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Abstract—Economic development and changing lifestyles are
leading to the extensive use of energy-intensive technologies by
consumers. As a result, this has led to a dramatically increased
demand for electricity. In addition, the consumers’ increasing
demand for a more reliable and uninterrupted energy supply is
posing enormous challenge for service providers. This necessitates
the development of novel solutions that should be at the system
operators’ disposal, particularly at distribution levels. One way to
partly address this concern is by automating distribution systems
and equipping them with intelligent technologies—a transformation
to Smart Distribution Systems (SDSs). Such a transformation
should improve system reliability and operational efficiency
because such systems will be capable of operating and immediately
restoring discontinued service to consumers. To facilitate this, it is
necessary to replace manual switches by remotely controlled ones,
improving the system restoration capability, which is one of the key
features of smart grids. This paper presents a new framework to
determine the minimal set of switches that have to be replaced or
optimally allocated in order to automate the system. This is
supported by a sensitivity analysis. Different topologies are also
assessed taking into account various reliability indices and power
losses in system operation following the system’s automation. Such
an optimization work is done under a massive integration of
renewable energy sources and energy storage systems. All this
simultaneously addresses the economic and functional
requirements of the automated system, ultimately improving
system’s reliability. The standard IEEE 119-bus standard system is
used as a case study, where different types of loads are considered
(residential, commercial and industrial).
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I. NOMENCLATURE
A. Sets/Indices

s/Q° Index/set of scenarios
h/QF Index/set of hours
g/Q9 Index/set of generators
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C. Variables
SS SS
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DG DG
P gmn,s,hs Qg.n,S.h

SS
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Index/set of energy storage
Index/set of substations
Index/set of lines

Switching cost of each branch (
Conductance, susceptance and flow limit
boundaries of each branch / (S, S, MVA)
Resistance, Reactance (Q, Q)

Big-M parameters related with active and
reactive power flows over each branch /
Probability of scenario s

Cost of unit energy production

Emission rate imported power
Electricity price at the substation level
(€/MWh)

Emission rate of DGs

Emission rate of energy purchased from
substation

Demand at node n (MW)

Reactive demand at node n (MVAr)
Nominal voltage (kV)

Charging efficiency

Discharging efficiency

Energy Storage limit

Scaling factor

Power generation limits (MW)

Power factor of DG’s

Power factor of substation

Hourly solar PV power output (MW)
Rated power of RES unit (MW)
Hourly wind power output (MW)
Cut-in wind power (m/s)

Cut-out wind speed (m/s)

Hourly wind speed (m/s)

Certain radian point (usually 150W/m?)
Hourly solar radiation (W/m?)

Standard condition of solar radiation (usually
1000W/m?)

Imported power from grid (MW, MV Ar)
Reservoir level of ESS (MWh)

Charging and discharging binary variables
DG power (MW, MV Ar)

Imported power from grid (MW)
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P, Q,,6, Active and reactive power flows
respectively, and voltage angle difference
of branch / (MW, MVAr, radians)

PL,,PL,; Active and reactive power losses of
each branch / (MW, MV Ar)

pYs, Unserved active power at bus i (MW)

N Unserved reactive power at bus i (MVAr)
Vi, V; Voltage magnitudes at bus i and j (kV)
Up Switching (binary) variables of existing

branches

0;,6; Voltage angle at node i and j (radians)

Xlh Binary variable to indicate line status

Yiw Yin Auxiliary variables to indicate the status of
a line

AVysn Voltage deviation magnitude (kV)

Xin Binary switching variable of line /

fin Fictitious current flows through line /

I Fictitious current injections at substation
nodes

dun Fictitious demand at a given node

Npe Number of candidate nodes for installation

of distributed generation
D. Functions (in €)

SWC Switching cost term (€)

TEC Operation cost (€)

TENSC Power not supplied cost (€)

TEmiC Emissions cost (€)

Ecpe Expected cost of energy produced by DGs
(€

ECEs Expected cost energy discharged from ESSs
€

Ep°® Expected cost of energy imported
through the substation level (€)

EmiCp° Expected emission cost due to DG power
production (€)

EmiCys Expected emission cost of energy imported

through the substations (€)
II. INTRODUCTION

A. Background

N the face of increasing demand for electricity, ensuring the

continuity of service is becoming a huge challenge in power
systems. This is further exacerbated by the need for power
systems to accommodate large-scale distributed energy
resources such as renewable energy sources (RESs) and
energy storage systems (ESSs) [1]-[3].

In general, in order to meet the aforementioned and other
needs, existing electrical systems should evolve to a new
paradigm of systems equipped with smart grid technologies
and state-of-the-art solutions. Eventually, such systems are
expected to effectively address the long-standing challenges of
integrating clean but sporadic RESs, especially with regards to
managing their inherent uncertainty and variability.

Without these measures, managing the intermittency
of renewables may render impossible, especially with
high penetrations, and service interruptions may be
unavoidable.
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Hence, in renewable-rich systems, maintaining continued
service provision is under threat [4], [5]. As a result, the
regulations on continuity of service need to evolve to improve
the quality of service provision to residential, commercial and
industrial customers and increase customer satisfaction [6].
Existing tools may not be sufficient; new and improved
technological solutions will be required in order to ensure a
standard level of service provision. Such solutions should be
capable of maintaining high standards of service delivery and
system restoration in case of failures.

Service failures and outages are inevitable in a distribution
network systems during contingencies. Consequently, affected
zones are momentarily disconnected and isolated from the rest
of the grid. But solutions such as distribution system
reconfiguration (DSR) can be used to restore as many loads as
possible by redirecting power flows without violating the
network’s own operational constraints [7]-[9]. In an electrical
power system, most failures occur in the distribution system,
usually resulting in immediate service interruptions to the
dismay of consumers. Traditionally, when the failure occurs
and service stops, consumers call the respective distribution
company. Upon receiving a service failure notification, a
common practice is that a field crew is sent to search for the
exact location of the fault, and isolate it via manual switches,
and simultaneously restoring service to as many consumers as
possible while repairing the failure [10]-[14]. Hence, in
traditional distribution systems, such restoration and repairing
processes are done manually by opening and/or closing
switches. This usually takes longer time. However, with an
automated system, restoration can be performed in a shorter
time and even with fewer field crew members [12], [15]-[18].

One of the ways to perform system automatic restoration is
by optimally positioning automated switches in distribution
systems, and developing new technological solutions in order
to improve the system’s operational performance and
restoration capability. It is widely accepted that remotely-
controlled switches (RCSs) can substantially enhance the
network’s overall performance. The optimal functionalities of
RCSs can be handled by the system operator in a distribution
management center equipped with a DSR algorithm.

To enable remote control and management of distribution
systems, it is mandatory to replace existing manual switches
by RCSs as well as install new ones at optimal locations. All
this improves the system’s restoration capability, a positive
contribution to reliability. However, this must be done in a
most functional and economical way. The maximum
restoration capability must be obtained by replacing and/or
installing the minimum possible number of switches so as not
to excessively increase investment costs [19]-[21].

As mentioned earlier, replacing the manual switches with
these smart switches helps increase system reliability. The
restoration process of distribution networks is an important
aspect, and must be done as quickly as possible so as not to
compromise the energy supply to consumers. In addition, it
has been proven that RCSs bring more advantages in terms of
adding more operational flexibility in the system, and speed of
response to urgent and instant needs. However, it is not as
simple as replacing all manual switches with RCSs; this can
considerably expensive at both installation and maintenance
levels.
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Fig. 1. Future smarter grid infrastructure technologies, adapted from [29].

Here is where the critical switch concept emerges; i.e. the
ideal number of manual switches that has to be replaced with
RCSs in order to optimally meet multiple objectives such as
the optimal integration and use of renewable DGs in the most
economical way [22]. To evaluate the performance of
electrical systems, some indices such as the System Average
Interruption Frequency Index (SAIFI), the System Average
Interruption Duration Index (SAIDI) and the Customer
Average Interruption Duration Index (CAIDI) are usually
used. These indices include the so-called extended service
outlets, those that last longer than five minutes. An automated
system reduces the number of these service outages, locates
and isolates the fault automatically and almost
instantaneously, thus preventing service outages in zones that
do not belong to the fault zone [11], [12], [17], [23].

Energy production in large power plants and their delivery
at points of consumption constitute the classic tasks of a
power grid. However, the technological advance and the
evolution of the human need have raised some difficulties in
terms of operation, control, efficiency and reliability, which
require a change of perspective [24], including large number
of components interconnected to the distribution network. Any
failure of a component can easily affect another component in
the system instantly. This is due to several system-wide
interconnections and high interdependencies among
components and networks in the system, which make the
development of mathematical models a complex challenge.

Distribution network automation enhances the utility of
DSR because the automation enables an optimal and speedy
response to possible problems in the system. This reduces the
number of interventions by the operator, and leaves the
network less subject to human error [23]. However, for large-
scale systems with a more complex topology, the
computational load may be quite high, resulting in slow DSR
decision and limiting the system restoration performance.

However, with the advance of computational tools and
distributed computing, this may not be a major issue.
Moreover, the evolution distribution systems to smart grids,
equipped with the integration of sensor-based technologies,
state-of-the-art ~ control ~methods and  (bidirectional)
communication systems among others, is viewed as a possible
solution to the challenges.
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Smart girds adopt decentralized control features, which
increases network flexibility and improves a host of other
features such as: the utility of DSR, restoration and even fault
detections, coordination of protections and voltage control [7],
[24]-[28]. Fig 1 presents the key technologies and important
aspects required to develop smarter grid infrastructures.

Generally, distribution system automation has been
attracting a lot of attention in recent years mainly due to the
increasing penetration of variable energy sources. This is part
of the effort to ensure seamless integration of such resources
and enhance grid reliability and system stability. Smart grids,
equipped with self-healing mechanisms, can not only
automatically detect faults and act accordingly but also make a
quicker restoration possible. This substantially improves, the
overall reliability in the considered system. The goal of self-
healing is to minimize the duration of service outages as well
as interruptions felt by consumers, eventually increasing the
reliability of the system [9], [17], [26]-[28].

Therefore, the future of power systems is one of the hot
topics where majority of roadmaps grid smartification, which
has the ability to perform operations in an automated manner,
with higher reliability and low operating and maintenance
costs. The work in [29] summarizes ongoing research and
development in the smart grid arena. Remotely controlled
switches and new communication technologies play important
roles in the transition to smart grids [30].

B. Literature Review

The main aim of system reconfiguration in the extant
literature has mainly been to minimize network losses [31],
[32]. To some extent, this is coordinated with optimal
allocations of distributed generations [31], [32]. However, in
recent years, DSR has been gaining more attention due to the
new challenges facing power systems in general, distribution
systems in particular.

From the smart grids perspective, system automation
facilitates optimal use of DSR under normal operation. The
utility of DSR in contingency cases is also tied with the self-
healing process, a key part of the smart grid concept.
Therefore, DSR is a key element which enables a more
autonomous and efficient recovery from contingency to a
normal operating state. From the smart grid perspective,
earlier works related to DSR are limited.
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Regarding the analysis of reliability indices, Paterakis et al.
[32] present a study on system reconfiguration formulated
through a multi-objective problem and with the aim of
minimizing network losses while also optimizing some
reliability indices. In the same context, Chen ef al. [33]
presents a method that analyzes some reliability indices taking
into account network reconfiguration and daily demand data.

Regarding switches and their central role in system
reconfiguration and restoration, several papers address optimal
ways to allocate switches along network systems [34], [35].
One of the most important points about switches is the
replacement of manual switches with RCSs. Bernardon et al.,
in [36], presents a new methodology for the DSR to be done
automatically, incorporating DG units in the operation of the
system and only considering RCSs. The problem in this
method is that it is not practical to consider all switches as
RCSs. This is because of the fact that replacing all manual
switches may be excessively expensive or impractical.

Having this in mind, Lei et al. [21] introduces the concept
of "critical switch", which represents the minimum number of
manual switches to be replaced by RCSs that will make
dynamic reconfiguration more efficient. Thus, the work in
[21] studies the application of DSR with DG integration and
seeks to minimize energy losses while also identifying the
switches that needs to be replaced at the lowest possible cost.

Despite this, Lei et al. does not solve the problem of
optimal allocation of RCSs. Therefore, after identifying the
number and the switches that need to be replaced, the biggest
problem lies on where to place the RCSs to maximize their
performance. Authors in [19] have introduced new methods
that allow an optimal RCS allocation so that the system’s
restoration performance and the overall system reliability can
be improved, both at the lowest possible cost.

In [35], Ray et al. argue that the optimization of the number
and locations of RCSs must take into account three different
main objectives: the minimizations of service interruption
cost, service interruption duration index (SAIDI), and
maximization of the quantity of loads that can be restored
using the RCSs. A model formulated as a Mixed Integer Conic
Programming (MICP) is proposed that seeks to optimize the
number and locations of RCSs so that automatic restoration is
ensured, and this is done as fast as possible.

This paper presents a new framework to determine the
minimal set of switches that have to be replaced or optimally
allocated in order to automate the system. This is supported by
a sensitivity analysis. Different topologies are also assessed
taking into account various reliability indices and power losses
in system operation following the system’s automation. Such
an optimization work is done under a massive integration of
renewable energy sources and energy storage systems. All this
simultaneously addresses the economic and functional
requirements of the automated system, ultimately improving
system’s reliability. The standard IEEE 119-bus standard
system is used as a case study, where different types of loads
are considered (residential, commercial and industrial).

One of the salient features of the new approach presented in
our work is its multi-sequential structure (explained in detail
in the next section), where system reliability is improved in
each step. This makes it unique from any of those suggested in
the literature.

4

C. Contributions and Paper Organization

The current work is designed to perform an extensive
analysis with regards to DSR in terms of improving the
system’s restoration capability after a contingency. For this
reason, the system is dynamically reconfigured, with a goal of
identifying the minimum number of switches that must be
replaced with RCSs. This eventually improves the system’s
overall performance. Moreover, further analysis is made
considering that the system has already been automated,
established based on previous results. However, even if
distribution systems are adequately equipped to make dynamic
reconfigurations possible, it should be noted that technical and
economic barriers exist that do constrain frequent
reconfigurations (such as hourly). Therefore, according to the
literature and the demand response models, an optimization of
three different topologies (one per each load period) is
preferred, following a set of criteria. To optimize the system
operation, two reliability indices, SAIFI and SAIDI are used,
along with system losses. Here, a TOPSIS decision support
tool is subsequently used to identify the best configuration for
the considered periods (each with a set of hours), where
different case studies are analyzed. The flowchart in Fig. 2
shows the entire approach adopted in this work.
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Fig. 2. A flowchart of the methodology.
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The main contributions of this paper are the following:

e An improved stochastic mixed integer linear
programming (SMILP) operation model considering
the presence of distributed generation-based
renewables, energy storage systems and dynamic
reconfiguration, where a linearized AC-OPF
(Alternating Current - Optimal Power Flow) model
attains the right balance between accuracy and
computational complexity.

¢ A methodology for system-wide sensitivity analysis to
identify the minimum set of switches to be updated
from manual to automatic ones, determined according
to an optimal dynamic reconfiguration.

e Analysis on whether the automated switches need to be
placed in locations where manual switches already
exist or even elsewhere on the system.

o Identification of automatic switches that require more
maintenance due to frequent dynamic reconfigurations.

e The experimental analysis with regards to different
topologies considering different reliability indices
(System Average Interruption Duration Index — SAIDI,
and System Average Interruption Frequency Index —
SAIFT) and power losses.

The remainder of this work is organized as follows. Section
IIT presents a complete description of the developed algebraic
model. Case study and discussion of numerical results are
provided in Section IV. Issues related to uncertainty
management are presented in Section V, and the last section
concludes this paper.

III. MATHEMATICAL FORMULATION

The problem is formulated as a stochastic MILP
optimization model. The resulting model’s accuracy is
guaranteed because the core of the optimization framework
employs a linearized AC-OPF based network model, which
has the right balance between accuracy and computational
requirements.

A. Objective Function

The objective of the current work is to minimize the sum of
the most relevant cost terms (1); namely, the costs related to
network reconfiguration (switching), operation, emissions and
load shed.

MinTC = SWC +TEC + TENSC + TEmiC (1)

The switching cost term (2) is incurred when a change of
status in a given line occurs, that is, when it goes from 0 (open)
to 1 (closed) or vice versa.

1eql heqh
where:
Xigh = Xigh-1 = Yien = Yiens Yen = 0; Yign 2 0

X0 = 1; Vk € ' and x; o = 0; Vk € 2°

The sets Q! and Q° refer to the normally closed feeders and
tie lines, respectively. The statuses of the feeders and tie lines
can change during the optimization; that is, depending on the
optimal topology obtained following the dynamic network
reconfiguration. The emission cost (3) is given by the sum of
costs of power produced by DGs, discharged from ESS and
imported from upstream grid.

5
TEC=ZpS ZOCPnsh
SEQS heQh geQd
+ Z Ps Z ASPET s 3)
SEQS  heQl eseQes

+Zpsz ZACPnsh

SeQ’ heQh ¢eqQs
The cost of load shedding, given by TENSC, is formulated
as follows:

TENSC = Z Ps

SEQS

Z (VenPhsn +vin Qon 4)
heqh

Here, vf_ n and vgh define penalty parameters for active and
reactive power that is not supplied. These two parameters are
each set to a sufficiently high value, which roughly quantifies
the value of lost load. Note that TENSC can also be regarded
as a reliability index.

Finally, equation (5) refers to the total cost of emissions as
a result of power either supplied by DGs or imported from

upstream.
TEmIiC = Z Ps Z Z Z A0z ERDGPDE
SEQS heqh geQd neqn (5)
F) p ) DD AERERS,
SEQS heqQh ¢eQf neqQn

B. Constraints

The healthy operation of distribution systems is guaranteed
by respecting the technical and economic constraints during
all operation times. One of the major technical constraints is
the Kirchhoff’s current law, which states that the sum of all
flows arriving at a bus must be always equal to the sum of all
flows leaving that bus at any time.

The sum of all incoming flows to a node should be equal to
the sum of all outgoing flows, which is given by the
Kirchhoff’s Law. This is applied to both active (6) and reactive
(7) power flows, and must be respected at all times:

AT

geqy

esnsh) + P csh

Z Plsh— PDsh (6)

out, leﬂl

+ Z 2PL15h+ Z ZPLlShJVCEl

inleq! out,leq!

Z ansh+ ansh+ chh Qnsh

gen9g

dch
(P esnsh

Qusn — Qusp = QDgp (7

in,leql! out,leq!

1 1 ,
+ Z EQLl,s,h‘l' Z EQLl,s,hVCEl

in,leQ! out,leq!
Equations (8) and (9) present the linearized AC power flows
through each feeder, which are governed by the Kirchhoff’s
Voltage Law. This is considered by including linearized power
flow equations. Such a linearization method follows two
assumptions. First, the voltage angle difference 0, is normally
very small in distribution networks. In trigonometric
approximations, this results in sin8, = 6, and cos6, = 1.
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Second, the bus voltage magnitudes are expected to be close to
the rated value V;,,, in distribution systems. AV; g, — AVj 5, is
the voltage deviation between the branch input and output
node for a given scenario and hour.
By using these simplifying assumptions, the complex
nonlinear and nonconvex flow equations can be linearized as:
|Pl,s,h — (Vaom (AVn,s,h - AVm,s,h)gk ®)
~ ViombiOusn| < MP(1— xip)
|Ql,s,h - (_Vnom(AVn,s,h - AVm,s,h)bk (9)
- Vnzomgkgl,s,hl < MQ;(1 - xin)
The maximum amount of flow that can pass through a line
is given by inequality (10). Equations (11) and (12) represent
active and reactive power losses in a given line.

Pip+ QFn < xin(S™)? (10)
PLygn = Ry(Pisp + QFsn)/ Viom (11)
QLysn = Xi(Pispn + QZsp)/ Viom (12)

An energy storage system is modeled by the expressions

(13)(18).

0= Pusn < IGnsnPesan (13)

0= Piion < I&hsnPionn (14)

Ig?,n,s,h-l' Iecgn,s,h <1 (15)
PdCh

Eesnsh = Eesmsh-1+ US?P;S?n,S,h - :;:;Z'h (16)
es

Eén;,ig < Ees,n,s,h =< Egr;%x (17)

Eesnsno = MesEesqs Eesnshza = HesEoss (18)

The limits on the amount of power charged and discharged
are given by (13) and (14), respectively, while (15) guarantees
that charging and discharging processes do not simultaneously
happen at any given time.

The state of charge is modelled as presented in (16).
Inequality (17) ensures that the storage level is always within a
permissible range. Finally, (18) sets the initial storage level,
and ensures the storage is left with the same amount at the end
of the operational period.

The active and reactive power limits of DGs are given by
(19) and (20), respectively.

Inequality (21) limits the DGs ability to inject or consume
reactive power.

DG,min DG DG,max
Rq,n,s,h = Pg,n,s,h S Rq,n,s,h (19)
DG,min DG DG,max
Qg,n,s,h < Qg.n,s,h = Qg,n,s,h (20)
-1 DG DG
—tan (COS (pfg)) Pg,n,s,h = Qg,n,s,h 1)

< tan (cos‘1 (pfg)) Pfﬁ,s,h

However, it should be noted that these constraints are
applicable only for conventional DGs which have reactive
power support capabilities. In the case of variable generation
sources, slight modifications are required. For instance, for
wind and solar PV generators, the upper bound Pgt%, should
be equal to the actual production level at a specific hour,
which in turn depends on the level of primary energy source
(wind speed and solar radiation). The lower bound Pﬁf’;hin
this case is simply set to zero. In addition, conventional wind
and solar PV sources do not often have the capability to
provide reactive power support; hence, they are operated at a
constant and lagging or unity power factor.

The active and reactive power limits at each substation are
given by (22) and (23), due to stability reasons.

6
SS,min SS SS,max
Posn = Posn < Pogn (22)
§S,min SS SS,max
Qg,s,h = Qc,s,h = Qg,s,h (23)

The reactive power that is withdrawn from the substation
and DGs is subject to the bounds presented in inequality (24).
—tan(cos ™ (pfss))Psn < Qfsn
< tan(cos‘l(pfss))Pgﬁh
—tan (cos‘l(pfg)) P3Sh < Qo5

< tan (cos‘l(pfg)) P33n

The above two inequalities show that wind and solar type
DGs are capable of operating between pf, leading power
factor (capacitive) and pf, lagging power factor (reactive).
This means such DGs are capable of “producing” and
“consuming” reactive power depending on operational
situations in the system. The radial operation of the considered
system is guaranteed by including the constraints in (25)
through (31). Constraints (27)—(31) ensure radiality in the
presence of DGs, and simultaneously avoid islanding.

24

Z){l'h =1,vmeQP;len

(25)
leql
Xin — xn<lLvmeQP;len (26)
in,leQ! out,leq!
Z fin— Z fin = 9o — dap VR EQS;LEN @7
in,leQ! out,leq!
Z fin— fin=—1VneQd;vne ab (28)
in,leQ! out,leq!
fin— fin= 0YngQsvngPvn Qs (9
in,leQ! out,leq!

0 < Z fl,h + fl,h < nDG;l En (30)

inleq! out,leq!
0 < gss < npe,VREQS;LEN (31

C. Reliability Indices

In this work, some reliability indices are used after the
optimization processes to support the decision-making with
regards to the system’s optimal operation. The reliability
indices taken into account are the System Average
Interruption Frequency Index (SAIFI) and System Average
Interruption Duration Index (SAIDI), which are calculated
using equations (32) and (33).

SAIFI is given by the total number of consumer’s
interruption duration by the total number of consumers;
however, this study focuses on the impact of branch failures to
the customers served, such as the reformulated index in (32).

*

SAIFI = <w> Xin

In the above equation, 2, is the rate of failure that affects N,
customers; |cf;| is the number of clients supplied by line [ and
M is the total number of customers. SAIFI is calculated for
each line and for each hour. x;, refers to the status of each
line, whose value is zero if the line is not connected;
otherwise, it is set to 1.

SAIDI is given by the total number of consumer’s
interruption duration by the total number of consumers. In this
study, this is calculated as a weighted mean of the duration of

the interruptions assuming the number of customers as
weights (33).

(32)
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Zleﬂ l (33)

A =U;*|c
SAIDI=< Ll lf")xm

M

In this equation, U; is the average repair time of line [.
SAIDI is also calculated for each line and each hour. Note that
X, is zero if a given line is not connected (x;, = 0).

D. Technique for Order of Preference by Similarity to Ideal
Solution (TOPSIS) Formulation

This work employs the TOPSIS technique as a decision
analysis tool. Its algebraic representation is given by
Egs. (34) — (41).

TOPSIS is a multi-criteria decision analysis method which
is used to generate a Pareto front by evaluating p-objectives in
a decision matrix. The TOPSIS method evaluates the
following decision matrix (DM):

[xm X1,m X1,p '|
| /A Y YAy |
DM = [*n,1 Xn,m xp,ml (34)
[ijj =7 i~ i
Ly 0 Xom o ]

where m are the possible alternatives and n refer to the
criteria. X;; represents the rating and performance of
alternative m subject to criterion m. Each line of (34)
represents an alternative solution, while each column is
associated with an objective function (which can be
minimization or maximization). In the general case, each
objective is expressed in different units. Thus, the next step of
the TOPSIS method is to transform the decision matrix into a
non-dimensional attribute matrix in order to enable a
comparison among the attributes. The normalization process is
performed through the division of each element by the norm
of the vector (column) of each criterion.
An element f,, ,,, of the normalized matrix is given by (35):
f _ Xnm
nm p I (35)
K=1"km
A set of weights as in (36), which express the relative
importance of each objective (criterion), is provided by the
Decision Maker at this point. The weighted normalized matrix
with elements is created by multiplying each column of the
matrix with elements by the weight.

w = {Wl, vy Wiy v Wp, },mem =1
The next step is to specify the ideal and the negative-ideal
solution vectors. In (37) and (38), Ma is the set of objectives
(criteria) to be maximized and Ma' is the set of objectives to
be minimized. These artificial alternatives indicate the most
preferable (ideal) solution and the least preferable (negative-
ideal) solutions.
A* = {(max,(enm)Im € Ma), (min,(e,m)Im
€ Ma’)}, vn=1,..m
A™ = {(minn(en'mﬂm € Ma), (maxn(en'm)|m
eMa)jvn=1,..,m

Then, the separation measure of each alternative from the
ideal and the negative-ideal solution is measured by the

dimensional Euclidean distance (39) and (40):

(36)

(37

(38)

n

Z (en.m - e;z)z. vn=1,..,m

m=1

(39)

Sy =

7

n

Z (en_m - e;)z, vn=1,..,m
m=1

The final step in the application of the TOPSIS method is
the calculation of the relative closeness to the ideal solution. In
(41), these distances are computed in order to create a rank
(from the highest to the lowest value) of hourly topologies.

Sy = (40)

+ _ n

Chr=—, 0<Cr<1,vn, ..,
mooSt+ Sy n T

(41)

IV. UNCERTAINTY AND VARIABILITY MANAGEMENT

Supply-side variability and uncertainty are non-exclusive
characteristics of renewable power generation. There are other
parameters in the optimization process that are also
characterized by these variables. In this work, three sources of
uncertainty and variability are identified, namely wind, solar
and demand.

To account for demand uncertainties, two demand profile
scenarios are taken, considering a +5% prediction error margin
from real-life short-term demand profile (i.e. 24 hours). This
then leads to three demand scenarios, which are used in the
analysis. Wind speed and solar radiation are generated
following the methodology in [37]. The average wind speed
and solar radiation profiles are obtained based on real data.
These values are plugged in equations (42) and (43) to obtain
the respective power outputs. The power outputs cannot be
used straightforward because they may not directly maintain
the proper correlation with the average demand profile.
Therefore, the power outputs should be readjusted to replicate
the time-based correlations that happen between demand, solar
radiation and wind speed. The correlation between wind and
solar, wind and demand, and solar and demand are
respectively -0.3, 0.28, 0.5, being obtained from [37].

After obtaining the correlation matrix, the wind and solar
power outputs can be transformed into new ones, given the
correlation between them. Cholesky factorization is used to
adjust the data series. The method consists of having a
correlation matrix R, uncorrelated data D, so that a new data
C, whose correlation matrix is R, is generated by multiplying
the Cholesky decomposition of R by D. The power output
profiles are determined by using these readjusted values. Note
that the following power curve is used in converting the wind
speed into power:

0; 0< Vn < Vi
P.(A+Bv});, vy <v,<wv
P U S Vp = Vg
0; Vp 2 Vo
In eq. (43), parameters A and B are given by the

expressions in [37]. In the same way, the solar power output
are determined using the following expression:

Pyinan = (42)

P.R}
I( Il 0<R, <R,
Rsthc
B _ !l pp 43
solar,h T h; Ve < Ry < std (43)
Pstd
P Rp < Rgea
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Uncertainty pertaining to wind and solar power productions
is assumed to have £15% deviation from the average power
output profiles. This translates approximately to a 5%
forecasting error in wind speed or solar radiation, in line with
the best existing forecasting tools present in the market [38]-
[41]. The hourly profiles of wind and solar power outputs are
constructed based on the considered deviations. This is
transformed into three wind and solar power outputs profiles
(namely, high, low and average). The individual scenarios of
demand, wind and solar power outputs are combined to form a
set of 27 scenarios (i.e. 3*3*3). All of these scenarios are
assumed to be equally probable; hence, with pg equal to 1/27.

V. NUMERICAL RESULTS
A. Data and Assumptions

The standard IEE 119-bus test system is used as a case
study. Fig. 3 shows its schematic diagram, and the locations
and types of distributed energy resources in the system. The
placement and sizing of DGs and ESSs are based on [43].
Detailed data about this test system can be found in [42]. The
notations of feeders in the considered system are presented in
Appendix A. In this system, there are two types of DGs, solar
and wind which have an installed capacity of 2 MW and 1
MW, respectively. The ESSs have as installed capacity of 1
MW with both charging and discharging efficiencies assumed
to be 90%. The operational period is assumed to be 24 hours
long. A possible hourly reconfiguration is considered. The
voltage level of the system is 10 kV, and the maximum
voltage deviation allowed at each node is = 5% of the nominal
value. The substation is considered as the reference node,
where voltage magnitude deviation and angle are both set to 0.

In addition, the power factor at the substation is set to 0.95,
and is kept constant throughout. Electricity prices follow the
demand trend, ranging from 42 to 107 €/ MWh. The lowest
electricity price happens during the valley periods and the
highest ones during peak consumption periods. The operation
cost of ESSs during charging and discharging is considered to
be 5 €MWh. The rate of emissions at the substation is
assumed to be 0.4 tCO2e/MWh, and a carbon price of 7
€/tCO2 is considered in all simulations. A tariff of
40 €/ MWh and 20 €/MWh are considered for remunerating the
power productions from solar PV and wind farms. The cost of
switching any line is considered to be 5 €/switching.

B. Analysis on Dynamic Reconfiguration and System
Restoration Capability

In this work, the possibility of automating switches is
considered via dynamic network reconfiguration in the
presence of renewables (wind and solar) and ESSs. The
reconfiguration involves multiple phases. The aim of such a
reconfiguration is to find the best topology that optimizes
system operation in a given period while fulfilling economic
requirements and technical restrictions. Table I shows the cost
terms and losses in the system. A key observation in this table
is that the integration of smart grid enabling technologies
minimizes chances of involuntary load shedding (which is
zero in current study). The presence of DGs combined with
ESSs leads to all demand being met while the stability and
reliability of the system are maintained at the required levels.
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Fig. 3. The IEEE standard 119 Bus test system.

TABLE I — SYSTEM COSTS [43]

Total Cost [€] 29912,27
Reconfiguration Cost [€] 1010,00
Energy Cost [€] 27901,72
Emission Cost [€] 1000,55
Power nor served [€] 0,00
Active Power Losses [MW/day] 10,00
Reactive Power Losses [MVAr/day] 6,60

Table I also reveals a substantial reduction of energy losses
as a result of the dynamic reconfiguration and joint integration
of DGs and ESSs. In the absence of these measures, losses
would otherwise be considerably higher [43]. The
reconfiguration results are presented in Table II, where the set
of closed and open lines constitute the optimal network
topology in each time period.

In the first phase, a system-wide dynamic reconfiguration
has been carried out, and hourly reconfigurations are obtained.
The reconfiguration outcomes can be found in [44], where the
set of closed and open lines constitute an optimal topology.

In the second phase, a sensitivity analysis is further
performed to complement the outcome of the dynamic
reconfiguration results obtained in the first phase. Based on
the analysis of dynamic reconfiguration, the number of
switching operations per line is analyzed. The analysis results
are depicted in Fig. 4.

It should be noted that the dynamic reconfiguration in the
previous phase is carried out under the assumption that all
lines can be reconfigured. However, in reality, there can be
restrictions or conditions that inhibit switching certain lines. If
such lines are known from the outset, they can be excluded
from the reconfiguration pool, which simplifies the analysis
and the problem to be solved. To do this, one simply needs to
define a new set of lines that can be switched. The model and
the methodology remains valid regardless.
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TABLE Il -NETWORK RECONFIGURATION FOR EACH HOUR (WITHIN
A 24 HOURS PERIOD) [39]

Hour Closed Lines Open Lines
1 1-223 245 255 27-33; 35-60; 62-81; 235265345 615825905 95; 117;
83-89; 91-94; 96-116; 1185 120; 123; 1195 1215 1225 1245 1275 128;
1255 126; 1295 131; 132; 1305
2 1-225 243 2535 27-33; 35-41; 43-60;

62-75; 77-81; 83; 84; 86-89;
91-94; 96-118; 1203 121; 123;
125; 126; 128-130; 132;

235265345 42; 615 765 8235 855 905
955 1195 1225 1245 1275 1315

3 1-22; 24; 25; 27-33; 35-60; 62-73;

755 77-81; 835 84; 86-89; 91-94;

96-118; 1203 123; 125-130; 132;

4 1-22;5 24; 25; 27-33; 35-52; 54-60;

62-73; 75; 77-81; 83; 84; 86-89;

91-94; 96-117; 1195 1205 1225
1235 125-130; 132

5 1-22; 245 255 27-33; 35-415 43-52;

54-60; 62-73; 75; 77-81; 83-89; 91-94;
96-117; 119-123; 125-129; 132;

2335265345 615 745 765 825 855 905
955 1195 1215 1225 1245 1315

235265 345 53; 6135 745 765 825 85;
905 95; 1185 1215 1245 131;

235265345425 535 615 745 765 825
9035 95; 1185 124; 130; 131;

6 1-22; 245 255 27-33; 35-525 54-60;
62-73; 755 77-81; 83-89; 91-94; 96-
117; 1195 1205 1225 1235 125-129; 1325

2335265 345 535 615 745 765 825 90;
955 11835 1215 1245 1305 1315

7 1-22;5 24; 25; 27-33; 35-41; 43-60;
62-73; 755 77-89; 91-94; 96-118;
1205 1215 123; 125-128; 1323
8 1-225 245 255 27-33; 35-525 54-60;
62-81; 835 84; 86-89; 91-94; 96-118; 2335265 345 53; 615 825 855 905 955

1205 1195 1215 1245 127; 1285 131;
1225 1233 1255 1265 1295 130; 1325
9 1-223 243 2535 27-33; 35-60; 62-81;
83; 84; 86-89; 91-94; 96-1138;
1205 1235 125; 129; 1305 132,
10 1-22;5 24; 25; 27-33; 35-38; 40-52;
54-60; 62-89; 91-94; 96-118;
1205 1223 123-126; 1323
11 1-223 243 2535 27-33; 35-38; 40-52;
54-60; 62-73; 75-117; 1195 1205
122-124; 1265 1275 132;

12 1-22; 2435 255 27-33; 35-38; 40-60; 62-
84; 86-89; 91-118; 1205 12335 1245 130;
132;

13 1-22;5 24; 25; 27-33; 35-52; 54-60;

62-89; 91-94; 96-118; 1205 122;
123; 1255 1265 132;

14 1-22; 243 253 27-33; 35-605 62-73;

75-81; 83;84; 86-117; 120; 123;
1275 129; 1305 132;

15 1-22; 245 25; 27-33; 35-60; 62-73; 75-

81; 83; 843 86-116; 1205 1235 1275 129-

132;

16 1-22; 245 25; 27-33; 35-38; 40-52; 54-

60; 62-84; 86-117; 1205 122-124; 130;

132;

17 1-223 245 255 27-33; 35-525 54-60;

62-73; 75-895 91-94; 96-116; 119;

1205 122; 1235 125-127; 1315 132;

18 1-22;5 24; 25; 27-33; 35-52; 54-60;

62-73; 74-895 91-94; 96-118; 120;

1225 1235 1255 1265 1323

235265 345 425 6135 745 765 905
955 119; 1225 1245 129-131;

235265 345 615 825 855 905
955 1195 1215 1225 1245
126-128; 1315

235263 345 395 535 615 905 95;
1195 1215 127-1305 1315

235265345 39;53; 615 745 118;
1215 125; 128-130; 131;

235265345 39; 615 855905 119;
1215 1225 1255 116-129; 1315

235265345 535615905955 119;
1215 124; 1275 128-130; 131;

235345615 745 82; 855 1185 119;
1215 1225 124-126; 131;

235345 61; 745 825 855 117-119;
124-126; 128;

23534;539;53; 615855 118; 119;
1215 125-129; 131;

2335265 345 535 615 745 90; 95;
117; 1185 121; 1245 128-130;

235265345 535615905955 119;
1215 1245 127-131;

19 1-25;27-335 35-38; 40-52; 62-84; 263 345 39; 535 61; 855 1185 1205
86-117; 119; 1225 123; 124; 130; 132; 1215 125; 126-128; 129; 1315
20 1-25; 27-33; 35-38; 40-60; 62-73; 26; 34; 39; 61; 74; 119-122;
75-118; 1235 1245 127; 1323 125; 126; 128-130;131;
L G Rt 7 10t 123 12ae 127 | 265395 015 7485 1185 120-122
’ ’130;’ ’ ’ ’ 1255 126; 1285 129; 1315 1325
22 1-22; 24-33; 35-38; 40-52; 54-60;

2335345 39; 53; 615 765 82; 85;

62-755 77-81; 833 845 86-117; 120; 1185 1195 1215 125-137; 1315

122-124; 128-130; 132;

23 1-22;5 24; 25; 27-33; 35-52; 54-60;

62-73; 75-81; 83; 84; 86-118; 1205
1225 12335 1275 129; 1305 1325

24 1-225 245253 27-33; 35-41; 43-52; 54-

73; 75-81; 83; 84; 86-89; 91-94; 96-

1165 118; 120-122; 125-127; 129-132;

235265 345 53; 615 745 825 85;
1195 121; 124-126; 131;

2335265 345 425 535 745 825 855 90;
95; 1175 1195 1235 1245 128;

In Figure 4, we can see that not all lines undergo
reconfigurations. In fact, only 22% of the lines switch their
statuses at least once during the operation horizon. This
effectively means 78% of the lines do not need to be
automated.

Nonetheless, the 22% of lines need not all be automated due
to economic reasons. Hence, it is necessary to identify the
most critical set of switches that should to be automated. To
do this, we employ several criteria.

9

In this work, the minimum set of switches to be automated
is the one that allows the realization of more than 50% of the
obtained topologies (in our case, the topologies presented in
Table III). As a result, the criterion of the average value is
used [44].

The lines which see switching operations above the average
are possible candidates for automation. Fig. 4 represents the
number of switching operations per line during the considered
operational period. The average number of switching is 6.3.

As previously mentioned, the number of lines to be
automated depends on whether or not the number of line
switching operations exceeds the average i.e. 6.3.
Accordingly, Table III indicates the set of lines that needs to
be automated. As we can see, this set contains lines with and
without existing manual switches. Those with no existing
manual switches are {line42, line53, line74, line85, line90},
and those with already existing manual switches are {/inell8,
linell9, linel2l, linel22, linel 26, linel27 and linel30}. Note
that the minimum set of switches for automation is achieved
when 50% or more configurations is reached (which in this is
63%).

Another aspect considered in this analysis is quantifying the
degree of maintenance of the automated switches. Since not
all switches operate with the same frequency, their
maintenance will vary depending on how often they act to
change the network topology. Thus, logically, it will be paid
more attention to those switches that act more frequently in
the reconfiguration of the system. In other words, the number
of switching operations of a given switch is closely correlated
with the level of maintenance required. Fig. 5 shows the
percentage of switching of each line which houses an
automated switch. In this figure, one can infer that some
switches would requires more maintenance works than others.

C. Real-time Operation and Reliability Analysis

In the previous section of this work, we have presented a
sensitivity analysis of switches automation based on active
reconfiguration. This section presents an analysis with regards
to the system’s operation in an automated environment.

Even if the system is adequately equipped to make dynamic
reconfiguration possible, it is acknowledged that technical and
economic barriers exist that may not allow frequent
reconfiguration (such as hourly). Therefore, according to
existing literature and demand response models, an
optimization of three different topologies (one per each load
period) is chosen following a set of criteria. To optimize
system operation, two reliability indices, SAIFI and SAIDI are
used, along with system losses. Here, a TOPSIS decision
support tool is subsequently used to identify the best
configurations for the considered periods (each with a set of
hours), where different case studies are analyzed.

Thus, the system’s reliability analysis is performed based on
reliability indices and the minimization of power losses. These
two objectives are related even if this is not expressed
explicitly. Such a relation is, however, indirectly captured
through the system operational performance. A poor system
performance (which is equivalent to saying a system with
unfavorable reliability indices) can result in a hefty penalty for
the electricity company which is responsible to oversee the
system.
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Hence, a reduction of power losses leads to a substantial
improvements in the system from the economic point of view.

This is the case because the energy generated to supply end- 12
users is equal to the power supplied plus the network power L 10
losses. Generally, lower network losses lead to better £ 0
economic performance in the system, and hence, more B
favorable reliability indices. B 6
Using the expression in (32), the SAIFI (the total number of x 4
consumer interruption duration by the total number of § ‘ ‘
consumers) is calculated as a weighted mean of the duration of 2
the interruptions assuming the number of customers as 0 I I I | I I
weights. . $EFEEL PSSP 0”‘ SIS
Fig. 6 shows the hourly SAIFI and the corresponding ST ST S RSN IR GRCRTCNS

average values. In this figure, the hourly values of a given day
correspond to the sum of the SAIFI values obtained for each
of the lines in the respective hour and the evolution of this

Lines

Fig. 4. Number of switching operations per line [40].

index. H line 42

According to Fig. 6, the SAIFI index’s average value is 9% " line 53
0.165. The values for the frequency of interruptions varies 9% mline 74

S . . . m line 85

betwee.n 0.162 and 0.17, which is considered low in real-time 7% # line 90
operational standards. line 118

Using the expression in (33), the SAIDI (the total number of 9% line 119
consumer interruption duration by the total number of 6% line 121
consumers) is calculated as a weighted mean of the duration of 9% 9% line 122
the interruptions assuming the number of customers as line 126
weights.

Fig. 6 presents the evolution of the SAIDI index whose Fig. 5. Percentage of number of switching operations per line.
values are computed as the sum of the SAIDI values obtained
for each line in the respective hour. The hours during in which TABLE III -SET OF LINES FOR POSSIBLE AUTOMATION
more interruptions occur also coincide with those hours in
which interruptions last longer. From the results in Fig. 6, it Set of Lines to Automate
can be seen that the SAIDI index has an average value of
approximately 0.201 and the value for the duration of the {line42, line53, line74, line85, line90, line118, line119,}
interruptions ranges between about 0.192 and 0.211. line121, line122, line126, line127, line130

In this work, in addition to the aforementioned indices, we
have also taken into account power losses. Fig. 7 presents the v1/ oAty ERAUL
hourly profile of losses, which represent the sum of all losses T SAID average 2o
in the system. Closely analyzing the results in Fig. 7, one can =01 0.205 §
observe the hours of the day with higher power losses; B 166 | Ted I\ — 02 &
particularly, the hours 8, 9, 14, 15, 16, 22, 23 and 24. The E 0105 ‘%
range of power losses is found out to be between about 0.29 & 0.164 =
and 0.6 MWh. The average value is approximately 0.41 MWh. 16 0.1 i
D. Utility of the Multi-Objective Optimization e Zizs

The first phase of the work assumes the possibility of 282282322 Eﬁo%r% ZZZZ283933
C}.langmg thf': networ.k topology in an hourly basis du.rmg a Fig. 6.  Hourly SAIFI and SAIDI values and their corresponding
given operational period (e.g. a day). However, such switching average values in a 24-hours operation.
a frequency may be impractical and unrealistic given the scale
of changes that would be required to make an hourly 07 P Loss
reconfiguration exercise happen on a regular basis. 061 ==—-P Loss Average

From this context, we have identified three reconfiguration ; 05
periods, each characterized by the level of energy demand: P PR VPR SR PR, AP

e Off-peak period- hours 1:00 to 7:00; é 0

e Peak period- hours 11:00 to 13:00 and 20:00 to 22:00; § 02

e Shoulder period- hours 8:00 to 10:00, 14:00 to 19:00, & o1

23:00 and 24:00. 0 .
Given all this, the optimal network topology for each of EEEREEREZZ ;{ir%h% £2z2z884843

these periods should in principle be different from that of any Fig.7.  Active power losses in a 24-hours operation
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other period. This effectively means that at most three
reconfigurations are performed per day. The choice of the best
topology for each period is done based on the optimization of
the aforementioned reliability indices and losses in a multi-
objective framework.

However, it is technically impossible to optimize the three
indices at the same time. This is due to the fact that optimizing
one of them may result in deterioration of others.
Consequently, it is necessary to find the optimum balance of
all indices and power losses. For this purpose, the TOPSIS
method (already presented in Section III) has been adopted in
this work.

Through a multi-objective optimization, a classification of
all topologies has been achieved. These are sorted out by hour
and ordered from the hour with the best topology to the hour
with the worst topology. And, this is always done based on the
optimization of the reliability indices and losses. It is
following this classification that the topology to be assumed is
chosen for each one of the above periods. However, in the
optimization process, the terms in the objective function do
not always have the same weights. Sometimes, there is a main
objective, and others are treated as secondary objectives.

From this perspective, five cases are created, and
characterized by different weights given to each index in a
multi-objective optimization framework. The results are
shown in Table IV. The values attributed to the weights in
each case allow us to study the tradeoff among the set of
objectives. With these cases, it is intended that the results
show the hours in which a given topology should be adopted.
These results are summarized in Table V.

In the first case, the same weight has been attributed to the
three indices considered in our study, in an attempt to perceive
the one that will have the greatest influence on the final result.

In case 2, a higher weight has been assigned to the power
losses index. As it can be seen, when a higher emphasis
(weight) is given to energy losses, the ideal topology per
period changes completely.

In case 3, the SAIFI index has been instead given a higher
weight, which means the frequency of switching operations is
given a higher priority. In this particular case, the optimal
topologies for the off-peak and peak periods are found out to
be similar to those obtained in case 1. On the other hand, in
the shoulder period, the ideal topology again changes.

In case 4, the SAIDI index is given a higher weight, thus
giving more importance to the duration of the interruptions. In
this case, the optimal topology for each period is exactly the
same as the ones obtained in case 3.

In case 5, higher weights are assigned to the two SAIFT and
SAIDI indices, and the results obtained are exactly the same as
that of case 3 and 4.

As previously mentioned, for all cases, the TOPSIS method
is applied in order to identify the best network topology for
each of the considered periods. In general, based on the
analysis results in this work, we have not observed any clear
tendency in any of the considered cases. The only exception
here is perhaps when more emphasis (weight) is given to
losses, which leads to dramatic changes in the reconfigurations
across the time periods.
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TABLE IV — ANALYSIS OF WEIGHTS FOR RELIABILITY OPTIMIZATION

Case Weight
SAIFI SAIDI P Loss
1 0,1 0,1 0,1
2 0,1 0,1 0,5
3 0,5 0,1 0,1
4 0,1 0,5 0,1
5 0,5 0,5 0,1

TABLE V — MULTI-OBJECTIVE OPTIMIZATION RESULTS

Period Off-peak Shoulder Peak

Case 1 Hour 1 Hour 18 Hour 20
Case 2 Hour 6 Hour 10 Hour 21
Case 3 Hour 1 Hour 14 Hour 20
Case 4 Hour 1 Hour 14 Hour 20
Case 5 Hour 1 Hour 14 Hour 20

VI. CONCLUSIONS

This paper has presented an extensive analysis on the
dynamic reconfiguration in conjunction with DGs and ESSs.
This has been carried out from the context of operating such a
system in a more reliable manner while integrating higher
levels of variable RESs. To perform the analysis, an improved
stochastic MILP has been employed, and a standard 119-bust
test system has been used as a case study. The impact of
simultaneous integration of DSR, DGs and ESSs on system’s
operational performance is quantified using various metrics.

The analysis results can be generally summarized as
follows:

= From the dynamic reconfiguration point of view, with
one or several criteria, it has been possible to jointly
identify the minimum set of switches that must be
automated so as not to lose the benefits of dynamic
reconfiguration. Instead, system reliability is enhanced
via a faster means of system restoration due to the
placement of automated switches.

= The analysis also shows that the optimal locations of
automated switches need not always coincide with
those of existing manual switches. Moreover, the
approach is able to identify the set of switches which
possibly require more maintenance compared to others.

To obtain optimal reconfigurations in each period, the
TOPSIS decision support tool has been used in this work. In
this regard, the results generally reveal that the approach leads
to a set of optimal network configurations for the three
considered periods during a day in the study. These
correspond to the best configurations from the perspectives of
system reliability and losses. This work has also paid attention
to the analysis concerning the impact of varying weights on
the reliability indices and power losses, in a multi-objective
optimization framework. One conclusion in this regard is that
the set of configurations depends on the weight assigned for
each of the objective functions considered, according to the
preferences of the decision maker. However, it has been
observed that losses are more sensitive to weight variations
than any other reliability metric. Hence, it can be concluded
that losses have the highest influence on the optimal
reconfiguration outcome for each period. However, this may
be case dependent.
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APPENDIX A
TABLE A.1 - NETWORK LINES

LineID From To | Line From To | LineID From To
linel 1 2 line45 47 48 | line89 93 94
line2 2 3 lined6 36 49 | line90 94 95
line3 2 4 lined7 49 50 | line9l 95 96
line4 4 5 lined8 50 51 | line92 96 97
line5 5 6 line49 51 52 | line93 97 98
line6 6 7 line50 52 53 | line9%4 98 99
line7 7 8 line51 53 54 | line95 95 100
line8 8 9 line52 54 55 | line96 100 101
line9 2 10 | line53 54 56 | line97 101 102
linel0 10 11 | line54 30 58 | line98 102 103
linell 11 12 | line55 58 59 | line99 1 105
linel2 12 13 | line56 59 60 | linel00 105 106
linel3 13 14 | line57 60 61 | linelOl 106 107
linel4 14 15 | line58 61 62 | linel02 107 108
linel5 15 16 | line59 62 63 | linel03 108 109
linel6 16 17 | line60 63 64 | linel04 109 110
linel7 11 18 | line61 64 65 | linel05 110 111
linel8 18 19 | line62 1 66 | linelo6 111 112
linel9 19 20 | line63 66 67 | linel07 112 113
line20 20 21 | line64 67 68 | linel08 113 114
line21 21 22 | line65 68 69 | linel09 114 115
line22 22 23 | line66 69 70 | linell0 115 116
line23 23 24 | line67 70 71 | linelll 115 117
line24 24 25 | line68 71 72 | linell2 117 118
line25 25 26 | line69 72 73 | linel13 105 119
line26 26 27 | line70 73 74 | linell4 119 120
line27 4 29 | line71 74 75 | linell5 120 121
line28 29 30 | line72 75 76 | linell6 121 122
line29 30 31 | line73 76 77 | linell7 122 123
line30 31 32 | line74 77 78 | linell8 48 27
line31 32 33 | line75 78 79 | linell9 17 27
line32 33 34 | line76 79 80 | linel20 8 24
line33 34 35 | line77 67 81 | linel21 56 45
line34 35 36 | line78 81 82 | linel22 65 56
line35 31 37 | line79 82 83 | linel23 38 65
line36 37 38 | line80 83 84 | linel24 9 42
line37 30 40 | line81 84 85 | linel25 61 100
line38 40 41 | line82 85 86 | linel26 76 95
line39 41 42 | line83 86 87 | linel27 91 78
line40 42 43 | line84 87 88 | linel28 103 80
line41 43 44 | line85 82 89 | linel29 113 86
line42 44 45 | line86 89 90 | linel30 110 89
line43 45 46 | line87 90 91 | linel31 115 123
line44 46 47 | line88 68 93 | linel32 25 36

(1]
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