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ABSTRACT
For the purpose of minimizing passive and receptive losses and

giving the lowest possible voltage deviation, the IEEE standard
33-bus network is utilized in the current research to evaluate
the capacity and position of EV charging stations. Therefore,
according to their location, the current passing through the
lines, the voltage of the phases, and, of course, the location of the
loads, the voltage of the buses changes and can change the
network expenses and the network voltage deviation profile. A
charge is applied to the network since electric car owners show
their likelihood of recharging based on a number of behavioral
criteria, including the average charging time, the distance to the
charging location, whether the charging location is busy or
quiet, and other considerations. Therefore, this probabilistic
behavior is dynamically modeled by queuing theory (modeled
using Poisson's function), The uncertainty of other loads except
for charging stations is modeled using the Monte Carlo
distribution function, and finally, with the help of two
cumulative algorithms, PSO and genetics, the ideal station
placement is addressed, and the simulation's outcomes show
appropriate operation. In terms of optimal positioning, particle
algorithms outperform genetic algorithms.

Keywords: Charging Station, Electric Vehicle, Load Uncertainty, Microgrid, Optimal Location, Photovoltaic Unit,

Queuing Theory.

1. Introduction

Due to their minimal carbon dioxide emissions
and easy upkeep, electric automobiles are
increasing in popularity more and more.
However, as their numbers rise and the demand
for charging grows, distribution networks face

challenges such as power drops and high peak
demand for charging at charging stations. This
situation also affects consumer behavior.
Consequently, a plan has been put up to lessen
the energy strain on the network that considers
the actions of investors, distribution network
owners, users, and the utilization of green
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energy sources at CS. Additionally, an energy
management strategy through battery charging
and discharging and V2G has been
implemented, along with the simulation of PV
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uncertainty using Monte Carlo methods Ahmad
et al [1]. The energy storage system of electric
vehicles is always faced with challenges such as
overheating and low energy storage capacity. In
order to combine the system's output flow and
lower the energy storage system's volume and
losses, the use of three-port bidirectional
converters as an interface between the battery,
supercapacitor, and electric motor has been
proposed. Additionally, the direct control of
power for both the battery and supercapacitor
through the switching of these converters has
been discussed Hatami et al [2]. EVCSs serve as
the connection point between the transportation
system and the electrical grid. The two networks
are concurrently impacted by the way EVs
operate. As a result, CS’s ideal location inside a
distribution network is quite important. A
queuing model is used to analyze how the CS
operates dynamically, helping to optimize its
deployment while minimizing both network
losses and the risk of EVs running out of charge
on their way to the station. Sadhukhan et al [3],
have used a PLM approach to account for
unpredictability in  electricity =~ demand.
Firoozmakan et al [4], to reduce costs and
enhance microgrid reliability under the
uncertainty of next-day operations, a stochastic
energy management system is suggested. Both
the islanded and grid-connected forms of
microgrid operation are taken into account. The
next generation of power networks is known as
smart grids, where information and electricity
flow both ways. Given the capability of electric
vehicles to connect to the grid as either storage
or consumption units, and their widespread use,
their effects on voltage profiles and losses to the
network are covered by Papadopoulos et al. [5].
On the other hand, as noted by Sadhukhan et al.
[6], inappropriate CS placement may negatively
affect urban traffic patterns and the distribution
network. This study utilizes the standard IEEE
33-bus network and applies the NSGA-II
algorithm to enhance CS utilization and
minimize distribution network losses. In order
to satisfy demand along the most likely routes,
Fredriksson et al. [7] sought to determine the
bare minimum of charging stations and their
placements. Reddy et al. [8] optimized the radial
distribution system using a heuristic method in
an effort to reduce actual system losses by
appropriate charging station location, since

charging station placement raises system losses.
Reddy et al [9] utilized a PSO algorithm for the
optimal placement of CSs. Yang et al. [10]
addressed the challenge of determining the
appropriate size for fast charging stations,
including the number of chargers and waiting
spaces. They proposed an optimal planning
approach grounded in the analysis of charging
behavior over time. Arayici et al. [11] focused
on the placement of CSs, considering factors
such as accessibility and investment
requirements.

To address the optimization problem,
Ahmadian et al. [12] employed simulated
annealing and Tabu search techniques to
minimize operational costs in the network while
adhering to technical constraints. The study
demonstrated that both fixed battery units and
DG are technically and economically necessary
for the network.

Shekari et al. [13] applied the Cuckoo Search
algorithm to analyze a 9-bus test system across
three different scenarios. Their goal was to
determine the optimal size and placement of
parking facilities, considering that EVs can
serve as both loads and energy storage units
within the grid. In the meantime, Aghaebrahimi
et al [14] used Monte Carlo simulation in
addition to the Cuckoo optimization algorithm
for optimization. A genetic algorithm and
embedded Monte Carlo simulation were used by
Shojaabadi et al [15] to solve optimization
problems in both 9-bus and 33-bus networks.
According to Liu and Hu et al [16], when taking
battery longevity into account, using EVs in
frequency control programs benefits EV owners
more than peak reduction programs. The
variation in daily energy demand from EVs has
an economic impact on the power system
Torreglosa et al [17]. Furthermore, Poullikkas et
al. [18] looked at the early difficulties in using
electric cars. Electricity plant dispatching
involves balancing output and consumption,
providing the necessary spinning reserve for a
24-hour period at the lowest cost, and
determining the on/off status of units and the
electricity they generate, Wang et al [19].

Power generating units' short-term planning
has been managed by PSO in an effort to cut
costs while accounting for grid-connected EVs.
Reducing expenses and pollutants, Mozafar et al
[20] and Pal et al [21] Awasthi et al. [22], Deb
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et al. [23], and Guo and Zhao [24], with an
emphasis on reliability restrictions. To model
the capacity available from these vehicles for
providing ancillary services, a reliable
probabilistic model must be developed for the
vehicles present in multiple parking lots across
different locations in the city, as well as at
individuals' workplaces or homes. This can be
seen as a group of CS lots that are handled as a
single, sizable CS facility from the viewpoint of
the local network operator. The number of cars
in this enormous CS facility at any given time
of day can be properly tracked by using neural
networks to extract precise information.
Hussein [25].

Recent studies have explored optimizing
EVCS placement in power grids to enhance
stability and reduce losses. Various
optimization techniques have been employed,
including hybrid Genetic Algorithm-Simulated
Annealing, Kumar et al [26], Galaxy Gravity
Optimization, Abdelaziz et al [27], PSO, Pal et
al [28], and Spotted Hyena Optimizer Yuvaraj
et al [29]. These methods aim to minimize
power losses, voltage deviation, and improve
system reliability. Integration of FACTS
devices, such as Static Var Compensators and
Thyristor-Controlled Series Capacitors, has
been proposed to enhance stability Pal et al [28].
Additionally, combining distributed generation
and distribution static compensators can
mitigate EVCS impacts on radial distribution
systems Yuvaraj et al [29]. Multi-objective
optimization approaches considering both
electrical and road constraints have been
developed, Abdelaziz et al [27]. These studies
demonstrate the importance of strategic EVCS
placement in maintaining power grid stability
and efficiency while accommodating the
growing adoption of electric vehicles.

This study analyzes the IEEE 33-bus
network to determine the optimal capacity and
location of EVCSs to reduce voltage variation
and passive and receptive losses. Due to their
placement, these stations affect the voltage
profile and network losses, which also influence
the phase voltages and current flowing across
the lines, which in turn impacts the voltage
levels at the buses. Given that EV owners
exhibit probabilistic behavior regarding
charging based on their distance from the
station, the congestion of the station, average

charging time, and other factors, a load is
applied to the network. This probabilistic
behavior is dynamically modeled using queue
theory, which is represented by a Poisson
distribution. The uncertainty of other loads,
apart from the charging stations, is modeled
using a Monte Carlo distribution. Finally, the
optimal location of the stations is addressed
using two cumulative algorithms: PSO and GA.
The PSO method outperforms the GA in terms
of ideal position, according to simulation data.

The novelty of this work lies in its
comprehensive approach to optimizing (EVCS)
placement within the IEEE 33-bus network by
integrating advanced methodologies. The key
innovative aspects include:

¢ Dynamic Probabilistic Modeling: Utilizing
queuing theory to dynamically capture the
probabilistic behavior of electric vehicle
owners, incorporating factors such as
charging time, location distance, and
congestion, for a realistic user behavior
representation.

e Monte Carlo Simulations for Load
Uncertainty: Employing Monte Carlo
simulations to account for variable load
uncertainties, ensuring robust network
performance analysis and reliable
optimization results.

e Algorithmic ~ Comparative  Analysis:
Conducting a comparative evaluation of
Particle Swarm Optimization (PSO) and
Genetic Algorithms (GA), highlighting
PSO's superior performance in EVCS

placement.
e Focus on Voltage Stability and Loss
Minimization: Addressing critical

challenges by optimizing EVCS placement
while minimizing passive/reactive losses
and maintaining voltage stability.

e Practical Real-World Application:
Demonstrating applicability through the
IEEE  33-bus  network, providing
actionable insights for policymakers and
industry stakeholders.

e Integrated  Framework: Combining
queuing theory, Monte Carlo methods, and
optimization algorithms into a scalable,
adaptable framework for EV charging
infrastructure planning.

This integrated approach ensures the study's
relevance and applicability to real-world
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challenges in energy management and EV
infrastructure development.

This paper's structure is as follows: The
broad framework in Section 1 is established by
the problem description, which also specifies
the goal function and limitations. In Section 2,
the problem model is formulated. While
findings and conclusions are presented in
Section 4, network information and simulation
results are presented in Section 3.

Nomenclature
BSS Battery Storage System
V2G Vehicle to Grid
GA Genetic Algorithm
PEVs Plug-in Electric Vehicles
PSO Particle Swarm Optimization
PLM Probabilistic Load Modelling
TH Thermal Heat

Proton Exchange Membrane

IéllE{hf/)[FC- Fuel Cell- Combined Heat and
Power

CS Charging Station

PV Photo Voltaic

FA Firefly Algorithm

EVCS Eleqtric Vehicle Charging
Station
Ener Management  and

EMCS Cont%c})ll Systemsg

GWO Grey Wolf Optimization

EV Electric Vehicle

AHP Analytical Hierarchy Process

V2G Vehicles to Grid

DG Distributed Generation

PDF Probability Density Function
Non-Dominated Sortin

NSGAIL e netic Algorithm II ¢

WT Wind Turbine

PV Photo Voltaic

ELM Extreme Learning Machine

DER Distributed Energy Resource

WT Wind Turbines
PV Photo Voltaic
V2G Vehicle-to-Grid
FACTS Flexible AC Transmission
System
2.State the problem

As will be covered in more detail below, the
specification of the objective function and the
associated restrictions serve as the foundation
for reducing voltage fluctuation and minimizing
both passive and receptive losses. Furthermore,
Figure 1 shows how the simulation is conducted
in the study of optimizing the placement of
EVCS.

2.1 Utilizing Queueing Theory to Assess the
Capacity and Load Distribution of EVCS

This section describes a technique that uses user
equilibrium, M/M/s queueing theory, and Yao
et al. [30] to simulate the size and load profile
of EV quick CSs. According to Yao et al [30],
the traffic allocation problem is initially
resolved using user equilibrium to determine the
pace at which cars arrive at the CS. Using
queueing theory, the next step calculates the fast
CS's capacity based on the number of vehicles
requesting charging and their maximum wait
time in line. In accordance with queueing theory
and Markov theory, a mathematical model for
the fast charging station's demand is finally
presented by Bae and Kwasinski [31].

2.2. Mechanism for Allocating Traffic Using
Consumer Equilibrium

One popular model for traffic modeling in cities
is the User Equilibrium (UE) traffic allocation
model. According to Xiang et al [32], this model
assumes that drivers automatically try to
maximize their travel time by taking the
quickest and most cost-effective route, which
has an impact on how the power system
operates, as stated by He et al [33].
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Define Objectives and Constraints

v

Model User Behavior using Queuing Theory

¥

Simulate Load Uncertainty with Monte Carlo
Method

Y

Implement Optimization AlgorithmsPSO and GA

!

Evaluate Charging Station Placement

V

Analyze Voltage Profile and Network Losses

!

Compare Results of PSO and GA

¥

Determine Optimal Charging Station Locations

4

385

End Simulation and Report Findings

Fig. 1. Flowchart for Simulation Process.

To model traffic using the UE model,
various algorithms can be employed, such as the
Frank-Wolfe algorithm, the external effects
algorithm, and the simultaneous algorithm.
These algorithms aim to find the equilibrium
traffic that creates the best distribution of
drivers across different routes in the city. Based
on the results obtained from the UE model in the
traffic network G(N', Q'"), where N represents
traffic nodes and Q' represents traffic arcs,
traffic can be controlled in areas with the highest
demand, allowing for the establishment of CSs
in those regions. Yudai et al [36] formulate the

UE problem with the goal of volume on arcs at
each interval as
minf,
Xmn
= Z f Pmn(@)dw .
(mn)eQTL 0
In the above relationship, p;,, (w) is the Travel
time-arc volume function mn. Some of the
constraints that make up the suggested
optimization problem are given by

> = s @

q€0rs

(1
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Traffic allocation model based on

user equilibrium and Marko theory

v

Calculation of the arrival rate of cars
based on their probable behavior

h

r

Calculating the probability of
charging each car at the
charging station using
Marco's theory

v

Calculation of the possible load of
each electric vehicle charging station

h

y

the end

Fig. 2. Examining the steps involved in figuring out an EVCS's capacity and power demand Timouri [34].

qu'S 2 0

Xmn = Z Z Z fq”(?f;fn,q

7ENT seNT q€Qyg

In this context, f7° represents the traffic
volume or flow on path q between origin r and
destination s, while q. indicates the travel
demand between origin r and destination s. Xumn
is the traffic volume on path mn, and &5, 4 is a

3)
“)

binary variable, taking a value of 1 if arc mn is
part of path q between origin r and destination s,
and 0 otherwise. Q. denotes the set of all
possible routes between origin r and destination
s. Eq. (2) guarantees the conservation of flow
within the network, meaning the total flow
across all paths between each origin-destination
(O-D) pair is equal to the travel demand for that
specific O-D pair. Equation (3) establishes a
non-negativity constraint on the traffic flow for
path q between origin r and destination s, while
Eq.(4) defines the relationship where the flow
on arc is the sum of the flows across all paths
that include arc mn. Farkas and Szlics and
Prikler [37], Aimsun, a micro and macro
simulation software, was used to solve the User
Equilibrium (UE). If we represent fi, as the

traffic flow handled by the K« CS at time t, then
fi, can be determined based on the traffic
allocation results at time t, as outlined in

NI AT

TENT seNT q€Qyg

)

(Aghapour et al. [35]). In the equation above,
Ok is abinary variable (representing the traffic
flow between the origin-destination pair rs
managed by charging station, k), and Uk is the
decision variable that determines whether a CS
is built or not. In other words, U indicates the
number of vehicles that have passed through
traffic node k.

2.3.Using Queue Theory and Markov Chains
to Model the Capacity of EV Fast CS

With this approach, a Markov chain can be used
to determine the likelihood that an EV can be
charged at a fast charging stationlIn this case, the
probabilistic Markov model considered for
charging the batteries of electric vehicles [36].
The following is a description of this strategy's
numerical simulation: The maximum quantity
of batteries for electric vehicles is denoted by N.
Therefore, equations
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Py =
(cp)”
(N)! (©)
N T
0@t ' Zjmera g ('
:N<c
Py =
(cp)©
(o)! (N—c) 7
N T
o't X gea '
:N<c

can be used to define the chance of EV charging
if some batteries (those that are currently being
charged) are represented by N, Farkas and
Szlics and Prikler [37]. In the above relations,
Py, is the probability factor of electrical usage at
a fast EVCS in the relationships above. A is the
percentage of success of a car in using the
charging converter, [ is the achievement pace of

a car finishing its battery charge, and p = Ciu: the

traffic intensity rate, where ¢ is a count of
charging devices available for EVs.

3. Developing the Goal Function Formula
3.1. Function Formula of Loss

The transmission capacity of lines in electricity
networks is constrained by inherent losses,
which also place a heavy burden on the network.
Designers aim to calculate these losses using the
Newton-Raphson load flow method and
consider them as a critical factor in the objective
function equation. In this context, power losses
(MVA) in the transmission line are calculated
using
NL
Total Losses(MVA) = SLy;

[ (8
= Z(Sij +Sji)

k=1
where S Lij is the losses in the wiring path across
buses i and bus j, S;;: complex power passing
from bus i to bus j, and Sj; this is the inverse of
S;j. Furthermore, the network's transmission
line count is indicated by NL. These quantities
are calculated as

Sy = Vil (10)

where [jrepresents the complex current flowing
through the transmission line connecting bus i
to bus j, Virepresents the complex voltage at bus
i, and V;j represents the complex voltage at bus

J-
3.2. Voltage deviation function

When choosing the best capacity and location
for electric vehicle parking, this paper also aims
to minimize voltage deviation in the
power network. The voltage deviation amount
is determined using

Nb

Vtandard Vi 2
o= D (- )
VBase VBase (1 1)

i=1

3.3. Constraints of the Problem

To maximize the intended goal function, the
following constraints must be considered. By
changing the maneuver points of the distribution
network, a new configuration is created.
However, it cannot be said that every newly
found configuration is always suitable. As a
result, the network configuration that emerges
from every modification needs to follow these
guidelines: Relation (13) displays the allowable
current flow through the lines, while Relation
(12) displays the allowable voltage range at the
nodes. However, the network's continued
radiality after placement is the primary
limitation in the location problem within a radial
network. The network's radial structure ensures
that no node in the network is left without power
and that no loops are formed. Two
straightforward computations are employed in
order to meet this constraint. That is

Vmin < Vi < Vmax (12)

Imin < Ii < Imax (13)
The first computation (a prerequisite) requires
that the network circuit's line count be one fewer
than its bus count. After assessing the first
calculation, the determinant of the branch-node
incidence matrix is used to complete the second
calculation (sufficient condition) to avoid bus
isolation, as indicated by

det(A) =1or—1 (14)
det(4) = 0. (15)
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Increasing the electricity passing through the
transmission lines boosts their temperature
since power lines have a limited thermal
capacity. As a result, the power flow constraint
on the transmission lines, defined by

Pim < Pp; < PYIAX (16)
is one of the key factors that must be considered
to address the current problem effectively.

3.4. An explanation of the system's objective
function

In contrast to traditional optimization issues,
which usually yield a single optimal solution,
the optimization model presented in this study
is constructed as a multi-objective problem,
containing numerous conflicting objectives.
Within this framework, the decision-maker can
select a preferred solution from the set of points
on the Pareto front, as any solution meeting the
defined constraints is considered optimal. To
achieve the goals of optimal and secure energy
placement and management within the given
constraints, it is essential to collect a variety of
data. This information must be calculated for
every hour of the preceding day and comprises
unit scheduling, the generation capacity of
every controlled DGunit, and power
transactions with the main grid.

The main objective of this thorough planning
approach is to guarantee the network's safe and
efficient functioning while taking into account
all pertinent technological factors. An
optimizing multiple goals formulation centered
on the GWO algorithm is used to tackle the
problem in order to achieve this. The balancing
and optimization of several objectives linked to
network energy management and operation is
dealt with using

min{F;(Pp¢,-Si)} (17)

which defines the planning issue with a multi-
objective function. In Eq. (17), Fi stands for the
goal functions specified in the placement
problem in the equation above, which are

dependent on the independent variables Ppg,
(capacity of DG) and Lpg, (location of

distributed generation resources).
Consequently, the following formulation of the
goal's functions in this situation is possible:

FI(PDGi'LDGi) = TOtal COSt =

Cov(Ppy) +  Cut(Pye)  +
— ~—
PV Cost wind turbine cost

Cyr(Pur)  +Cpg (PDg) +

microturbine cost Deiel cost (18)
Cutility(Putility) +
N— o
utility cost
Cpr(Ppr) + Cey (Pgy)
SN——— —
Demand Response cost EV Cost
NL
FZ(PDGi'LDGi) - LOSS@S - SLij (19)
k=1

F3(Ppg,-Lpg,) = Voltage Deviation =

Nb Vv, \2 (20)

Z (Vs tandard i )
VBase VBase

i=1

oo Loy = (1= 3 D) 22)
: : P I (F)
Fo(Po,. Lpg,) = EENS (23)

In a distribution network that integrates various
generation and consumption resources as well
as connected microgrids, there is always the
potential for bidirectional energy exchange
between the grid, microgrids, and other energy
resources. In order to optimize overall
advantages, this system balances various
objectives while every goal's function aims to
accomplish its own specialized goals. Thus,
taking into account the different ways that
microgrids can operate, the multiple goal
functions that represent the network's overall
management of energy program  are
mathematically constructed as follows. The
formulation given by

min{OFrotqi} =

OF,

OF,
[X12 X12 -+ ka] 32. (24)

OF,

aims to optimize energy flows and system
performance while ensuring the safety,
reliability, and efficiency of all network
components. In Eq. (2) xpkis the weighting
factor for the objective functions presented in
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Egs. (18) to (23). All events and system
attributes must be considered when assigning
weighting coefficients to the objective function.
These factors include the system’s operational
status during repair or replacement, the time
required for replacement, and the probability of
failure of wvarious system components.
Additionally, fault events must be taken into
account based on their duration and location in
the system, as each introduces different
operating  conditions. The  weighting
coefficients are adjusted accordingly to reflect
these factors and ensure that the optimization
process accurately represents the system’s
behavior under various failure and recovery
conditions. This method makes it possible to
optimize the system more precisely and
effectively,  which raises its overall
dependability and effectiveness.

3.5. GWO Algorithm-Based Encoding

In order to use the algorithm known as GWO for
computations, the goal equation's variables have
to be encoded. In this study, two key
parameters—installation placement and
capacity of EVCSs are encoded. Each parameter
is represented by a number or "wolf" in a single
dimension. The first number corresponds to the
location of the distributed generation source,
while the second number indicates the distance
of each wolf to the target, which determines the
capacity of the distributed generation resources.
The problem is then formulated based on
Eq.(24). Table 1 provides an example of
encoded locations for charging stations,
illustrating how the algorithm encodes these
locations and integrates them into the
optimization process. In the GWO algorithm,
the Alpha represents the best available solution,

while the Beta and Delta correspond to the
second and third best solutions, respectively.
The remaining solutions are classified as
Omega. The Alpha and Delta wolves in this
algorithm dominate the hunting process, while
the remaining wolves follow these three leaders.
The attack begins when the Alpha wolf leads the
pack, and the prey is encircled by the wolves
and unable to flee.

The reduction vector an is utilized to model this
operation. The vector a in this model is given a
value at random from [—2a, 2a]. As a decreases,
the coefficients of vector A also decrease. The
Alpha wolf and other wolves approach the prey
more closely if |Al<I, while they move away
from the prey if |A[>1. In the GWO algorithm,
all wolves adjust their positions based on the
positions of the Alpha, Beta, and Delta wolves.
This iterative process continues until the
optimal point, representing the prey’s position,
is reached.

3.5.1. Surrounding the Prey by GWO

Grey wolves encircle their victim while hunting.
The behavior of the wolves during this
surrounding process is represented through a
mathematical model given by

D=|C.X,(t) —X(b), (25)
X(t+1)=X,(t)—A.D. (26)

In these equations, t represents the current
iteration, A and C are coefficient vectors, Xp
denotes the position of the prey, and X indicates
the position of the wolf. The GWO algorithm
computes vectors A and C in this order:

A=2a7—a. @7)

Table 1. Encoded dimension for the Gray Wolf algorithm

Location (Bus number)

nominal values (KVA)

EVCS (1) 3
EVCS (2) 21
EVCS (3) 12

EVCS (4) 14

600
800
700
500
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Although 1, and 1, are vectors that are randomly
generated between a range of [0, 1], the
parameter A in the aforementioned equations
declines linearly from 2 to 0 over the algorithm's
repetitions. The Alpha wolf usually takes the
lead in the hunting effort; however, the Beta and
Delta wolves may occasionally assist.
According to the mathematics theory of grey
wolf action while hunting, Alpha, Beta, and
Delta wolves are said to have superior
awareness of the possible locations of the prey.
Hence,

7= A

Dg = |G- Xp = X| (29)
Ds = |C5. X5 — X|

=4, ()

Xy = Xg = Az. (Dp). (30)
X3 =Xs — A3 (Da)-

> X1+Xo+X

3.5.2.Search Stage

The hunting and search phases of the process are
completely different. When |A[>1, the wolves
separate from one another to pursue the prey. In
contrast, they approach one another during the
attack phase (when |Al<1) after tracking the
prey. Common terms for the method of
diverging during the search and convergence
during the attack are "exploration-divergence"
and "exploitation-convergence."

- Exploration: When |Al>1, the wolves
distance themselves from the prey and
search the space more effectively to
locate it.

- Exploitation: The wolves approach the
prey and use the information they have
obtained to improve the solution when
|AI<].

The role of the vector C: The vector C
represents natural obstacles that prevent wolves
from rapidly approaching the prey. This vector
is weighted toward the prey and makes it more
challenging for the wolves to reach it. Unlike
the vector a, C does not decrease linearly from
2 to 0; instead, it remains constant within the

range of 2 to 0, maintaining its influence
throughout the optimization process.

3.5.3. Algorithm Process

All potential solutions are computed at the start
of the procedure, and the top three are chosen to
be the Alpha, Beta, and Delta wolves.
Throughout the program, these choices are kept
constant. The prey's position is estimated by the
three best solutions (Alpha, Beta, and Delta)
utilizing optimization equations in each
iteration.

The different answers (Omega wolves) adjust
their places dependent on the Alpha, Beta, and
Delta wolves' positions after each iteration.

The vector a (and so A and C) is modified in
every iteration.

The position of the Alpha wolf is identified as
the ultimate ideal spot at the conclusion of the
iterations.

3.5.4. Optimization Process Flowchart

Figure 3 illustrates the flowchart of the
optimization process, depicting the overall
execution of the Grey Wolf Optimization
algorithm. This flowchart includes various
steps, such as calculating and updating positions
and monitoring stopping conditions to reach the
optimal point.

4.The outcomes of the simulations
4.1.Data input for the case study

The standard IEEE 33-bus power test network is
used, as illustrated in Fig.3, to test and validate
the suggested approach for determining the
capacity and best location of EVCSs while
taking uncertainties into account. Before and
after the charging stations are installed, the
network's modeling results are examined and
contrasted.

In this study, DERs such as WT, PV systems,
microturbines, diesel generators, and energy
storage systems are integrated into the network
under analysis. To model the uncertainties
associated with load demand, solar irradiance,
temperature, and wind speed, the Monte Carlo
method is employed.
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Fig. 3. Flowchart of the Gray Wolf algorithm optimization process.
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Fig. 4. Schematic of a standard IEEE 33-bus.

In this context, the PDF for the load points is
illustrated in both 3D and 2D graphs in Fig. 5.
As observed in Figs. 5.a and 5.b, the load points
at each bus do not have a fixed value; instead,
the load values at each bus are represented as
ranges with varying probabilities of occurrence.
This variability results in random load values
during each iteration of the Monte Carlo
simulation based on the shown probability

density functions. Additionally, the load
variation coefficient for each hour of the 24-
hour daily cycle is depicted in Fig.6.
Furthermore, the PDF of wind speed for the
wind power plant and the data for solar
irradiance and ambient temperature for the
photovoltaic plant at the studied site are
presented in Figs. 6 through 8, respectively.
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4.1.1. Cost function of photovoltaic
systems and temperature and radiation
profiles

In this section, Eq. (30) specifies the cost
function of the PV system to optimize the
objective function given by

Cpy = 29.55 + 1.15Pp, .
Breakdown of Elements:
1. Cpy:

- This represents the total cost associated with
the PV system. It could encompass initial capital
costs, operational and maintenance costs, or

other economic factors that contribute to the
overall expenditure related to the PV system.
2. Ppy:

- This indicates the PV system's power output,
which is commonly expressed in megawatts
(MW) or kilowatts (kW). It shows how much
electricity the solar panels are producing at any
particular moment.

3. Constant Term (29.55):
- This is a fixed cost component that may

represent baseline expenses such as installation,
fixed operational costs, or other costs that do not

(32)

vary with the PV system's power output. It
indicates that there are inherent costs associated
with having the system in place, regardless of
how much power it generates.

4. Coefficient (1.15):

- The PV system's variable cost per unit of
power is indicated by this coefficient. In this
case, it suggests that for every additional unit of
power output (e.g., kW or MW), there is an
additional cost of 1.15 units (e.g., dollars)
associated with that power generation. This
could reflect costs related to maintenance, wear
and tear, or other operational expenses that
increase as power production rises.

4.1.2. The wind profile and turbine cost

function
Similarly,
Py (v)
0 ifv<8
_!&m2+awV+mmw%if8<v< (33)
Py if 12<v<
Lo if 4<v

Cort(Put) = 85 + 1.05P,, (34)
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4.1.3.The microturbine and diesel
generator's cost function

The price function of the diesel generator and
microturbine, taking emission costs into
account for the purpose of optimizing the
objective function are defined by

Cag = (431 + 6.53P4, + 1.047%) +

CFEM! (35)

CFENT = (Cpo, X Coaz + Cs, X S0, +
Choy, X NOy, ) X Ppy .

where

(36)
Ceo, = 1.24.
Coo, = 2:41.
Cno, = 1.28.

In addition, in this context, the emission cost
functions for both sources of generation are
defined by
Cme = (551.21 4+ 4.26P45 + 0.947%)

+ CFEMI 37

mt,t

CFEME = (Cpo, X Coy + Cyp, X S0,

4.1.4.Grid-based electricity purchase tariff

A part of the total price function in this paper
defines the price function for the power
purchase tariff from the grid and is given by

Cutitity = 100 + 8.1 X Pyjjicy . (39)

The objective function introduced in Eq. (24) is
optimized using the GWO algorithm within a
Monte Carlo iteration loop, which models the
uncertainties of generation and consumption, in
order to implement the suggested optimal
placement model taking uncertainties into
account.

4.2. Review and analysis of simulation
results

Figures 10 to 13 display the charging stations'
ideal location and capacity following the
implementation of the optimal placement
program. With the most optimal capacity of 500
kW, bus number 30 has the largest probability
density for the ideal placement of the first CS,
as illustrated in Fig.10. In the meantime, bus
number 12 has the maximum optimal capacity
of 500 kW and the largest probability density for
the second charging station's ideal position, as
shown in Fig.11. Likewise, as illustrated in
Figs. 10 and 13, buses 30 and 2 have 500 kW
and 500 kW capacities, respectively, making
them the best locations and capacities for CSs 3
and 4.

20 25 30

Best Location for DG # 1 (Bus Number)

+ CNOx X NOXDG) (38)
X P
where
Ceo, = 1.24
Cso, = 241
Cno, = 1.28
0.4
0.3
So2
0.1+
o \ \
0 5 10
0.4
0.3
é 0.2 —
0.1+
ol ! L L \
490 492 494 496 498

| 1 | | -
502 504 506 508 510

Best Capacity (KW) for DG #1

Fig. 10. PDF of optimal location and capacity of CS number (1).
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The cost function graphs of the production units
in both before and after the placement scenarios
appear in Fig.15. As seen in this figure, the
highest probability density value of the
production costs in the post-placement scenario
is significantly lower than the production costs
in the pre-placement scenario. As observed in
this figure, even in points with very low
probability density, the production cost values
in the post-placement scenario are much lower
than the total production costs in the pre-
placement scenario.

0.4 — T
before
after

0.35

0.3 —

0.25

On the other hand, in Fig.14, the chart of the
total 24-hour losses for both before and after the
optimal placement scenarios is shown. Similar
to the previous case, in this scenario, the losses
in the most restrictive case (losses with the
lowest probability density) after the placement
are significantly lower than the losses in the pre-
placement scenario. Figure 15 illustrates how
this trend is replicated for the network's 24-hour
voltage deviation index.

0.3

w
o 02+ 0 0.2 1
a
0.1
0.15 — 1
1.96780702 1.96780704 1.96780706
- - . : - Total Generation Cost ($) «108
0.1+ 8.1069826 8.1069828  8.106983 |
Total Generation Cost ($) x 107
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Total Generation Cost ($) %107

Fig. 14. Displaying the probability density function of production costs before and after optimal placement
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Fig. 15. Display of the PDF of the 24-hour total network losses before and after optimal placement.
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Fig. 16. PDF of the 24-hour total network voltage deviation before and after optimal placement

The results of comparing the performance of the
proposed method with other previous
approaches over a 24-hour research period, in
terms of economic, reliability, and network
security indices, are presented in Table (2) for
the optimal placement of distributed generation
resources.

As observed in Table 2, the proposed method

demonstrates superior performance in both
economic and technical indices of the network,
even while considering reliability and security
indices—factors that were overlooked in
previous studies. This demonstrates how well
the GWO algorithm can locate and scale
DG resources inside the power network under
study.
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Table 2. Comparison of the proposed method with other recent modern methods following the implementation of
the distributed generation placement program over a 24-hour period.

Indicator under Voltage Expected System Short circuit
stud . > Energy Not

y Operating ~ Losses deviation : overload level

cost (k$) (KW) Supplied capabilit changes
Status under (ou) (EENS) pabiity g
consideration P (Kwh) (Kw) (pu)
Proposed method 196807.42  10.46 5.0 50.07 2079887.87  0.0027
based on the Gray
Wolf algorithm 4] 4] 4 ™ ™ ™
Adepojuetal [42] 197451 43 1334 5.45 334.91 24075058  0.23
Particle algorithm-
based method & < M
Selim et al [43] 197632.35 11.34 6.28 448,51 312526.61  0.12
Genetic algorithm-
based method & & & & & &
Yu et al [44]
196979.61 - - - - -

Method based on _—
the honey bee ™ = = = = X
algorithm
5.Conclusion minimizing voltage deviations in the network

An extensive overview of EVCSs and their
importance in the power grid from a variety of
angles is given in this study. Given the nature
and attributes of EVs, the distribution level is
where they are connected to the power grid. The
term V2G refers to the combination of EVs as
loads, energy suppliers, and storage units. But
it's crucial to keep in mind that the grid may be
significantly impacted by the concentration of
EVs at charging points. It is necessary to
examine the impact that charging stations have
on the grid because they can behave as loads.
Therefore, to enhance system stability and
reduce outages, the negative effects of these
charging stations—such as increased losses and
voltage profile distortions—must be assessed,
and strategies to mitigate these issues should be
implemented.

Because of this, EV charging station
placement is essential for avoiding voltage
variations and network losses. This paper
presents a method aimed at reducing losses and

while accounting for uncertainties and the
probabilistic behavior of EV owners. It
introduces a model for EV charging stations and
defines an objective function for their optimal
placement. This approach is grounded in
queuing theory. To determine the optimal
placement and capacity of EVCSs within the
standard 33-bus distribution network, the
proposed method is ultimately simulated and
validated.

Due to differences in power distribution and
power flow over the network lines, the
simulation results show that the position of the
EVCS inside the network has a substantial
impact on the levels of losses and voltage
deviations. Both GA and PSO were used in this
paper to determine the best location for EVCSs.
Because the network sees fewer voltage
variations and losses when optimized using PSO
as opposed to GA, the simulation results show
that the PSO method works better than GA in
identifying the ideal site.
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