, the 

proposed VRTRM technique is able to predict the damage 

location very near to the actual damage location in line with the 

RTRM technique. The study establishes the effectiveness of the 

proposed technique for damage localization using the VTR 

algorithm based extended mode reconstructed signal and 

RAPID imaging. The developed technique will be very 

attractive in practice as only the measured forward signals 

coupled with virtual reconstructed signals are required, for the 

baseline-free SHM of thin plate-like structures. 
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ABSTRACT: The ISHMII Structural Health Monitoring (SHM) Code Level I is made by the ISHMII task force on standardization 
to bridge the gap between the research and practical applications of the SHM system. In this paper, data analysis, structural 
condition identification, performance evaluation methods and maintenance of SHM system provided in the Code are introduced. 
The main purposes of data analysis are: 1) to study the statistical models of structural loads, environmental effects, responses and 
performances; 2) to reveal the correlation between different variables and related modes; 3) to learn the characteristic space of 
multidimensional variables in data; 4) to analyze the structural physical properties implicit in data. Artificial Intelligence (AI)-
based data analysis and big data analysis methods such as machine/deep learning, and data mining/fusion are summarized. 
Structural condition identification algorithms are classified based on the structural parameters such as deflection, crack, fatigue, 
corrosion, modal parameters, etc. SHM-based structural performance evaluation methods including the evaluation of structural 
safety, serviceability and durability are investigated. SHM system maintenance like daily management process and   regular 
inspection and maintenance scheme are introduced. Case examples of the SHM systems for bridges, high-rise buildings, tunnels 
and railways are also presented to illustrate the SHM approaches provided by the Code. 

KEY WORDS: ISHMII SHM Code; Data analysis; Structural condition identification; SHM system maintenance. 

1 INTRODUCTION 

The ISHMII Structural Health Monitoring (SHM) Code 
Level I is a SHM guideline for civil infrastructure. The 
standardization is devised as a structural health monitoring 
(SHM) guideline for civil infrastructure with the aim to provide 
the general and comprehensive approaches for SHM 
technologies and systems. In this paper, data analysis, structural 
condition identification, performance evaluation methods and 
maintenance of SHM system provided in the Code are 
introduced, which builds a bridge between the research and 
application of SHM. The development of the standardization 
has referenced many valuable guidelines, such as current 
guidelines and studies from Europe, America, China, Japan, 
and international professional associations. 

2 DATA ANALYSIS, STRUCTURAL CONDITION 
IDENTIFICATION AND DIAGNOSIS 

In this part, methods to make full use of the data collected by 
the SHM system to study the statistical models of structural 
loads, environmental effects, responses and performances; to 
reveal the correlation between different variables and related 
modes; to learn the characteristic space of multidimensional 
variables and high-level abstract concepts or semantics in data; 
and to analyze the structural physical properties implicit in data 
are introduced. Then with the results from data analysis, several 
basic ideas on identification of structural condition and 
detection of structural damage are provided. 

 Data analysis 

Data analysis refers to the process in which the collected data 
from SHM system are studied in detail, including being 
distinguished, analyzed, refined and summarized. Useful 

information is extracted from the collected data like statistical 
models of structural loads, environmental effects, responses 
and performances and so on. AI-based data analysis and big 
data analysis are the two important data analysis methodologies 
introduced in this code. 

2.1.1 AI-based data analysis 

With the fast development of Artificial Intelligent (AI) 
Technologies, AI-based data analysis has been successfully 
applied for analysis data from structural health systems. AI-
based machine learning (ML) and deep learning (DL) are two 
important AI-based data analysis methodologies. 

Machine learning (ML) is a science of the artificial 
intelligence with a multi-domain interdisciplinary subject, 
involving probability theory, statistics, approximation theory, 
convex analysis, algorithm complexity theory and other 
disciplines. Currently, the main algorithms of machine 
learning-based data contain: (i) Regression, (ii) Support vector 
machine, (iii) Artificial neural network (ANN), (iv) Decision 
tree, (v) Random forest, (vi) K nearest neighbor (KNN), (vii) 
Association rule, and (viii) Cluster analysis.  

Deep learning method constructs deep network structure by 
stacking multiple hidden layers to simulate the hierarchical 
structure of human brain and imitate the learning process of 
human brain. In deep learning method of training in the 
learning process, a layer of the extracted features as the next 
layer of the study object, based on the characteristics of low 
order abstract representations of learning to get its higher-order 
abstract characteristics, different levels of input information 
abstract feature extraction, eventually to extract the essential 
feature of the input data, improve the classification ability of 
network. Currently, typical deep learning methods are 
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Convolutional Neural Network (CNN), Recurrent Neural 
Network (RNN) and Restricted Boltzmann Machines (RBM). 

2.1.2 Big data analysis 

Big data analysis methods are mainly based on statistical 
learning, data mining, pattern recognition, visualization, and 
predictive analytics. Statistical analysis includes hypothesis 
test, significance test, variance analysis, correlation analysis, T 
test, variance analysis, card analysis, partial correlation 
analysis, distance analysis, regression analysis, simple 
regression analysis, and so on. Data mining involves anomaly 
detection, association rule learning, clustering, classification, 
regression, and summarization. Pattern recognition is the 
automated recognition of patterns and regularities in big data. 
Predictive analytics analyses current and historical facts to 
make predictions about future or otherwise unknown events. 
Data fusion is to use computer technology to analyze and 
synthetically process the monitored data from multiple sensors 
or sources. 

 Structural Condition Identification 

Structural condition at local/global level can be identified and 
evaluated in terms of derived static response and derived 
response. Although most of structural parameters can be 
directly measured, the discussion of the derive relationship of 
each parameter is needed. In view of the need for practical 
application, identification of deformation, identification of 
loads and identification of structural modal can be used as basic 
ideas on derivation of various structural condition parameters. 

2.2.1 Identification of Deformation 

Deformation identification includes deflection, rotation, and 
tilt. Structural deflection can be estimated based on direct 
measuring equipment or indirect identification. At present, the 
common technologies used in direct deflection measurement 
include connected tube liquid level measurement, precision 
level measurement, high precision total station measurement, 
GPS, laser, and so on. The main indirect deflection 
identification methods are acceleration-based method, strain-
based method, and conjugated beam-based method. Rotation 
angle of the structural unit is directly measured by the rotation 
measuring equipment, or indirectly acquired by the data 
analysis on the measured strain and other observed data.  The 
main indirect rotation measurement methods include conjugate 
beam method and curvature integral method. Tilt is the process 
of measuring the inclination of a structural unit relative to the 
direction of gravity. The tool for measuring the small angle of 
inclination is named as precise level, which is mainly used for 
the leveling work of some high-precision equipment; the tool 
that can measure the full angle range of the tilt angle is 
generally called the inclinometer. 

2.2.2 Identification of Loads 

Loads applied on a structure can be categorized into static loads 
and dynamic loads. Dead load is a type of static loads acting on 
structure permanently. It is stationary and unable to be 
removed. The self-weight of the structural members normally 
provides the largest portion of the dead load of a structure. Non-
structural elements that are unlikely to vary during the service 
life must also be incorporated in the calculation of the total dead 
load. In contrast to static loads, dynamic loads applied on a 

structure give rise to dynamic responses such as displacement, 
velocity, acceleration, and strain that are time-variant. 

2.2.3 Identification of Structural Modal Parameters 

The modal identification method can also be divided into 
frequency domain identification method, time domain 
identification method, time-frequency domain identification 
method and nonlinear system identification method according 
to the type of data processing. The frequency domain method 
refers to converting the time domain data obtained by testing to 
the frequency domain and identifying the modal parameters of 
the structure through certain features corresponding to the 
structure of the frequency domain. The time domain method 
directly identifies changes in structural modal parameters or 
structural parameters based on the structural responses in the 
time domain. For nonlinear systems, traditional identification 
methods are often difficult to obtain satisfactory results. With 
the in-depth study of intelligent control theory, some new 
intelligent parameter identification methods, such as neural 
networks and genetic algorithms, have emerged. 

 Structural Damage Detection 

When damages develop significantly, it not only affects the 
structural serviceability, but also has an impact on the structural 
safety by decreasing the load-bearing capacity of the structure. 
The management system can be improved in terms of detection 
of topical early damages and algorithms for damage detection 
to optimize maintenance strategies. 

2.3.1 Detection of Topical Early Damages 

Detection of topical early damages mainly consists detection of 
crack, steel corrosion, settlement, scour, degeneration of 
support, and fatigue. The commonly used technologies or 
methods to detect those early damages are shown in Table 1. 

Table 1. Commonly used technologies or methods to detect 
early damages. 

Early Damages Technologies or Methods  
Cracks 1) Geological radar detection 

2) Ultrasonic and acoustic emission 
detection 
3) Long-gauge strain-based detection 
4) Image processing detection 
method 

Steel corrosion 1) Visual inspection 
2) Electrochemistry based method 
3) Physical based method 

Settlement  1) Rod extensometers,  
2) Inclinometers  
3) Shape arrays to monitor 
subsurface movements  
4) Automated total stations (AMTS) 
5) Beam sensors,  
6) Liquid level gauges,  
7) Tiltmeters 
8) Crack meters 

Scour  1) Visual Inspection-Based Method 
2) Structural static properties-based 
method 
3) Structural dynamic properties-
based method 
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Degeneration of 
Support 

1) Specific monitoring methods 
2) Visual inspection 
3) Bearing displacement meter 
4) Pressure sensor method 

Fatigue 1) Simulation method 
2) In-situ test practice 
3)Fatigue crack detection 

 

2.3.2 Algorithms for damage detection 

During the past decades, structural damage detection (DD) has 
been developed rapidly. So far, various algorithms have been 
developed for structural damage detection (DD). According to 
the types and functions the common algorithms for structural 
damage detection are local and global approaches, static 
response-based algorithms, dynamic parameters-based 
algorithms, model based, and measured data (model-free) 
based algorithms, multi-type data-based algorithms, intelligent 
identification-based algorithms and uncertainty-based 
algorithms. 

3 STRUCTURAL PERFORMANCE EVALUATIONS, 
DAMAGE PROGNOSIS AND HEALTH RATING 

Structural performance refers to the qualitative and quantitative 
behavior of the static and dynamic aspects of safety, 
serviceability, and durability of structures under external loads. 
Structural damage prognosis (DP) refers to the prediction of 
damage process and its consequences that have not yet occurred 
or may occur. The structural health rating system is an analytic 
inventory system equipped with appropriate database and 
analytical hierarch process software tools for execution of 
inventory and rating works. 

 Structural Performance Evaluation 

Structural performance evaluation includes the evaluation of 
structural safety performance, serviceability performance, 
durability performance and other aspects. SHM based 
structural performance evaluation and three-level structural 
performance evaluation are two commonly used structural 
performance evaluation methods. 

3.1.1 SHM Based Structural Performance Evaluation 

In recent years, with the advancements in the development of 
structural health monitoring technologies and its expansion and 
application in practical engineering, it is gradually recognized 
that SHM is a viable and promising tool to be combined with 
the currently used structural performance evaluation methods. 
Subsequently, the evaluation of structural safety and 
performance prediction can be carried out through an SHM 
based identification using the monitoring data. Although the 
existing SHM systems cannot provide all necessary data for 
performance evaluation, ongoing research for the development 
of SHM technologies capable of detecting, assessment and 
identification of damage presence, location, and severity is 
promising. 

3.1.2 Three-Level Structural Performance Evaluation 

Three-level structural performance evaluation contains three 
parts: (i) structural anomaly analysis and early warning based 
on detecting and monitoring data, (ii) current performance 
evaluation based on comprehensive identification of structural 

parameters, and (iii) structural deterioration analysis and life 
prediction using historical monitoring data. First, the abnormal 
data obtained from the monitoring system are analyzed. If 
significant abnormal conditions are found, early warning will 
be issued in time to avoid or reduce the occurrence of disaster 
accidents. If the abnormal condition is found but it is not likely 
to cause accidents immediately, it will enter the second level, 
i.e., the structural current performance evaluation. In the 
second level of evaluation, if the overall safety performance of 
the structure is basically satisfied and no obvious low 
performance occurs, or although some degree of performance 
is found to be low but not serious, it is generally not necessary 
to carry out functional warning. At the third level, for structures 
with special importance or special needs, further structural 
performance degradation and residual life prediction is carried 
out based on historical monitoring data. 

 Structural Damage Prognosis 

Structural damage prognosis (DP) refers to the prediction of 
damage process and its consequences that have not yet occurred 
or may occur. Structural damage prognosis (DP) attempts to 
forecast system performance by assessing the current damage 
state of the system (i.e., SHM), estimating the future loading 
environments for that system, and predicting through 
simulation of the remaining useful life of the system. 

The DP process begins by collecting as much initial system 
information as possible, including testing and analyses that 
were performed during the system design as well as 
maintenance and repair information that might be available. 
This information is used to develop initial physics-based 
numerical models of the system as well as to develop the 
sensing system for monitoring operational and environmental 
conditions and damage assessment. As data become available 
from the sensing systems, they are used to validate and update 
the physics-based models. These data along with output from 
the physics-based models are also used to perform SHM where 
the existence, location, type and extent of damage are 
quantified. Data from the operational and environmental 
sensors are used to develop data-based models that predict the 
future system loading. The output of the future loading model, 
SHM model, and the updated physics-based model are input 
into a predictive tool that estimates damage propagation and the 
remaining system life as a function of continued operational 
time. A key component of this process is the capability to 
predict damage propagation as a function of future loading and 
environmental conditions. If data are available from a system 
that has experienced failure, then such damage initiation and 
growth models can be based on a regression analysis applied to 
these data. Alternatively, physics-based models can be 
developed for such predictions. 

DP has the prospect of engineering application, and its 
successful implementation can allow the structural 
management to take measures before the disease occurs at the 
structural levels in order to reduce the damage or repair the 
structure and stop the catastrophic structural failure. 

 Structural Health Rating 

The structural health rating system is an analytic inventory 
system equipped with appropriate database and analytical 
hierarch process software tools for execution of inventory and 
rating works. The functions and components of structural 
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condition rating system are: 
 Collection and analysis of the base-line information 

obtained from surveys, load-trials and vibration 
measurements upon structure completion – this is the 
preparation work for subsequent structural health rating 
works. 

 Criticality and vulnerability ratings of typical structural 
members basing on the outputs of data acquisition system 
and relevant structural information. 

 Collection and processing of the structural condition 
ratings (visual inspection) results from structural 
inspection team. 

 Synthetic ratings of the results from 2) and 3) above at 
component level, group level and system level with 
appropriate levels of importance weighting factors, where 
applicable. 

 Prioritization of rated structural components for planning, 
scheduling and execution of inspection and maintenance 
activities. 

 Automatic and semi-automatic updating and forwarding 
the performance criteria for observation and evaluation to 
data acquisition system and structural performance 
evaluation system, respectively; and 

 Formation of databases for systematic storage and fast 
retrieval of all data and information generated in Items 
above. 

4 SHM SYSTEM MAINTENANCE 

In order to ensure the safety, stability, reliability, 
sustainability and efficiency of the SHM system, the daily 
management, regular inspection and maintenance should be 
operated.  

Daily management scheme should cover the management of 
monitoring systems, data collection stations, and monitoring 
centers, whose basic working flows are presented in Figure 1. 
Regular inspection and maintenance scheme should cover the 
inspection and maintenance of response mechanisms and 
emergency reaction. The recommended process can be found 
in Figure 2. The management content should include working 
status check, equipment maintenance and protective device 
maintenance. The management record form and report should 
be completed regularly and archived properly. 

5 CONCLUSIONS 

In summary, this paper introduced the data analysis, 
structural condition identification, performance evaluation and 
SHM system maintenance sessions of the ISHMII SHM CODE 
Level I. The standardization developed in this code is in scope 
of jurisdiction instead of mandatory. More details about the 
guideline of each part can be found in the Code. 

 

Figure 1. SHM system daily management process. 

 

 

Figure 2. SHM system regular inspection and maintenance 
scheme. 
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ABSTRACT: One of the main problems in data-based SHM is the scarcity of labelled data from damage states of structures.
This issue limits applications of machine learning technologies to supervised learning and cuts off access to higher-level
diagnostic systems. In recent years, Population-Based SHM has been proposed as a means of alleviating the problem by
allowing transfer of knowledge between structures in populations, in such a way that damage-state data for individual
structures can inform diagnostics across the population. However, transfer is only possible between structures or substructures
which are sufficiently similar that the inference is meaningful and positive. In order to measure similarity between structures,
the ideas of irreducible-element (IE) and attributed-graph (AG) models have been introduced, such that structures are
represented in an abstract metric space which allows principled comparisons. This framework will work, in principle, even
for heterogeneous populations of disparate structures. This paper gives a high-level overview of the concepts involved, and
illustrates them via two example comparisons.

KEY WORDS: Population-based structural health monitoring (PBSHM); Irreducible Element (IE) models; Attributed
Graphs (AGs); transfer learning.

1 INTRODUCTION

Population-based structural health monitoring (PBSHM)
has been proposed recently as a means of addressing certain
difficult problems in ‘conventional’ SHM [1–5]. The main mo-
tivation for the framework is to allow data from one structure
to strengthen health-state inferences on a different one. The
main means of allowing such cross-structure diagnostics is
via the machine learning discipline of transfer learning [3]. A
significant issue in transfer learning is that attempted trans-
fer between wildly-disparate structures will make matters
worse. In order to deal with this issue, PBSHM is based
on an abstract representation of structures, in which struc-
tures become points in a metric space. The ‘metric’ aspect
of the space is crucial, it allows a measure of distance, or
similarity, between structures such that transfer should only
be attempted between those which are ‘sufficiently close’.

The first stage in establishing the representation of a struc-
ture is to construct an Irreducible Element (IE) model [2].
An IE model of a structure is intended to capture the essen-
tial nature of that structure in terms of a small (if possible)
set of fundamental structural elements. These elements can
be labelled as fundamental engineering objects, e.g. [beam],
[plate], [shell] etc., or contextually, e.g. [wing], [deck], [blade].

The second step in representation is to convert the IE model
into an attributed graph (AG). In the AG representation,
individual IEs appear as nodes (vertices) in the graph, while
the information about how elements join together is encoded
in graph edges. Each node and edge is assigned a vector
of attributes which specify details of material and geometry
etc. The important point now, is that the space of AGs is a
metric space, as mentioned above. Details of how IEs and
AGs are formed can be found in [2], along with an example
of a metric on the space of graphs. The metric makes use of
the maximum common subgraph (MCS) between two graphs,
as this will correspond to a common substructure in the
structures of interest. The assumption is that damage state
information may be shareable between structures if it occurs
in a common substructure.

In order to assess how likely it is that one will succeed in
transferring SHM problems between structures, one needs a
principled means of describing the structure of problems. For
data-based SHM, the main issue concerns the label space of
the problem. For example, if the problem is to locate damage
on a structure to one of N substructures, the label space
is simply the discrete set {L1, . . . , LN}, where Li is unity if
damage is present in substructure i, and zero otherwise.
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2 WHEN IS A BRIDGE NOT AN AEROPLANE?

The idea of transfer across heterogeneous populations,
raises the question of when structures or substructures are
sufficiently similar that transfer is possible i.e. does not lead
to negative transfer, and make diagnostics worse. In more
facetious terms, one might ask the question: when is a bridge
not an aeroplane? The simple answer to that question is
almost always, but a more detailed answer is worth consider-
ation.

Consider the highly-simplified AG for an aeroplane,
depicted in Figure 1, where F corresponds to an IE
[fuselage], W1 to [wing (inner)], W2 to [wing (outer)] and L
to [landing gear] (and contextual labels for IEs are adopted).
Although the figure is much simplified, it is very generic; a
great many aeroplanes will have this representation at some
level of detail.

W1 W2 F W2 W1

L LL

Figure 1: Highly-idealised AG representation of an aeroplane.

Now, consider a highly-simplified IE model of a four-span
bridge B4, as depicted in Figure 2. With contextual labelling
for the IEs, this induces the AG shown in Figure 3, where S
denotes [deck] and P denotes [pillar].

Figure 2: Simplified IE model of four-span bridge B4. Ground
connections are indicated as filled rectangles.

One can actually arrive at different IE-models via the
placing of joints. The representation of B4 shown in Figure 2
is, in a sense, minimal. Suppose one wished to make the IE
model more symmetrical, like the one depicted in Figure 4.

While symmetry is usually very useful as a guiding princi-
ple, in this case it produces a problem. In the first case, the
induced AG from this IE model is much more complicated,
as shown in Figure 5.

D D D D

P P P

Figure 3: Highly-idealised AG representation of a four-span
bridge.

Figure 4: Symmetrical IE representation of four-span bridge.

D D D D

P P P

Figure 5: AG representation of symmetric IE model of a
four-span bridge.
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Apart from the complexity of the ‘symmetric’ AG, the
representation has made it difficult to compare even another
representation of the same structure. It will prove important
at some point to generate rules for the production of IE
models, so that ambiguity is avoided. In this case the rule
might be: when a pillar IE is placed at the joint between two
sections of deck, it should be connected only to the left deck
IE. Such rules should be applied whenever any physics does
not dictate otherwise. There are no problems in terms of
the model accuracy, as the bridge [deck] elements are not
constrained to have the same length; the dimensions will
be reflected in the [deck] attributes. Detailed considerations
of the rules for building IE models of bridges are presented
in [6, 7].
Now, comparing Figures 1 and 3, at a topological level,

one has the situation shown in Figure 6, which shows that (at
the level of topology only), the maximum common subgraph
between the bridge B4 and the AG for the aeroplane is the
entire aeroplane. In other words, up to topology,

[bridge] = [plane]⊕ [node] (1)

in an obvious notation.

Maximum Common Subgraph

Aeroplane

Figure 6: AG representation of four-span bridge, showing
that – at the level of topology – the AG for the aeroplane is
a subgraph.

At this level, if the SHM problems for the bridge and
aeroplane are location problems, transfer from the bridge to
the aeroplane looks straightforward, and transfer from the
aeroplane to the bridge is an (L+1) problem. (Briefly, this is
problem in which the source and target problems for transfer
differ in only one label.) Furthermore, the additional node in
the bridge AG is a ground node. Applying some metric on
the space of AGs would indicate in this case, that the bridge
and the aeroplane are very similar structures, and successful
transfer might be indicated; one has the situation shown in
Figure 7.

However, one should consider structural equivalence rather
than just topological (i.e. the AGs should be directly equiv-
alent with ground nodes in corresponding places [2]). The

M
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Topology

Figure 7: Schematic showing ‘distance’ between aeroplane
and bridge B4, according to some graph metric.

situation is as shown in Figure 8.

Aeroplane

Bridge

Aeroplane

Figure 8: Comparison between AGs for aeroplane and bridge
B4, taking into account the presence of ground nodes.

In the case of structural equivalence, the maximum com-
mon subgraph between the bridge and aeroplane structures
is reduced a little, as in Figure 9.

Aeroplane

Bridge

Maximum Common Subgraph

Figure 9: Maximal common subgraph between AGs for aero-
plane and bridge B4, taking into account the presence of
ground nodes.

In this case, one would expect the metric distance between
the bridge and the aeroplane to increase a little, assuming
that an appropriate metric is in use (Figure 10).
At the next level of detail in comparing structures, one

must think of the detailed dimensions of the structures of
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Top Structure

Figure 10: Schematic showing ‘distance’ between aeroplane
and bridge B4, taking account of ground nodes – structural
equivalence.

interest. These dimensions are encoded in the AG repre-
sentation via the node attributes. These attributes allow
considerable flexibility; for example, even if all of the IEs in
the aeroplane model are assumed to be [beam] elements, one
can still obtain a crude representation as in Figure 11, which
is still strangely identifiable as an aeroplane (but without a
tail). In contrast, the IEs in the bridge model in Figure 3
would have identical [deck] elements, and identical [pillar]
IEs.

Figure 11: Possible (minimal) IE representation of the aero-
plane.

With this rather crude IE model for the aeroplane, the two
structures will move further apart in terms of the metric on
the space of AGs; this is because the metric will need to take
into account the attributes which determine the geometry
of the structure. Furthermore, the edge attributes of the
aeroplane AG will be quite different to the bridge AG because
of the different joints. For example, the joints between the
deck elements in the bridge IE model could be simple butt
joints; however, the joint attributes between the fuselage and
inner wing elements in the aeroplane will need to encode

where on the fuselage the wing is attached; the specification
will need more parameters/attributes. A similar situation
will arise for the attachment points of the landing gear;
although in this case, the specification will not be so dissimilar
from the bridge case which needs to say where the decks
are placed relative to the pillars. Taking into account the
new geometrical data, the structures move further apart, as
pictured in Figure 12.
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Top Struct IEs

(Geometry)

Figure 12: Schematic showing ‘distance’ between aeroplane
and bridge B4, taking account now of the more detailed
geometry of the IEs.

Now, suppose the representation in Figure 11 is considered
far too crude in terms of the approximation [fuselage] =
[beam] and the engineers concerned feel that a cylindrical
shell is needed, as in Figure 13.

Figure 13: Minimal IE representation of the aeroplane, but
with a cylindrical shell fuselage.

In this case, the aeroplane and bridge structures will move
further apart again in terms of the metric on the space
of AGs. (This remark depends on having an appropriate
metric which is sophisticated enough to measure the distance
between attributed graphs, where the attribute vectors in
corresponding nodes can have different dimensions.) The
result is shown in Figure 14.
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Top Struct IEs

(Geom)

IEs

(Topology)

Figure 14: Schematic showing ‘distance’ between aeroplane
and bridge B4, taking account now of the more detailed
geometry and topology of the IEs.

Finally, the metric needs to take account of differences in
material attributes (aircraft are rarely made of concrete); the
final result is shown in Figure 15.
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Top Struct IEs

(Geom)

IEs

(Top)

IEs

(Materials)

δ1

δ2

Figure 15: Schematic showing ‘distance’ between aeroplane
and bridge B4, taking account now of the more detailed
geometry, topology and materials of the IEs.

An appropriately sophisticated metric on the space of AGs
will allow weightings on the the different types of attributes;
i.e. one might weight differences in the materials of the IEs
higher than differences in geometry. The weightings will
determine the relative differences δ1 and δ2 shown in Figure
15.

3 ANOTHER EXAMPLE: WIND TURBINES

Another example will now consider two wind turbine struc-
tures T3 and T4 as depicted in Figure 16. The two turbines
differ in terms of topology and geometry: T3 is a three-bladed
turbine, while T4 is a four-bladed turbine which is greater
in size. The two turbines will also be considered to be of
slightly different materials.

The main difference between T3 and T4 is in terms of struc-
tural topology; they will have different AGs, as illustrated

T3 T4

Figure 16: Schematic of two wind turbines T3 and T4, which
differ in terms of topology, geometry and material.

in Figure 17. Again, contextual IEs are adopted: B denotes
[blade], H is [hub], T is [tower] and F denotes [foundation] –
a specific designation for the ground node.

B B B

H

T

F

(a) T3

B B B B

H

T

F

(b) T4

Figure 17: Attributed graphs for the turbines T3 and T4.

Figure 18 shows the maximum common subgraph between
T3 and T4 and shows that T4 = T3 ⊕ [blade], so the damage
location problem transferred from T3 to T4 is again an (L+1)
problem: i.e. the label spaces satisfy LT4

= {LT3
, L∗}. This

observation means that the prospect of transfer learning looks
positive for these two structures.
The two examples considered in this section are both

(L+1) problems in terms of transfer learning. To recap, this
specifically holds true for damage location problems only. In
abstract terms, one has the situation where there are two
structures S1 and S2, where at the AG level, S2 = S1 ⊕ [IE]
i.e. the maximum common subgraph is S1. In terms of the
label spaces for damage location problems L2 = {L1, L

∗}.
Transfer from S2 to S1 looks likely and transfer from S1 to S2

is the simplest sort of extension problem; however, there will
still be the possibility of negative transfer. The likelihood of
positive transfer should be assessed in terms of the metric
distance on the space of AGs.
In the case of the second problem – the two turbines –

another possibility arises. The only real difference (at the
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T
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F

Maximum Common Subgraph

T3

Figure 18: Maximum common subgraph between AGs of
turbines T3 and T4.

level of structural topology), is that T4 has an extra blade
node. In practice, it may be that the two towers and hubs,
and the blades themselves are similar; if overall geometries
and materials are similar, transfer on the MCS would look
very feasible, one might not expect negative transfer. Even so,
extending to the (L+1) problem might be stretch. However,
in this case, there is the possibility of transferring twice on
the two MCSs shown in Figure 19, and thus covering the
whole of T4 – all four blades are labelled.

B B B B

H

T

F

Maximum Common Subgraph

T3

Maximum Common Subgraph

T3

Figure 19: Two maximum common subgraphs between AGs
of turbines T3 and T4.

In the bridge-aeroplane case, there will be significant dif-
ferences in materials and geometry, as well as dimensional
mismatches in the IE attribute vectors. In this case, the
threat of negative transfer will presumably be much greater.
Dealing with this matter properly will depend on the defini-
tion of an appropriate metric on the space of AGs, careful
weighting of attributes and the definition of a threshold, un-
der which, metric distances will indicate the probable success
of positive transfer.

The two case studies discussed here can be plotted on the
same metric diagram – see Figure 20.
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(Top)

IEs
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Bridge/Aeroplane

WTs T3/T4

Threshold

Figure 20: Final schematic of two wind turbines T3 and T4,
which differ in terms of topology, geometry and material.

The figure bears some discussion. Essentially, it is a sum-
mary of how the metric distance between structures accumu-
lates when different levels of the attributed graph structure
are considered. The first stage – topological equivalence –
places the structural pairs (aeroplane, bridge) and (T3, T4)
equally apart; this is because both pairs satisfy the relation-
ship S2 = S1 ⊕ [IE]. At the second stage, the (aeroplane,
bridge) pair move further apart, because the MCS at the
topology level is not the MCS in terms of structural equiva-
lence; however, the (T3, T4) pair does not move further apart
because the MCS is also structurally equivalent on the two
structures. Both structural pairs move further apart as IE
topology and geometry are added in; however, when the IE
materials are considered, the (T3, T4) distance increases less
than the (bridge, aeroplane) distance. The latter effect is
due to the fact that the two wind turbines are constructed
from similar materials, while the bridge is largely concrete
compared to the metallic (or composite) aeroplane. The
total distances for each pair, are given by the value on the
last column of the graph. In general, a threshold value on
distance will be needed in order to determine if the structures
are close enough for transfer to be attempted. Setting of
such a threshold will need to be part of further research in
PBSHM; the threshold in Figure 20, is just a value for the
schematic which says that the two turbines are close enough
together to attempt transfer, while the bridge and aeroplane
are not.
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Finally, on a somewhat amusing note; it can happen that
the layout of the AG suggests a form for the structure of
interest which is positively deceptive. Figure 21 shows the
AGs for two IE-models of real bridges. The layout of the
graphs is actually far more suggestive of aircraft than bridges;
in fact, the graphs actually appear birdlike.

Figure 21: Attributed graphs for two IE models of real
bridges.

4 CONCLUSIONS

This paper presents a pictorial overview of some of the
ideas at the heart of population-based SHM. The abstract
ideas at the heart of the theory are explored via simplified
case studies. In the first place, a number of highly-idealised
irreducible element (IE) models and attributed graphs (AGs)
are shown for some engineering structures: a bridge, an
aeroplane and two wind turbines. Next, the question of
making comparisons between structures is discussed in terms
of their maximum common subgraphs. The paper touches

briefly on some open problems like the ‘rules’ for generating
IE models and how one might set thresholds for transfer.
Of course, for such a newly-developed subject, most of its
problems are open; it is hoped that this paper can stimulate
interest and engagement in the subject.
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ABSTRACT: Population-based structural health monitoring (PBSHM) expands the concept of SHM from looking at
single structures to multiples in a population. This approach enables inferences to be made between structures by sharing
information between them. Machine learning techniques may then be used to make diagnostic and prognostic decisions
about some structures using data from others in a population. However, accuracy of this approach is heavily dependant on
the training and testing data; a model is only able to predict or detect accurately when the relationships it learns during the
training stage remain relevant throughout testing. If data used in training and testing are not similar, the model could give
false positives; dissimilarities could be misinterpreted as damage, or false negatives, where damage will remain undetected.
Consequently, it is important to identify similarly-behaving structures for PBSHM.
This paper focusses on using the maximum mean discrepancy (MMD) as a measure of distance to identify similarities
between wind turbines in the Lillgrund wind farm. The MMD essentially measures the distance between two probability
distributions in a higher-dimensional space where a value of zero is given if and only if the distributions are the same.
The aim is to find data from turbines that could be used to train others as well as identifying turbines that may behave
dissimilarly to others because of environmental and operational variations or damage. Gaussian process regression is used to
illustrate the effect of similarity during training and testing for PBSHM.

KEY WORDS: Population-based structural health monitoring; Maximum mean discrepancy; Wind turbines; Gaussian
process regression; Supervised learning.

1 INTRODUCTION

To expand structural health monitoring (SHM) to make
inferences over populations of structures in population-based
structural health monitoring (PBSHM), requires a number
of novel concepts, ranging from graphical modelling of struc-
tures, using generalised models (population forms) and using
transfer learning, to name a few [1–8]. Both graphical and
data-based techniques discussed in the aforementioned pa-
pers require access to similarly-behaving structures. In this
paper, the focus is on quickly finding similarities between
the data collected from structures within a heterogeneous
population, for a number of reasons: to identify and group
similarly-behaving structures, to highlight potential outliers
and to establish where standard machine learning approaches
will be appropriate across a population, or whether transfer
learning may be needed.

When using data-driven, machine learning techniques for
online SHM, training and testing data must behave similarly
– or have a similar underlying distribution – in order to obtain
accurate diagnostic and prognostic decisions [9]. This concept
is especially important for PBSHM, where data from one

group of structures could be used to test a model trained using
data from an entirely different group of structures. Clearly,
if the data from these two groups of structures are sampled
from vastly different distributions, then it is improbable that
the model is able to use the underlying relationships it has
learnt during the training stage to produce accurate results
in testing. In this paper, the maximum mean discrepancy
(MMD) introduced by Arthur Gretton et al. [10] is consid-
ered as a metric to evaluate the ‘distance’ between feature
sets, in order to identify similarly and dissimilarly behaving
structures in the Lillgrund wind farm. To demonstrate the
benefits of using the MMD when considering datasets for
training and testing, Gaussian process regression is used.

In the realm of PBSHM, another use for similarity metrics
stems from the need to suppress environmental and opera-
tional variations (EOV) within the population; EOVs can
influence the behaviour of structures and the data collected
from them [11]. When considering a population of structures,
there may be spatial disparities because of the location of the
structure within the population [8], as well as the temporal
differences owing to the ever-changing environment. It may
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be possible to use distance metrics in this case to identify
structures that behave dissimilarly because of EOVs.

From a database perspective, a measure such as the MMD
can be helpful in PBSHM to find and collate similarly-
behaving structures without the need for exhaustive analy-
sis [6].

The MMD has been implemented in the past for attribute
and graph matching [10], in the field of verification and
validation [12], for domain adaptation [9, 13], in computer
sciences to distinguish malicious users and honest users [14],
for training generative adversarial networks [15] and finding
similar wear mechanisms in machining tools [16], to name a
few.

2 THE MAXIMUM MEAN DISCREPANCY (MMD)

The MMD uses a covariance (otherwise known as a ker-
nel) function to provide a measure of the distance between
two probability distributions. A brief introduction to the
MMD is given in this section. For a more comprehensive
understanding, the reader is referred to [10,17].

The MMD is a member of a group of distance metrics
known as integral probability metrics (IPM). Dudley [18]
defines a distance metric (when x, y, z ∈ R : x, y, z ≥ 0) as a
function d that follows the set of rules:

1. The distance between a point and itself is zero: d(x, x) =
0

2. The distance is symmetric: d(x, y) = d(y, x)
3. The triangular inequality holds: d(x, z) ≤ d(x, y) +

d(y, z)
4. If d(x, y) = 0 then this implies that x = y.

Consider two random variables with observations X :=
{x1, ..., xm} and Y := {y1, ..., yn} (where m and n are the
number of data points in X and Y respectively), that have
probability densities p and q, respectively. p and q are defined
on a metric space and there exists a class of functions that
map the metric space to the coordinate space over the real
numbers. In order to find out if these distributions are the
same, i.e, p = q, the MMD looks for a function in this class
of functions that maximises the difference in means,

MMD[F, p, q] := sup
f∈F

(Ex∼p[f(x)]− Ey∼q[f(y)]) (1)

where Ex∼p[f(x)] is the expectation with respect to p. Here,
the class of continuous, smooth functions F is a unit ball in
a reproducing kernel Hilbert space (RKHS); there exists a
restriction that the norm of the function should be less than
or equal to 1 (the term smooth indicates that the function is
infinitely differentiable everywhere). The biased estimation
of MMD – to ensure that the calculated values are always
positive – is given by,

MMD2
b[F,X ,Y ] =

1

m2

m∑
i,j=1

k(xi, xj)

− 2

mn

m,n∑
i,j=1

k(xi, yj)

+
1

n2

n∑
i,j=1

k(yi, yj)

(2)

The kernel k(· , · ) used here is a Gaussian kernel (equation
(3)) as it is universal, and continuous in the RKHS [10]. The
width of the kernel is a hyperparameter, denoted here as σ,

k(x, y) = exp

(
− ‖ x− y ‖2

2σ2

)
(3)

In equation (2), the top line can be considered to be
the average similarity of every pair of samples drawn from
distribution p. The middle is the average similarity of points
drawn from p and q. The third line corresponds to the average
similarity of every pair of samples drawn from distribution q.
In the case where p and q are dissimilar, i.e. points from p
are more similar to each other than they are to points from
q, then the first and third lines would produce a large value
compared to the second, giving a large value for MMD. On
the other hand, where p and q are similar, the first and last
lines would produce a value similar to the second line, giving
a value close to zero for MMD.

3 CASE STUDY: THE LILLGRUND WIND FARM

The Lillgrund wind farm, located off the coasts of Denmark
and Sweden is a collection of 48 turbines, each with a rated
power output of 2.3 MW [19]. Supervisor Control and Data
Acquisition (SCADA) systems collect information from each
turbine and save the data at 10-minute intervals. The type
of data collected can range from ambient temperature to
power generation. For the purposes of this paper, the brake
gear temperature is studied using data collected throughout
2009 in order to isolate turbines that may behave dissimilarly
to others in the farm by using the MMD of the data. This
feature was selected because of its potential sensitivity to
faults and because it varies as a result of changing seasons,
whilst also containing outliers across some months within the
year.

3.1 Brake gear temperature

Figure 1 displays the normalised brake gear temperature
of all 48 turbines throughout the year 2009 where the tem-
perature of all turbines increases during the warmer summer
months and decreases over winter. Two areas of interest
in Figure 1 are highlighted in Figure 2 with red rectangles
where some of the data within these areas stray from the
trend observed by the majority of turbines. The MMD is
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Figure 1: Normalised brake gear temperature of all 48 tur-
bines in Lillgrund wind farm throughout the year 2009.

Figure 2: An enlarged section of Figure 1 with anomalous
data of interest highlighted with red rectangles.

used in this paper to automatically identify the turbines that
display these irregular trends.

The calculation of the biased MMD statistic has a com-
putational cost of O((m+ n)2) time [10]. Consequently, the
data presented in Figure 1 are downsampled so that only one
in every 50th data point is used for analysis.

In this paper, a one-to-one comparison of the metric is
made where normalised break gear temperature of each tur-
bine has been used as a feature against each other turbine
in order to calculate the MMD. Figure 3 displays the results
of these one-to-one calculations in the form of a matrix. As
expected, when a feature from a turbine is evaluated with
itself, the resulting MMD has a value of zero. In Figure 3 the
darker shades represent dissimilarity (or larger distances be-
tween the features) whereas lighter shades indicate similarity.

Figure 3: The maximum mean discrepancies between each
pair of turbines, where normalised brake gear temperature
has been used as the input feature. Darker shades indicate
that the distributions are ‘further apart’.

It is immediately obvious that Turbine 39 has a higher MMD
compared to all others in the dataset. Likewise, Turbine 30
also has high MMD values across the wind farm, although
the magnitude of the MMD values are far smaller in compar-
ison to Turbine 39. These turbines have been highlighted in
Figure 4. Clearly, the MMD is sensitive to outliers within
the dataset.

It should be noted that these MMD values are likely to
change if a moving window of the data is fed through to equa-
tion (2). Subsequently, the MMD could be used to track the

Figure 4: An enlarged plot of Figure 1 to highlight the
turbines with the highest MMD values.
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behaviour of the wind farm throughout time, in order to iden-
tify any structures that may produce unexpected variations
in SCADA data in relation to others in the population.

In Figure 3, the MMD has highlighted turbines with out-
lying behaviour compared to the rest of the population. As
the assessment is based on the underlying distribution of a
dataset, this gives valuable information about the ability to
perform regression tasks among the population. Standard
regression approaches assume a single underlying distribu-
tion for all data considered, therefore the MMD provides
a means of selecting (or deselecting) candidate datasets to
form a regression analysis. Where datasets are found to have
dissimilar distributions, a transfer learning approach may be
adopted [9].

However, one could argue that the dissimilar turbines in
Figure 4 could be identified by the use of standard control
charts, negating the need for computing the MMD. Therefore,
to demonstrate the strength of the MMD, it is useful to assess
data that contain more subtle dissimilarities. To this effect,
the MMD is calculated using every 60th datapoint of brake
gear temperature from April to July (Figure 5), as this subset
does not contain obvious outliers or anomalous trends. The
results are presented in Figure 6. Once again, the MMD
indicates that turbines 30 and 39 are dissimilar to the others
in the farm during this time period. To evaluate the impact
of dissimilar data on prediction accuracy, a model such as
Gaussian process regression (GPR) can be used. In the next
section, brake gear temperature from six turbines with low
MMD values are used as inputs in training to predict the
brake gear temperature of turbines at different locations
during testing, in order to understand how the degree of
dissimilarity affects the prediction capability.

Figure 5: The normalised brake gear temperature of all
turbines between April and July.

Figure 6: The MMD between each pair of turbines calculated
using data from April to July (data presented in Figure 5).

3.2 Gaussian process regression

GPR is a supervised, nonparametric method of finding
a set of functions that best fit the input data according
to a covariance function. When evaluating GPR models,
equation (4) is used. This is the standard result when the
joint distribution under the prior is conditioned on the data.
In this paper, a zero mean, unit variance Gaussian priors
and a Matérn 3/2 kernel are used. The mean and covariance
functions are given by,

y∗|X∗,X,y ∼ N (
K(X∗,X)[K(X,X)+ σ2

nI]
−1y,

K(X∗,X∗)−K(X∗,X)[K(X,X) + σ2
nI]

−1K(X,X∗)
)
(4)

where K is the covariance matrix, X is the training input
matrix (design matrix), testing data is X∗, σ2

n is the variance
from the noise, y is the training response data and y∗ is the
prediction. The top part of the equation give the prediction
and the bottom part give model confidence. For an in-depth
explanation of GPR, please refer to [20].
In order to demonstrate that similarity affects prediction

results, three cases are explored:

• Case 1: The training and testing turbines all have low
MMD values.

• Case 2: The testing turbines have a combination of low
and high MMD values.

• Case 3: Only the two most dissimilar turbines are tested.

To specify training and testing turbines for these cases, the
average MMD results across the wind farm from Figure 6 are
taken into account. In all cases, 6 turbines that presented
low average MMD values are chosen at random for training.
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Figure 7: The training and testing turbines for Case 1. The
training turbines are shown in red and testing in blue.

Figure 8: The training and testing turbines for Cases 2 and
3. The training turbines are shown in red and testing in blue
stems for Case 2 and magenta circles for Case 3.

For Case 1, 6 testing turbines with similar average MMD
values are chosen. These turbines are highlighted in Figure
7.

In Cases 2 and 3, the same training turbines are used. The
testing turbines used in these cases are presented visually in
Figure 8.

To evaluate the results of the GPR model, the normalised
mean squared error is used, where a value of 100% would be
obtained if the mean values of the input data are used as the
model. The normalised mean squared error is given by,

nMSE =
100Σ (model errors)2

n (σ [predictions])2
(5)

where n is the number of data points and σ is the standard
deviation.

Case 1 Case 2 Case 3

Testing 0.73 1.85 4.36

Table 1: The normalised mean squared error of the GPR
testing results.

The results of the GPR are presented in Table 1. In
all cases, the training nMSE is 0.58. As expected, when
using turbines with low MMD values for training and testing,
the nMSE score is very low. This suggests that the model
is able to effectively predict the brake gear temperature
in this particular time scale as the underlying trend seen
during training is witnessed by the model when testing. In
Case 2 when a combination of relatively similar turbines
and differently-behaving turbines are used, the nMSE values
increase by around 3 times during testing. This effect is
even more pronounced when only the two turbines with the
highest MMD are used for testing where the the nMSE is
7.5× larger than the training nMSE. This result is useful
when undertaking supervised learning, as the input feature
selection process can be carefully tailored so that only similar
data can be used for training and testing.

In this work, two different kernels were used (the Gaussian
kernel for the MMD and Matérn 3/2 kernel for the GPR),
because the kernels were used separately to make calculations
for different purposes. In future work, it may be interesting
to investigate this area further.

4 CONCLUSIONS

When making inferences about health of one structure by
studying another, it is likely that the results would be more
accurate if the two structures considered have underlying
similarity. Therefore, quantifying the similarity of structural
behaviours can be extremely useful for SHM and PBSHM.
The MMD is used as a measure of similarity in this paper
to evaluate how the brake gear temperature varies across an
entire wind farm. It was possible to pinpoint turbines that
show anomalies and group together turbines that behave
similarly through this method. By quickly identifying the
dissimilarly-behaving structures, it is possible to suggest a
method such as transfer learning for PBSHM. By using GPR,
the effect of using similar and dissimilar structures during
testing was demonstrated.
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ABSTRACT: Population-Based Structural Health Monitoring (PBSHM) is a new approach in the Structural Health Monitoring 

(SHM) community that looks to open up the opportunity of data sharing between structures. Many SHM practices that use 

machine learning approaches require substantial amounts of training data to be available, which can be challenging for bridge 

structures. PBSHM is being newly applied to bridges, and this paper presents guidance on additional measures that can be taken 

to ensure accurate models of bridges and other large structures. The PBSHM approach works by comparing Attributed Graphs 

(AGs) of structures, using graph theory, to assess levels of similarity, and these comparisons are sensitive to changes in 

structural topology. The AGs are generated from Irreducible Element models of the structures, where it is important to capture 

each structure’s topology accurately for reliable comparisons to be achieved. Therefore, this paper proposes a naming 

convention for individual elements of the Irreducible Element model that facilitates the implementation of quality checks on the 

mapped joints, and methods for calculating the 3D spatial coordinates of the joints to accommodate aspects of bridge geometry 

such as slope, skew or curvature in the elements. 

KEY WORDS: Bridge SHM; Population-Based Structural Health Monitoring; PBSHM; Irreducible Element Model. 

1 INTRODUCTION 

1.1 Background 

Population-Based Structural Health Monitoring (PBSHM) is a 

new approach to structural health monitoring that looks to 

assess similarities between structures for potential data 

sharing. A framework was proposed in [1–3] that looks to 

overcome missing data sets by introducing the ability to utilise 

transfer learning methods between structures. When two 

structures, or parts of structures, are similar enough, there is 

scope to share some information between these structures, 

enhancing the data available for the application of modern 

data-based SHM techniques. This type of approach has been 

demonstrated in application to wind turbines, namely a 

population of wind turbines where levels of similarity 

between the structures allowed the power response of a 

population of turbines to be used as training data for future 

monitoring of each turbine [4, 5]. The approach of sharing 

data between identical structures has been applied elsewhere, 

[6, 7], however these applications are on identical elements 

and structures, with similar operational and environmental 

conditions. 

Bridges are generally unique; they are large structures and 

their geometry and environment can vary significantly, which 

further challenges the application of knowledge transfer 

between bridges [8, 9]. PBSHM, however, offers the potential 

to overcome this hurdle by forming populations of similar 

structures that allow data sharing and transfer learning to be 

achieved.  

The PBSHM approach works by first creating Irreducible 

Element (IE) models of structures. To create an IE model, a 

structure is conceptualised as a series of irreducible elements, 

boundaries and joints. The Irreducible Elements are individual 

elements of a structure, defined with information including 

shape, material, Youngs Modulus and Poisson’s Ratio, as well 

as the specific geometry of the element. The joints that 

connect each irreducible element are captured with 3D spatial 

coordinates and degrees of freedom of the connection. The IE 

Model of the structure is then converted into an Attributed 

Graph (AG), then the AGs of different structures are 

compared using graph theory to assess levels of similarity.  

1.2 Importance of accuracy in IE model topology 

The graph comparisons are sensitive to changes in topology 

and bridges are generally large, unique structures with a large 

number of elements, and therefore joints. Bridges also often 

feature curved elements or are skewed or sloped. It can be 

challenging to accurately map the joints of larger and more 

complicated bridges, and therefore it is important to be able to 

capture this information in an accurate and consistent fashion 

to help ensure accuracy in the bridge models. Quality checks 

of the bridge IE model joints can also help prevent 

inaccuracies in the model, allowing confidence in the results 

of comparisons between the bridge AGs.  

Whilst the concept and broad rules for creating IE Models 

of structures have been established elsewhere, [10–12], 

bridges are larger, and their topologies more complex than the 

structures demonstrated so far in PBSHM. Therefore, this 

paper proposes additional steps and checks that are useful for 

modelling bridges, and other large structures. To this end, 

Section 2 demonstrates the implementation of a naming 

convention for irreducible elements, whilst Section 3 presents 

an approach for calculating the 3D special coordinates of 

joints for bridges with irregular topology, and Section 4 

proposes new checks that can be performed to ensure quality 

in the mapped joints of the bridge. 

PBSHM – Guidance for ensuring quality when creating an IE model for a bridge 
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2 NAMING ELEMENTS OF BRIDGES FOR MODELS 

2.1 IE model and AG definitions 

An IE model is a particular tool for describing an engineering 

structure. An IE model contains irreducible elements, which 

describe the constituent parts that make up a given structure; 

joints, which describe the physical connections between the 

parts of the structure; and boundary conditions, which 

describe how the structure interacts with its environment. 

Irreducible elements have properties that describe the physical 

attributes of a part of the structure, including the dimensions 

of the part, as well as its material properties. Joints have 

properties that describe the nature of the physical connection 

that they represent, providing information on whether or not 

the various degrees of freedom are fixed or allow movement, 

which elements are connected by the joint, and the 

coordinates for the central location of this connection. The 

boundary conditions are described by an element-joint pair, 

where a special element type describes the cause of the 

boundary condition (ground, forcing) and the joint describes 

the nature of the connection (fixed, static). Together, the 

element-joint pair fully describes the effect of the boundary 

condition on the behaviour of the structure. Taking the 

information from the elements, joints, and boundary 

conditions for a structure, it should be possible to construct an 

FE model.  

For the purposes of comparison, the information contained 

within the IE model is converted into an attributed graph, 

where the elements and their properties are converted into 

nodes with attributes, the joints and their properties are 

converted into edge with attributes, and boundary conditions 

are converted into edge-node pairs with the relevant attributes. 

The attributed graph and IE model contain the same 

information, but in the attributed graph the data are structured 

in such a way as to facilitate comparison. This can be seen as 

analogous to a graph and its adjacency matrix: both describe 

the same object, but each data structure facilitates different 

operations. 

2.2 Importance of element naming 

The algorithm used to generate attributed graphs from 

Irreducible Element models requires unique names for each 

element, where the element names are made up of letter 

characters only. Working with smaller, simpler structures, 

modelling elements and mapping the joints between can be a 

straight-forward task with little complication. For bridges, 

however, it can become quite confusing working with 

arbitrary letters assigned to elements when mapping the joints 

of the bridge, even if the letters were assigned incrementally. 

When dealing with longer span/more complex bridges that 

feature large numbers of elements, it can be easy to lose track 

of the elements being worked with, and for mistakes to be 

made in the model.  

The first stage of creating an IE model involves defining the 

elements of a structure, and then the elements’ associated 

attributes (such as material, shape, dimensions etc). For each 

element defined, a name is given to that element and this can 

be done in such a way that the names of the elements contain 

useful information pertaining to that element. These 

predefined names can help with the mapping of the bridge 

joints and can also be used to quality check the model, 

provided they are assigned in a consistent manner (this is 

discussed in Section 4). Section 2.2 provides a worked 

example of how names can be assigned to bridge elements in 

a systematic fashion. 

2.3 Defining and naming irreducible elements 

This section demonstrates how names can be assigned to 

various elements of a bridge, when creating an IE Model, 

using a real beam and slab bridge as a worked example. The 

bridge used to demonstrate is shown in Figure 1 and is a two 

span, integral bridge which can be idealized as 49 irreducible 

elements, three boundaries and 94 joints. 

 

 

Figure 1. Beam and Slab Bridge used to demonstrate element 

grouping and naming. 

The first step in modelling a bridge is to break the bridge 

into zones, and each zone is made up of a group of elements. 

Each zone of the bridge is designated with a representing 

letter that will be assigned as the first letter of the name for 

each element within that section. This can aid in mapping the 

joints of longer span and more complex bridges that feature a 

large number of elements and, therefore, joints. The user is 

able to intuitively identify the zone of bridge being worked 

with, and this helps avoid errors when selecting elements that 

connect at each joint.  

 Figure 2 shows an exploded schematic of the bridge shown 

in Figure 1, showing how the bridge can be broken into zones 

to create groups of elements for the naming procedure. The 

deck slab has only been shown in half, to reveal the 

supporting beams and diaphragms underneath. Each 

zone/group of elements has been annotated, and the respective 

element names’ first letters are also shown in brackets. A 

sample element name for the North Abutment foundation, first 

column, and cap beam have also been included with the North 

and South Diaphragms.  

The bridge spans (approximately) North to South with an 

Intermediate Pier close to midspan. For each support, the 

elements within these sections include a foundation slab, a 

number of columns (nine each in the abutments and four in 

the pier), and cap beam. The elements within these groups are 

assigned names with the first letter “N” and “S” and “I”, 

respectively. Finally, the deck elements are identifiable with 

the first letter of their element names being “D”.  
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Figure 2. Exploded view of a Beam and Slab Bridge showing 

grouped elements and corresponding first letter assignments. 

The cut off from support to deck element can be subjective. 

The precast beams of the bridge shown in Figures 1 and 2 are 

cast in place at the supports and are considered “diaphragms”. 

This diaphragm element is cast directly onto the cap beam of 

each support and fixes the beams to the supports. As such, 

these elements can be considered as being either part of the 

supports groups, or part of the deck group of elements. For the 

bridge being demonstrated, the diaphragms are considered as 

deck elements, and so their names begin with “D”. The 

subsequent letters for the element names for this bridge, are 

assigned incrementally, for example, in Figure 2, the North 

Abutment Foundation “NA” connects to nine columns “NB” – 

“NJ”. Each column connects to the Cap Beam “NK” which 

then connects to the North Diaphragm “DA”.  

The element groups used so far are not an exhaustive list of 

groups that can be defined. For other bridge types, further 

zones/groups of elements can be used when defining the 

bridge elements. This is especially useful as element and joint 

numbers increase. For a truss bridge, for example, whilst “N” 

and “S” may be used for North and South supports, “E” and 

“W” can be used to identify Eastern and Western truss walls, 

and “C” for canopy members.  

When working with larger bridges, it can be helpful to 

increase the number of zones/groups of elements when 

conceptualising the problem, but even then, one can still be 

left with large numbers of elements within that group/zone. 

This system can then be extended to second and third-letter 

assignments for the element names. For example, in a 

suspension bridge, “H” would be the first letter of the hanger 

element names, and “C” for the main cables (note that cables 

and canopies feature in different types of bridges). For the 

number of hangers that generally exist in suspension bridges, 

it would be wise to further subdivide these based on their 

relative location on the bridge. Here, “N, S, E, W, M” can be 

used to further distinguish which span and even which side of 

the bridge the hanger belongs to, where “M” would be the 

middle span. The span and side of the bridge would be 

captured as the second and third letters of the element name. 

Figure 3 shows a stepped section of a suspension bridge 

demonstrating how second and third letters of an element 

name can be assigned to show, specifically, which part of the 

bridge the element belong to, where “N” and “M” refer to 

North and Main spans, “E” refers to the East side of the 

bridge, and “T”, “D”, “C” and “H” refer to Tower, Deck, 

Cable and Hanger, respectively. 

  

 

Figure 3. Stepped Section of a Suspension Bridge showing 

first letters of element names for different element groups. 

Polarity of the elements (NSEW) can vary depending on the 

bridge orientation without consequence however, it is 

important to ensure that NSEW labels are assigned correctly. 

The user defines the element names individually and quality 

checks of the modelled joints rely on this. It is therefore 

important to be careful when assigning the names of elements, 

making sure the first letter of element names is unique for 

each group of elements, allowing logical checks to be 

implemented for the mapped joints of the bridge. 

3 MAPPING TOPOLOGY OF BRIDGES 

3.1 Defining joints and element sets 

The edge attributes in AGs derive are derived from the joint 

properties within the IE model. The first stage of defining the 

joints for the IE model is to create the element sets for each 

joint. The element set is the list of elements that connect at a 

given joint location.  

It is important to decide, at this stage, which elements share 

connections, and which should be treated as single joints. For 

example, a truss bridge can have several elements featuring in 

a single joint; however a simple beam and slab bridge, as 

shown in Section 2.2, would typically only ever have two 

elements per joint.  

These decisions are made based on the design/idealised 

behavior of the structure and will affect how the coordinates 

for the joint are assessed. A two-element joint’s coordinates 

are located at the centroid of the interface where the two 

elements meet. Figure 4(a) shows examples of the locations of 

the joints that would feature in the beam and slab bridge 

shown in Figure 2. Specifically, the columns of the abutment 

have been shown, with their connections to the foundation and 

cap beam marked. For a joint with more than two elements, 

however, the joint location would be the intersection of all the 

elements’ centroids. Figure 4(b) provides an example of 

where a truss bridge would feature several elements 

connecting at one location. The centroids of the elements have 

been shown in red, with the intersection, and hence joint 

location, circled.  
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Figure 4. Examples of different types of IE model joint (a) 

Two element joints from the abutment of a beam and slab 

bridge, with joint locations marked with red crosses and (b) a 

six-element joint from a truss bridge, with element centroids 

shown in red, and joint location shown as a red dot. 

The joint coordinates are defined along a global X, Y and Z 

axis, with the relevant axis directions shown in Figure 4. To 

aid in making the mapping of the joint coordinates, when 

inputting details on specific element geometry when defining 

the elements of the model, lengths of elements were input as 

the length along the global X axis, regardless of element 

orientation. Similarly, the width of each element was input as 

the length along the Y axis, and heights were input as the 

length along the Z axis. This allows the user to specifically 

reference lengths of elements to calculate longitudinal 

distances (X) between joints. Similarly, depths can be used to 

calculate transverse distances (Y), and heights to calculate 

vertical distances (Z) between joints.  

When mapping the joints of a bridge for the IE model, the 

user is effectively defining a wire frame, or mesh, of a bridge 

where intersecting lines would be the joints, with 

corresponding global coordinates. For straight bridges with 

straight edges, this is simply input based on an X, Y, Z grid 

and can be a straight-forward task. Not many bridges are that 

simple, however, and so Sections 3.2 and 3.3 presents 

guidance on maintaining consistency when mapping joint 

coordinates for bridges that feature slope, skew and/or contain 

curved members.  

3.2 Dealing with slope and skew alone 

Bridge crossings are generally unique, in the sense that they 

cross where needed, and the crossings are often designed 

depending on the surrounding environment. For this reason, it 

is not uncommon to have two bridges of a similar type whose 

geometries are significantly different due to features such as 

skew and slope in the decks.  

Slope and skew are common occurrences within bridge 

populations and the specific angle of that slope or skew can 

vary significantly from bridge to bridge. Despite two bridges 

having the same number of elements and the same span 

lengths, and even being constructed within the same 

construction project, the expected behaviour of those bridges 

can vary depending on skew/slope differences between 

bridges.  

Figure 5 shows an example of two bridges from the same 

construction scheme. The basic layout, spans and materials 

used for both bridges are very similar; however, the respective 

skew and slopes of the bridge make them quite different. The 

difference here means that, whilst the bridges are very similar 

in construction and age, it remains to be seen how much data 

can be shared between the structures for health monitoring 

purposes. It is important to capture these subtle differences 

between bridges at the modelling stage as, in the future, it may 

be possible to share data between bridges, but this is only 

meaningful if the bridges are genuinely similar.   

 

 

 

Figure 5. Two similar bridges constructed within the same 

scheme, (a) bridge with skewed and sloped deck and (b) 

straight and flat bridge. 

For a bridge that features no skew (i.e. skew angle = 0°), 

such as Figure 5(b), sinusoidal mode shapes can be 

predicted/expected; however, as skew is introduced, the 

frequency and mode shape of a bridge can vary. Mode shapes 

and bridge frequencies are often used in SHM for bridges, and 

as such, features like skew can affect the sharing of data 

between bridges in a population sense. It is therefore 

important to capture these changes in orientation of the bridge 

elements within the modelling procedure. This information is 

most evident in the coordinates of the joints, and so a 

consistent approach is used to calculate the change in global 

X, Y and Z coordinates, dependent on the angle of slope or 

skew of the bridge. 

When looking to incorporate skew or slope into the bridge 

joint coordinates, it is important to first identify which 

coordinates are dependent on other coordinates. For example, 

(a) 

   (b) 

(a) 

(b) 
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skew only occurs in the horizontal plane, which would mean 

that for skew, X would be dependent on Y coordinates for 

elements affected, or vice versa. Similarly, slope can occur 

along two planes, either slope along the length of the bridge, 

or along the width, where Z coordinates would be dependent 

on X and Y coordinates respectively.  

In order to accurately capture the shift in coordinates 

relative to the angle of slope or skew, linear equations are 

used in the form of: 

 

                                (1) 

 

Where a would be the dependent coordinate, m would be 

the gradient of the slope or skew, b would be the independent 

coordinate and c would be a relative starting position. For 

example, Figure 6(a) shows the plan view of the bridge shown 

in Figures 1 and 2, with the deck omitted, showing the precast 

beam connections/joints to the diaphragms with red dots, 

where the changes in X values depending on Y values are 

evident. Figure 6(b) shows how the variables of equation (1) 

would be read from the bridge plan in a simple diagram. The 

bridge features a 25° skew to the deck, which affects the X 

coordinates of all joints of the bridge.  

 

 
 

 

Figure 6. Sample Beam and Slab Bridge, (a) Plan view with 

precast beam to support joints marked with red dots, and (b) 

close up view of the right side of (a) showing the application 

of equation (1) values. 

For this example, the X coordinates a of the joints are 

dependent on the Y coordinates; Y would be considered the 

independent coordinate b from equation (1). The gradient m 

would be tan-1(25°) to accommodate the skew, and c would be 

the starting X coordinate value for where the skew starts.  

Using equation (1) to calculate coordinates helps to reduce 

any human error in the coordinates from rounding or 

estimation. The same equation can be used to accommodate 

slope in a similar fashion, where the independent coordinates 

should be defined before dependent coordinates are calculated 

using equation (1).  

In general, joint attributes might include Euler Angles, and, 

in these situations, a similar process is followed. The user 

should define the independent coordinates of joints first, 

before then looking to apply equation (1) to calculate the 

dependent coordinates. If the bridge in Figure 6 were to slope 

longitudinally, then the Z coordinate would be linearly 

dependent on the X coordinate, which is, in turn, linearly 

dependent on the Y coordinate. Alternatively, if the bridge 

featured a transverse slope, then both the Z and X coordinates 

would be linearly dependent on the Y coordinate.   

3.3 Dealing with curved members alone 

Curved elements in bridges are a common feature, and the 

curvature of bridge elements can significantly affect the 

behaviour of the bridge. As a result, whilst two bridges may 

be similar in construction, the difference in curvature of 

elements from those bridges could lead to significant 

differences in the bridge responses. Given that Bridge SHM 

research has shown that there is use in features such as 

frequencies and mode shapes of bridges to detect damage, 

differences in these behaviours of bridges may lead to the 

inability to share data between these bridges in future SHM 

monitoring approaches.  

It is important to ensure that these curvature changes 

between bridges are captured in the joint mapping process. 

Similar to the approach used in Section 3.2, when dealing 

with curved members, a consistent method was used to help 

ensure consistency and accuracy in the joint mapping. 

Regardless of if the curvature occurs in the XZ or YZ plane, 

the same use of a parabolic equation was used in the form of: 

 

                     (2) 

 

Where y is the dependent coordinate, x is the independent 

coordinate, (a, b) is the centrepoint of the arc and r is the 

radius of the arc. In order for this to work, the user needs to 

know the radius and centrepoint of the arc, however this can 

be achieved using any three known points of the arced/curved 

member. It is also important to be wary of sign convention of 

the root when applying this equation to ensure the arc is being 

captured in the correct direction. Figure 7(a) provides an 

example elevation of a suspension bridge highlighting the 

arced main cable over the main span, the centrepoint of the 

arc, and the radius as would be needed to apply Equation 2. 

Figure 7 (b) is a zoomed in view of the red box in (a) showing 

the parabolic change in coordinates of the main cable joints.  

Y 

X 

(a) 

(b) 
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Figure 7. Suspension Bridge elevation with the main span 

cable in red, (a) showing full span, highlighting the radius and 

centrepoint required for Equation 2 and (b) a closer view of 

the left side of the main span (red box), showing the parabolic 

change in coordinates for the main cable joints. 

Curvature can often be accompanied by slope and/or skew 

in a bridge. In order to ensure that the joints of those bridges 

are mapped correctly, the same process as when dealing with 

slope and skew together applies. Firstly, the independent 

coordinates of the joints should be defined, before looking at 

the order of dependencies for the remaining coordinates.  

For example, for a bridge featuring horizontal curvature that 

slopes downwards the independent coordinate would be X. 

The Z coordinate would be linearly dependent, and the Y 

coordinate parabolically dependent, on X. In this instance, 

there would be no priority on which dependent coordinate was 

calculated. If the bridge were to feature a transverse slope 

with horizontal curvature, however, the Z coordinate would be 

dependent on the Y coordinate, which would be dependent on 

the X coordinate. It is important to ensure that, when mapping 

the joint coordinates of the bridge, equations are applied with 

the correct dependency order to ensure accurate joint 

mapping.  

 

 

4 QUALITY CHECKING OF THE BRIDGE MODEL 

There are checks that can be carried out when creating an IE 

Model to maintain the integrity of the model. The checks are 

important, as the accuracy of any graph comparisons between 

bridges is dependent on the accuracy of the bridge models.  

The first check that can be performed looks to check the 

number of connections each element should have against the 

number of times that element appears within the element sets 

of the joints. For this check to be performed, when creating 

the elements table for the IE Model, each element defined 

must include the number of connections that element should 

have alongside the element attributes. For each element, a 

count function is used to assess the element sets of all joints 

and evaluate how many times the given element appears 

within element sets. For an accurate model, the number of 

connections an element has should be the same as the number 

of times that element features in the element sets of joints for 

the bridge. Using Figure 4 (a) as an example, there are three 

columns visible with their respective connections to the 

foundation and cap beam marked in red. Each column element 

here would have the number of connections input as "2". The 

check would assess all the element sets of the joints of the 

bridge model, counting the number of times each element 

appear within a joint's element set. This should return as "2", 

where anything less would mean the element has been missed 

in a joint, and anything more would mean the element has 

been added to a joint wrongfully. 

Issues that can arise when preparing element sets mainly 

occur with more complicated bridges, such as truss bridges, 

where multiple elements feature in a single joint’s element 

sets. It can become easy to include wrong elements, or simply 

miss elements out of the element sets of the joints This check 

helps to ensure that nothing has been missed or duplicated, 

which is a key to ensuring accurate comparisons are made 

between the bridge models. 

The second check that can be performed also uses the letters 

assigned to the element names to check the accuracy of 

element sets for joints. When creating the IE model, it is 

important to ensure that the elements within each element set 

make sense, which can be a difficult and time-consuming task 

when done manually. Taking the bridge from Figure 2 as an 

example, the bridge has a North and South Abutment, 

Intermediate Pier and Deck groups of elements. As a result, a 

logical check can be performed on each element set that 

assesses the first letter of each element name within the 

element sets for each joint to ensure that impossible 

connections have not been created. For example, with the 

beam and slab bridge, no North elements would share a joint 

with Intermediate pier or South abutment elements. Similarly, 

the second and third letters can be checked when dealing with 

larger bridges that have been further divided into smaller 

groups in a similar manner. Hangers of a suspension bridge 

can be split into the three spans, where no hanger of one span 

should share a joint with another span, and similarly split by 

side of the bridge, where the hangers do not traverse the 

bridge and so should not share joints with hangers of the 

opposite side of the bridge. When dealing with longer span 

suspension bridges where, with a larger number of hangers, it 

can be easy to miss connections when listing the element sets, 

this final check can help detect any confusion that may have 

(a) 

(b) 
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arisen during the assembly of the joint element sets before 

calculating the coordinates of the joints. 

5 CONCLUSIONS 

Population-based structural health monitoring is at an early 

stage of research, and this study starts to look at its potential 

application to bridges. As well as demonstrating some useful 

approaches for capturing common bridge geometry, this paper 

proposes additional steps and quality checks that can be 

incorporated into the IE modelling procedure for bridges and 

other large structures to help ensure accurate models are 

created.  

Conceptually, PBSHM relies on comparisons of structures 

as Attributed Graphs, which are generated from the IE models 

of structures. The comparisons are sensitive to the topology of 

structures and because of their size and complexity, bridges 

can prove to be challenging structures to model. Aspects of 

bridge geometry such as slope or skew, and the presence of 

curved members in many bridges, means that mapping the 

joints of bridges requires an accurate and consistent approach.  

The approaches for capturing the 3D spatial coordinates of 

bridge joints in this paper proved successful in providing 

consistency and accuracy in the calculated coordinates, whilst 

reducing the overall time taken to map the coordinates. This 

benefit is extended as the size/number of elements of the 

structure increase, and is able to accommodate aspects of 

slope, skew and curvature in bridge geometry. 

The naming convention of elements proposed in this paper 

allowed for quality checks to be implemented when 

generating IE Models. The element names capture 

information on that element’s position, using predefined 

letters in the first positions of element names. The checks 

detect when elements are missing from the element sets of 

joints, and when joints are missing entirely. The checks also 

capture when elements from separate zones of the structure 

that were wrongfully connected. The quality checks here help 

to ensure accuracy in the mapped topology of the bridge 

structures, and in turn Attributed Graphs for any future 

comparisons to be carried out.  
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ABSTRACT: Population-Based Structural Health Monitoring (PBSHM) is a novel approach to overcoming the issue of limited 

data sets. Data-based SHM approaches have shown great promise in the ability to detect damage in structures; however, for 

bridges, there is often inadequate healthy and damaged state data for these methods to be applied. The PBSHM approach aims to 

assess similarity of structures in an effort to strengthen the data sets of individual structures within a population. This paper 

presents the first implementation of PBSHM to a suspension bridge, namely the Bosphorus Bridge. Refurbishment works of the 

bridge, completed in 2015, included the replacement of inclined hangers with vertical hangers. Two Irreducible Element Models 

are created for the bridge, before and after the repair works, and converted to Attributed Graphs before they are compared. The 

results of the comparisons are interrogated from an engineering perspective to check that they make sense, and accurately 

capture the changes, as well similarities, in the topologies of two states of the bridge.  

KEY WORDS: Bridge SHM; Population Based Structural Health Monitoring; PBSHM; Irreducible Element Model. 

1 GENERAL GUIDELINES 

1.1 Overview of civil SHM 

Structural Health Monitoring, in a broad context, refers to the 

monitoring of a machine or structure, assessing its condition 

for early damage detection. In recent years, successful 

implementations of SHM systems have been demonstrated in 

the mechanical engineering field, for example [1] 

instrumented the rotor blade of a wind turbine with an 

actuator and 20 accelerometers, offering a system that could 

identify the presence and location of damage in the blade. 

This is not a standalone instance of damage detection via 

vibration data and signal processing; however. It has been 

demonstrated elsewhere [2, 3], that there are multiple data 

processing and optimisation algorithm techniques available in 

the literature, with the favourability of methods depending on 

intended application, each meriting their own benefits.  

In civil engineering, there are similarly diverse applications 

of vibration data in SHM. There have been examples of 

natural frequency being used as damage-sensitive features 

where the data are compared to benchmark vibration data, 

usually estimated using an FE Model, for damage detection 

[4, 5]. Similarly, changes in mode shapes have been identified 

as a useful feature in bridge SHM for damage detection, 

though there is a limit to the damage detection sensitivity [6]. 

Wavelet transforms have been developed that are much more 

successful in detecting damage without the need for baseline 

healthy signals by assessing local portions of signal [7, 8]; 

however, lack of sensitivity to local damages is still a 

prevalent issue. 

Research focusses have advanced in recent years to also 

include the development of artificially intelligent systems and 

machine learning algorithms. [9] used the voltage data from a 

fleet of electric drivetrains with an anomaly detection 

framework that proved successful in detecting damage to 

individual drivetrains. The approach was data driven, where 

the need for historical data to obtain a healthy data benchmark 

was overcome by using the fleet’s performance to create an 

expected operational performance, with deviations from the 

group indicating faults.  

[10] presented case studies including the monitoring of the 

gears of a motor against tooth deterioration, as well as 

condition monitoring of ball bearings. Both case studies were 

experimental demonstrations of an automated outlier detection 

procedure for damage detection in the respective systems. 

Effective damage detection was achieved using a grouped 

monitoring approach where individual conditions could be 

compared to the wider group’s performance.  

The benefits highlighted in using these intelligent 

approaches to monitoring systems include the ability to detect 

subtle indicators of damage from small behavioural changes 

in a structure with minimal supervision. Environmental and 

operational factors, however, can often influence the quality 

of damage detection in these systems, where environmental 

changes can be misdiagnosed as damage indications [11, 12].  

Approaches like these are often limited in application to 

bridge structures as they require large amounts of data to train 

the machine learning systems to work effectively, which are 

rarely available for most bridges [13, 14]. The data 

requirement can be for both healthy and damaged states of the 

structure and, as a result, there have been limited applications 

of these intelligent approaches in bridge SHM. 

Therefore, there is a need for an approach or technology 

that can grant the opportunity to utilise the data driven 

methods of SHM for bridges. Such an approach has recently 

been proposed, Population-Based Structural Health 

Monitoring (PBSHM), that looks to facilitate transfer learning 

between structures and is discussed in the next section.   
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1.2 Background to PBSHM 

Population-Based Structural Health Monitoring is a new 

approach in SHM that looks to group structures together to 

facilitate data sharing. The principle idea is that if two 

structures are similar enough, they would exhibit similar 

behaviours. Therefore, the data from the two structures could 

be used collectively for both structures, enhancing their 

respective data sets.  

The foundations for the theory were recently presented, 

where [15] discussed homogenous populations of structures 

that could be represented by a single model structure, called 

the form. [16] discussed comparisons of heterogenous 

populations of structures. Two different sized aeroplanes were 

compared for similarities by first creating Irreducible Element 

models (IE models) of both structures, then comparing them 

as attributed graphs. This work focused on how information 

between two similar structures could be potentially shared, 

and how populations of structures could be grouped to form 

populations based on similarities. [17] presented a discussion 

on knowledge transfer and mapping between structures of a 

population, highlighting IE modelling’s ability to help 

overcome issues with negative transfer between structures. In 

[18], it was also shown that domain adaption could be used to 

potentially share data between structures that are similar, but 

have a consistent difference, such as material or 

environmental change. 

The work demonstrated great potential in leveraging data of 

structures such that modern machine learning and automated 

damage detection approaches can be applied. An early 

demonstration of these benefits can be seen in [19, 20], where 

the condition of turbines in an offshore wind farm was 

monitored using a population of turbines in the farm. The 

group data was used to benchmark the performance of 

individual turbine data, where the operational and 

environmental factors of each were relatively similar. Such an 

approach is data dependent, and requires substantial 

information for systems to be trained, and PBSHM looks to 

afford this opportunity for structures that would not ordinarily 

have those data available. 

1.3 PBSHM definitions 

An IE model is a particular tool for describing an engineering 

structure. An IE model contains irreducible elements, which 

describe the constituent parts that make up a given structure; 

joints, which describe the physical connections between the 

parts of the structure; and boundary conditions, which 

describe how the structure interacts with its environment. 

Irreducible elements have properties that describe the physical 

attributes of a part of the structure, including the dimensions 

of the part, as well as its material properties. Joints have 

properties that describe the nature of the physical connection 

that they represent, providing information on whether or not 

the various degrees of freedom are fixed or allow movement, 

which elements are connected by the joint, and the 

coordinates for the central location of this connection. The 

boundary conditions are described by an element-joint pair, 

where a special element type describes the cause of the 

boundary condition (ground, forcing) and the joint describes 

the nature of the connection (fixed, static). Together, the 

element-joint pair fully describes the effect of the boundary 

condition on the behaviour of the structure. Taking the 

information from the elements, joints, and boundary 

conditions for a structure, it should be possible to construct an 

FE model.  

For the purposes of comparison, the information contained 

within the IE model is converted into an attributed graph, 

where the elements and their properties are converted into 

nodes with attributes, the joints and their properties are 

converted into edge with attributes, and boundary conditions 

are converted into edge-node pairs with the relevant attributes. 

The attributed graph and IE model contain the same 

information, but in the attributed graph the data are structured 

in such a way as to facilitate comparison. This can be seen as 

analogous to a graph and its adjacency matrix: both describe 

the same object, but each data structure facilitates different 

operations. 

1.4 Current case study 

This study looks at applying PBSHM to a suspension bridge 

that has undergone change. Some of the nuances of how to 

apply PBSHM to bridges is discussed elsewhere, and [21] in 

this conference presents some additional steps and checks that 

can help to ensure quality IE models are achieved for graph 

comparisons of bridges.  

Ultimately, the purpose of PBSHM is to identify (using a 

systematic approach) how similar two structures are. If it can 

be identified that two bridges are similar enough, then there is 

the potential that data or information about the first bridge 

may be useful for managing the second bridge. Therefore, this 

paper presents a case study on changing bridge topology, and 

the PBSHM framework’s ability to detect these changes. 

Specifically, a comparison will be made between the 

Bospherous bridge pre- and post-repair. Irreducible Element 

models are created for a bridge, capturing the topology before 

and after repair. These models are then converted to 

Attributed Graphs and compared to assess the similarity 

between the two bridge states. This similarity is critiqued 

from the point of view of engineering judgement, i.e. does the 

similarity score returned make sense from an engineering 

point of view. The significance here is in assessing the 

approaches ability to detect changes to the bridge topology 

that would limit the ability to use that bridge’s historical data 

after repairs have been made. To that end, Section 2 presents 

information on the Bridge used in this study, with Section 2.1 

offering information on the original bridge and IE Model, and 

Section 2.2 presenting information on the same, after 

alteration works were completed. The results of the 

comparisons, and some observations from these results, are 

presented and discussed in Section 3.  

2 BRIDGE USED IN THIS STUDY 

2.1 Overview of the bridge  

The Bosphorus Bridge was constructed in 1973 and is a six-

lane highway suspension bridge that connects the mainland of 

Europe and Asia. The bridge has three spans of 231m, 1079m 

and 255m, in a North/South direction. In 2004, fracturing of 

web plates connecting the hangers to the deck, caused the 

commissioning of a refurbishment project for the bridge that 

would include the replacement of the hangers of the bridge. 

The repair works also included replacement of parts of the 
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rocker bearings and strengthening the bridge deck and tower 

legs from fatigue cracking. More substantially, the hangers 

were redesigned and replaced, going from inclined to vertical, 

with the project being completed in 2015, and this is the 

change that is implemented in this study.  

2.2 Bridge before repair 

This section provides a description of the Bosphorus Bridge as 

constructed in 1973. Figure 1 (a) shows a photo of the 

elevation of the bridge, taken before repair works to the 

bridge, with the inclined hangers lit in red. Figure 1 (b) shows 

a dimensioned elevation of the bridge as originally 

constructed, with the North span to the left of both Figures.  

 

 
 

 

Figure 1, Bosphorus Bridge before repair, (a) photo of the 

bridge, (b) dimensioned elevation of the bridge. 

The bridge comprises two steel towers, one north and one 

south, that are 165m tall. The towers sit on pad foundations 

atop hollow caissons, with four transverse beams between the 

pairs of tower legs. There are two gravity anchorages, with 

steel cables running from the towers to the anchors, acting as 

cable stays for the towers. The main span of the bridge deck is 

suspended from the main cable, running between the two 

towers, by 59 pairs of inclined hangers on the east and west 

sides of the bridge. The hanger pairs share cable connections 

and splay away from each other to the deck. The North span 

deck is supported by four pairs of RC columns on pad 

foundations between the anchorage and tower. The South span 

is of a similar construction, but with three pairs of columns, as 

opposed to the four of the North span. The deck is pinned at 

each anchorage, with expansion joints located at both towers. 

In order to create the IE model for the original bridge, a list 

of elements was first gathered. Some decisions on the 

Irreducible Elements here included treating the box deck as 

three elements, North, South and main spans, as opposed to 

the individual 17m segments it was constructed with. The 

main cables were also considered as three elements for both 

the east and west sides of the bridge. The total number of 

elements for the original Bosphorus Bridge IE model was 293, 

made up mostly of hanger elements.  

The elements were split into groups and each element 

named, with the first three letters of element names alluding to 

the type and location of the element. The grouping of 

elements allowed for easier mapping of joints, given the vast 

number of hangers to be modelled, as well as offering the 

ability to implement quality checks once the element sets of 

joints were completed. For each element, structural 

information was also assigned, including shape, material, 

specific geometry and number of connections that the element 

should have with other elements. Whilst there is room to 

include material strengths in the IE model, without the 

information available on each element’s specific strength, this 

information was omitted from the model. The boundary 

conditions of the bridge were also recorded before the joints 

of the bridge were mapped. 

With the hangers meeting at the cable along the length of 

the main span, the hanger to cable joints featured three 

elements, the cable and two connecting hangers, within the 

element sets. For a number of the hanger to deck connections, 

there were also three elements per joint element set, as two 

hangers would share the same steel plate connected to the 

deck. The hanger to deck connections were modelled 

individually; i.e. element sets with two elements only, when 

the hangers stopped sharing the plate connection to the deck. 

There were 34 instances of individual hanger joints each on 

the East and West sides of the bridge, 16 both sides of the 

midspan, and the hanger closest to each tower.  

Mapping the coordinates of the supports’ joints was straight 

forward using the elements’ geometry. For the deck and main 

cable joints, however, methods from [21] were used to 

accommodate the curvature of the elements. The hanger 

lengths were calculated from the coordinates of the joints to 

complete the hanger element geometry. There were a total of 

394 joints in the Bosphorus Bridge Before Repair IE model. 

Being such a large bridge, it was important to ensure the joints 

were assembled and mapped accurately. The named elements 

allowed for some intuition as to the elements being assembled 

in each joint, and quality checks were carried out that checked 

the accuracy of the element sets of joints. The checks allowed 

confidence that the Bosphorus Bridge Before Reapair IE 

model had accurately captured the topology of the bridge. 

2.3 Bridge after repair 

In 2015, the Bosphorus Bridge underwent significant repair 

works, with the predominant changes in the bridge being the 

change from inclined to vertical hangers. The previously 

inclined hangers were replaced with vertical hangers, which 

were hung in pairs approximately 40cm apart. Other changes 

included replacement of bearings and strengthening to the 

deck and towers. Figure 2(a) is a photo of the West elevation 

of the Bosphorus Bridge after the hanger replacements, with 

the new vertical hangers lit with red LEDs. Figure 2(b) shows 

a dimensioned elevation of the bridge. As the bridge largely 

remained the same, the dimensions are the same as shown in 

Figure 1(b), with the main difference between the sketches 

being the hangers within the main span.  

 

(a) 

(b) 
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Figure 2, Bosphorus Bridge after repair, (a) photo of the 

bridge in its current form and (b) dimensioned elevation of the 

current bridge. 

When making the IE model for the repaired state of the 

Bosphorus Bridge, certain elements were modelled as before. 

These elements included the deck, main cables, towers and 

anchorages, where the size and topology of these elements 

remained unchanged. The hangers which were replaced on the 

real bridge, however, required redefining. Similar to the 

original model, the hangers were defined as elements, 

omitting their length as it varies along the length of the main 

span. With the new hanger configuration, the total number of 

elements in the model increased slightly to 301. 

The joints of the repaired bridge were, in part, similar to the 

joints of the original bridge. The back spans of the bridge 

remained unchanged; however, each hanger connection to 

both the cable and deck were new. For each hanger, the X 

coordinate was first set before calculating the relative Z 

coordinate, again using the process described in Section 2.2. 

The (previously) omitted hanger lengths were then calculated 

as being the change in Z axis of the two joints the hanger 

appeared in, completing the model.  

The same checks as implemented in the original model were 

applied to the repaired model. This check, along with the 

consistent approach to calculating the coordinates of the deck 

and cable connections allowed for the same level of accuracy 

and quality assurance between the two IE models. 

2.4 Key changes to the bridge 

The descriptions of the pre-repair and post-repair bridges have 

been presented in Sections 2.2 and 2.3, respectively. This 

section specifically compares the parts of the bridge that have 

changed. In creating the IE model for the same bridge before 

and after the repair works, some key differences and 

similarities became apparent. The biggest difference was in 

the hangers, where the repaired bridge featured a few more 

hangers than the original, and so more elements total. The 

bigger difference still, however, was in the joints of the 

hangers. In the original bridge model, hangers featured in the 

cable element joints (and largely the deck element joints) in 

pairs. In the repaired bridge model, these hanger to cable/deck 

connections were only ever two element joints, and never 

three. Figure 3 is a part elevation for both the repaired and 

unrepaired bridge states (located near the North tower) and 

provides an example of the change in hanger configuration. 

For the inclined hangers, Figure 3 (a), two hangers featured in 

every hanger-to-cable connection, and most of the hanger-to-

deck connections, whereas only one hanger was present in any 

given joint of the repaired bridge model (Figure 3 (b)).  

 

 

 

Figure 3, Bosphorus Bridge elevation near the North tower (a) 

before repair and (b) after repair. 

There were 354 joints that required mapping in the first bridge 

model, whereas with the hangers being vertical and no longer 

sharing joints with one another, the total number of joints rose 

to 572. This alone sets an expectation of any comparisons 

between the models to identify a significant difference 

between the bridge models. 

The local changes for strengthening elements, however, 

were not captured in the model, as the elements remained 

largely unchanged in geometry and the models did not include 

specific material strengths. Similarly, replacements of parts of 

the rocker bearings or the installation of damping systems 

would also not be captured at this stage. With further 

development, the models could look to incorporate this type 

of information as well, such as joint stiffness etc. 

3 RESULTS AND DISCUSSION 

3.1 Overview of results 

The IE models of the Bosphorus bridge, before and after 

repair, were converted into Attributed Graphs for the purposes 

of comparison. The algorithm for comparing the AGs searches 

primarily for where the two bridges share topology, with like 

for like elements and connections, and returns a similarity 

score between the structures. Table 1 shows the results of the 

comparisons between the two states of the Bosphorus Bridge. 

The comparison is made between the row and column, where 

a 2x2 table leads to 4 comparisons being made.  

 

Table 1. Results from Bosphorus Bridge Comparisons. 

 Bridge Before 

Alterations 

Bridge After 

Alterations 

Bridge Before 

Alterations 

1.0 0.43 

Bridge After 

Alterations 

0.43 1.0 

 

 

 

(a) 

(b) 

(b) (a) 
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Looking at the Table 1, the results show then when the two 

states of the bridge are compared with themselves, the result is 

1. This is the normalized comparisons between structures, and 

would be expected when each element, joint and boundary are 

identical. The resulting comparison between the two states of 

the bridges, however, was only 0.43. Initially, this seems low, 

given that it is the same bridge; however, when considering 

that the total number of joints has increased by 218, with only 

an 8 element increase, it is understandable that large portions 

of the bridges have been identified as different.  

3.2 The 0.43 matching portions 

From the comparisons, there is a 0.43 matching portion of the 

Bosphorus Bridge after the repairs were carried out. This 0.43 

primarily relates to the similarities between the two bridge 

states, which are the North and South back spans, including 

the North and South towers, cables and anchorages. The 

comparisons also pick up the presence of the deck elements, 

as well as the cable elements which run between the towers; 

however in the absence of the matching-hanger system, the 

main spans of the two bridge states are detected as different. 

Figure 4 shows elevations of the two bridges with (a) before 

repairs and (b) after repairs, with the elements that remain the 

same in black, and elements that have changed in red.  

 

 

 

 
 

Figure 4. elevations of Bosphorus Bridge (a) before repair and 

(b) after repair, with elements that remain the same across 

both in black, and elements that change in red. 

The key take-away from the 0.43 result is that, given the 

level of similarity between the North and South spans of both 

bridge states, the historical data for these spans could 

potentially be shared with the current state of the bridge.  

3.3 Limits of the similarities 

As described, a large portion of the bridge remained largely 

the same after the repairs were completed. Whilst the specific 

strength of certain elements may have changed, the topology 

of the North and South spans remained the same overall. 

Because of the sheer number of hangers within the main span 

of the bridge, however, a larger proportion of the bridge 

elements and joints were picked up as different, than remained 

similar. 

The first hanger in from the towers of the original bridge 

has a two-element connection with the deck, like the repaired 

bridge. Both elements go on to connect to the main cables of 

their respective bridges. It is most likely that these elements 

have been picked up as being similar, but within the original 

bridge, the connection to the cable is shared with the next 

hanger. Without the individual connections, as modelled in 

the repaired bridge, the algorithm would detect a difference 

between the graphs of the two bridges. The part-similarity 

between the element connections occurs again with the deck-

to-hanger connections closer to midspan; where the hangers 

stop sharing deck connections with one another, but the cable 

connections still each feature three elements. Figure 5 shows a 

close-up elevation of both bridge states with the vertical 

dashed line indicating the midspan of the main bridge span. 

The original bridge with inclined hangers is shown in Figure 

5(a), and the repaired bridge with vertical hangers in Figure 

5(b). The hangers that could be identified as similar, based off 

similar element connections, are shown in red. 

 

  

 
 

Figure 5, Elevation of Bosphorus Bridge at midspan (a) before 

repair and (b) after repair 

Figure 5 demonstrates how, as one nears the midspan of the 

original bridge, the inclined hangers have isolated connections 

with the bridge deck. One in each pair of hangers can be 

identified as similar to one in each pair of hangers in the 

repaired bridge. The differences picked up for this portion of 

the bridge means that the deck of the bridge may no longer 

feature the same response as before the repairs. This is 

important, as by carrying out such a substantial change to the 

bridge, the historical data from the main span deck of the 

original Bosphorus Bridge cannot necessarily be carried 

forward to the repaired bridge. That said, should any bridges 

identify as being similar to the original Bosphorus Bridge, the 

historical data could still potentially have future applications.  

4 DISCUSSION/CONCLUSIONS 

PBSHM is a new SHM approach that has been proposed to 

overcome the limited availability of data for structures. In 

concept, if two structures were similar enough that data could 

be shared between them, then the data sets of each structure 

could be enhanced. The structures are represented as 

Irreducible Element models, converted to Attributed Graphs 

and, using graph theory, compared for similarities.  

This paper applies PBSHM to a suspension bridge for the 

first time and investigates the procedure’s ability to identify 

the change in topology of a long-span suspension bridge, the 

Bosphorus Bridge, after substantial repair works have been 

carried out. A description of the bridge in both states, as 

originally built and after the repairs, is presented with a 

summary of the IE Models created for both states. The models 

were then converted to AGs before being compared. 

(a) 

(b) 

(a) 

(b) 
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The resulting similarity between the two states of the bridge 

was 0.43. This result indicated large changes between the two 

bridge topologies, which were explicable when considering 

the number of hanger elements and joints of the bridge, where 

the number of elements increased by eight, but the number of 

joints of the bridge increased by 218. The back spans of the 

bridge remained identical after the repair works, which 

seemed to be identified in the comparisons, but accounts for a 

smaller proportion of the bridge elements and joints.  

The results showed that the PBSHM procedure was 

successfully applied to two states of the same bridge, 

returning a reasonable similarity between them. This offers 

promise that PBSHM is able to pick up on changes in bridge 

topology, which is important when looking to create 

populations of similar structures for potential data sharing.  
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ABSTRACT:
Effective structural health monitoring (SHM) requires large amounts of data representing the normal condition of a structure
as well as any damage conditions. However, it is not always feasible to obtain these data; for example, it is not economical to
obtain damage-state data for a new bridge. To address this problem, a new framework is being explored called population-
based structural health monitoring (PBSHM), which proposes that if two structures are sufficiently similar, then data can
be shared between them.
Tools which enable the sharing of data, such as the transfer of models and damage classifiers, have been explored in previous
work; as have methods for assessing the similarity of structures.
This paper will describe how it may be possible to link structures based on their physical similarity in such a way that creates
a network, with communitities of similar structures. Within these communities, data can be shared between structures.
Forming these communities in a way that is computationally efficient while still avoiding missing possible links is not
straightforward. This paper outlines some of the considerations that must be taken into account for solving this problem.

KEY WORDS: population-based structural health monitoring, irreducible element model, networks, communities

1 INTRODUCTION

Previous foundational work [1–3] on population-based
structural health monitoring (PBSHM) has described the
benefits of taking such an approach to SHM, namely the
ability to share data and models between structures that
can be considered sufficiently similar, as well as providing a
robust normal condition and improved damage detection in
homogeneous populations [4, 5]. For strongly-homogeneous
populations, a single model can be used to describe the
generic structure behaviour and the characteristic variations
within the population [1]. For heterogeneous populations,
transfer learning methods can be employed to improve the
performance of classifiers by leveraging information gained
from examining similar structures [3]. Determining whether
or not two structures are similar enough for any of these data
transfer methods to be applicable is achieved through the
use of irreducible element (IE) models [2].

The IE model for a structure will eventually live within
a database, where similarity comparisons are performed au-
tomatically, based on the SHM problem specified. The IE
model encodes information that is important for determining
the physical similarity of two structures: geometry, material
properties, and boundary conditions.

Similarity comparisons between IE models are actually per-
formed on the attributed graph of the structure. Attributed-
graphs have been used before in mechanical engineering to
represent purely geometrical data, with the view to estimate
the machining costs for various components [6, 7]. In the
current case, the attributed graph contains the same infor-
mation as the IE model, but arranged into a different form
which makes it less human-readable, but which makes the
data more accessible to comparison algorithms.

These comparison algorithms take the attributed graphs
and seek to return some measure of their similarity. There are
numerous methods for comparing graphs, such as methods
based on spectral graph theory [8], which compare the spectra
of the Laplacian matrix for two different graphs. Other
methods find the size of the maximum common subgraph
(MCS) between two graphs [9,10] and others use graph neural
networks to generate vector embeddings of a graph and then
return the distance between the resulting vectors [11]. In
some cases the comparison is based purely on the topology of
the graph (spectral graph comparison [8] and MCS without
attributes [9]), and in others both the topology and attributes
are taken into account (graph neural networks [11] and MCS
with attributes [10]).
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In most cases where network theory is applied, for exam-
ple examining the internet or social networks, the network
is already defined by pre-existing connections between the
objects in question. Forming a network of structures, on
the other hand, is a different problem as there needs to be
some criteria for when connections are formed and when they
are not. It is this question for which this paper provides a
brief exploration. Not only is there the question of which
comparisons to perform when adding a new structure to the
network, but also which comparison method is most suitable?
There is a constant balance to be struck between making
meaningful connections between structures which provide
useful information and computational cost. Sparse networks
may miss important connections between structures, while
a network in which every comparison possible is performed
may be needlessly expensive to run.

2 COMPUTATIONAL COMPLEXITY OF DIFFERENT
APPROACHES FOR GENERATING NETWORKS

In this section, two approaches which represent the ex-
tremes of how to determine which comparisons to perform
will be described and their relative merits discussed.

The first approach is to compare any new structure that is
added to the network to every other existing structure in the
network. The communities are then formed using a clustering
algorithm such as k-NN, which will group structures that are
closest (most similar).

The second approach compares the new structure to one
other existing structure chosen at random. If the distance
is below a certain threshold, the new structure is added
to the community that the existing structure belongs to, if
not another existing structure is chosen, and so on until
eventually a sufficiently close structure is found. If no such
structure exists, then the structure forms a new community.

The third approach compares any new structure with a
randomly-selected structure from each of the existing com-
munities within a network. The structure is then added to a
community if the distance is below a certain threshold. In
the case that the new structure is sufficiently close to more
than one community, the structure is added to the closest
community. The structure is then compared to every other
structure within that community.

The first approach performs the maximum number of
comparisons possible, but is guaranteed to always produce
the same communities, whereas the second is unpredictable
in the number of comparisons possible, although it would
be expected to be less than the full number of comparisons
possible. The third approach strikes a middle ground between
the two.

2.1 Fully-connected approach

One possible approach for creating the network involves
calculating the pair-wise distance between any new struc-
ture Snew and all the existing structures within the network

Figure 1: The image represents the entries in the distance
matrix for the network as new structures are added. An arrow
represents a new structure (and hence new row and column)
being added to the network. A black square indicates that
the distance is between the structure and itself, which should
always be 0. A grey square indicates that the distance has
been calculated in a previous step. The lower triangle does
not need to be calculated if using a metric since the distance
matrix will be symmetric.

S1, ..., Sn. This approach will be referred to as the ‘fully-
connected approach’.
Using the fully-connected approach, finding communities

within the network becomes a clustering problem.
Figure 1 shows the distance calculations necessary for

generating the fully-connected network. Examining this
figure, it becomes clear that the complexity of adding a new
structure to the network using this approach is O(n− 1).
The complexity of matching graphs G1 and G2 using

the Bron-Kerbosch algorithm [12] is O(3
|V |
3 ), where |V | =

|V1| · |V2|. Exact graph comparison has a high computational
cost associated with it and should be avoided where pos-
sible. The computational cost for performing comparison
operations remains the same whichever approach is chosen;
however, certain approaches may require less comparisons to
be performed.

The number of edges in a fully-connected network is |E| =
n(n−1)

2 . The number of edges can be reduced by clustering
using a k-NN algorithm and removing any edges between
structures that fall outside of that cluster. Using a k-NN
clustering algorithm would lead to the following number of
edges, |E| = kn

2 .

2.2 Demonstration of the fully-connected approach

Figure 2 shows a fully-connected network generated by per-
forming pairwise comparisons between eight different bridges,
where some are the same type; for example, two beam and
slab bridges, two truss bridges, etc. In Figure 2, bridges with
similar abbreviations are the same type, B&S1 and B&S2
are both beam and slab bridges. The thicker lines represent
structures that appear closer together.
To form communities, it is necessary to use a clustering

algorithm such as k-NN. Here the number of nearest neigh-
bours dramatically affects the communities that are formed.
The same structures as in Figure 2 are now clustered using a
k-NN algorithm where k = 3 (Figure 3) and k = 2 (Figure 4).
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Figure 2: The fully-connected network formed between eight
different bridges of various types. B&S stands for beam and
slab, T stands for truss, A stands for arch, CS for cable-
stayed, and S is for suspension bridge. The thicker the line,
the closer the two structures.

Figure 3: Clustering performed by applying k-NN to the
network shown in Figure 2, where k = 3. B&S stands for
beam and slab, T stands for truss, A stands for arch, CS for
cable-stayed, and S is for suspension bridge.

With k = 3, it is not clear where the communities lie exactly,
while k = 2 gives distinct communities which contain bridges
of the same type. It is likely that a more intelligent clustering
algorithm is required, as the size of communities will not
be constant. Some communities may have many members
and others very few. Also, the size of the communities will
change over time.

2.3 Community comparison approach

Another possible approach, which would lead to a reduced
number of comparisons, would be to compare any new struc-
ture to one structure chosen at random from each community
that exists in the network. This ensures that only one struc-
ture from each community is compared to the new structure.
If the new structure is sufficiently close (distance below a
certain threshold) to one of the structures in an existing
community, it then becomes a member of this community

Figure 4: Clustering performed by applying k-NN to the
network shown in Figure 2, where k = 2. B&S stands for
beam and slab, T stands for truss, A stands for arch, CS for
cable-stayed, and S is for suspension bridge.

and is compared to every member of that community. In
the case that the structure is sufficiently close to randomly
selected structures from multiple communities, it is added to
the closest community. If the new structure falls outside the
threshold to be added to any of the existing communities, it
forms a new community.

Snew is compared to a random structure from a community
S ∈ C1. If the distance d(Snew,S) < ε (where ε is some
threshold), and S is indeed the structure closest to Snew,
then Snew ∈ C1. This is done for all communities C1, ..., Cm,
where m is the number of communities. This step therefore
requires m comparisons.

The next step is to compare Snew to all structures
S2, ..., Si ∈ C, where C is the community to which Snew

was assigned in the previous step. (Assuming that Snew was
compared to S1 when assigning the community label.) Since
all the communities are likely to vary in size, it is more useful
to look at the average number of comparisons performed in
this step. On average, i = n

m , which then means the number
of comparisons required is n

m − 1.

The average complexity of this approach is then O(m +
( n
m − 1)).

The number of edges in the resulting graph is determined
by the fact that the network is fully connected within the
community and every node has m− 1 connections to nodes
in other communities.

If on average, each community has n
m nodes, the total

number of edges within each community will be
n( n

m−1)

2m .

Across the whole network this becomes
n( n

m−1)

2 . (As m → n,
the number of edges within communities goes to zero.)

Each node within the community also has m−1
2 edges

associated with it, so for each community, there are n
m

m−1
2

edges that span across communities, giving n(m−1)
2 for the

whole network.
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Approach Complexity Edges

Fully-connected (FC) O(d(n− 1))
n(n− 1)

2

FC with k-NN O(d(n− 1) + kn)
kn

2

Community O(d(m+ ( n
m

− 1)))
n

2
(m+ n

m
− 2)

Table 1: Table comparing the computational complexity of
adding a new structure to the network, and number of edges
in the resulting network for each approach. Here, d is the
cost of calculating the distance between a pair of graphs, n is
the number of structures currently in the network, m is the
number of communities in the network, and k is the number
of neighbours selected for k-NN.

This gives the total number of edges in the entire network

as |E| = n( n
m−1)

2 + n(m−1)
2 = n

2 (m + n
m − 2). If m = 1,

|E| = n(n−1)
2 , the number of edges in a fully-connected

network.
If there was only one community in the network, the

amount of comparisons required for the first step would
be 1, and the next step would require the new structure to
be compared to every other structure in this community and
hence the network. This is a case that may occur early on
when populating the network if only similar structures are
being added. In this case, the computational complexity is
the same as the fully-connected method.

2.4 Seeding communities

While it is possible to start with a blank network and
add structures one at a time, a better approach might be to
‘seed’ the network with IE models that represent each of the
classes of structures that are of interest (bridge, aeroplane,
wind turbine). The representative IE models for each class of
structure would capture what could be considered essential
features of that particular class; for example, a bridge requires
a deck at the very least, and an aeroplane should feature
wings and a fuselage. This way structures are less likely to
be added to the wrong community, since they should all be
close to the example for their particular class of structure.

2.5 Comparison of approaches

A summary of the computational complexity and the num-
ber of edges in the resulting network can be found in Table 1.
While these are two obvious ways of quantifying the difference
between various approaches, they do not capture the whole
picture and included below are further points to consider
when examining the three approaches.

Points to consider for the fully-connected approach:

• Guaranteed to produce identical results for same set of
structures.

• Fully-connected graphs have a high edge density and it
is likely to contain a lot of unnecessary edges.

• Deleting unnecessary edges has a computational cost
associated with it, but this is likely minimal compared
to the cost associated with exact graph comparison.

• If ever the network was to be re-structured, all of the
information is already present.

• If AGs remain small (less than 100 nodes), then the
computational time for graph comparison may not be
crippling, with sufficient resources.

Points to consider for the community comparison approach:

• Edges are again dependent on the structures chosen.
• A lot of the edges between communities will be redun-

dant, but again, the number of such edges will on average
be less than in the fully-connected network.

• This approach still does not guarantee that structures
end up in the correct community.

The community comparison approach seems like a promis-
ing step towards reducing the computational cost associated
with generating the network. However, there are clear ques-
tions about how likely it is to misclassify structures.
One improvement on this approach could be to include

some prior belief of which community a new structure is
likely to belong to before moving to a full comparison. The
prior belief could be formed by comparing the number of
nodes and attributes for graphs, since these take a relatively
short time to compare. Once these initial guesses have been
computed, an exact graph matching algorithm could then be
applied to give a definitive classification.

2.6 Database approaches

‘Neurons that fire together, wire together’ - Carla Shatz [13]
(paraphrasing Donald Hebb [14]—‘When an axon of cell A is
near enough to excite a cell B and repeatedly or persistently
takes part in firing it, some growth process or metabolic
change takes place in one or both cells such that A’s efficiency,
as one of the cells firing B, is increased (p. 62).)
Using this it is possible to develop an alternative idea of

how to determine the strength of connections in the network.
Since the network will one day underlie a database of struc-
tures, it will be subject to numerous queries. If structures
are often featured in queries together, surely they must share
some similarity? Using this approach, after some time, the
strength of connections will become something that users
can query to discover similar structures.
It would be entirely possible to leave the database un-

connected until the first user comes in with the first search;
however, a more efficient approach may be to query the
database when new structures are added (the queries could
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be put on hold until a time when there is little traffic). When
a structure is added, it could query the database to find other
structures that share the same attributes in order to find the
structures it is similar too.

These attributes represent inherent properties of the struc-
tures, and have the potential to create a complex network.

One could implement some form of pruning and forgetting
mechanism to ensure that weights do not become excessive.
Additionally, structures may appear very similar when few
examples of their particular class exist within the database,
as there are no others which are a closer match. For example
a slab bridge and a suspension bridge, added to a database
with few other bridges, may appear close. However, when
another slab and beam bridge is added, the strength of the
connection between the slab bridge and the suspension bridge
should weaken as the two beam and slab bridges appear more
similar.

Aside from attributes, metadata describing the graph in-
variants for graphs could become a useful target for searches.
This is the basis for spectral graph theory and these invari-
ants are cheaper to compute than running an exact graph
matching algorithm.

Graph comparisons (e.g. which graphs contain a specific
subgraph) would still feature in this, although of course the
computational cost of such operations is to be avoided where
possible. The user could specify full graph comparisons on
structures they believe to be suitable candidates. The weight
of the connection between these structures could then be
adjusted according to the strength of the match. A weak
match would reduce the strength of the connection, while a
strong match would increase the strength of the connection.

3 COMPUTATIONAL COMPLEXITY FOR VARIOUS
GRAPH COMPARISON METHODS

Some of the methods of comparing attributed graphs are
more computationally expensive than others; however, often
a faster computational speed often comes at the cost of
reduced information. The fastest comparison one may run is
asking how similar are the two graphs in terms of size, i.e.
do they have a similar number of nodes and edges? This
is a trivial operation to run, and for identical graphs, the
number would naturally be the same. However, it is clear
that asking if two graphs are the same size cannot provide
any information about the topological similarity or whether
or not the graphs have similar attributes.

At the opposite end of the scale in terms of computational
cost would be an exact graph comparison, finding the max-
imum common subgraph. For a review on methods and
their relative computational costs, the reader is directed to-
wards [15]. All methods are limited by the fact that finding
the maximum common subgraph (also known as the sub-
graph isomorphism problem) is NP-complete. The benefit
of these approaches, however, is that they can provide a
list of all possible subcomponents shared by two structures.

Using these methods, it is also possible to match not just
the topology of the two graphs, but also the attributes.

The spectra of the Laplacian matrix for two different graphs
can be used as a measure of their topological similarity [8].
The measure of similarity is obtained by calculating distance
between the Laplacian spectra of two graphs. This method
is more sensitive to topological similarities, but still returns
a single number.

Neural network approaches provide vector embeddings of
the graph, allowing the distance to be calculated as the dif-
ference between two vectors. A neural network approach
has been used before for examining the similarity of differ-
ent functions by representing the functions as control flow
graphs [11]. One could say similar things about GNN-based
approaches, although some of the attention-based methods
do highlight where similarities lie.
Of course these different methods can be combined to

create a distance matrix that incorporates various measures
of similarity between the graphs. This raises the question
of how best to combine the various distance metrics. An-
other possible avenue to explore is if one can predict the
MCS between two graphs using the information from other
methods?
Using this approach would still require a pair-wise com-

parison using the simpler distance metrics, but could reduce
computational time by highlighting candidate pairs that were
likely to share a large MCS.

4 CONCLUSIONS

Hopefully this paper has provided an insight into the
challenge of initiating connections in a network where existing
connections do not in fact exist. Future work will focus on
developing the approaches described in Section 2 and, once
the IE models have been included in the database, testing
these approaches to find which ones work best.

The merits of various methods for graph comparison have
also been described, and again, it remains to be seen which
ones provide sufficient information for the comparison to be
useful in transfer learning. Future work will focus on testing
these methods, but also on developing new measures and
methods of comparison that are more suited to the problem
at hand.
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ABSTRACT: Structural health monitoring of long-span bridges is becoming an industry standard as almost all prominent bridges 
of the world are being monitored. As a result, a substantial amount of data is generated every day through such systems. However, 
as sensor networks expand, it becomes a challenge to efficiently store, manage, use, or share such data. Such valuable data must 
be available for reuse by the engineering and the research communities. Here, we present long-term monitoring projects on several 
long-span bridges in Norway. As a case study, a large dataset from the monitoring of the Hardanger Bridge is presented. A link 
to the data as well as a permanent DOI will be provided in this paper. The structure and content of the dataset are described here 
as well as the strategy adopted in permanent storage and publishing. The data repository used for this application is also introduced. 
In the dataset, both the raw data and “adjusted data” with minimal signal processing (such as resampling, coordinate 
transformation) are included. The latter are generated in Matlab and shared as *.mat files based on the hdf5 file format.  Even 
though the monitoring systems of these bridges are rather limited as they are used solely for research and therefore focus on a few 
quantities such as wind speeds, wave heights, etc. the amount of data dealt with was substantial. The challenges faced dealing 
with large data in publishing are discussed. 
 

KEY WORDS: open-access dataset, structural health monitoring, suspension bridge, floating bridge, accelerometer, wind

1 INTRODUCTION 
As structural health monitoring systems become almost a 
standard for critical infrastructure, the amount of data generated 
through such systems increases. Although it seems though the 
data is abundant, such long-term measurement data are rarely 
available for use by parties other than the bridge/data owner. 
Following the recent efforts in open research data by the 
European Commission, such data should be made open access, 
as it is of immense value for the engineering community.  

To that aim, we describe here our strategy for storing and 
sharing long-term monitoring data from several bridges in 
Norway. The paper starts with the description of the long-term 
monitoring projects carried on prominent Norwegian bridges 
by the Norwegian University of Science and Technology 
(NTNU). As an illustrative example, a dataset from the 
Hardanger Bridge, the longest suspension bridge in Norway is 
described briefly. The dataset is open access under a creative 
commons license in the NTNU BIRD repository and can be 
downloaded and used freely. The organization of the dataset 
and how it can be accessed are explained. The paper ends with 
a summary with comments.  

2 LONG-TERM MONITORING PROJECTS ON 
PROMINENT BRIDGES IN NORWAY 

As is the case for the most prominent long-span bridges in the 
world, several long-span bridges in Norway are being 
monitored for structural and environmental conditions. Here, 
we will only present the monitoring efforts by the Norwegian 
University of Science and Technology. The monitoring 
systems are tailored to the research needs that are rather specific 
for the Norwegian conditions. Therefore, the sensor network in 

these systems are rather case-specific and not very typical when 
compared with the ones used generally in structural health 
monitoring (SHM) of such bridges. The data storage demand 
of a comprehensive SHM system for a typical long-span bridge 
would be even more severe than the cases described here. 
Nevertheless, a large amount of data is generated by these 
systems and such data must be treated systematically such that 
it is eventually available for use by the engineering community.   

The four bridges with monitoring systems are shown in 
Figure 1 through Figure 4. The Hardanger Bridge (HB) is 
currently the longest suspension bridge (1308 m) in Norway 
and it is in a fjord surrounded by severely complex terrain. Due 
to the special terrain characteristics and strong European 
windstorms in the area, the monitoring system is focused on 
capturing the wind field characteristics and the dynamic 
response of the bridge [1]. The HB monitoring system is shown 
in Figure 5. The system consists mainly of anemometers and 
accelerometers along the bridge girder. The second bridge is 
the Bergsøysund Bridge (BB), a long span floating pontoon 
bridge that is also located on the west coast of Norway [2]. 
Since this bridge is mainly subjected to wave loading, the 
monitoring system is focused on measuring the wave heights 
and the dynamic response along the bridge. The monitoring 
system, consisting of wave sensors, anemometers, 
accelerometers, and a GNSS sensor is shown in Figure 6. The 
third bridge is the Gjemnessund Suspension Bridge (GSB), 
which is another suspension bridge located very close to the 
Bergsøysund Bridge. The wind characteristics and dynamic 
response being the most interesting features, this bridge is also 
equipped with a system similar to the HB, though with much 
fewer sensors. Only two accelerometers and one anemometer 
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are installed on the bridge. It should be noted that the bridge is 
equipped with a separate more comprehensive system that is 
operated by private companies. The data collected by NTNU; 
however, are still large and of significant importance. The last 
bridge is the newly built Hålogaland Bridge (HLB) in Narvik. 
Its longest span is about 1145 meters and it is located in the 
Arctic Circle, making it an interesting case study. The bridge is 
expected to be instrumented by NTNU in 2021 with an 
extensive monitoring system consisting of anemometers, 
accelerometers, strain gauges, and temperature sensors. This 
project will supply the largest dataset of all.  
 

 
Figure 1. The Hardanger Bridge. (Drone photography by 

Øyvind Wiig Petersen) 

 
Figure 2. The Bergsøysund Bridge. (Drone photography by 

Øyvind Wiig Petersen) 

 
Figure 3. The Gjemnessund Bridge. (Drone photography by 

Øyvind Wiig Petersen) 

 
Figure 4. The Hålogaland Bridge. (Drone photography by 

Øyvind Wiig Petersen) 

The overview of the projects shows that each monitoring 
system is designed for the specific characteristics of the 
structures and their environment. This is also the general case 
for the SHM projects as each project is subjected to unique 
conditions and has a unique purpose. The data collected during 
the measurement campaigns (maybe as long as the service life 
of the structure) are also unique to the project as the sensor 
network and data acquisition will be different. However, a 
general strategy for storing, organizing, and sharing data is 
developed for the projects presented here. The principle is that 
the data should be stored permanently with a DOI and open 
access. The Hardanger Bridge dataset will be presented in the 
next sections to illustrate how the data are organized in an 
online repository and can be accessed.  

 
Figure 5. The Hardanger Bridge monitoring system. Courtesy 

of [3] 

 
Figure 6. The Bergsøysund Bridge monitoring system. 

Courtesy of [2] 
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3 THE HARDANGER BRIDGE DATASET 
The monitoring system described in the previous section and 
shown in Figure 5. has collected data through its sensors since 
2013, the year that the bridge was first opened to traffic. The 
details regarding the workings of the system, data acquisition, 
etc. may be found in already published works [4].  

 Raw data 
The system outputs data in comma-separated-values (.csv) 
format as a numerical table. The data from all sensors are 
synced using local GPS sensors and the final recording is 
stamped with the UTC. Each recording file contains 30 minutes 
of data. The system also outputs an XML-file with the 
metadata. The metadata file contains information about the 
sensor types, serial numbers, etc. For the interested user, the 
data in their rawest form, as outputted from the system, are also 
available.  
 

 Adjusted data 
Since the CSV-files are cumbersome to work with, a further 
step is taken to increase the accessibility of the data. The data 
are adjusted using MATLAB, which means it is cleared from 
errors and unusable recordings, resampled, transformed to a 
global coordinate system, and stored in a mat-file format. The 
mat-files are based on the HDF5 file format and provide the 
user with a more user-friendly experience and can easily be 
opened and manipulated using commonly used scientific 
computing software (currently Matlab, Python). Here, the data 
and the metadata are stored together in a hierarchical structure. 
The contents of a typical recording are shown in Figure 7 and 
Figure 8. The adjustments to the data in this step are explained 
in detail in the documents found in the dataset.   
 

4 ORGANIZATION OF THE DATASET 
The data are organized considering the limitations of the data 
repository. The size of the data makes it not possible to use any 
data repository since most repositories have a limitation on how 
big the dataset can be. The BIRD repository, which was used 
to store the HB data, only allows uploading single files, which 
are listed in the user interface and can be downloaded 
separately. The interface is very simple and does not allow for 
browsing. Therefore, the mat-files are collected in folders for 
each month. This is repeated for four versions of the same data, 
namely the raw data and the adjusted data with different 
sampling rates (original, 10 Hz, 2Hz), tailored for different 
applications. This way the user interested in the low sampling 
rate data can avoid downloading large files. Additionally, other 
folders are created for different events such as different storms, 
continuous recordings with low wind speed, etc. An overview 
of all the folders and the naming convention is given in Table 
1. 
 
 
 
 
 
 
 

 
Figure 7. The structure of the mat-files (first level) 

 
 

 
Figure 8. The structure of the mat-files (second level) 
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Table 1. The naming of the folders in the dataset. 

Description Naming (example) 

monthly recordings (raw) Raw_2015_11 

monthly recordings (2 Hz) LowFreq_2015_11 

monthly recordings (10 Hz) MidFreq_2015_11 

monthly recordings (200 Hz) HighFreq_2015_11 

Storm events (2 Hz) Events_StormTor_LowFreq 

Storm events (200 Hz) Events_StormUrd_HighFreq 

Low-wind events (2 Hz) 
Events_Low_Wind_2015_12_16_LowF

req 

Low wind events (200 Hz) 
Events_Low_Wind_2015_12_16_High

Freq 

Highest wind speed (2 Hz) Events_Max_Wind_LowFreq 

Highest wind speed (200 Hz) Events_Max_Wind_HighFreq 

Highest drag response (2 Hz) Events_MaxDrag_LowFreq 

Highest drag response (200 Hz) Events_MaxDrag_HighFreq 

Highest lift response (2 Hz) Events_MaxLift_LowFreq 

Highest lift response (200 Hz) Events_MaxLift_HighFreq 

Highest pitch response (2 Hz) Events_MaxPitch_LowFreq 

Highest pitch response (200 Hz) Events_MaxPitch_HighFreq 
 

5 ACCESSING THE DATASET 
The HB dataset created using the long-term wind and 
acceleration monitoring of the Hardanger Bridge is stored in 
the NTNU BIRD repository. The BIRD platform has been 
developed by the Unit BIRD consortium solely for facilitating 
the sharing of research data. The consortium follows Norway’s 
national strategy for accessing and sharing research data. 
Currently, the repository can be accessed via: 
https://bird.unit.no/ 
The dataset for the HB monitoring project is stored 
permanently with a designated DOI: 
https://doi.org/10.21400/5ng8980s 
which directs to the dataset. Alternatively, the dataset can be 
accessed by browsing the BIRD repository.  
The dataset is open access under the creative commons license 
CC-BY 4.0. 
 

6 SUMMARY AND CONCLUDING REMARKS 
In this paper, we described our strategy for sharing long-term 
full-scale monitoring data from prominent bridges in Norway. 
A dataset from the Hardanger Bridge is presented to illustrate 
the strategy. The dataset is permanently stored with a DOI and 
extensible in case new data are available. The most obvious 
challenge with sharing such data is that the data is usually very 
large and keeps growing as the system continues to collect data. 
However, the recent efforts on open research data suggest that 
repositories that allow storage of such datasets will be more 
commonly available. It is therefore important that such full-
scale data are made available for the engineering community. 
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ABSTRACT: Monitoring systems have become a standard component for many landmark bridges. This paper describes the 

design of a new monitoring system for the Hålogaland bridge, a suspension bridge has a main span of 1145 m located in an arctic 

environment in northern Norway. This bridge being a prime example of a wind-sensitive structure, the monitoring system is 

designed with focus on wind engineering research for long-span bridges. Previous monitoring projects on bridges of similar scale 

have also revealed some knowledge gaps (e.g. discrepancies in predicted and measured responses) and interesting observations 

(e.g. strong effects on the surrounding terrain on the wind loads). Such results should be further investigated and cross-checked 

for bridges in other locations. 

The monitoring system is custom designed and built by researchers at NTNU, using NI CompactRIO controllers as base data 

acquisition units for sampling and controlling the system. The CompactRIOs are programmed using the LabVIEW software.  

Multiple types of sensors are employed; sonic anemometers for wind measurements, accelerometers in the bridge deck and hangers 

for structural responses, strain gauges, and temperature sensors. Timestamps from GPS antennas are used to sync the measured 

data between the different CompactRIOs. Ultimately, the acquired data is planned to be used in research on modal parameter 

identification under the influence on wind, identification of wind loading, modelling of spatial wind fields,  serviceability limits 

with respect to road accidents during strong winds, in addition to new techniques on machine learning in structural health 

monitoring. 

 

KEY WORDS: Structural monitoring; Suspension bridge; Wind engineering 

1 INTRODUCTION 

Long-span bridges are known to exhibit dynamic behavior to 

environmental loading such as wind. The bridge design and 

assessment of structural safety necessitate understanding 

complex aerodynamic behavior in stochastic loading 

conditions. Studies have shown that there still are aspects of 

wind fields, wind loads, and wind-induced response that are not 

always well predicted by current models [1] [2] [3]. In recent 

years and decades, technological developments have provided 

opportunities to obtain valuable direct and indirect data from 

civil engineering structures by monitoring [4] [5] [6]. For long-

span bridges, full-scale monitoring can provide insight that is 

overlooked by theoretical models or small-scale experiments. 

As pointed out in [7], although not all monitoring of bridges 

is performed with health assessment intentions, the term 

structural health monitoring (SHM) has become a common 

term to describe all types of measurements in civil engineering.  

The instrumentation of the bridge discussed in this contribution 

is motivated by extending wind engineering research for long-

span bridges. We outline the design and main architecture of 

the monitoring system. 

 

2 MONITORING PROJECT 

 The Hålogaland bridge 

The Hålogaland bridge (shown in Figure 1) is a suspension 

bridge that opened in December 2018 and is located in the town 

of Narvik in northern Norway.  The bridge has a deck made 

from a closed steel box girder, concrete towers, air-spun steel 

main cables, and locked-coil steel hangers. The main span of 

the bridge is 1145 m, thus the low natural frequencies of the 

structure mean that the wind-induced response is a critical 

factor in ensuring safe design and operation. As shown in the 

map in Figure 2, the bridge is situated almost on the north-south 

axis across the fjord, so it will be exposed to western winds 

from the North Atlantic Ocean and eastern winds from inland 

areas. 

 

 

 
 

Figure 1. The Hålogaland bridge. 

Design and deployment of a monitoring system on a long-span suspension bridge 

Øyvind Wiig Petersen1, Gunnstein Thomas Frøseth1, Ole Øiseth1 
1Department of Structural Engineering, Norwegian University of Science and Technology, 7491 Trondheim, Norway  

email: oyvind.w.petersen@ntnu.no, gunnstein.t.froseth@ntnu.no, ole.oiseth@ntnu.no 

 

 



Proceedings of the International Conference on Structural Health Monitoring of Intelligent Infrastructure  

1814 

 

 Motivation and objectives 

The project aims to improve the understanding of the dynamic 

behavior of long-span bridges subjected to wind loading. This 

research is a continuation of studies on similar types of bridges 

in the western part of Norway [8] [9]. There still are knowledge 

gaps that needs to be investigated to increase confidence in 

wind-resistant design of slender bridges.  Some of the research 

questions of interest are given below: 

 

➢ Is the large spatial wind field in agreement with 

currently applied prediction models in wind 

engineering? 

➢ Does the bridge aerodynamic behavior correspond 

according to the predictions from wind tunnel 

tests? 

➢ How is the identification of modal parameters 

influenced by the wind and environmental factors? 

➢ Can the wind loads be inversely identified from 

measured response data? 

➢ What should be the guidelines on serviceability 

limits (closing of the bridge) to avoid vehicle 

accidents during strong winds? 

➢ What is the effectiveness of Stockbridge dampers 

on cables to mitigate vortex-induced vibrations? 

 

 

 

 

 

3 MONITORING SYSTEM  

The main hardware and sensors are summarized in Table 1. In 

the following, the main variables of interest in the monitoring 

are discussed.  

As the system is not yet installed on-site, all discussions on 

sensor types and locations herein refer to the planned system 

configuration; however, few deviations from the presented plan 

are expected.  

Table 1. Overview of hardware and sensors 

Type Specification Count Location(s) 

Controller NI9045 

CompactRIO 

11 Bridge deck, 

tower 

GPS antenna Trimble Bullet 

Antenna 

11 Hanger, 

tower 

Accelerometer GeoSIG AC-73 

Triaxial Force 

Balance 

22 Bridge deck, 

hanger, 

tower 

Accelerometer Dytran 3063B, 

Triaxial IEPE  

3 Hanger 

Strain gauge Poisson half-

bridge 

36 Bridge deck 

Anemometer Gill Windmaster 

Pro 3D 

10 Hanger 

Temperature 

meter 

RTD Pt 100 20 Bridge deck, 

tower 

  

Figure 2. Left: bridge location in Norway; middle: coastal topography; right: location of bridge crossing the fjord. 

 

  

Figure 3. The positions of the sensors. The locations in the bridge deck are shown in Figure 4. 
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 Structural response measurements 

In total, 22 tri-axial force balance-type accelerometers are 

available for installation. As shown in the planned sensor 

layout in Figure 3, the accelerometers are located in the towers 

and the bridge span. The accelerometer locations have 

previously been optimized by the principle of maximum 

entropy [10] [11]. Except for the towers, the accelerometers are 

allocated in pairs inside the bridge deck or on the hangers close 

to the main cable (Figure 4). 

A challenge encountered in the optimal sensor placement for 

such bridges is the multimodal behavior necessitating a large 

number of sensors. Many low-frequent modes will be excited 

by the wind; below 0.6 Hz already 18 modes are found in the 

finite element model of this bridge [10].  

Strain measurements are also planned at the same coordinates 

as the accelerometers. Four strain gauges are distributed inside 

the bridge deck (Figure 4). Each strain gauge is arranged in the 

Poisson half-bridge configuration.  

 

 
 

Figure 4. Positions of sensors in a generic section of the bridge 

deck. Blue circle: accelerometer inside bridge deck; pink cross: 

accelerometer on hanger; blue diamond: piezo accelerometer 

on hanger, purple square: strain gauge; orange star: temperature 

sensor, red cross: anemometer. 

 Wind measurements 

10 sonic anemometers of the type Gill Windmaster Pro are 

available in this project. These sensors have excellent 

performance for turbulent wind measurements in three 

directions.  

For large spatial structures with a limited amount of wind 

measurements, there is a trade-off between the two objectives: 

i) capturing the distributed wind field and possible 

inhomogeneities by spreading out the anemometers in the 

entire length of the structure, and ii) accurately estimating the 

spatial coherence of the wind field, which approximately 

vanishes as  exp (−𝐾
𝑓Δ𝑥

𝑈
)  (where 𝑈 is the mean wind velocity, 

f is the frequency, and 𝐾 ≈ 5 − 15 is a decay constant) [12], 

thus necessitating clustering the anemometers with a maximum 

inter-distance (Δ𝑥) well below 100 m. In this project, both these 

objectives are considered, leading to the chosen anemometer 

locations shown in Figure 3; 5 are clustered 200 m south of the 

midspan, 3 are clustered 400 m north of the midspan, and 

additional 2 single anemometers are located at the midspan and 

400 m south of the midspan. The hangers are equidistantly 

spaced with 20 m, which is sufficiently small to meaningfully 

estimate coherence parameters.  

 Vortex-induced vibrations of hangers 

Already since the construction of the bridge, strong vibration 

of the hangers was reported, presumably due to vortex 

shedding. At the request of the bridge owner, the hangers have 

now been equipped with Stockbridge dampers as shown in 

Figure 5. Three of the longest hangers are planned to be 

instrumented with piezoelectric accelerometers to measure the 

vortex-induced vibrations. As a part of the research project, we 

also aim to remove the dampers for a time window to evaluate 

the effectiveness of this vibration mitigation strategy. 

 

 

Figure 5. Stockbridge damper mounted on hanger. 

 

 Temperature measurements 

Temperature meters are to be installed on the floor and ceiling 

inside the bridge deck (Figure 4) at 9 locations along the span. 

Additional sensors for measuring the ambient air temperature 

are located at the top of the towers. The influence of 

environmental effects on the dynamic behavior (particularly 

modal properties) is frequently observed in SHM data from 

bridges [13] [14] [15].  

The arctic climate in this area naturally leads to low 

temperatures. However, the range of the temperature variation, 

which could dictate the range of e.g. frequency variation, is not 

necessarily unusually large; for an average year the coldest and 

warmest months have mean temperatures of -3 °C and 14 °C, 

respectively. 

 System hardware and software 

The monitoring system is custom designed and built at NTNU, 

Norway. As shown in Figure 3, the system has 11 local nodes 

with a logger box; 2 in the towers and the remaining 9 in the 

bridge span. All the sensors (located both outside and inside the 

bridge deck) are wired to the closest logger box.  

The generic logger box is shown in Figure 6; each 

contains a main hardware unit for data acquisition, namely a NI 

CompactRIO controller that is programmed by the LabVIEW 

software. In this custom software program, the measurement 

data is sampled, filtered, and stamped with accurate time 

obtained from the Trimble Bullet GPS antenna before it is 

saved locally on hard drives. The CompactRIOs will also be 

connected to internet so that the data can be pushed to a server 

with regular intervals. The online connection is also important 

for control and robustness of the system. 
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The system relies on ordinary AC power to operate. In case 

of a power outage, a backup source is available by means of an 

uninterruptible power supply that can run the system for 

approximately 3 hours. 

 
 

Figure 6. Logger box hardware. 

 

 Early damage and repair 

In January 2019, within the first month after the opening of the 

bridge, it was discovered a complete fracture in an anchor bolt 

of the main cable located in the splay chamber. These bolts are 

made from a high-strength steel alloy that is prone to brittle 

failure. The investigation showed that this failure probably was 

caused by material degradation since the bolts were exposed to 

natural environments (such as rain) for two years during 

construction. Although no further damage has been observed 

since the first failure, the bridge owner has decided that all 344 

bolts should be replaced as a cautionary measure. This 

replacement is scheduled to finish before September 2022, 

during which the monitoring system is planned to operate. The 

bridge will also remain in operation during the replacement. 

Note that the monitoring system was not designed for damage 

detection purposes, nor is any sensor located in the vicinity of 

the splay chambers. It is known that small changes in the 

component level hardly changes the modal properties at the 

global level for very large structures [16]. For this reason, it is 

far from certain that the effects of this damage (or the 

replacement) can be distinguished from the vibration data. 

 

4 CONCLUSIONS 

In this paper, it was described the main design and architecture 

of a SHM system which is planned to be installed on a long-

span suspension bridge in northern Norway. The system 

consists of structural response measurements using force 

balance and piezo accelerometers, and strain gauges. 

Environmental data in the form of wind velocities and 

temperatures are also measured at a number of locations. 
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ABSTRACT: An analytical model is developed to calculate the dynamic response of a cracked multi-span continuous beam, 

subjected to a multiple-axle vehicle load. In this model, the vehicle load is considered as a series of concentrated moving loads at 

a constant velocity. Meanwhile, the crack is modelled by a spiral spring. Thereafter, the cracked span is considered as a two-span 

beam, connected by the spring at the position of the crack. By using the Euler-Bernoulli beam theory, the relations between the 

two successive spans can be obtained from the boundary conditions at the supports and the position of the crack. This technique 

makes it possible to calculate the eigenmodes of the beam. The response of the beam is finally obtained by the superposition of 

the modes. This model allows us to quickly analyze the influence of the cracks (depth, location) and of the vehicle (loads, velocity) 

on the response. Moreover, this model is validated by finite element modelling and some numerical results are given. 

KEYWORDS: Multi-span continuous beam; Cracked structure; Moving loads; Transfer Matrix Method.

1 INTRODUCTION 

The problems of elastic structures subjected to moving loads 

are great interest to industry and civil engineering. Indeed, there 

are many applications in the civil engineering domain, 

especially in bridge evaluation and assessment. Several studies 

have been realised in the last century. Fryba [1] presented an 

analytical solution for the problem of a simply supported beam 

and a continuous beam subject to a moving load. The results 

are obtained by combination of displacement functions. 

Ichikawa et al. [2] used the eigenmodes superposition to find 

the solution of a continuous beam with uniform rectangular 

cross section subjected to a moving load at constant velocity. 

Dugush and Eisenberger [3] described the mode shapes of a 

continuous beam with non-uniform section in terms of infinite 

polynomial series. In another approach, Foda et al. [4] used the 

Green’s function to calculate the dynamic response of a simply 

supported beam subjected to a point force. Recently, Hoang et 

al. [5] used the Fourier transform and the properties of the Dirac 

comb to calculate the dynamic response of a periodically 

supported beam.  

  The existence of structural damage will alter the response of 

the system to moving loads. When a structure is cracked, its 

local flexibility increases. Consequently, its natural frequencies 

are reduced and its responses are amplified in comparison to an 

uncracked structure under the same force. The dynamic 

behaviours of cracked beams have been the subject of many 

researches [6-9]. In these studies, the crack is modelled by a 

rotational spring, the rigidity of which depends on the relative 

depth of the crack (ratio between the depth of the crack and the 

height of the beam) and possibly on the material constituting 

the beam. Rizos et al. [10] used the strain energy density 

function to calculate the local flexibility. Chondros et al. [11] 

completed a theory of continuous crack beam vibration using 

the crack-disturbance function. By comparison with the 

numerical results of a beam model subjected to the three-point 

bending flexural test, the model of rotational spring at crack 

section is validated for a depth of the crack up to 50 percent of 

the height of the beam. Rizos’ model will be used in this current 

study due to the results of this comparative study. 

The problem of a damaged beam subjected to a moving force 

was also studied by several approaches. Bilello et al. [12] used 

the mode superposition with the introduction of the transfer 

matrix, which connects simultaneously the displacement, the 

slope, the bending moment and the shear force between two 

beam segments. With approximately the same idea, Lin et al. 

[13] directly computed the response of a cantilever beam using 

the Duhamel integral. In this model, a transfer matrix at the 

crack section is introduced. 

In this paper, we present an analytical method that allows to 

quickly calculate the dynamic response of a continuous beam 

subjected to a system of several concentrated moving loads. 

The beam is divided into several segments which are assumed 

to follow the Euler-Bernoulli beam theory. The deformed state 

of each beam segment is characterized by a vector of 

coefficients. A transfer matrix is introduced to ensure the 

compatibility requirements at the interface of two consecutive 

segments. Hence, the deformed state of a beam segment can be 

described in terms of the deformed state of its neighbours. The 

natural frequencies can be obtained quickly by solving an 

eigenvalue problem. The time-dependent response 

(displacement, strain) of the beam will be obtained by 

superposition of modes. In the real life, beam-shaped structures 

such as bridges are subjected to rolling loads exerted by 

vehicles. This study allows to develop a method to detect and 

localize damage from strain measurements. Nowadays, strain 

measurement by Optical Fiber is one of the most innovative 

Structural Health Monitoring (SHM) techniques, which allows 

to monitor the structure in real-time. Besides, the traditional 

Dynamic response of a cracked multi-span continuous beam subjected to a moving 

multi-axle vehicle load 
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measurements of acceleration to determine modal parameters 

of the structure (natural frequencies, mode shapes…) and 

assess them in the long term.  

2 FORMULATION OF THE PROBLEM 

Consider a continuous beam of 𝑁𝑠 spans of total length 𝐿. A 

crack is present on the kth span. The cracked span is divided 

into two separate beams: 𝑘1 and 𝑘2, which are connected by a 

rotational spring with given section flexibility. The continuous 

beam can be modelled by a system of 𝑁 = 𝑁𝑠 + 1 separate 

beams. The total length of the beam is L = ∑ 𝐿𝑖
𝑘1
𝑖=1 + ∑ 𝐿𝑖

𝑁𝑠
𝑖=𝑘2

, 

where 𝐿𝑖 is the length of the ith beam segment. 𝐿𝑘1 is the 

position of the crack starting from the left support of the kth 

span. The beam is subjected to a M-axles vehicle load, which 

enters the beam with a constant velocity v. 𝑑𝑖 denotes the 

distance between the ith and the (i+1)th axle and 𝐷𝑖−1 = ∑ 𝑑𝑗
𝑖−1
𝑗=1  

is the distance between the first axle and the ith axle (𝑖 ≥ 2). If 

there is only one axle, we take 𝐷0 = 0 by convention. 

 

Figure 1. A continuous beam with N-span subjected to M 

moving loads. 

For the formulation of the problem of forced vibration of a 

cracked continuous beam, the following assumptions are 

suggested: 

• Each separate beam follows the Euler-Bernoulli beam 

theory and has linear elastic behaviour. The beam has a 

uniform cross section. 

• The moving mass remains in contact with the beam at all 

times. 

• Initially, the mass starts from the left end of the continuous 

beam and moves at constant speed. 

 

The dynamic equation of the whole beam in the global 

coordinates system can be expressed as: 

𝐸𝐼
𝜕4𝑢

𝜕𝑥4
+ 𝜂

𝜕𝑢

𝜕𝑡
+ 𝜌𝐴

𝜕2𝑢

𝜕𝑡2
= 𝑓(𝑥, 𝑡) (1) 

 

where EI is the flexural stiffness, 𝜌 is the mass density and A is 

the cross-sectional area of the beam, 𝜂 is the external damping 

coefficient. Moreover, u is the transverse displacement of the 

beam, 𝑓(𝑥, 𝑡) is the distribution of the external load of the 

moving loads, x is the global coordinate along the beam (0 ≤
𝑥 ≤ 𝐿), from its left end and t is the time (0 ≤ t ≤
(L + DM−1)/v ). 

The transverse displacement is blocked at each support point, 

while the bending moment is cancelled at both ends of the 

beam. These boundary conditions can be written as: 

• 𝑢(0) = 𝑢(∑ 𝐿𝑖
𝑟
𝑖=1 ) = 0, 𝑟 = 1, 2, … , 𝑘, … , 𝑁𝑠 

• 𝑀(0) = 𝑀(𝐿) = 0 ⇒ 𝑢′′(0) = 𝑢′′(𝐿) = 0. 
 

The moving load exerted by each axle is considered as a 

concentrated load. Using the Dirac distribution δ(x) to describe 

each concentrated force, the expression for the load distribution 

𝑓(𝑥, 𝑡)  is given by: 

𝑓(𝑥, 𝑡) =  𝑃1 𝛿(𝑥 − 𝑣𝑡)  +  𝑃2 𝛿(𝑥 − 𝑣𝑡 + 𝐷1)  +  … 
+  𝑃𝑀 𝛿(𝑥 − 𝑣𝑡 +  𝐷𝑀−1)

= ∑𝑃𝑖 𝛿(𝑥 − 𝑣𝑡 +  𝐷𝑖−1)

𝑀

𝑖=1

  

 

By separation of the variables, the response of the beam is 

decoupled into two terms: the time dependent term 𝑒𝑧𝑡 , (𝑧 ∈ ℂ) 
and the mode shapes 𝜙(𝑥): 

𝑢(𝑥, 𝑡) = 𝜙(𝑥)𝑒𝑧𝑡 (2) 

 

The homogenous differential equation of the beam is: 

𝐸𝐼
𝜕4𝑢

𝜕𝑥4
+ 𝜂

𝜕𝑢

𝜕𝑡
+ 𝜌𝐴

𝜕2𝑢

𝜕𝑡2
= 0 (3) 

Substitute (2) into (3), then arrange the time dependent 

functions on the left-hand side and the x dependent functions 

on the right-hand side, we have: 

𝜙′′′′(𝑥)

𝜙(𝑥)
= −

𝜌𝐴𝑧2 + 𝜂𝑧

𝐸𝐼
= 𝜆4 (4) 

  

where λ is a constant to be determined and the prime operator 

(⋆)′ denotes the derivative of the function with respect to x. To 

calculate the natural frequencies, 𝜂 is first set to zero. Equation 

(4) becomes: 

𝜙′′′′(𝑥)

𝜙(𝑥)
= −

𝜌𝐴𝑧2

𝐸𝐼
= 𝜆4 (5) 

 

 Natural frequencies and mode shapes 

From equation (5), the governing equation for the free 

vibrations of the rth beam segment can be written as: 

𝑑4𝜙𝑟(𝑥𝑟)

𝑑𝑥𝑟
− 𝜆4𝜙𝑟(𝑥𝑟) = 0 (6) 

where 𝜙𝑟(𝑥𝑟) is the mode shape of the rth beam segment, which 

has the following form: 

𝜙𝑟(𝑥𝑟) =  𝐴𝑟 sin 𝜆𝑥𝑟 + 𝐵𝑟 cos 𝜆𝑥𝑟
+ 𝐶𝑟 sinh 𝜆𝑥𝑟 + 𝐷𝑟 cosh 𝜆𝑥𝑟  

(7) 

 

Hereafter, we use the notation 𝑥𝑟 = 𝑥 − ∑ 𝐿𝑖
𝑟−1
𝑖=1 , (0 ≤ 𝑥𝑟 ≤

𝐿𝑟) to design the local coordinates of the rth beam segment. 

 The configuration of the beam 

In this section, the transfer matrices are now introduced in 

order to ensure the conditions of continuity at the crack ends 

and at the intermediate support points. The deformed state of a 

beam segment is characterized by the coefficients 

𝐴𝑟 , 𝐵𝑟 , 𝐶𝑟 , 𝐷𝑟 . We denote 𝑋𝑟 = [𝐴𝑟 , 𝐵𝑟 , 𝐶𝑟 , 𝐷𝑟]
𝑇 the vector 

which contains the shape coefficients of the mode for the rth 

beam segment. At the interface of two consecutive segments 

(i.e. at the crack point and at the intermediate points), the 4 × 4 

transfer matrix 𝑴4×4 connects these two segments so that 𝑋𝑟 =
 𝑴4×4𝑋𝑟−1. 

 

The crack 

We assume that a crack is present on the kth span. This span is 

divided into 2 beam segments of length 𝐿𝑘1 and 𝐿𝑘2 . The crack 

section is modelled like a rotational spring, at which the 
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discontinuity of the slope is proportional to the bending 

moment at this section: Δ𝑢′(𝑥) = 𝑐𝑀(𝑥). Note that 𝑀(𝑥)  =
 𝐸𝐼𝑢′′(𝑥).  This relation can be written as: 

𝑢𝑘2
′ (0, 𝑡) − 𝑢𝑘1

′ (𝐿𝑘1 , 𝑡) = 𝐾𝑢𝑘2
′′ (0, 𝑡) (8) 

 

For an orthogonal cross section of width b and height h, from 

the strain energy density function in fracture mechanics, Rizos 

et al. proposed the expression of local flexibility c [13]: 

𝑐 =
6ℎ(1 − 𝜈2)

𝐸𝐼
𝐽1(𝑎/ℎ) (9) 

where 𝜈 is the Poisson's coefficient of the material of the beam, 

EI is its bending stiffness, a is the depth of the uniform lateral 

crack. 𝐽1(𝑎1) = 𝐽1(𝑎/ℎ) is the dimensionless local compliance 

function whose expression has the form: 

𝐽1(𝑎1) = 1.8624𝑎1
2 − 3.95𝑎1

3 + 16.375𝑎1
4

−  37.226𝑎1
5 + 76.81𝑎1

6 − 126.9𝑎1
7  

+  172𝑎1
8 −  143.97𝑎1

9 +  66.56𝑎1
10  

(10) 

 

We obtain finally: 𝐾 = 𝐸𝐼𝑐 = 6ℎ(1 − 𝜈2)𝐽1(𝑎1). 
Across the crack, the transverse displacement, the bending 

moment and the shear force are unchanged. The continuity 

conditions at the crack position are: 

𝑢𝑘1(𝐿𝑘1 , 𝑡) = 𝑢𝑘2(0, 𝑡) 

𝑢𝑘1
′′ (𝐿𝑘1 , 𝑡) = 𝑢𝑘2

′′ (0, 𝑡) 

𝑢𝑘1
′′′(𝐿𝑘1 , 𝑡) = 𝑢𝑘2

′′′(0, 𝑡) 

(11) 

From relations (8) and (11), we deduce: 

𝑋𝑘2 = 𝑻(𝐾, 𝐿𝑘1)𝑋𝑘1 = 𝑻𝑘1𝑋𝑘1  (12) 

where 𝑻(𝐾, 𝐿𝑘1) is a 4 × 4 matrix which is known as the 

transfer matrix at the section of the crack. 

 

The intermediate supports 

As the intermediate supports are assumed to be infinitely rigid, 

the transverse displacements are blocked. Meanwhile, the slope 

of the beam and the bending moment are conserved across the 

support. Let us consider the (𝑟 − 1)th support which connects 

the (𝑟 − 1)th and the 𝑟th span. We have the following relations:  

𝑢𝑟(0, 𝑡) = 0 
𝑢𝑟(𝐿𝑟 , 𝑡) = 0 
𝑢𝑟
′ (0, 𝑡) = 𝑢𝑟−1

′ (𝐿𝑟−1, 𝑡) 
𝑢𝑟
′′(0, 𝑡) = 𝑢𝑟−1

′′ (𝐿𝑟−1, 𝑡) 

(13) 

 

From these above relations, we obtain the transfer matrix at 

the intermediate support 𝑺(𝐿𝑟−1, 𝐿𝑟) such that: 𝑋𝑟 =
 𝑺4×4𝑋𝑟−1. 

 

The left support of the cracked span 

Since the crack is present on the kth span, this span is divided 

into two beam segments: 𝑘1 and 𝑘2. The span which lies on the 

left of this cracked span is now called 𝑘 − 1. 

 

The right end of the first beam segment of the crack span is 

no longer blocked, so that the second condition of the system 

(13) is not satisfied. Indeed, the right end of the second beam 

segment (𝑘2) is found at another intermediate support, which 

leads to the condition: 𝑢𝑘2(𝐿𝑘2 , 𝑡) = 0. 

 

This is equivalent to: 

𝒃𝑘2
𝑇 𝑋𝑘2 = 𝟎 (14) 

with: 𝒃𝑘2 = [sin 𝜆𝐿𝑘2 cos 𝜆𝐿𝑘2 sinh 𝜆𝐿𝑘2 cosh 𝜆𝐿𝑘2  ]
𝑇. 

 

By taking into account the relation (12), the equation (14) can 

be rewritten as: 

𝒃𝑘2
𝑇 𝑻𝑘1𝑋𝑘1 = 𝟎 (15) 

 

The other relations remain the same as in the system (13), 

except the second condition. We obtain finally a 4 × 4 matrix 

such that: 

𝑋𝑘1 = 𝑮( 𝐿𝑘−1, 𝑻𝑘1 , 𝒃𝑘2)𝑋𝑘−1 (16) 

 

The matrix 𝑮 is called the transfer matrix at the left support 

of the cracked span. 

 

The transfer matrices 

As a reminder, the transfer matrices are used to assure the 

conditions of continuity and the compatibility requirements at 

the crack cross section (the matrix 𝑻) and at the intermediate 

supports (the matrices 𝑺, 𝑮). It is important to note that the 

matrices 𝑺, 𝑮 are singular. This remark can be explained by the 

fact that between the intermediate supports, the beam segment 

is blocked at it ends. Consequently, at least one component of 

the coefficient vector can be expressed in terms of the others. 

The expressions: 𝑋𝑟 = 𝑺4×4𝑋𝑟−1 and 𝑋𝑘1 = 𝑮4×4𝑋𝑘−1 allow 

to calculate the mode shape coefficients of a span knowing 

those of the previous span. The full expressions of these 

transfer matrices are presented in the Appendix. 

 

Boundary conditions matrix at the right end of the beam 

The beam is simply supported at its right end: 𝑥𝑁 = 𝐿𝑁. This 

condition imposes the nullity of the displacement and of the 

bending moment at this point. Note that the condition 

𝑢𝑁(𝐿𝑁 , 𝑡) = 0 is used to establish the transfer matrices 

(𝑻, 𝑮, 𝑺). For this support, there is only one boundary condition 

concerning the nullity of the bending moment:  

𝑢𝑁
′′(𝐿𝑁 , 𝑡) = 0 (17) 

 

The condition (17) can be expressed in the following matrix 

form: 
[−sin 𝜆𝐿𝑁 −cos 𝜆𝐿𝑁 sinh 𝜆𝐿𝑁 cosh 𝜆𝐿𝑁  ]𝑋𝑁 

= 𝑩(𝐿𝑁)𝑋𝑁 = 0 
(18) 

Where 𝑩(𝐿𝑁) is a 1 × 4 matrix which describes the boundary 

condition of the right end of the beam. 

 

 Eigenvalues Problem 

For all intermediate supports, except the support that lies on 

the left of the cracked span, we always have: 

𝑋𝑟 =  𝑺𝑋𝑟−1 (19) 

 

For the cracked span, we have these relations: 

𝑋𝑘1 =  𝑮𝑋𝑘−1, 𝑘 ≥ 2 

𝑋𝑘2 = 𝑻 𝑋𝑘1 ,            𝑘 = 1 
(20) 

 

By arrangement of these matrices, we have: 

(𝑩𝑁 ∙ 𝑺𝑁−1,𝑁 ∙ 𝑺𝑁−2,𝑁−1⋯ ∙ 𝑺𝑘2,𝑘+1 ∙ 𝑻𝑘1
∙ 𝑮𝑘−1,𝑘1 ∙ 𝑺𝑘−2,𝑘−1⋯ ∙ 𝑺1,2)𝑋1 = 0 

(21) 
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   The matrix product on the left-hand side of equation (21) 

forms a 1 × 4 matrix. The resulting matrix is now denoted by 

𝑹. Equation (21) can be written shorter as: 

𝑹𝑋1 = 0 (22) 

with 𝑟 = [𝑟1 𝑟2 𝑟3 𝑟4].  𝑟𝑖 ∈  ℝ, 𝑖 = 1, 2, 3, 4. 
Since the beam is simply supported at its two ends, at 𝑥 = 0, 

the bending moment and the transverse displacement are 

always equal to zero. We have: 

{
𝑢1(0, 𝑡) = 0

𝑢1
′′(0, 𝑡) = 0

⇒  {
𝐵1 = 0
𝐷1 = 0 

 (23) 

 

Since 𝑋1 = [𝐴1, 𝐵1, 𝐶1, 𝐷1]
𝑇, we can rewrite the coefficient 

vector 𝑋1 as 𝑋1 = [𝐴1, 0, 𝛾(𝜆)𝐴1, 0]
𝑇, where 𝛾(𝜆) is a function 

that expresses 𝐶1 in term of 𝐴1: 𝐶1 = 𝛾(𝜆)𝐴1. When the crack 

is present at the first span, we introduce the vector 𝒃𝑘2 =

 [sin 𝜆𝐿𝑘2 cos 𝜆𝐿𝑘2 sinh𝜆𝐿𝑘2 cosh 𝜆𝐿𝑘2  ]
𝑇 and the 

transfer matrix at the crack 𝑻𝑘1 = [𝒕1|𝒕2|𝒕3|𝒕4]. 

𝛾(𝜆) =

{
 
 

 
 −

sin 𝜆𝐿1
sinh 𝜆𝐿1

, 𝑘 ≥ 2 

−
𝒃𝑘2
𝑇 𝒕1

𝒃𝑘2
𝑇 𝒕3

,              𝑘 = 1

 (24) 

 

The existence of non-trivial solutions of Equation (22) 

requires: 

𝑓(𝜆) = 𝑟1(𝜆)  +  𝛾(𝜆)𝑟3(𝜆)  = 0 (25) 

 

The natural frequencies of the continuous beam are solutions 

of Equation (25). 

Once the eigenvalues are found, the mode shapes will be 

normalized such that: ∫ 𝜙𝑚(𝑥)𝜙𝑛(𝑥)
𝐿

0
= 𝛿𝑚𝑛, where 𝛿𝑚𝑛 is 

the Kronecker delta. Since the initial continuous beam is 

divided into 𝑁 beam segments, the mode shapes of the beam 

are obtained by summation of the mode shapes over all 

segments: 

𝜙𝑛(𝑥) =  ∑𝜙𝑛,𝑟 (𝑥 − 𝑙𝑟−1 )[𝐻(𝑥 − 𝑙𝑟−1 ) − (𝑥 − 𝑙𝑟 )]

𝑁

𝑟=1

 (26) 

where 𝜙𝑛,𝑟  is the mode shape of the rth beam segment for the 

nth mode, 𝑙𝑘 = ∑ 𝐿𝑘
𝑘
𝑖=1  the distance from the left end of the 

beam to the right end of the kth beam segment (𝑙0 = 0 by 

convention) and 𝐻 denotes the Heaviside step function: 

𝐻(𝑥) = {
1, 𝑥 ≥ 0
0, 𝑥 < 0

 

 

 Forced response of the beam under moving loads 

The governing equation of the beam is: 

𝐸𝐼
𝜕4𝑢

𝜕𝑥4
+ 𝜂

𝜕𝑢

𝜕𝑡
+ 𝜌𝐴

𝜕2𝑢

𝜕𝑡2
= 𝑓(𝑥, 𝑡)

=  ∑𝑃𝑖  𝛿(𝑥 − 𝑣𝑡 + 𝐷𝑖−1)

𝑀

𝑖=1

 
(27) 

The solution of Equation (27) can be expressed as a linear 

combination of orthonormal modes 𝜙𝑛(𝑥), with 𝑞𝑛(𝑡) the 

generalized coordinates of the nth mode: 

𝑢(𝑥, 𝑡) =  ∑𝜙𝑛(𝑥)

∞

𝑛=1

𝑞𝑛(𝑡) (28) 

The damping coefficient is assumed to be proportional to the 

mass: 𝜂 =   2𝜌𝐴𝜔𝑛𝜁𝑛 , where 𝜁𝑛 is the modal damping ratio for 

the mode n. Substitute expression (28) into Equation (27) and 

note that 𝜔𝑛
2 = 𝜆4(𝐸𝐼/𝜌𝐴), then: 

 ∑[𝜔𝑛
2𝑞𝑛(𝑡)+ 2𝜔𝑛𝜁𝑛�̇�𝑛(𝑡)+ �̈�𝑛(𝑡)] 𝜙𝑛(𝑥)

∞

𝑛=1

= ∑𝑝𝑖  𝛿(𝑥 − 𝑣𝑡 +  𝐷𝑖−1)

𝑀

𝑖=1

 

(29) 

with 𝑝𝑖 = 𝑃𝑖/(𝜌𝐴). By multiplying both sides of (29) with 

𝜙𝑚(𝑥) and integrating from 0 to L: 

∑[𝜔𝑛
2𝑞𝑛(𝑡) + 2𝜔𝑛𝜁𝑛�̇�𝑛(𝑡) + �̈�𝑛(𝑡)]∫ 𝜙𝑛(𝑥)

𝐿

0

𝜙𝑚(𝑥) 𝑑𝑥

∞

𝑛=1

=  ∑𝑝𝑖  ∫ 𝛿(𝑥 − 𝑣𝑡 + 𝐷𝑖−1)
𝐿

0

𝜙𝑚(𝑥)

𝑀

𝑖=1

𝑑𝑥 

(30) 

Since the mode shapes are orthonormal, Equation (30) can be 

written as: 

�̈�𝑛(𝑡) + 2𝜔𝑛𝜁𝑛�̇�𝑛(𝑡) + 𝜔𝑛
2𝑞𝑛(𝑡) =  ∑𝑝𝑖𝜙𝑛(𝑣𝑡 − 𝐷𝑖−1)

𝑀

𝑖=1

 (31) 

The general solution of Equation (31) is the sum of its 

homogeneous solution and of a particular solution. We first 

look for the particular solution. 

For a given linear operator ℒ[⋆] (in this problem, ℒ[⋆] =
𝑑2 𝑑𝑡2⁄ + 2𝜔𝑛𝜁𝑛 𝑑 𝑑𝑡⁄ + 𝜔𝑛

2), if 𝑞𝑝(𝑡) is a particular solution of 

the non-homogeneous differential equation: ℒ[𝑞(𝑡)] = 𝑦(𝑡), 
then 𝑘𝑞𝑝(𝑡 − 𝜏) is also a particular solution of equation 

ℒ[𝑞(𝑡)] = 𝑘𝑦(𝑡 − 𝜏) for any 𝑘 ∈ ℝ. This proposition can be 

shown by the technique of variable changes. 

In Equation (31), we only keep one point force of unit 

magnitude 𝑝1 = 1. Let us consider the following non-

homogeneous differential equation: 
�̈�𝑛,𝑟(𝑡𝑟) + 2𝜔𝑛𝜁𝑛�̇�𝑛,𝑟(𝑡𝑟) + 𝜔𝑛

2𝑞𝑛,𝑟 (𝑡𝑟) =  𝜙𝑛,𝑟(𝑣𝑡), 

0 ≤ 𝑡𝑟 ≤ 𝐿𝑟/𝑣 
(32) 

We assume that a particular solution of this equation has the 

same form as the mode shape 𝜙𝑛,𝑟: 

𝑞𝑛,𝑟
𝑝 (𝑡𝑟) =  �̅�𝑛,𝑟 sin(𝜆𝑛𝑣𝑡𝑟) + �̅�𝑛,𝑟 cos(𝜆𝑛𝑣𝑡𝑟)

+ 𝐶�̅�,𝑟 sinh(𝜆𝑛𝑣𝑡𝑟) + �̅�𝑛,𝑟 cosh(𝜆𝑛𝑣𝑡𝑟)

= [sinΩn𝑡𝑟 cos Ωn𝑡𝑟 sinhΩn𝑡𝑟 coshΩn𝑡𝑟  ]�̅�𝑛,𝑟   

(33) 

where Ωn = 𝜆𝑛𝑣 and �̅�𝑛,𝑟 = [�̅�𝑛,𝑟 , �̅�𝑛,𝑟 , 𝐶�̅�,𝑟 , �̅�𝑛,𝑟 ]
𝑇

is the 

coefficient vector of the particular solution of the rth beam 

segment for the nth mode. By using the method of undetermined 

coefficients, �̅�𝑛,𝑟   can be expressed in terms of 𝑋𝑛,𝑟 =

[𝐴𝑛,𝑟 , 𝐵𝑛,𝑟 , 𝐶𝑛,𝑟 , 𝐷𝑛,𝑟]
𝑇
 as the following matrix form: 

�̅�𝑛,𝑟 = [

𝑎 𝑏 0 0
−𝑏 𝑎 0 0
0 0 𝑐 𝑑
0 0 𝑑 𝑐

]𝑋𝑛,𝑟 = 𝑸𝑋𝑛,𝑟 (34) 

with: 

𝑎 =
Δ𝜔,𝑛

Δ𝜔,𝑛
2 + (2𝜔𝑛𝜁𝑛Ω𝑛)

2
, 𝑏 =  

2𝜔𝑛𝜁𝑛Ω𝑛

Δ𝜔,𝑛
2 + (2𝜔𝑛𝜁𝑛Ω𝑛)

2
 

𝑐 =
S𝜔,𝑛

S𝜔,𝑛
2 − (2𝜔𝑛𝜁𝑛Ω𝑛)

2
, 𝑑 =  

−2𝜔𝑛𝜁𝑛Ω𝑛

S𝜔,𝑛
2 − (2𝜔𝑛𝜁𝑛Ω𝑛)

2
  

Δ𝜔,𝑛 =  𝜔𝑛
2 − Ω𝑛

2 , S𝜔,𝑛 =  𝜔𝑛
2 + Ω𝑛

2  

 

For an undamped system (i.e. 𝜁𝑛 = 0), the matrix 𝑸 is 

diagonal. The general coordinates of the continuous beam are 

obtained by summation over its segments: 
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𝑞𝑛
𝑝(𝑡) =  ∑𝑞𝑛,𝑟

𝑝 (𝑡 − 𝑡𝑟−1)

𝑁

𝑟=1

[𝐻(𝑡 − 𝑡𝑟−1) − 𝐻(𝑡 − 𝑡𝑟)]   (35) 

in which 𝑡𝑟 = 𝑙𝑟  𝑣⁄ = (∑ 𝐿𝑟
𝑟
𝑖=1 )/𝑣 is the moment when the 

unit force enters the rth span.  

The right-hand side of Equation (31) is a linear combination 

of values of the reduced force 𝑝𝑖  with the value of the function 

𝜙𝑛(𝑣𝑡 − 𝐷𝑖−1) =  𝜙𝑛(𝑣(𝑡 − 𝜏𝑖−1)), where 𝜏𝑖−1 = 𝐷𝑖−1/𝑣 is 

the instant when the ith axle enters on the bridge (𝑖 =
1, 2, … ,𝑀). By superposition of these particular solutions for 

each axle, we finally obtain the form of particular solution for 

a system of M concentrated forces: 

𝑄𝑛
𝑝(𝑡) =  ∑𝑝𝑖𝑞𝑛

𝑝(𝑡 − 𝜏𝑖−1)

𝑀

𝑖=1

  (36) 

The homogeneous solution of Equation (31) which is 

corresponding to the nth mode is: 

𝑄𝑛
ℎ(𝑡) =  𝑒−𝜔𝑛𝜁𝑛𝑡[𝛼𝑛 sin(𝜔𝑛

𝑑𝑡) + 𝛽𝑛 cos(𝜔𝑛
𝑑𝑡)]  (37) 

with 𝜔𝑛
𝑑 = 𝜔𝑛√1 − 𝜁𝑛

2 the damped angular frequency of the 

system for the nth natural mode. 

Hence, the general solution of a harmonic oscillator subjected 

to a system of M concentrated forces (equation (31)) is: 

𝑞𝑛(𝑡) = 𝑄𝑛
𝑝(𝑡) +  𝑄𝑛

ℎ(𝑡)  (38) 

The coefficients 𝛼𝑛 and 𝛽𝑛 are determined from the 

conditions of continuity of the generalized coordinates 𝑞𝑛(𝑡) 
and from the generalized velocity �̇�𝑛(𝑡) when an axle of the 

vehicle enters a beam segment. 

The force response of the continuous beam is the linear 

combination of the mode shapes with the corresponding 

generalized coordinates for all the natural modes of the 

structure. In fact, we only keep a certain number of the first 

modes so that the total effective modal mass is at least 90% of 

the mass of the structure. 

3 NUMERICAL RESULTS AND DISCUSSION 

In this section, a two-spans of equal length, continuous Euler-

Bernoulli beam is studied. The total length of the beam is 𝐿 =
20 𝑚. The cross section is square of length 𝑏 = ℎ = 10 𝑐𝑚. 

The constitutive material is steel, which has the modulus of 

elasticity 𝐸 = 210 𝐺𝑃𝑎, the Poisson's ratio 𝜈 = 0.3 and the 

density 𝜌 = 7800 𝑘𝑔/𝑚3. The beam is subjected to a 2-axle 

vehicle whose loads are 𝑃1 = 1 𝑘𝑁 and 𝑃2 = 2 𝑘𝑁. The 

distance between these loads is 𝑑 = 4 𝑚 (Figure 2). At 𝑡 = 0, 

the vehicle enters the beam with constant speed 𝑣 = 10 𝑚/𝑠. 
A crack with variable depth is present at the midpoint of the 

first span. Moreover, different values of modal damping ratio 

will be considered. 

 
Figure 2. Two-axle vehicle passing a continuous beam with 3 

supports at constant speed. 

In order to validate the presented method, some results from the 

analytical model are presented and will be compared with the 

numerical results of the same problem, modelled in an Open 

Source FEM software, the code_Aster. The FEM model has 

100 linear beam elements, which follows the Euler-Bernoulli 

beam theory. The transient response is calculated on a 

generalized basis, using Newmark’s scheme for temporal 

integration with 𝛽 = 1/4 and 𝛾 = 1/2. The maximum 

frequency taken into account is up to 100 Hz. In case of cracked 

beam, a discrete element that having the same rigidity in 

bending as the crack is introduced. 

The present analytical model takes the first 12 frequencies, so 

that the cumulative effective mass factor is 90,4%. Figure 3 

shows the deflection at midspan of each span of the beam in 

comparison with the results from the FEM model (blue and red 

lines), when the damping ratio is 2%. The deflection obtained 

by this model is coherent with the numerical results. 

 

 

Figure 3. Deflection at midspan with 𝜁 = 2%. 

 

Now, we create a crack at the midpoint of the first span. The 

depth of this crack is equal to half the height of the beam (ratio 

𝑎1 = 𝑎 ℎ⁄ = 0.5). Figure 4 shows the deflection at mid-span of 

the two spans, in case of an undamaged beam (violet and green 

lines) and a damaged beam (blue and red lines). We can see that 

the crack has more influence on the deflection of the first span 

than of the second one. However, this difference is relatively 

small. At the midpoint of the first span, the difference is about 

5%. 

 

 

Figure 4. Deflection at midspan with 𝜁 = 2%. 

 

In case of an undamaged beam, the speed of the vehicle also 

has an important influence on the amplitude of the response. 

Figure 5 presents the dependence of the Dynamics 
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Amplification Factor (DAF) on the dimensionless velocity of 

the vehicle, which is defined as �̃� = 𝑣 𝑣𝑐1⁄ , where 𝑣𝑐1 =

𝜆1√𝐸𝐼/𝜌𝐴 = 47 𝑚/𝑠 is the first critical velocity. Remind that 

𝐷𝐴𝐹 = max
t
𝑢(𝑡) /max

t
𝑢0(𝑡), the ratio of the two largest 

responses in case of damaged and undamaged structure. We 

can see that the amplification is greater on the second span than 

on the first span. At certain speeds, this amplification vanishes. 

Moreover, the difference of DAF at peaks compared to the 

undamped cases is proportional to the damped ratio of the 

system. 

 

 
(a) 

 

 
(b) 

 

Figure 5. Dynamics amplification factor at different levels of 

damping 

 

In order to see how the location and the depth of the crack 

influence the natural frequencies, we carry out some parametric 

studies. The fundamental frequency of the uncracked beam is 

𝑓0 = 2.35 𝐻𝑧. Figure 6 shows the variations in the fundamental 

frequency (Δ𝑓0 𝑓0⁄ = (𝑓 − 𝑓0) 𝑓0⁄ )  depending on the location 

of the crack with different crack depth 𝑎1 = 𝑎/ℎ. This relative 

difference (in percent) is greatest when the crack is near the 

midpoint of each span. When the crack is at the level of the 

support, the fundamental frequency does not change. 

Figure 7 shows the dependence of the fundamental frequency 

on the crack depth for the case where the position of the crack 

has the largest influence on the frequency variation, according 

to Figure 6 (𝑥0 = 4.8 𝑚). When the crack depth is 50 % of the 

beam’s height, the change in frequency exceeds 5%. 

 

 
Figure 6. Change of frequency as a function of crack location 

 

 
Figure 7. Change of frequency as a function of dimensionless 

crack depth 

 

 

4 CONCLUSION 

A direct analytical method to derive the eigenmodes for 

cracked and uncracked beams under point moving loads was 

presented in this work. The final results are obtained by mode 

decomposition. The mode shapes and the generalized 

coordinates are expressed explicitly by analytical functions. 

This model allows us to quickly calculate the response of a 

continuous Euler-Bernoulli beam with the presence of damage. 

Hence, we can perform parametric studies with several 

parameters (crack location, crack depth, load velocity…) to see 

how these factors influence the final results. This is useful to 

highlighting some critical features of the beam and quickly 

investigating a beam-shaped system.  
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Appendix 

 

Transfer matrix at the crack 

𝑻4×4 = [

−𝑏. 𝑠 + 𝑐 −𝑠 − 𝑏. 𝑐 𝑏. 𝑠ℎ 𝑏. 𝑐ℎ
𝑠 𝑐 0 0

−𝑏. 𝑠 −𝑏. 𝑐 𝑏. 𝑠ℎ + 𝑐ℎ 𝑠ℎ + 𝑏. 𝑐ℎ
0 0 𝑠ℎ 𝑐ℎ

] 

Where: 

𝑏 =
𝐾𝜆

2
 

𝑠 = sin 𝜆𝐿𝑘1 , 𝑐 =  cos 𝜆𝐿𝑘1  

𝑠ℎ = sinh 𝜆𝐿𝑘1 , 𝑐ℎ =  cosh 𝜆𝐿𝑘1 

 

Transfer matrix at the intermediate support 

At the intermediate support (except the left support of the 

cracked span), the transfer matrix is an 4 × 4 matrix whose 

components are product of two vectors: 

𝑺4×4 =

[
 
 
 
 
𝒔𝒏𝟏

𝑇 𝒔𝒏𝟐
𝑇 𝒉𝒏𝟑

𝑇 −𝒉𝒏𝟐
𝑇

𝒔𝒑𝟏
𝑇 𝒔𝒑𝟐

𝑇 −𝒉𝒑𝟏
𝑇 −𝒉𝒑𝟐

𝑇

𝒔𝒎𝟏
𝑇 𝒔𝒎𝟐

𝑇 𝒉𝒎𝟑
𝑇 −𝒉𝒎𝟐

𝑇

−𝒔𝒑𝟏
𝑇 −𝒔𝒑𝟐

𝑇 𝒉𝒑𝟏
𝑇 𝒉𝒑𝟐

𝑇 ]
 
 
 
 

 

Where s, h are the vectors which contain the sinusoidal and 

hyperbolic in terms of the (𝑟 − 1)th span: 

𝒔 = [sin 𝜆𝐿𝑟−1 cos 𝜆𝐿𝑟−1], 𝒉 = [sinh 𝜆𝐿𝑟−1 cosh 𝜆𝐿𝑟−1] 
 

The vectors 𝒏𝒊,𝒎𝒊 (𝑖 = 1, 2, 3) contain the information of the 

𝑟th span: 

𝒏𝟏 = [−
1

2
𝜅 𝜂] , 𝒏𝟐 = [−𝜂 −

1

2
𝜅] , 𝒏𝟑 = [

1

2
𝜅 𝜂] 

𝒎𝟏 = [−
1

2
𝜅 1 − 𝜂] ,𝒎𝟐 = [−(1 − 𝜂) −

1

2
𝜅] ,

𝒎𝟑 = [
1

2
𝜅 1 − 𝜂] 

 

in which: 

𝜅 =
cos 𝜆𝐿𝑟 − cosh 𝜆𝐿𝑟
sin 𝜆𝐿𝑟 − sinh 𝜆𝐿𝑟

 

𝜂 =  −
sinh 𝜆𝐿𝑟

sin 𝜆𝐿𝑟 − sinh 𝜆𝐿𝑟
 

 

And 𝒑𝟏, 𝒑𝟐 are the vectors which contain real coefficients: 

𝒑𝟏 = [
1

2
0] , 𝒑𝟐 = [0

1

2
] 

 

Transfer matrix at the left support of the cracked span 

The transfer matrix at the left support of the cracked span 𝑮 

has the same structure as the transfer matrix at intermediate 

support 𝑺, but its components change. 

𝑮4×4 =

[
 
 
 
 
𝒔𝒏𝟏

𝑇 𝒔𝒏𝟐
𝑇 𝒉𝒏𝟑

𝑇 −𝒉𝒏𝟐
𝑇

𝒔𝒑𝟏
𝑇 𝒔𝒑𝟐

𝑇 −𝒉𝒑𝟏
𝑇 −𝒉𝒑𝟐

𝑇

𝒔𝒎𝟏
𝑇 𝒔𝒎𝟐

𝑇 𝒉𝒎𝟑
𝑇 −𝒉𝒎𝟐

𝑇

−𝒔𝒑𝟏
𝑇 −𝒔𝒑𝟐

𝑇 𝒉𝒑𝟏
𝑇 𝒉𝒑𝟐

𝑇 ]
 
 
 
 

 

 

The vectors s, h now contain the sinusoidal and hyperbolic in 

terms of the (𝑘 − 1)th span: 

𝒔 = [sin 𝜆𝐿𝑘−1 cos 𝜆𝐿𝑘−1], 𝒉 = [sinh 𝜆𝐿𝑘−1 cosh 𝜆𝐿𝑘−1] 
 

The vectors 𝒏𝒊,𝒎𝒊 keep the same structures, which contain 

the information of the crack span: 

𝜅 =
𝒃𝑇𝒕2 − 𝒃

𝑇𝒕4 

𝒃𝑇𝒕1 − 𝒃
𝑇𝒕3

 

𝜂 =
−𝒃𝑇𝒕3 

𝒃𝑇𝒕1 − 𝒃
𝑇𝒕3

 

with 𝒃 =  [sin 𝜆𝐿𝑘2 cos 𝜆𝐿𝑘2 sinh𝜆𝐿𝑘2 cosh 𝜆𝐿𝑘2  ]
𝑇 

and 𝒕𝒊, (𝑖 = 1, 2, 3, 4) are the columns of the transfer 

matrix at the crack 𝑻𝑘1. 
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