0093-9994 (c) 2021 IEEE. Personal use is

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TTA.2022.3143479, IEEE

Transactions on Industry Applications

Operation of a Technical Virtual Power Plant
Considering Diverse Distributed Energy Resources

Matthew Gough, Sergio F. Santos, Mohamed Lotfi, Member, IEEE, Mohammad S. Javadi, Senior Member, IEEE,
Gerardo J. Osorio, Paul Ashraf, Rui Castro, and Jodo P. S. Cataldo, Fellow, IEEE

Abstract—Virtual Power Plants (VPP) have emerged as a way to
coordinate and control the growing number of Distributed
Energy Resources (DERs) within power systems. Typically, VPP
models have focused on financial or commercial outcomes and
have not considered the technical constraints of the distribution
system. The objective of this paper is the development of a
technical VPP (TVPP) operational model to optimize the
scheduling of a diverse set of DERs operating in a day-ahead
energy market, considering grid management constraints. The
effects on network congestion, voltage profiles and power losses
are presented and analyzed. In addition, the thermal comfort of
the consumers is considered and the trade-offs between comfort,
costs and technical constraints are presented. The model
quantifies and allocates the benefits of the DER operation to the
owners in a fair and efficient manner using the Vickrey Clarke
Grove mechanism. This paper develops a stochastic mixed-
integer linear programming (MILP) model and various case
studies are thoroughly examined on the IEEE 119 bus test system.
Results indicate that electric vehicles provide the largest marginal
contribution to the TVPP, closely followed by solar PV units.
Also, the results show that the operations of the TVPP improve
financial metrics and increase consumer engagement while
improving numerous technical operational metrics. The proposed
TVPP model is shown to improve the ability of the system to
incorporate DERSs, including those from commercial buildings.

Index Terms—Virtual Power Plant, Flexibility Services,
Consumer comfort, Electric Vehicles, Demand Response, Heating
Ventilation and Air Conditioning.

NOMENCLATURE
Set/indices
s/Q° Index/set of scenarios
h/QM Index/set of hours
g/Q9 Index/set of generators
ev/Q°Y Index/set of electric vehicles
c/QS Index/set of market
/0! Index/set of lines
n,m/Q" Index/set of nodes
/0 Index/set of loads
{r,c,id € n}
HVAC/QHVAC  Index/set of HVAC system
w/Q® Index/set of normal operation
Parameters
by, S|ex Conductance, susceptance and flow boundaries
9v o of each branch [ (S, S, MVA)
R, X; Resistance, Reactance (€, Q)
MP, MQ Big-M parameters related with active and
LT reactive power flows over each branch [
Ds Probability of scenario s
0C, Cost of unit energy production
ATou TOU price associated with customers (€/MWh)
/1f1 Day-ahead market price (€/MWh)

J.P.S. Cataldo acknowledges the support by FEDER funds through COMPETE 2020 and by
Portuguese funds through FCT, under POCI-01-0145-FEDER-029803 (02/SAICT/2017).
Also, M. Gough was supported in part by a FCT PhD scholarship with reference
UI/BD/152279/2021 (Corresponding author: Jodo P. S. Cataldo).

M.B. Gough, M. Lotfi and J.P.S. Cataldo are with the Faculty of Engineering of the University
of Porto, and INESC TEC, 4200-465 Porto, Portugal (e-mails: mattgough23@gmail.com,
mohd.f.lotfi@gmail.com, catalao@fe.up.pt).

S.F. Santos and G.J. Osério are with the Portucalense University Infante D. Henrique,
4200-075, Porto, Portugal, and also with C-MAST, University of Beira Interior, 6200-358,
Covilha, Portugal (e-mails: sdfsantos@gmail.com, gjosilva@gmail.com).

M.S. Javadi is with INESC TEC, 4200-465 Porto, Portugal (e-mail: msjavadi@gmail.com).

P. Ashraf is with the German University in Cairo (GUC), New Cairo, Egypt. (e-mail:
paulashrafl4@gmail.com).

R. Castro is with the Instituto Superior Técnico, Universidade de Lisboa, Lisbon 1049-001,
Portugal, and INESC-ID, Lisbon 1049-001, Portugal (e-mail: rcastro@tecnico.ulisboa.pt).

mitted, but republication/redistribution re

ires IEEE permission. See http://www.ieee.or;

ALY EV discharging cost (E/MWh)
PD}, Demand at node n (MW)

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

nsh Charging efficiency

nash Discharging efficiency

min max
Eevn: Eevn

Energy Storage limit
Scaling factor

DG,min
;’D'E;'S,',’fa,; Power generation limits (MW)
gnsh
Pfy Power factor of DG’s
Dfss Power factor of substation
Tideal Ideal temperature set-point in house & (°C).
pcoolmax Actual HVAC unit power consumption of
HVACknsh  house k in time &
Tin Indoor temperature increase with respect to the
ktnsh set-point in house 4 in period 4 (°C).
Indoor temperature decrease with respect to the
T on user-selected set-point in house & in period /

(°C).
Coefficient of performance of HVAC in house
COPyyac k.

Mk Mass of air in household £ (kg).
air Thermal capacity of air (kJ/kg-°C).
Lnltlal

Initial indoor temperature of household & (°C).
Dead-band around the temperature set-point for
the HVAC unit of house & (°C).

Thermostat set-point of house & in period h

kn.s.h
Dead-band
Tkn&h

T therm

ktn,s,h (OC).
Variables
pparket gmarket power purchased from grid (MW, MVAr)
Eevnsh Reservoir level of EV (MWh)
I g;ﬁ sl ;’}n sn  Charging and discharging binary variables

PPeh Qoo sn DG power (MW, MVAr)

o ’,ﬁet Power purchased from market (MW)
Active and reactive power flows respectively, and

P, Q;,6; voltage angle difference of branch / (MW, MVAr,
radians)

PL OL Active and reactive power lines of each branch /

QL (MW, MVAr)
Xih Binary variable to indicate line status
AVush Voltage deviation magnitude (kV)
cool

P%{}f"""'s'h’ Active and reactive power flows of HVAC system

QHVAC kn,sh

TGe lb) Ambient temperature in period h in house & [°C].

1. INTRODUCTION

N the age of rapidly increasing numbers of Distributed

Energy Resources (DERs), the optimal control of these

devices to benefit both the owners and the wider electricity
distribution is becoming a challenge [1]. Various control
strategies for the optimal scheduling of these devices exist, and
among those the introduction of a Virtual Power Plant (VPP)
has emerged [2]. This VPP is an entity that aggregates the
disparate DERSs to ensure that they act as a coordinated group
in energy markets and has shown promise both in academic
research and real-world applications [3]. Typically, VPPs have
focused on optimizing the scheduling of DERs to reach some
financial or commercial objectives. These types of VPPs are
called Commercial Virtual Power Plants (CVPP) and neglect
important technical considerations related to the impact of
DERSs on the physical distribution grid.
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In order to account for these physical impacts, a
Technical Virtual Power Plant (TVPP) has emerged [4]. This
agent schedules the optimal output level of generators and
DERs to meet commercial as well as technical considerations.
This increases the feasibility of the proposed schedule of
flexible generators as well as controllable loads. This can
increase the efficiency, reliability and penetration of these
DERs within a given distribution system [5].

Within a given distribution system, there may be a
diverse set of consumers, including prosumers who both
produce and consume energy. Commercial, industrial, and
residential consumers have different load profiles, differing
choices of DERs as well as preferences. In order to maximize
the ability of this diverse set of consumers and prosumers to
engage in the energy sector, optimization models should
incorporate various types of consumers. This will help to
maximize the potential complimentary effects that may be
present and reduce uncertainty or variability during operation.
Uncertainty may be introduced into the model through
fluctuating load profiles from the consumers or by the output
from renewable energy generators, such as solar photovoltaic
or wind generation [6].

To deal with this variability, energy storage systems may
be used. Using electric vehicles (EVs) as this storage is
intriguing as they may have predictable charging requirements,
are mobile, and through smart charging the power withdrawn
during charging may be modulated to increase during periods
of high renewable energy generation or reduce during periods
of high system load. These actions may improve the resilience
of the network.

Another device that may provide system flexibility
within low voltage networks are Heating Ventilation and Air
Conditioning (HVAC) systems. These devices may be
operated in a controlled manner to reduce peak load or to
operate in anticipation of high heating/cooling demand, such
as pre-heating an office building during winter. In fact, thermal
loads account for between 40% and 46% of energy consumers
in commercial buildings [7]. These devices, when aggregated,
can offer important sources of flexibility for low voltage
networks.

Despite the advantages that the increasing penetration of
DERs can bring to power systems, there may also be some
disadvantages. These may include power quality issues related
to fluctuations in both voltage and frequency profiles [8]. Also,
there may be issues related to the bidirectional flow of power
within the network which may lead to congestion issues. High
numbers of EVs at a certain location without smart charging
may dramatically increase the load faced by the system and the
intermittent nature of renewable energy sources may also
increase reserve requirements to account for rapid increases or
decreases of power generation. These issues may be addressed
through smart charging of EV’s or by improved weather
forecasting to reduce the unpredictability of renewable energy
sources (RESs) generation or through the use of Demand
Response (DR) programs [9]. The technical constraints
considered in this paper can be summarized as follows;
minimizing the deviations in the voltage profile of the buses,
reducing congestion in the lines, and reducing the power losses
experienced by the system.

The introduction of DERs in distribution grids can bring
either financial benefits or costs to the individual owner as well
as the wider range of participants in the grid. These additional
benefits or costs may not be accounted for in the initial price
of the DER.
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Thus, an ex-post allocation mechanism to account for and
distribute these costs or benefits to the DER owners in a fair,
efficient and equitable manner may be needed. There are many
such allocation mechanisms from coalitional game theory
including the Vickrey Clarke Grove (VGC) mechanism which
has been widely used in power systems and energy markets
[10].

Using these mechanisms can ensure that the various
impacts are allocated to the individuals who are responsible
and thus increase the fairness and equitability of the TVPP.
This may help to increase consumer engagement with the
TVPP as consumers will be fairly rewarded for actions which
benefit the grid such as investing in DERs and enrolling in the
TVPP program [11].

II. STATE OF THE ART

A. Literature Review

This section presents recent published research which deals
with the optimization of energy systems considering DERs
from prosumers and VPPs.

Many papers considering VPPs do not consider the
technical constraints of the network. For example, the model
presented by [12] is a combined energy scheduling and trading
model for prosumers but does not consider technical
constraints. This model used the principles of transactive
energy and results showed an improvement in grid operations
via prosumer’s participation.

A further example of technical constraints not being
considered is shown in the study conducted by [13]. This paper
considered the participation of a CVPP in both the day-ahead
and intraday energy markets was studied by. Various types of
uncertainty were included in the model and notably a penalty
function was introduced to minimize the deviation between the
day-ahead and intraday dispatch schedules.

An optimization model for the aggregation of prosumers
which took network constraints into account was developed by
[14]. This model considered a decentralized approach to
determine feasible bidding schedules between aggregators of
prosumers and the distribution system operator. The objective
was to minimize the aggregator’s net cost of bidding in both
the energy and secondary reserve markets. Uncertainty related
to market price, renewable energy generation or electric
vehicles was not considered. Results show that by including
network constraints in the problem, costs are slightly increased
due to penalties for network violations.

Network  congestion, an  important technical
consideration, was included in the energy management
framework for prosumers proposed by [15]. The behavior of
aggregated prosumers was modeled using a virtual battery
model and used to schedule various small-scale resources to
minimize the amount of congestion in the network. The results
show a reduction in congestion as well as the preservation of
consumer privacy within the model. The model relied on EVs
as the main source of flexibility and did not consider other
distributed energy resources. By introducing these other forms
of responsive demand or generation, the network congestion
may be reduced further, especially if there are demand
response programs used within the model.

In contrast to the above model, the authors of [16]
considered other types of DERs but not EVs in their model.
The authors aimed to increase flexibility of distribution
systems. The objective was to minimize operational costs by
the optimal scheduling of various DERs. While this paper
considered other DERs it did not consider network constraints.
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TABLE I
A SYNOPSIS OF SURVEYED RELEVANT LITERATURE IN CONTRAST WITH THE CURRENT WORK.
Paper Type of optimization Objective function Types of DERs Thermal Allocation Voltage Congestion Power
comfort mechanisms profiles issues losses

[12] MILP Minimize costs Solar PV, ESS No No No No No

[13] MILP Max revenue Wind, BESS, No No No No No

[14] Alternating direction Min cost of energy traded EV, solar PV No No Yes Yes No

method of multipliers
[15] Iterative distribution Max consumer profit EV, BESS Yes No No Yes No
locational marginal price

[16] MILP Min costs ESS, wind energy, No No No No No
solar PV

[4] MILP Max TVPP profits, min Solar PV, EV No No No No No

contingency costs

[17] MILP Max VPP profit No No Yes No No

[5] Robust optimization Not included None No No No No No

[18] MILP Min consumer cost, Min BESS No No No No No

system fluctuations

This MILP Max VPP profit Solar PV, wind, EV, Yes Yes Yes Yes Yes

paper HVAC

The vast majority of VPP models neglect technical
constraints of the system. However, a model considering a
TVPP was formulated by [4] to maximize the profit of the
TVPP while minimizing the outage costs due to contingency
occurrences. While the constraints of the distribution grid were
considered, there was little analysis of the impacts of the
TVPP’s operation on the grid, such as congestion management,
voltage profile fluctuations and losses in the lines. Instead, the
model focused on reliability indicators such as expected energy
not served, system average interruption frequency/duration
indices (SAIFI/ SAIDI) and expected interruption costs (EIC).

A multi-stage stochastic energy management framework
for VPPs was developed in [17]. This model used a mixed-
integer linear programming (MILP) approach to investigate the
impacts of DR and EVs on minimizing the operating costs of a
VPP. The technical constraints of the test system were not
considered. A model which considered the effects of a TVPP
on both active and reactive power flows was proposed by [5].
This model accounted for uncertainty using a robust capability
curve and adjustable robust optimization to formulate a two-
stage scheduling and optimization problem. In this paper,
congestion management, voltage profile fluctuations and line
losses were not investigated.

A decentralized model for the optimal scheduling of
flexible resources was developed by [18]. This model aimed to
meet certain techno-social-economic objectives for the
prosumers and ensure the reliability of the grid. Results show
that coordinated scheduling of flexible resources reduced the
peak load of the system by 83% and increased prosumer costs
by 28% relative to a scenario of non-coordinated scheduling.
The model did not consider the effects of EVs or RESs.
Impacts of the coordinated scheduling on the technical
operations of the grid, such as voltage profiles, congestion or
power losses were also not considered.

B. Paper Contributions

The objective of this paper is to investigate the ability of a
TVPP to positively impact the operation of a distribution
system with a high penetration of DERs, considering both
technical and economic impacts. This paper addresses this
through the use of a three-stage model for the optimal
operation of a TVPP. These stages are shown in Fig. 1.

The first stage involves collecting data and accounting for
the various forms of uncertainty using scenario decomposition
strategies. The second stage deals with the optimal energy
management within the distribution system.

The final stage of the model handles the technical
constraints of the system and compensates for the uncertain
parameters.

From the previous section, it can be seen that there has
been significant research carried out on the concept of VPPs
but limited research into their technical impacts on the
distribution grid. Table I shows how this paper investigates the
impacts of a TVPP in a novel manner as the impact of a VPP
on power losses, line congestion as well as average voltage
profile deviations has not been investigated to the best of the
authors knowledge. This investigation can then provide a
comprehensive investigation into the effect that a TVPP can
have in a distribution system. In addition, very few existing
papers consider thermal comfort considerations for a TVPP.
Also, only a few papers consider congestion and line losses
within the system. In the existing literature, the impact of a
VPP on this combination of technical constraints has not been
investigated previously, to the best of the authors knowledge.
Finally, no paper surveyed quantified and allocated the
benefits of DER using allocation mechanisms.

Thus, the paper has the following major contributions:

* A stochastic (MILP) model that considers technical
constraints of the network to optimize the scheduling of a
diverse set of generators and loads within a distribution
system is developed.

» The concept of a TVPP is extended to investigate the
technical impacts of aggregating diverse DERs and
quantifies the benefit that the TVPP can bring to the system.
To the best of the authors knowledge, this is the first time,
the impact of a TVPP on the combination of power losses,
voltage profiles and line congestion has been studied.

* The benefits of the different types of DERs are quantified.
These marginal benefits are allocated in a fair and efficient
manner using the VCG mechanism from cooperative game
theory. This quantification is important to highlight which
DERs can provide the largest benefit to the system.

» The impact of a TVPP on the thermal comfort of building
occupants under different HVAC operational strategies is
quantified. This quantification allows for an evaluation of
the trade-offs between thermal comfort, financial outcomes
and technical impacts of different operating strategies of
commercial HVAC systems in the presence of DR programs.
By providing this information, commercial building
managers become more informed of their possible impacts
on the larger electrical system.
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STAGE 1: Gathering Data

* Load consumption

+ PV prediction scenarios

* Wind prediction scenarios

+ DR potential from HVAC

* DR potential from EV’s SoC,
arrival and departure time

STAGE2: Local Energy Management

& - - Local Energy flow
4 Py
[ P s management
e, . Local DER, EV and
[ &" N HVAC management

STAGE 3:VPP Energy and Technical
Grid Management

=
g =

Fig 1: Proposed Three-stage TVPP model.

+ Uncertainty compensation

* Voltage and congestion
management

» Energy exchange management

* System losses reduction

The work in this paper extends previous research in [8].
This present model introduces the HVAC units and EVs in
commercial and service buildings. In addition, this model
investigates the impact of TVPP operations on the systems
congestion and voltage profiles of the system. Finally, the
allocation mechanism used in this paper is also newly
introduced. Work carried out in [8] considered the first two
stages of Fig. 1 and the complete third stage is a novel
introduction.

C. Paper Structure

The rest of the paper has the following structure. Section
IIT contains the mathematical formulation of the model.
Section IV presents the details of the case studies investigated
and the test system used. The results from the case studies are
presented and discussed in detail in Section V. Finally, the
conclusions are summarized in Section VI.

III. MATHEMATICAL FORMULATION

A. TVPP Energy Management Model

The stochastic model developed in this paper aims to
maximize the TVPP’s profit from optimally scheduling
various DERs from both residential and commercial
consumers. This profit is made up of two terms, revenue from
power sold to commercial customers (PSC) and the cost of
operating the TVPP (TVPPC) plant while considering the
technical and economic constraints. This is shown in (1).

Max: Y.(PSC — TVPPC) 1)

The PSC revenue term is decomposed further in (2).
This equation represents each consumer’s power
consumption from daily loads, EV charging and the usage of
HVAC systems. The consumer’s power consumption is
subject to Time-of-Use (TOU) tariffs.
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— TOU
PSC= D" ps D > BBy
SEQS  heQh keQk
TOU pch
+ Ps Ap Pev,k,s,h )
SEQ’  heQl keQk eveqe” 2

AEOVPESSL o
SEQ®  heqQh keqk HVAceQHVAC

The TVPPC term is shown in (3). These costs include
payments to consumer-owned Distributed Generation for
electricity produced plus maintenance costs. There are three
terms which are subtracted from the operation costs. They are
the revenue from power sold in the day-ahead market, revenue
from the power sold by discharging EVs and a penalty. The
penalty (4) is the price paid to charge EVs or paid to activate
the HVAC systems which would not have occurred if the
TVPP was not active.

In this model, the control of responsive loads can be
performed by the TVPP to achieve the TVPP's goals, but still
satisfying the welfare conditions of commercial and service
buildings and staff. However, if this control of responsive
loads by the TVPP brings additional costs to these buildings,
the TVPP pays for the extra cost to the building in the form of
a penalty. Therefore, the penalty is the payment to the
commercial buildings for the extra cost generated from
allowing TVPP to operate the EVs and HVAC.

Therefore, in equations (5)-(6) the EV's penalty term is
presented. The penalty is because the TVPP should
compensate the surplus cost faced by customers. This cost can
be modelled as the difference between customer optimal cost
and resulted cost of TVPP's schedule on the charging and
discharging cycles of the EVs. This surplus can be interpreted
as the incentive paid to customers for participating in energy
scheduling of the TVPP.

Customers EVs' Optimal Cost is selected as the optimum
cost of each EV introduced in objective function as Penalty.,.
An independent optimization problem minimizes the
following cost function with respect to constraints (9)-(14).

TVPPC = z Ps Z z z 0C,PPE .,

seQS  heqh keqk gend

_ p Z Z ZACP'r'myzr'ket
Z N h' ¢,k,s,h (3)

seQS  heQh keqk ¢eQf

- Z Ps z Z Z Aflvpgf,ihlc,s,h

SEQS  heqQh keqk eveQ®?
+ Penalty

Penalty = Penalty,, + Penalty yyac 4)

penati, = (Y 5. Y

SEQS heQh keqk evene?

PP

S€QS  heqh keqk eveqe?
NormalOperation
— Costgy

ch TOU
Pev,k,s,h Ah

)

NormalOperation __
ev,w -

(X5 Y

heqh keak weQ® eveQev

PIPRNIL

heQh keqk weQ® eveQe?

Cost
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In equations (7)-(8) the HVAC’s penalty term is
presented. The penalty is due to the fact that the TVPP
should compensate the surplus cost faced by customers.
This cost can be modelled as the difference between
customer optimal cost and resulted cost of TVPP's schedule
on the charging and discharging cycles of the HVACs. This
surplus can be interpreted as the incentive paid to customers
for participating in energy scheduling of the TVPP.

Customers HVAC' Optimal Cost is calculated as the
optimum cost of each HVAC introduced in objective
function as Penaltyyvac. An independent optimization
problem minimizes the following cost function with respect
to constraints (15)-(26).

Penalty HVAC —

DD D I L

seQS  nhenh keqk HvaceqHVAC (7

NormalOperation

= Costyyac,

NormalOperation __
CoStyy ac,w =

INY)

heql keqk weQ® pvaceqHVAC

ToU l
A" Pavac i ne )

EVs are modelled by the expressions (9)-(14). The
maximum charging and discharging rates are governed by (9)
and (10) respectively while (11) ensures that charging or
discharging cannot occur simultaneously.

ch ch,max
0< ev,k.n,sh Iev kn,s hPev k,n,h (9)
dch dch ch,max
0< Pevknsh Iev,k,n,shPevknh (10)
ch ch
Iev.k,n,s,h + Iev,k,n,s,h <1 (1 1)
h pch P dcl}cl h
_ ch pc ev,kn,s,
Eev,k,n,s,h - Eev,k,n,s,h—l + Nev Pev,k,n,s,h - 7]dch (12)
ev
min max
ev,kn < Eev,k,n,s,h < ev,kn (13)

— max. — max
Eev,k,n,s,ho - ”evEev,n ) Eev,k,n,s,h24 - ”evEevn (14)

The state of charge (SoC) of the EV is modelled in (12)
and relies on the SoC of the previous period plus any additional
charging and minus any discharging. Inequality (13) ensures
that the storage level is always within a permissible range, and
(14) sets the initial storage level and requires that the EV
returns to this initial SoC at the end of the operational period.

For simplicity, both n¢* and n%" are set to be equal and
are expressed as a percentage, depending on the node where
the EVs are connected.

HVAC systems are modelled by expressions (15)-(26)
which were obtained from [19]. The maximum and minimum
temperature limits are set by (15) while (16) bounds the HVAC
power use. This model utilizes a thermal resistance model
which uses the cooling operation of the HVAC system and is
shown in (17). The initial temperature is defined by (18).
Equation (22) minimizes the discomfort level of the
consumers. Equations (23) and (24) set the upper and lower
limits of HVAC operation. The non-negativity constraints for
the decision variable are shown in (25) and (26).
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Tetmsn = (1 ~ 1000 My e 7Y Tk(t-Dinsh
+ AT Tamb
1000. My, . Cgip . R, 7D
COPhvac 1
T 0000277, My cagy Acknsh » VK E>1 (17)
mitial
Trtonsn = Teman ,Vk (18)
l _
Pivackmnsh = Uktmsh - PH?/ACknsh’Vk't (19)
(u=00FF,u=10N)
Tsn YK tE
argmin ‘ 1
d h -
Tktnsh' Titnsno Tlgt sk Tktnsh Nk (20)
Yseas Zneat Treak Titnsn + Ticnsn)
subject to:
Tetnah < Titosn + Tatnsn -V kot 2N
- Titerah < Tinsn — Thiman VK, t (22)
Tatnsn < Titnah + Tonan 24",V k,t (23)
~Titnsn < Tonag 24" - Teeh LV k, t (24)
—Tdec n<0,Vkt (25)
—~Titnsn <O,V Kkt } (26)

Kirchhoff’s Current law governs the flows of current into
and out of a node. This is applied to the active power flow in
(27) and the reactive power flows in (28). In these equations
P, s and Q,  prepresent the active and reactive power flow in
the line respectively, and PDg;, and QD¢ represent the active
and reactive demand at the nodes, respectively. PL; ¢, and
QL represent the active and reactive power losses in the
line, respectively.

DG clch ch
Z gnsh + Z Z ev kn,s,h Pev,k,n,s,h)
gendg keqk eveQev
Pmarket
¢,s,h
* Z Pusn Z Pusn 27)
inleql out,leql

— n cool
- (PDS. P HVAC,kn,s,h

1 1
+ z EPLI,S,h + z EPLI,S,h; VC Ei

in,leq! out,leq!
ket
ansh + Qénsa;f ¢
genyg
28
+ Z Qusn — Z Qusn (28)
in,le!).l out, 1eql
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1 1
+ z EQLl,s,h+ Z EQLl,s,h Ve el

in,leﬂl out,leﬂl

Inequalities (29) and (30) present linearized AC power
flows through each feeder, which are governed by Kirchhoff’s
Voltage Law. Note that 61,s,h refer to the angle difference
on,s,h — Om,s,h where n and m are bus indices corresponding
to the same line [, based on [20].

The big-M formulation was used, set to the maximum
transfer capacity, to avoid the non-linearity.

|P Ish — Mom (AVn,s,h - AVm,s,h)gl_ Vnzomblgl,s,h| (29)
< MP,
|Ql,s,h - (_Vnom (AVn,s,h (30)

- AVm,s,h)bl_ Vnzomglel,s,h|
< M@,
The maximum amount of flow that can pass through a
line is given by inequality (31).
Equations (32) and (33) represent active and reactive
power losses in each line /.

Piop+ Qfsn < xun(SM)? (3D
PLygn = Ri(Plsn + Qfsn)/ Viiom (32)
QLish = Xl(Pl?s,h + le,s,h)/ Viom (33)

The active and reactive power limits of the DGs are given
by (34) and (35), respectively.

Inequality (36) limits the DGs ability to inject or consume
reactive power.

DG,min DG DG,max
Pg,n,s,h = Pg,n,s,h < Pg,n,s,h (34)
DG,min DG DG,max
Qg,n,s,h = Qg,n,s,h < Qg,n,s,h (35)
-1 DG DG
—tan (COS (pfg)) Pg,n,s,h = Qg,n,s,h (36)

< tan (cos‘l(p fg)) P;ﬁ,s,h

For stability reasons, the active and reactive power limits
at the substations are given by (37) and (38).

market,min market market,max
PQS.h = PC.S.h = Pq,s,h (37)
Qmarket,min < Qmarket < Qmarket,max 38
gsh S Uesn = oo (38)

The reactive power that is withdrawn from the substation
is subject to the bounds presented in inequality (39).

—tan(cos ™ (pfss) ) PIRITREE < Qarket
< tan(cos™ (pfss)) Pl ket
Equation (40) requires that all nodes with a demand at
hour h are connected and have a single input flow through line

[. The inequality shown in (41) places an upper bound of 1 input
flow for the terminal nodes.

ZXl'h =1,vmeQklen
teql

z X — z xn<1LvmeQklen

in,leq! out,leq!

(39)

(40)

(41)

B. Allocation Mechanism

The Vickrey-Clark-Groves (VCG) mechanism is a
commonly used mechanism within cooperative game theory
[20]. This mechanism is an efficient way to ensure that the
dominant strategy within a cooperative game is for the
individuals to act in a truthful manner.

6

The outcome of this mechanism a set of truthful private
valuations submitted by the agents (the set of agent’s
valuations are given by v =/v,..,v, }). This mechanism
allows the first-best outcome to be implemented.

This mechanism ensures that the DER owner 7 receives a
monetary transfer equal to the true marginal contribution of
that DER to the distribution system. Formally, the transfer ¢
that agent 7 receives is described by (42):

6) = D B @) - ) (@)

JE V]

(42)

The VCG mechanism is used in this model to accurately
quantify and allocate the benefits provided by the various types
of DERs to the system in such a manner which provides a fair
and efficient valuation of the DER’s contribution to the TVPP.

IV. SYSTEM LAYOUT AND CASE STUDIES CONSIDERED

In this section, the layout of the test system and
assumptions used in the model are presented. Following this,
the various case studies are discussed.

A. System Layout

In this work, the 119-bus test system is used to perform the
numerical analysis. The system has a nominal voltage of 11 kV
and demand of 22709.72 kW and 17041.068 kVAr [21]. The
size and location of RESs, and also the power factor of RESs,
are all taken from [21].The type of DG units and the buses to
which it is connected, as well as the points of interconnection
between the EVs parking lots and HVAC systems and the
network, are also shown in Fig. 2 and are taken from [21]. Two
types of DG units are considered as illustrated: wind power and
solar power.

The installed capacity of these units is I MW in both cases.
EV characteristics are taken from [8] and the initial value of
the SoC is either 50% or 62.5% depending on the individual
EV in the EV parking lot. The solar and wind plants are
modeled using a set of scenarios to represent the power
generated while accounting for uncertainty in the output. These
scenarios are derived from real-data taken from [21].

The correlations between solar irradiation, wind speed and
demand were considered during scenario generation. This was
done to ensure that the generated scenarios closely resemble
real-world conditions. Between solar irradiation and wind
speed a correlation factor of -0.3 was used. The correlation
between wind speed and demand was 0.28 and a correlation
factor of 0.5 was used for the relationship between solar
irradiation and demand [20]. These factors were used to derive
new wind and solar production profiles using Cholesky
factorization as was done in [20].

There are three sources of uncertainty, solar generation,
wind generation and demand. Three scenarios for each
parameter were developed. This resulted in 27 scenarios (three
scenarios for each parameter or 3x3x3) which were reduced
using k-means clustering techniques as is described in [20]. In
addition to the above, the following assumptions and system
data are also considered:

A time horizon of 24 hours is considered;

* In each node a voltage deviation of £5% is considered;

* The reference node is the substation, with a voltage
magnitude set to 1 p.u. and the angle to 0°;

* The value of the power factor of the DG units is 0.95 and
the substation is 0.8, both inductive;

* EVs rates of charge and discharge of energy are considered
the same and equal to 90%;
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* The operation cost of EVs during charge and discharge is 5
€/MWh;

* The EVs discharge cannot go below 40% of their total load
capacity;

* The operation cost of solar DG units is 18.24 €/ MWh [22];

* The operation cost of wind DG units is 13.2 € MWh [23]

» Commercial buildings can also charge EVs at night;

* Optimization for usage during a summer period for a
location in Southern Europe.

Commercial and service buildings (hospitals) are
distributed throughout the network and are fed through nodes
20, 33, 43, 69, 77, 83, 108 and 112. The demand profile for
each type of consumer at each node is obtained from [24].

Each one of these customers have HVAC and EVs units,
with each EV park having 25 cars. EVs are to charge at the
period with the lowest electricity purchase price, considering
demand response. The arrival and departure times for the EVs
are sourced from [25]. In this distribution network, there are
different line capacities depending on the line’s location. These
are 500 kVA, 800 kVA and 1200 kVA. In those lines closer to
the substation, the line capacities are higher.

B. Case Studies Considered

The developed work was based on four case studies. The
first case uses the external grid to meet the demands of the
system. This is a benchmark case to examine the various
effects of the latter case studies. The second case allows for the
aggregation of distributed RES systems (solar PV and wind) to
meet a portion of the demand in addition to the external grid.
In addition, the impacts of DR, through a TOU tariff (shown in
Table II), are investigated. The TOU rate is sourced from [26].

The third case study investigates the potential of EVs and
commercial HVAC systems to increase the flexibility of the
system. This case investigates the possibility of the EVs to act
as mobile energy storage systems to help support the grid’s
operation in cases where there is a sudden drop off in the
generation from RES generators. The case study considers the
power purchased from the market and the aggregation of
power from the EVs, HVAC use in commercial buildings, and
DR flexibility with no generation from RES units.
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Fig. 2: Layout of test system used.
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TABLE II
TOU TARIFFS USED
Time Tariff (€/MWh)
10:00-21:00 61.27
21:00-10:00 40.36

The fourth case study extends Case 3 by including RES
generation to the EVs and HVAC systems to examine the
combined impact of these technologies on the technical and
economic performance of the TVPP. This case study considers
the power purchased from the market, the aggregation of
power from the DGs, and the aggregation of power provided
by a variety of sources such as EVs through Vehicle-to-grid
(V2G) interface technologies, HVAC use in commercial
buildings, and DR flexibility through the ToU tariff. In this
final case, the variation of the temperature range in commercial
buildings is assessed.

The model is programmed in GAMS 24.0 and solved
using the CPLEX 12.0 solver. The simulations are conducted
on an HP Z820 workstation with two 3.1 GHz E5-2687W
processors and 256 GB of RAM with a CPU time of 1200s.

V. RESULTS AND DISCUSSION

A. Impact of TVPP on Profits

The revenues from the power sold to the consumers, the
operating costs of the TVPP and the final profit of the TVPP
for all case studies are shown in Table III. From the table, it
can be seen that as more DERs are added to the system, such
as solar PV, wind, EVs and HVAC units, the profit of the
TVPP increases. This increase is mainly due to the reduction
in operating costs as the revenue of the TVPP largely remains
constant. This cost reduction is due to numerous factors such
as increased local generation which is cheaper than the external
grid and smart scheduling of the EV charging and HVAC
operation to minimize use during periods of high TOU tariffs.

Table I1I shows that there is a 48% reduction in the costs of
operation when DER are included (case 2) in the system
compared to the Case 1. When EVs and HVAC units are added
to the DERs (Case 4), costs are reduced by 56% relative to the
base case. In terms of profits, Case 2 sees a 94% increase in
profits compared to Case 1. When all DERs are included (Case
4), profits increase to € 32026.23. The energy mix of Case 4 is
shown in Fig. 3. The contributions of the DERs (wind, solar
and V2G) are shown. The charging demand of EVs is also
shown. It can be seen that there is a large amount of EV
charging during the early hours of the morning and then a slight
increase when the solar PV units are generating.

There is a decrease in the EV charging during the peak
periods in the evening. Importantly, the implementation of a
TOU ensures that there is a reduction in the load during peak
hours. If this DR program was not included, we may see an
increase in the peak load during the evening as a result of EV
charging. This will bring extra costs to the consumers and
negatively impact the network.

B. Marginal Contribution of DER Assets

This section investigates the marginal contribution of each
DER asset type to the overall profit of the TVPP according to
the VCG mechanism. By quantifying the contribution of each
DER type, appropriate compensation may be paid to the
owners of the DER may be made so that the owners are
incentivized to participate in the TVPP.

By using the VCG mechanism, it is ensured that the DERs
with the largest positive impact to the TVPP are compensated
in a fair and efficient manner.
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I mporied Energy W Wind [ [Solar PV HINIV2G The DG units also tend to be located near the end of a line
- = - ToU Tariff -m---Demand —=— EV charging . .
R A I B which improves the voltage profile. The largest voltage drops
R —— | 50 are seen in those nodes located at end nodes of the feeders
20 - which can be seen from the grid topology.
\ = The average voltage deviations for each node over the
’g i = emnn 02 24-hour period for Case 4 are shown in Fig 6. The figure shows
=} E’ the pu deviation in the voltage profile from the nominal voltage
g o & of 11 kV and there are no instances of the voltage profile
(o] T . L 20 .
o IARSN RS 3 exceeding the 0.05 pu threshold.
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[
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Fig. 3: Energy mix for Case 4. 1039
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TABLE IIT 1oy
FINANCIAL COMPARISON BETWEEN TWO CASE STUDIES 1.
Revenue (€) Costs (€) Profit (€) im.a
Case 1 44091.62 28849.79 15241.83 .
Case 2 44517.26 14992.79 29524.47 g™
Case 3 44143.67 16989.28 27154.38 0104
Case 4 44783.89 12757.65 32026.23 .
>
L . 10.0 ‘ 2 - ; ‘ ‘
This is important to understand as DER assets may include 4 g 12 8 ;o

L . . . Time (h
significant investment costs and the choice of the allocation of me (hours)

capital to these DER assets are a significant factor in the  Fig-4: Voltage profile for Case 1.
optimal operation of a TVPP agent.
The marginal contribution of the DERs assets to the profit e

of the TVPP is shown in Table I'V. This table shows that EVs
can provide the biggest impact to the TVPP operation. This is
due to their ability to both absorb and provide power to the
TVPP during different times. The ability of the EVs to provide
proper power compensation is limited by the size of the
battery. HVAC units do not provide significant technical
benefits however, they provide important sources of thermal
comfort control for commercial buildings and thus are
important for the TVPP. HVAC units may also provide
important peak reduction services.

C. Technical Impact of TVPP 8 § % 1 20

Time (hours)

In this optimization model, the technical constraints of the
distribution system are accounted for. These include the  Fig. 5: Voltage profile for Case 4.
capacities of the lines within the system. Table V shows the

instances where line loads are exceeded in Case 1 and how the oo
subsequent cases helped reduce or eliminate instances where zz:::: %
the line load capacities were exceeded. oo 2
In the Case 1 there are 19 instances where the load exceeds -
the rated line capacity. In Case 2, there are three instances. ooiis § 70 = s
Case 3 sees 15 instances and in Case 4 the rated line capacities wwemS A —
are not exceeded at all. In Case 3, only the EVs and HVAC e v e
units are operating. The ability of the EVs to offer power %2: Noa5 0
compensation is limited due to their size. This is the reason for I NZL?
the relatively high number of line capacities being exceeded. I Mods 30
Another important technical constraint to consider in the Soor] s =
system management is the voltage profile of the nodes within Sow : 7 , J
the network. The voltage profile of the buses across the study 5 10 15 20

oo . . L Time (h
period is an important metric in terms of reliability of the Wi

system. The voltage profiles for all nodes across the 24-hour
period for Case 1 is shown in Fig. 4.

Fig. 6: Voltage deviation for Case 4.

In contrast to Fig. 4, the results of the nodal voltage profile TABLE IV
seen in Case 4 are shown in Fig. 5. In this case study, the profile ALLOCATION OF MARGINAL DER BENEFITS
of the nodal voltages has been greatly improved. The m C(’m“b;‘é“’“ (%)
improvements to the voltage profile are due to the presence of Wind 18
the DG units as they generate power locally which improves Electric vehicles 39

HVAC units 7

the voltage of the local nodes.
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TABLE V
LINE CONGESTION
Line Case 1 (MVA) Case 2 (MVA)  Case 3 (MVA) Case 4 (MVA)

Line 1 35.03 0.00 9.42 0.00
Line 30 27.66 0.00 0.00 0.00
Line 41 30.56 0.00 0.00 0.00
Line 57 10.98 0.00 10.98 0.00
Line 62 42.12 0.45 29.79 0.00
Line 63 62.65 0.00 44.14 0.00
Line 66 53.16 0.00 53.16 0.00
Line 67 82.35 22.35 82.35 0.00
Line 68 41.09 0.00 41.09 0.00
Line 69 41.09 0.00 41.09 0.00
Line 77 9.44 0.00 0.00 0.00
Line 88 44.86 0.00 0.00 0.00
Line 99 48.94 0.00 8.47 0.00
Line 101 17.02 0.00 17.02 0.00
Line 102 57.45 0.00 57.45 0.00
Line 105 75.64 0.00 75.64 0.00
Line 106 0.63 0.63 0.63 0.00
Line 107 0.63 0.00 0.63 0.00
Line 109 44.24 0.00 25.71 0.00

In addition to the congestion and voltage profile of the
system, the power losses were also investigated for all four test
cases. The losses experienced by the system across the four
cases are shown in Table VI. There is a significant decrease in
the losses in Case 2, Case 3, and Case 4. Most significantly,
the reduction in losses in Case 2 and Case 4 are due to the
presence of the solar PV and wind generators. These local
generators help to reduce the losses as they are positioned
closer to the demand and thus there are fewer losses in the
distribution lines.

D. Impacts of EV Aggregation

In Case 3 and Case 4, EVs and HVAC units in commercial
and service buildings were included. Electric vehicles have
limited ability to provide power compensation so the EVs had
a small impact on the voltage deviations. They were able to
charge and discharge according to the system demand and ToU
pricing. This is shown in Fig. 7, which shows the active power
discharge from the EV aggregators. This Figure only shows the
active power discharge and does not show the charging of the
EVs which typically occur between 21:00 and 07:00.

The impacts of the TOU tariff are clear to see as there is
significant V2G power provided by the EVs during the evening
peak periods, between 19:00 and 21:00. This Figure shows the
ability of EVs in parking lots equipped with V2G services to
contribute to meeting system load balancing requirements and
their potential in DR programs. The aggregated charging
demand of the various EV aggregators is shown in Fig. 8. This
Figure shows that there is very little charging demand during
the peak TOU period between 10:00 and 20:00. Only EV
aggregator 1 has significant charging which can be explained
as this is the aggregator located at the hospital and there exists
a minimum demand for EV charging throughout the day.

E. Impacts of HVAC due to Changing Thermal Comfort

In addition to including the effects of EVs in Case 3 and
Case 4, HVAC units were also included in these cases. These
HVAC units were optimized to respond to the DR program
(TOU tariffs) to reduce demand during high demand periods
while maintaining the thermal comfort of the consumers within
the commercial buildings. There exist trade-offs between
thermal comfort of consumers and the amount of flexibility
that HVAC units can provide to the system. Stricter thermal
comfort requirements will mean that the HVAC units need to
operate for longer periods and possibly in high demand periods
which have high TOU tariffs.

TABLE VI

SYSTEM LOSSES ACROSS THE FOUR CASES
Case Number Losses (MWh)

Case 1 20.25
Case 2 9.38
Case 3 14.11
Case 4 6.16
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Fig. 7: Aggregated V2G power from EVs.
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Fig. 8: Aggregated charging demand from EVs.

The three thermal comfort bands are a wide range of 18°
and 24°, a standard band of 19° to 23°, and a narrow band of
20° to 22°. This is shown in Fig. 9 that compares the operation
of HVAC units within the model with three different thermal
comfort requirements. In the narrow thermal operating band,
due to stricter operating constraints of the commercial HVAC
system and the ToU tariff, the costs of operating the HVAC
units increased, therefore there was no HVAC operation during
peak times (19:00 and 21.00). In the narrow thermal comfort
band, HVAC power demands increased by 13.11% relative to
the standard thermal cases in Southern Europe. Despite this
increase in power demand, there were no significant technical
impacts on the distribution grid. This shows that there is a
trade-off between thermal comfort and operating costs but no
significant trade-off between thermal comfort and technical
aspects of the grid. Due to the DR program, there is a large
amount of power used by the HVAC systems at 18:00 in order
to pre-cool the buildings, which reduces the need for HVAC
use during peak periods (20:00 and 21:00). Fig. 9 shows the
ability of HVAC units in commercial and service buildings to
contribute to DR programs while maintaining thermal comfort.
’ [ Narrow band

[ Standard band
[ Wide band

Power (kW)
S

5 10 15 20
Time (hour)

Fig. 9: HVAC power use.
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VI. CONCLUSIONS

This paper has shown that, while the technical constraints
of the distribution network have rarely been considered in VPP
models, VPPs have positive technical benefits to the
distribution grid. These impacts were evaluated by developing
a stochastic mixed integer linear programming model for a
VPP operating in a distribution system with a number of
consumers. The TVPP optimized the generation of a number
of DERs to maximize its profit when bidding into a day-ahead
energy market. Through this optimization, results have shown
an increase in system flexibility, increased consumer
engagement and increased RES generation, while maintaining
consumer thermal comfort requirements. Line losses were
reduced by nearly 70% because of the model. The worst
performing node, Bus 79, saw a 66% reduction in voltage
deviations. Results show that the TVPP reduces operating
costs and increases the revenue from the energy sold in the
system. Costs saw a maximum reduction of 56% relative to the
base case. These outcomes are combined to increase the profits
of the TVPP. The benefits of the various types of DERs have
been quantified and can be allocated to the owners of the
DERs. This analysis shows that EVs have the largest marginal
contribution to the profit of the TVPP, followed by solar PV
systems, and then wind turbines. Therefore, various types of
DERs can complement each other and a diverse set of DERs
operating within a TVPP provides the best outcome for the
TVPP operator in terms of both financial and technical
outcomes. Different comfort preferences were investigated for
the HVAC operation by changing the allowable limits of
indoor temperature. These results showed a clear trade-off
between consumer comfort and cost savings. However, there
was no significant trade-off between thermal comfort and
technical impacts in the system. Overall, the results showed the
numerous benefits that a TVPP can bring to a distribution grid,
including increased financial performance, improved technical
operations, improved energy efficiency and enhanced
environmental outcomes.
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