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Abstract—A recent solution to tackle environmental issues
is the electrification of transportation. Effective integration of
plug-in electric vehicles (PEVs) into the grid is important in the
process of achieving sustainable development. One of the key
solutions regarding the need for charging stations is the instal-
lation of PEV parking lots (PLs). However, contrary to common
parkings, PLs are constrained by various organizations such as
municipalities, urban traffic regulators, and electrical distribution
systems. Therefore, this paper aims to allocate PLs in distribution
systems with the objective of minimizing system costs including
power loss, network reliability, and voltage deviation as possible
objectives. A two-stage model has been designed for this purpose.
PLs’ behavior considering market interactions is optimized at the
first stage to provide profit to the PL owner. At the second stage,
the PL allocation problem is solved considering various network
constraints. Conclusions are duly drawn with a realistic example.

Index Terms—Market interactions, parking lot allocation,
plug-in electric vehicle (PEV), reliability, voltage deviation.

NOTATION

Capital letters denote parameters and small ones denote vari-
ables.

Subscripts

Bus number.

Power line.

Scenario and scenario set.

Time interval.
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Superscripts

Affected nodes due to a contingency.

Arrived PEVs.

Capacitor.

Cost of equipment depreciation.

Battery charging.

Contingency.

Demand.

Energy.

Energy market interactions.

Probability of a reserve call.

Departed PEVs.

Battery discharging.

SOC with respect to a scenario’s SOC.

Electric vehicle.

Fixed cost.

Grid to vehicle.

Power injected into the system or the PL.

Energy injected from resources (used in EENS).

Installation cost.

Loss of power lines.

Power line.

Power injected from the PL into the system.

Outage.

PEV owner interaction.

Parking lot.

Parking lot at the second stage.

Price.

Photovoltaic resource.

Reserve.
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Reliability.

Reserve market interaction.

Scenario.

Load shedding.

Upstream system.

Tariff paid by PEV owners arriving at the PL.

Variable cost.

Voltage deviation.

Vehicle to grid.

Wind resource.

Operators

Change in variable amount.

Quadratic variable.

Minimum and maximum amount of a variable.

Variables and Parameters

Susceptance .

Cost .

Capacity of a PL (kW).

Candidate site of PL.

Customer damage cost .

Expected energy not served (kWh).

Forced outage rate (%).

Line current (A).

Number of parked PEVs.

Number of PEV stations.

Active power (kW).

Reactive power (kW).

Reserve (kW).

Repair time (h).

Resistance and reactance of a line .

Binary variable indicating the site of a PL.

State of charge (kWh).

Operation system lead-time (h).

Voltage (V).

Contract of a PEV owner for a minimum SOC.

Failure rate (%).

Charge and discharge efficiency (%).

Scenario probability (%).

Price .

Rate of charge and discharge of a PL (%).

I. INTRODUCTION

A. Motivation and Background

F ORTHCOMING urban systems will be equipped with
high-tech infrastructures that could make difficult to deal

with both operational and planning aspects. Emerging facilities
such as plug-in electric vehicles (PEVs) offer a vast spectrum of
possibilities for future systems. As well as enhancing system’s
efficiency and operational conditions, other issues such as
greenhouse gas emissions and fossil fuel shortages will be
met if higher penetration of PEVs in both transportation and
electrical systems is encouraged. On the other hand, renewable
energy resources (RERs) are among the most used choices for
sustainable development paths.
The presence of these two resources in the system provides

the distribution system operator (DSO)with both generating and
storage units that can be used profitably. Therefore, the problem
of planning the optimal location of PEVs and RERs has to be
solved by power system operators like any other resource in the
system.
Managing the power needed for charging vehicles in a

parking lot (PL) and the potential of PEVs to inject power
into the grid is a challenging issue that may have conflicting
impacts on the network. As a result, the DSO has to study the
effects of PL network integration while considering the use
of PL as a network resource in the most efficient way. This
can be achieved through the optimal allocation of PLs in the
system. Usually, PLs are connected to distribution networks,
thus, the responsibility of the DSO is to investigate possible
effects of this integration. High penetration of storage devices
such as PEVs can have adverse impacts on the grid because of
their randomly located charging loads or unmanaged additions
[1]. On the contrary, the optimal allocation of PLs can provide
benefits both to its owner and the DSO. To achieve all the
advantages of PLs, both the optimal sizes and sites are needed.
Therefore, the optimal allocation of PLs is one of the most
important issues to be considered while trying to minimize
undesirable effects on the distribution system.

B. Literature Review

Literature on the subject is limited. Among the related
studies, a comprehensive overview of the inclusion of plug-in
hybrid electric vehicles (PHEVs) has been provided in [2].
In [3], the optimal sites for electric vehicle (EV) charging

stations are identified through a two-step screening method.
However, the study has only considered charging stations fo-
cusing on the battery package effect and environmental issues
affecting site selection. In [4], the optimal sizing and siting of
EV charging stations is studied in distribution networks. Then,
again in [4], charging stations are allocated instead of using a
PL. Besides, charging stations are only considered as loads.
The authors in [5] have considered network topology and

traffic constraints simultaneously for optimal planning of
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charging stations. However, like previously mentioned studies,
the authors in [5] have only considered the charging stations
and the grid to vehicle (G2V) mode. Moreover, the only dis-
charge of PEV batteries is due to consumption on road travel,
not through a network interface.
In [6], a genetic algorithm (GA) is used for a multi-objective

optimization of the PL allocation problem. However, there are
certain differences between [6] and the present work, since, in
[6], the outputs of all EVs are considered in a simplified model
(practically deterministic), whereas in this paper not only the un-
certain behavior of PEVs has been modeled, but also the overall
behavior of PL in energy and reserve markets is modeled. More-
over, in this paper, the voltage has been modeled in the objective
function, whereas it has only been considered as a constraint in
[6]. In addition, most of the above-mentioned works have con-
sidered the G2V mode of PEVs, whereas this work considers
both G2V and vehicle to grid (V2G) modes.
Although the integration of distributed generation (DG) re-

sources and their impact has been widely studied, major dif-
ferences between PL and DG considered as network resources
are apparent. Regarding the network integration impact, few at-
tempts have been made to investigate its effects. In [7], the im-
pact of various penetration levels of PEVs on distribution net-
works has been assessed. However, [7] only considers PEV inte-
gration adding loads to the grid. Although [8] studies two states
of coordinated and uncoordinated charging of PEVs in a radial
distribution network and reports the possible effects, the authors
only consider the charging stations and their effects on power
quality.
Although in [9] a reliability cost evaluationmodel is proposed

for a distribution system with both wind generation and PEVs,
it does not consider the V2G mode of PEVs in the reliability
study. Reference [10] has studied the real-time coordinated op-
eration of PEVs in order to minimize distribution network ef-
fects, including voltage and loss. However, the study in [10] is
more concentrated on the load management aspect of the coor-
dinated charging of PEVS. As a result, this approach is mostly
used by the PEV aggregator.
In [11], both V2G and G2V modes of PEVs are studied at

different penetration levels to reach acceptable bus voltages and
power loss in the grid. The study in [11] has introduced a sto-
chastic model for PEV behavior. In the present study not only
the PEV’s stochastic behavior is modeled, but also PL behavior
is derived from market interactions considering a profit maxi-
mization objective. This approach may fulfill some of the PL
owner’s investment concerns. Moreover, in [11], simultaneous
V2G and G2V states are not considered, whilst both states are
simultaneously considered in the present study.
The authors in [12] have studied the allocation of PLs in a

distribution network, but they have just addressed the technical
aspect of the problem and not the economic concerns. Instead,
this paper investigates the allocation of PL from both technical
and economic points of view.

C. Contributions

Although many previous studies assume that the controlled
management of PEVs can be beneficial for the distribution

system, most of them have considered individual charging
stations as PEVs interfaces to the grid. However, it should be
noted that the nature of PLs provides some opportunities that
cannot be obtained through charging stations. The duration of
numerous vehicles’ batteries that are available in a PL provides
a potential that should be studied in order to be used in the
most beneficial way. First, the stochastic behavior of PEVs is
modeled. Then, based on this behavior in order to achieve PL
owner’s profit maximization, the optimal PL interaction with
the energy and reserve markets is derived. Finally, the alloca-
tion of PLs in the distribution network is studied with several
objectives: power loss, bus voltages, and network reliability.
Hence, the paper’s main contributions are threefold:
• To propose a two-stage model that determines the optimal
behavior of PLs at the first stage. Then, this behavior is
subject to network-constrained objectives in order to allo-
cate PLs at the second stage;

• To model the integrated behavior of PLs through PEVs’ ar-
rivals and departures and also PLs interaction with energy
and reserve markets;

• To linearize the PLs stochastic behavior at stage 1 and the
nonlinear terms at stage 2 (voltage deviation, power flow,
and loss).

D. Paper Organization

The rest of the paper is organized as follows. Section II
explains the main assumptions of the problem. The two-stage
mathematical optimization model is described in Sections III
and IV. Numerical results are shown in Section V. Finally,
Section VI concludes with the main achievements of the study.

II. PROBLEM OVERVIEW

The growing tendency towards the electrification of trans-
portation has fostered the use of PEVs in the distribution grid.
One way to do it is to use PEVs through the installation of PLs
in the system. The DSO should benefit more from PLs if they
could be operated in a V2Gmode. Consequently, the operational
planning of PLs as well as their allocation should be comprehen-
sively analyzed.

A. Procedure and Assumptions

The main purpose of the current study is to investigate the
optimal location of PLs in a distribution network in order to gain
the maximum benefit of these resources. It is assumed that urban
studies need the installation of PLs in a distribution network.
As a result, individual PL operators own and operate PLs in
the system. However, the allocation of PLs is assigned to the
DSO. This idea starts from the fact that, in future sustainable
distribution networks, the installation of PL stations with high
charging requirements of PEVs will be inevitable.
As a result, it is assumed that new system agents such as PL

owners/operators need to be introduced. Accordingly, a two-
stage optimization problem is defined for this purpose. Fig. 1
shows the procedure that has been adopted to solve the problem.
The flowchart in Fig. 1 showcases the optimization problem pro-
cedure, the scenarios assumed, the controlling variables and the
input/outputs at each stage.
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Fig. 1. Flowchart of the overall algorithm.

As shown, the uncertain characteristics of the problem
(PEVs, RERs, and prices) are solved generating various sce-
narios at the first stage. These scenarios are the main inputs
of the study. More explanations about scenario generation are
presented in the following subsection.

The first stage of the problem is dedicated to model PLs’ be-
havior based on the input scenarios given by PL uncertainty
characterization. At this stage, based on PL traffic patterns and
electricity market price scenarios, PLs’ energy trade behavior,
including input power to the PLs and the power purchased from
PEV batteries, as well as the total PLs SOC, is computed. At this
step, the PL operator maximizes his/her profit via market inter-
action along with the revenue from contracts with those PEV
owners that use PLs. This means that PLs participate in both
energy and reserve markets, while demonstrating the best pos-
sible behavior through interacting with PEV owners (based on
their preferences and requirements). This is an input for the next
stage, which is the PL allocation problem.
Managing a PL is a challenging issue due to the uncertain be-

havior of PEVs. Although it is difficult to derive a pattern for
a vehicle’s arrival/departure behavior, it is possible to charac-
terize PL behavior. In case of a PEV, it should be noticed that
the PEV’s batteries have an SOC that is the main source to be
utilized by a PL or system operator. Therefore, uncertainty char-
acterization of PLs has been studied for a better illustration of
the PL behavior.
The second stage is the PL allocation problem that determines

the optimum locations for PLs based on network-constrained
objective functions. It is executed through the separate mini-
mization of the costs of reliability, power loss, and bus voltage
deviation.
The presence of PEVs in PLs brings in both challenges and

opportunities to the system. Those PEVs that are parked in a PL
not only can be utilized as battery resources but also need to be
charged, at least up to their minimum required SOCs. Accord-
ingly, PLs are energy resources that may also be considered as
controllable loads. By controllable loads it is meant that the PL
owner can control the amount of energy that is needed to fuel up
the PEV batteries during the period of their stays at the PL. The
reason is that this time interval gives the PL the opportunity to
see market prices and decide when to charge the batteries and
when to sell energy to the grid. This makes PLs different from
other distribution resources, such as conventional DGs. Conse-
quently, their planning should be performed over a period of
time.
Other assumptions are also imposed to examine various cases

and to make the problem more compatible with the distribu-
tion grid. For example, it is assumed that PEVs that agree to
be in a V2G mode sign a contract with the PL and determine a
minimum amount of SOC before they leave the PL. Moreover,
in this study, PEVs that use PLs do not necessarily have to be
part of this network. This means that they can come from neigh-
boring networks. As a result, they will not increase the total load
of the system during the hours that they are not at a PL.
As shown in Fig. 1, each stage of the problem is solved in

different environments. The first stage is solved in a market en-
vironment (energy and reserve) to maximize the PL owner’s
profit.
At the second stage, the problem is solved under network

constraints considering the power generated from RERs. At this
second stage, three network-constrained objective functions are
solved, as also shown in Fig. 1.
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Fig. 2. Capacity and SOC scenarios of PEVs.

The results indicate the optimum location for installing PLs
as well as the number of stations at each bus. The results are ob-
tained by optimizing the cost function for each of the objectives
mentioned.

B. Uncertainty Characterization

In this paper the behavior of PEVs, RERs generation and en-
ergy market prices are considered uncertain. As a result, in order
to model the stochastic behavior of these elements, a scenario
generation approach has been used.
In order to investigate the uncertain behavior of PEVs, a sto-

chastic model is used to provide the required scenarios for the
number, SOCs, and battery capacities of the PEVs in each hour.
The total aggregated capacity and SOC for EVs plugged-in at
the PL are derived from the model. It should be emphasized that
PEV scenarios are generated for the whole network. In other
words, it is assumed that the PEVs in a certain geographical
area, e.g., a district of a city, follow a certain behavior.
The pattern of available PEVs is extracted from real data in

[13]. Since the SOC depends on each PEV’s type and the daily
distance driven, 24 different classes have been considered for
PEV batteries [14]. Furthermore, a lognormal distribution func-
tion is used to generate the probabilistic traveled distance daily
[15] and other general assumptions for generating scenarios are
based on [13].
The scenarios that have been generated in this study are

shown in Fig. 2. As it can be seen, the expected value of the
scenarios is used in the calculations.
In order to characterize the uncertainty of RERs, the same

method is utilized for both resources: wind power and pho-
tovoltaic (PV). Wind speed distributions are characterized by
Weibull distributions [16] and the probability distribution func-
tion (PDF) is calculated. Different realizations of wind power
generation are modeled through a scenario generation process
based on the roulette wheel mechanism (RWM).
First, the distribution function is divided into several class

intervals. Hence, each interval is associated with a probability.
Subsequently, according to the different intervals and their prob-
abilities obtained by the PDF, RWM is applied to generate sce-
narios for each hour. Finally, in a similar way, the RWM tech-
nique is applied for scenario generation at each hour. It is clear
that a higher number of scenarios produces a more accurate
model to consider the mentioned uncertainties. However, this

Fig. 3. Output generation of RERs.

Fig. 4. Average price of energy and reserve.

may yield an unmanageable optimization problem. Hence, a
scenario reduction technique is considered, namely the K-means
clustering technique, resulting in a scenario tree with three in-
dependent scenarios. The reduced scenarios that are generated
for RERs are shown in Fig. 3.
Four price scenarios are used in the process to enable a more

comprehensive study. These scenarios are based on day-ahead
market prices. Each scenario represents the average price of 90
days for each season. As a result, price scenarios are the av-
erage seasonal prices that are applied to the problem. The av-
erage prices of the energy and reserve markets based on these
scenarios are shown in Fig. 4.

III. FIRST STAGE: PL MODEL

The first stagemodels the behavior of PEV’s PLs as stochastic
storage devices. Here, the nonlinear formulation is presented,
while the model has been linearized for solving the problem.
The problem is solved with various price and PEV traffic sce-
narios (1):

(1)

A. Objective Function

The objective function at this stage maximizes the profit from
operating the PLs from the PL operator’s perspective. As shown
in (2), the profit is obtained through energy and reserve market
interactions as well as individual contracts with PEV owners
that use the PLs in a V2G state. For a better illustration of the
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objective function terms, a separate formulation for each inter-
action is presented in (3)–(5).
The energy market interaction provides revenue to the PL

from selling energy to the upstream network minus the cost of
purchasing energy (3):

(2)

(3)

The revenues and costs from reserve market interaction are
shown in (4). The income from reserve declaration and the
income from selling power in the reserve market multiplied by
the probability of a reserve call are the revenues from reserve
market interaction. On the other hand, the penalty for not being
ready whenever a PL is called to take part in the reserve market
is the cost produced by reserve market interaction. In (4),

is the forced outage rate, which indicates the inability
of a PL to deliver power to the upstream grid and may be
caused by a system failure or by the PL itself:

(4)

The revenue and income due to the interactions of the PLs
with PEV owners that use PLs is shown in (5). The revenues are
caused by the amount received from the PEVs for charging their
batteries and the parking usage tariff. Besides, the costs of PEV
owner interactions come from the value that should be paid to
vehicle owners when they participate in a V2G interaction in the
reserve and energy markets, respectively. However, it should be
noted that the decreased SOC from PEV batteries is the amount
that should be paid as the power contributing in the V2G mode.
Another cost is the battery depreciation cost, which is calculated
based on the amount of power taken from PEV batteries and sold
to the energy and/or reserve markets multiplied by the cost of
equipment depreciation:

(5)

B. Constraints

The total power that can be injected into a PL or purchased
from it is restricted to fixed charging and discharge rates, as
shown in (6) and (7).
A PL is also restricted to these rates based on the characteris-

tics of the charging stations, as well as the number of stations:

(6)

(7)

Each PEV owner that agrees to participate in a V2G mode at
a PL may have expectations based on its usage pattern. Mainly,
these expectations are declared as the minimum required SOC.
On the other hand, the PL owner may expect an approximate

duration of the stay at a PL in order to reduce uncertainty. It
is assumed that a contract is signed between the PL owner and
the PEVs that want to contribute in a V2G mode. In that case,
a PL should aggregate the expected minimum SOC assigned in
the contracts for each hour to put a limit to the maximum power
exchange with the grid. The term denotes this aggregated per-
centage. The calculation of can be done using various proba-
bilistic methods that are used for discrete probability problems.
In this study a constant term is considered for .
In (8), it is shown that the total PL interaction with the grid

should be less than required SOC of the PL due to the contracts
with the PEV owners:

(8)

In order to specify the SOC and the power capacity of a PL,
it is necessary to estimate the approximate number of PEVs at a
PL in each hour. On the other hand, as the study is based upon
certain PL scenarios (number of PEVs, SOC, and capacity), the
allowed number of stations in a PL has to be scaled on this basis.
For this reason, (9) is defined, showing that if the total number
of PEVs in a scenario is less than the number of stations, is
fine, but, when it exceeds the number of stations, the presumed
amount of PEVs will be limited by the number of stations at the
PL:

(9)

The total capacity of a PL has to be scaled. It is assumed that
the ratio of vehicle numbers in a PL with respect to the number
of vehicles in a scenario is proportional to the PL capacity (10):

(10)

A PL’s SOC at each hour depends on the remaining SOC of
the PL from the previous hour, the power exchanged with the
upstream network multiplied by the charge/discharge efficiency
and the SOCs of arriving or departing vehicles (11). Moreover,
the amount of SOC is restricted by the capacity of the PL in each
hour and cannot exceed this limit (12):

(11)

(12)

The total SOC of a PL cannot exceed the minimum and max-
imum SOC of each PEV multiplied by the number of PEVs at
each PL (13):

(13)
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The number of vehicles that arrive at a PL and depart from it
in each hour provides the initial SOC of the PL. Moreover, the
available SOC in each hour is the main factor that affects the
behavior of the PL.
As a result, it is important to estimate its amount based on

the stochastic behavior of PEVs. In order to have an approxi-
mation of the SOC in each hour, the approximated number of
arrivals and departures in each hour should be specified. In this
study, PEV scenarios that have been generated are used as a
benchmark to indicate arrival/departure patterns. In each hour,
the SOC in a scenario is compared with the SOC of the previous
hour. If the SOC increases, this means that several PEVs have
arrived at the PL (because no interaction is considered between
the PL and the grid in the scenarios and the only change in the
SOC is due to PEVs’ arrivals and departures). However, in order
to implement this increase in the SOC, it has to be scaled based
on the number of the stations that are installed in the PL. For
this purpose, (14) has been designed. In (14), it is shown that,
if the SOC does not increase in the following hour, no arrival
is considered for the PL. However, if the SOC in a scenario is
higher than in the previous hour, the increase in the PL’s SOC
is calculated by scaling the SOC increase by the ratio between
the number of PEVs in the PL and the ones in the scenario:

(14)

On the other hand, when the SOCs between two consecutive
hours decrease, this does not indicate that the number of ve-
hicles has decreased. The reason is that, in some cases, fewer
vehicles with higher SOCs may depart from the PL and more
PEVs with lower SOCs may arrive at the PL in the same hour.
As a result, the scaling procedure used for the SOCs related to
PEVs arrivals cannot be used for determining the SOCs related
to PEVs departures. Therefore, in (15), the same comparison is
used, but the SOC of a PL is calculated scaling the amount of
SOC decrease by the ratio between the SOC in the PL and the
one in the scenario.

(15)
In scenario generation, the PL does not have any interaction

with the network. As a result, the PEVs will enter the PL with a
certain amount of SOC and will depart with the same amount.
However, as the PL trades with the grid, the total SOC of the
PEVs leaving the PL may be higher or lower than the SOC in
the same hour for the scenario. The reason is that, while the
PEVs stay in the PL, they may be charged or discharged, having
a SOC different from the one that they had when they arrived
at the PL. The extra charge or discharge of the initial SOC of
the PEVs is the basis that produces the PL’s profit. Therefore,
in order to calculate the revenue/cost of a PL, it is necessary to
compute the surplus SOC that remains within the PEVs when
they depart. This can be achieved through (16) and (17). In (16),
if the SOC of the departed PEVs that have left is higher than the
scaled amount of the departed SOCs in a scenario, this means
that the PEVs have been overcharged comparing to their initial
SOCs.
Hence, the owners have to pay for the excess charge

. On the other hand, in (17), if the SOC of the departed
PEVs is lower than the one of the initial scenario, the owners
should be paid by the PL based on . See (16) and (17)
at the bottom of the page.

IV. SECOND STAGE: ALLOCATION OF PEV’S PARKING LOTS

At the second stage, the allocation of PLs in a distribution
network is modeled based on various network-constrained ob-
jectives. In this study the objectives are to minimize the costs of
power loss, voltage deviation, and network reliability. The study
examines various PL scenarios and RERs, including wind gen-
eration and photovoltaic (PV) sources (18):

(18)

As mentioned before, the outputs of the first stage are treated
as inputs at the second stage. This means that the optimal trading
behavior of the PLs based on maximizing the PL owner’s profit

(16)

(17)
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is considered as an input at this stage. The second stage is con-
ducted from the DSO’s point of view using the PLs to enhance
network operation as much as possible. It should be mentioned
that, at the first stage, PEVs are considered as a whole and as-
sumed to belong to a single owner.
However, at the second stage, the DSO tries to distribute the

PEVs among network buses, thus, the SOC and power injected
from/into the PLs should be scaled based on the number of sta-
tions that are allocated at each bus.
The interface between the first and second stages is done

through (19)–(21):

(19)

(20)

(21)

The objective function shown in (22) denotes that the DSO
wants to minimize the total cost subject to network constraints:

(22)

Each of the cost functions in (22) is described in the next
subsections.

A. Installation Costs

The installation cost consists of the fixed and variable costs
to install the PL (23):

(23)

The fixed costs refer to site-dependent costs such as the mu-
nicipal license payment to install the PL and other wiring or con-
struction licenses. Variable costs refer to the installation cost of
the PL, which varies because the optimal number of parking sta-
tions in each PL can differ. The variable cost includes the cost
of purchasing a station, land needed for installing the station,
wiring costs, and vehicle on-board device costs.
To select a node for installation of a PL, (24) is used:

(24)

where is a binary variable indicating whether a bus is selected
for the installation of a PL and is a binary parameter repre-
senting whether a bus is a candidate for PL location or not. How-
ever, this selection can be based on electrical or urban planning
issues. In the process of selecting a bus when a bus is a candi-
date, then, the binary variable shows whether the candidate
bus is also selected by the optimization model.
If a bus is selected for PL installation , then the

number of stations that will be allocated at this bus should not
exceed the limit of the total number of available stations in the
network (25). Moreover, the total number of stations distributed

along network buses should be equal to the whole number of
stations to be installed in the system (26):

(25)

(26)

B. Loss Costs

The equation denoting the cost of loss is given by (27):

(27)

In order to calculate the above-mentioned function, a power
flow is solved. In this study, a linear power flow is obtained
based on [17] and [18]. The power flow model linearization
takes into account the radial nature of the distribution network.
For this purpose, the term is considered as a block to avoid
nonlinearities. The formulation of the active and reactive power
balance is shown in (28) and (29):

(28)

(29)

The relations to obtain and are shown in (30) and (31):

(30)

(31)

As in any power flow, the voltage and current limits applied
are shown in (32) and (33):

(32)

(33)

RERs in the system should be also limited to the possible
amount of generation defined in their scenarios (34) and (35),
for wind and PV, respectively:

(34)

(35)

C. Voltage Deviation Costs

In this study, the cost imposed to the DSO for having the bus
voltages within a specified range is calculated in (36). It is as-
sumed that the voltage deviation is fixed by means of installing
capacitors in the system.
Adding a capacitor to the system adds a variable cost term,

based on the required VAR capacity and dependent on the
amount of reactive power in the system, as well as a capacitor
installation cost (fixed cost):
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(36)

The amount of reactive power required at each bus can be
obtained from (37):

(37)

In order to minimize at each bus, (38) is used. To keep the
equation linear, the minimization of has been implemented
based on (39):

(38)

(39)

D. Network Reliability Costs

As this study is conducted on a distribution network, the ex-
pected energy not served (EENS) index is used to measure reli-
ability. Previous studies, such as [19], use the same concept, but
the difference is that the battery is replaced instead of charged.
The objective function implemented is shown in (40):

(40)

where the cost of reliability is calculated through the payment of
damages to end users for the period of time where the required
energy is not supplied.
It is assumed that the PL operator has an extra contract with

the PEV owners, whereby the operator can use more of the
PEV’s SOC during contingencies compared to the normal con-
dition. This leads to a higher amount of power injection of the
PLs into the grid, based on (41):

(41)

Whenever a contingency occurs in the system, the DSO aims
to reduce load shedding by using the energy injected from PLs,
wind farms, and PV units. However, it should be noted that all
of these resources (PL, wind, and PV) are time-dependent with
variable output amounts. On the other hand, a contingency is
resolved after the required repair time. Thus, the total power that
can be injected by these resources should be computed during
the repair time period (42):

(42)

where, for each interruption , the summation of possible
injections is made for the buses affected by the interruption,
starting from the time when the interruption starts until
the repair time is finished . The same procedure is
performed for those loads that exist in affected buses. Finally,
the amount of load shedding is obtained from (43) [19]:

(43)

The total energy not supplied due to contingencies in a net-
work is related with the probability of failure in the network
multiplied by the load that has been shed (44):

(44)

V. NUMERICAL RESULTS

The proposed model of the problem explained above is tested
on the IEEE 13-bus radial distribution test system [20]. Var-
ious references, including [21] and [22], have previously used
the same network for studying the allocation of DG and PLs or
PEV stations. All data used are based on real data from Madrid,
Spain. Data for the day-ahead market are obtained from the
Spanish electricity market [23] and data for wind and PV re-
sources are taken from [24]. It is assumed that only one kind of
charging station can be used. Based on [25] and [26], it is as-
sumed that the PL owner purchases the quick charging station
at a charging rate of 11 kW per hour. The tariff for PL contracts
with PEV owners is based on [27].
The network load is adapted to the hourly-based load of the

Spanish market for two reasons: first, the operation problem is
calculated for each hour of the day, and second, the hourly load
has to follow the same pattern asmarket prices; thus, the Spanish
market load is used.
This process has been conducted for both active and reactive

loads assuming that the system power factor is constant (0.85).
In the original version of the IEEE 13-bus system, there is a
switch between buses 671 and 692. However, in this study the
switch between buses 671 and 692 is considered to be closed.
As a result, bus 692 is eliminated from the figures. In addition,
the transformer between buses 633 and 634 is assumed not
to change the voltage level between these two nodes. The
problem is modeled as a mixed integer linear programming
(MILP) problem. The problem is implemented in GAMS
utilizing CPLEX12 solver [28]. The CPLEX 12 solver, which
has proved to be an efficient solver in previous studies, is used.
In order to profit from its efficiency, the formulation presented
in previous sections has been linearized.

A. PL Behavior Results

In order to determine the most profitable behavior of the PLs’
owner in market transactions, the first stage of the problem has
been computed in two cases. In the first case, the PL owner
participates in both energy and reserve markets. In the second
case, it is assumed that only the energy market is available to
the PL owner. The purpose is to compare these two different
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Fig. 5. PL behavior, capacity, and state of charge in case 1.

Fig. 6. PL behavior, capacity, and state of charge in case 2.

situations and observe the PLs behavior and if either the reserve
or the energy market is more profitable for the PLs owner.
The main results of this stage are shown in Figs. 5 and 6

for cases 1 and 2, respectively. These results are reported for
200 parking stations. The derived capacity, SOC, and power
exchanged with the grid (input and output) are shown in each
case. As it can be seen in both figures, a higher SOC is achieved
in case 1 (where a reserve market exists). This shows a specific
behavior in the case of having a reserve market. In case 1, more
power is purchased from the grid and, hence, a higher SOC is
achieved to be offered in both energy and reserve markets. In
addition, in both Figs. 5 and 6, the PLs’ SOCs is considerably
higher than in a scenario. This is due to the power exchange of
the PL with the grid, which is not considered in the process of
scenario generation.
The comparison of the input power in the two cases is illus-

trated in Fig. 7. It is shown that, in case 1, where the possibility
of participating in the reserve market exists, a higher amount
of input power is purchased from the energy market. As can be
seen in the figure, where both energy and reserve markets are
available, the PL owner tries to buy more energy from the grid
in order to maximize its SOC, thus, it has more power available
to offer in the market. In case 2, where only the energy market
is available to the PL, the owner also charges the battery’s SOC
but less than in the first case.
However, results in Fig. 8 indicate that there is a considerable

difference in the output power of the two cases. It shows that the
amount of energy sold to the grid in case 2 is significantly higher
than in the case 1. This means that PLs tend to offer most of its
available power in the reserve market. On the contrary, when it

Fig. 7. Comparison of PL input power in cases 1 and 2.

Fig. 8. Comparison of PL output power in cases 1 and 2.

cannot participate in the reserve market, it sells most of its SOC
to the energy market. The reason is revealed by analyzing the
details of cost and revenue in each case. It appears that in case
1, the PLs’ owner can earn more profit through both reserve dec-
laration and tariff for charging PEV batteries, other than selling
energy to the grid.
As a result, it manages its operation by charging the batteries

and provides a sufficient degree of SOC to participate in the
reserve market. Then, instead of discharging the batteries, it
profits from reserve declaration, reserve call, and the extra ben-
efit of charging PEV batteries.
The comparison of profits in two cases is shown in Fig. 9.

The results for four price scenarios and the expected values of
profit in the two cases are shown. These results are presented
without the revenue from the PEV entrance tariff with the aim
of having a better analysis of the behavior. It is clear that in
case 2, although a higher amount of input energy is purchased
from the market (Fig. 7) and less energy is sold to the market
(Fig. 8), yet a higher profit can be obtained in this case. This is
due to the reserve market. A considerable increase in the profit
of the PLs indicates that, although they can participate in the
market as energy resources, they can gain more profit partici-
pating in the reserve market. In this case, PLs are more likely
to behave as loads that offer a potential reserve service to the
DSO. The analysis denotes that in order to make a PL installa-
tion profitable to the owner apart from governmental incentives,
it is better to rely on PL storage as a reserve element than as an
energy source. Moreover, studies are conducted at this stage for
an increasing number of available stations at the PLs, from 50 to
400. However, as it can be seen in Fig. 9, from a certain number
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Fig. 9. PL profit comparison in the two cases.

of stations the amount of profit is saturated. This implies that a
higher number of stations does not specifically produce a higher
profit for the PLs owner. In case 1, where both energy and re-
serve markets exist, with more than 330 stations, no more profit
is gained. As a result, the rest of the study is conducted for num-
bers between 50 and 250 in order to make sure that the behavior
of the PLs is not affected by the saturation in the profit.

B. PL Allocation

At the second stage, three different allocation objectives are
defined, including grid power loss, network reliability, and bus
voltage deviation. In each of these case studies based on a net-
work-constrained objective, a cost function has been defined.
The purpose of the DSO is to minimize the cost of each objec-
tive.
The assumption in all cases is that there are two kinds of

RERs (wind and PV) at bus number 680 simultaneously. Bus
680 is rather near to the load center, so if the RERs are located
at this bus, part of the load can be supplied by these resources.
Moreover, by assuming RERs at bus 680, the input symmetry
of the system is somehow maintained. In addition, as wind and
PV have different generation patterns, we have a smoother re-
newable generation pattern as well. It is also assumed that, ex-
cept for buses 650 and 632, all other buses can be candidates for
PL allocation. The cases are studied for an increasing number
of available charging stations: from 50 up to 250. No limitation
has been applied to the problem for the possible number of buses
that can be selected for installing PLs. As a result, based on the
number of available stations, the model decides how many lo-
cations should be selected to keep costs at a minimum level, as
well as installing the predefined number of stations. However,
the maximum amount of possible power injection from each PL
into the grid is limited to 1 MW, based on [29]. The results are
obtained solving the problem with individual objectives as well
as concurrently.
1) Case I: Power Loss Cost Minimization: In Fig. 10, the

selected buses and the number of stations in each PL are shown
for the grid power loss cost function. As can be observed, bus
number 633 is the preferred choice for installing a PL. This is
probably due to the load-like behavior of PLs. Considering the
distribution of loads, the major loads are located in the lower
half of the system. As a result, extra loads, such as PLs, tend to
be placed in the upper section of the system.

Fig. 10. PL distribution in the network with a loss cost function: (a) 50 stations;
(b) 100 stations; (c) 150 stations; (d) 200 stations; (e) 250 stations.

However, as seen in Fig. 10, the model mostly locates PLs at
buses near an energy resource. This is more obvious when the
number of stations increases. In Fig. 10(d) and (e), it is shown
that the third location for installing a PL is at the same bus as
the RERs.
2) Case II: EENS Cost Minimization: To determine PL lo-

cations with a reliability cost function, it is assumed that the PL
operator has a secondary contract with the PEV owners who can
use the excess amount of their SOCs in case of a contingency.
This means that, when a contingency occurs, the PL operator
will be able to inject more power into the grid to help the DSO
to minimize its EENS costs. In addition, a PL will not charge the
PEV batteries during a contingency but will use the remaining
SOC up to the limit defined in the secondary contract with the
PEV owners. This situation results in the distribution of PLs as
in Fig. 11. Differently from the grid power loss case, when the
objective function consists of minimizing reliability costs, the
lower section of the network is mostly selected for PL locations.
The reason is that, when a contingency occurs, the DSO tries to
use each possible resource in the system to reduce the amount
of energy that cannot be served. In this case, according to afore-
mentioned assumptions, PLs are considered as resources that
can supply part of the isolated load.
The results show a reduction in the amount of EENS in the

system (Fig. 12). Although the PL owner has to spend more
money because of the secondary contract (which means it will
buy PEV’s excess SOC at a higher price than in normal con-
dition), this is still profitable for the DSO. This can serve as a
guide for designing incentives to encourage investors to install
PLs, considering also contingency situations.
Based on Fig. 12, in a system with PLs and no RERs, a lower

number of stations at the PLs may increase EENS as PLs act
mostly as loads in the system. However, with an increase in the



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

12 IEEE TRANSACTIONS ON POWER SYSTEMS

Fig. 11. PL allocation with a reliability cost function: (a) 50 stations; (b) 100
stations; (c) 150 stations; (d) 200 stations; (e) 250 stations.

Fig. 12. EENS for various numbers of PL stations.

number of stations, EENS can decrease significantly. Figs. 13
and 14 show the costs imposed on the system for enhancing
reliability. Although the total system cost (including the DSO
and the PL owner) has increased, the DSO cost for reducing
the amount of EENS has decreased. This shows that not only
PLs are useful for enhancing reliability, but also they have pos-
itive interactions with RERs. This proves that PLs are funda-
mental elements towards sustainable energy systems. Adding
PEV-based PLs to renewable-based electric systems can bring
in major improvements to the system, such as reliability.
3) Case III: Voltage Deviation Cost Minimization: The study

examines PL allocation with a voltage deviation cost function.
It is assumed that a capacitor will be installed at the same bus
where voltage deviates to overcome this problem. Cost data for
installing the appropriate capacitor are obtained from [30]. As
mentioned before, PLs behave mostly load-like; therefore, the
results show that it is better to locate PLs in the upper section of
the network, as seen in Fig. 15.
This is due to the topology of the network and lines’ current

limit. According to the test system data, the line between buses

Fig. 13. DSO cost for EENS only.

Fig. 14. Total system cost for reliability improvement.

Fig. 15. PL allocation with a voltage deviation cost function: (a) 50 stations;
(b) 100 stations; (c) 150 stations; (d) 200 stations; (e) 250 stations.

632 and 671 has the highest current limit in the system. Hence, if
more loads are added to the lower section of the network, more
voltage deviation may occur at those buses. As it is shown, with
a higher numbers of stations, there is a tendency to allocate the
PLs at buses with shorter line lengths and lower current limits.



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

NEYESTANI et al.: ALLOCATION OF PLUG-IN VEHICLES’ PARKING LOTS IN DISTRIBUTION SYSTEMS 13

Fig. 16. PL allocation with a total cost function.

TABLE I
RESULTS FOR EACH OBJECTIVE FUNCTION

One thing should be noted in studying the results in Fig. 15.
As it is shown, the location of a PL with 50 stations differs from
the other results. This is due to the behavior of the PL with
various numbers of stations. As mentioned before, PLs mostly
behave like loads, but also have the capability of injecting power
into the grid. With a PL with 50 stations, the amount of load that
is added to the system is still lower than the system’s peak load.
Therefore, it does not cause the voltage to deviate. However,
when the number of stations is higher, the approach is different
and the allocation will be done in order to reduce the voltage
deviation.
4) Case IV: Total Cost Minimization: For the last case study,

the overall system’s cost minimization is conducted. In this
case, all three objectives (loss, reliability, voltage deviation) are
solved simultaneously. The selected buses for PL installation
with 200 stations are shown in Fig. 16. Moreover, the objec-
tive function for each of the individual objectives in both the
individual and the collective cases is compared in Table I. By
comparing the locations of the PLs in all cases, the locations
that are chosen for the individual reliability study are similar to
the ones obtained in the collective case. However, comparing
the objective functions, there is a change in the amount of the
objective function. This indicates that the buses have higher
sensitivities to the reliability index of the problem. The same
conclusion can be obtained for voltage deviation.

VI. CONCLUSION

In this study, various cases of PL integration in a distribution
network have been studied. Interconnecting resources in the net-
work has effects on the system that should be carefully exam-
ined. A holistic view towards PL allocation has been presented.
On one hand, PL installation should fulfill different traffic or
urban considerations. On the other hand, installing numerous
charging stations at a PL may cause problems for the electric
system. In this study, it is assumed that different regulatory
conditions or urban considerations will address the installation

of various numbers of stations in the system. As a result, the
problem is solved for an increasing number of available sta-
tions. The results show that a PL, due to its nature as a charging
station, will behave more likely like a load in the system. How-
ever, in certain situations, the V2G mode can be used and the
PL will act as a resource in the system. When optimizing the
market behavior of PLs, it is concluded that when the PL owner
participates in the reserve market instead of the energy market,
this can be more profitable because the V2G costs are avoided.
Also, more revenue from PEV owners can be obtained due to
a higher SOC that will remain in the PEV batteries. Regarding
network-constrained objectives, despite the low costs of V2G
for PL owners, the DSO can profit significantly from the pres-
ence of PLs in the system, not only to reduce its EENS costs, but
also to improve system reliability. PLs’ interaction with the grid
greatly affects the allocation of PLs in the network. Moreover,
the overall solution considers all the objectives simultaneously,
suggesting that the sensitivity of each bus to each objective im-
poses the right location of the PLs. In this study, it was shown
that an optimal allocation of PLs can produce a significant profit
for the DSO when considering reliability criteria.
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