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Abstract: - The stochastic nature of electric vehicles poses significant challenges to the radial distribution systems. In this paper, the
electric vehicle load is modelled using a Monte Carlo Simulation (MCS) framework by considering key parameters such as initial
state of charge, final state of charge, and charging start time. The peak EV demand obtained from the MCS analysis is considered as
the electric vehicle charging station (EVCS) load, and three optimal EVCS locations are determined using a new optimization
algorithm called the pelican optimization algorithm (POA). A multi-objective optimization problem is formulated and tested on the
IEEE-69 and IEEE-85 bus radial distribution systems. Coordinated placement of three EVCSs with three types of distributed
generation (Type-I, Type-II, and Type-III) is carried out and benchmarked against Particle Swarm Optimization (PSO). Turning to the
result highlights, the MATLAB analysis reveals notable outcomes. Specifically, in the IEEE-69 bus system, power losses reduced by
97.93%, AVDI decreased to 0.000002 p.u, and the VSI increased to 0.976979 p.u. In the IEEE-85 bus system, losses reduced by
92.49% and AVDI decreased to 0. 000049 p. u. Meanwhile, VSI reached 0.939066 p.u. Furthermore, POA exhibits improved
convergence behaviour and overall performance, highlighting its effectiveness for EV-integrated distribution network planning.

Keywords: Electric vehicle charging stations, Monte Carlo simulation, Pelican Optimization Algorithm, Particle Swarm
Optimization

1. INTRODUCTION

The continuous growth of the global population has led to a significant increase in demand for transportation and electricity
generation. Both sectors are heavily dependent on fossil fuels as their primary energy source, resulting in a surge in their
consumption over recent decades [1]. According to studies presented in [2], production will rise by 54% in the transport industry by
2035, which will increase prices and air pollution due to significant demand
This causes fluctuations in energy prices and increases economic vulnerability, but also generates extensive greenhouse gas (GHG)
emissions, particularly carbon dioxide (COz), which is the leading contributor to anthropogenic climate change.

Furthermore, continued reliance on fossil-based infrastructure undermines long-term energy security, as non-renewable
resources are being exhausted at rates far exceeding their natural formation. In this regard, the promotion of electrified, low-carbon
transportation systems—such as electric vehicles with integrated distributed energy generation technologies—has emerged as a
promising strategy. These advancements not only contribute to emission reduction but also enhance the resilience and efficiency of
modern energy systems.

Effective planning and operation are essential elements for minimizing operational risks associated with the utilization of
existing distribution networks and accommodating a substantial number of EVs. To support a thorough study of distribution
networks incorporating EV charging stations, modelling the charging loads related to electric vehicles (EVs) is an essential task.
The majority of the research considered EV load as a constant power load, neglecting the inherent stochasticity associated with EV
user behavior. In practice, EV charging demand is highly uncertain, depending on several random factors, including arrival and
departure times, initial and final state of charge (SOC), charging duration, battery capacity, and charging power levels. The
development of mathematical modelling of EV load patterns becomes a key aspect that allows scientists to conduct more realistic
studies to forecast energy demand and propose solutions to problems that may arise [3]

Probabilistic load modelling methodologies utilising Monte Carlo Simulation (MCS) have garnered heightened interest in
contemporary literature [4]. The EV load estimating process using MCS is conducted using several samples created from PDFs,
depending on the input data. In [7], the demand for MCS EV charging is assessed, along with its effects on voltage profiles and line
congestion in radial distribution networks [5]. In [6], spatio-temporal charging load curves are produced based on realistic user
behaviour, whereas in [7], aggregated charging demand is predicted using advanced probabilistic methods

From a power system planning perspective, the stochastic increase in real and reactive power demand introduced by EV
charging stations can significantly deteriorate voltage profiles and increase power losses, particularly in radial distribution systems.
To alleviate these adverse impacts, the integration of distributed generators (DGs) has been widely recognized as an effective
solution. Depending on their operational characteristics, DGs are generally classified as Type-1 (real power injection only), Type-
2 (reactive power injection only), and Type-3 (supplies both real and reactive power) [8].

The majority of the studies have shown that the combined operation of EVCS and DGS has improved the voltage profile,
real and reactive power loss reduction, feeder loading, voltage stability indices, and overall hosting capacity of distribution networks.
The researchers in [9] used the grasshopper optimization algorithm (GOA) and introduced a two-stage fuzzy multi-objective
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approach for optimal placement and sizing of DGs, shunt capacitors, and EVCSs. The objectives included loss minimization, voltage
profile improvement, and cost reduction

In [10], the Political Optimization Algorithm (POA) is employed to optimally allocate renewable DGs and EVs with the
objectives of real power loss minimization and voltage profile improvement. The authors in [11] investigated the optimal siting and
sizing of EV charging stations and DGs using metaheuristic optimization techniques. Researchers in [12] proposed a competitive
algorithm for the coordinated placement of DGs, capacitors, and EV charging stations, targeting loss minimization and voltage
deviation reduction. In [13 metaheuristic-based multi-objective planning framework is presented for EVCSs and DGs,
demonstrating that coordinated integration significantly enhances overall distribution system performance.

From the literature survey, we can observe that most studies addressing MCS-based EV load modelling do not jointly
consider the optimal integration of DGs. Conversely, DG planning studies often assume deterministic or average EV loads, thereby
neglecting the uncertainty inherent in real-world EV charging behaviour.

In this paper, an integrated planning framework is presented that combines Monte Carlo—based EV load modeling with the
optimal placement and sizing of different DG types. A multi-objective function is developed to mitigate the average voltage
deviation index and power losses, while enhancing the voltage stability index in distribution networks.

II. EV LOAD MODELLING

Load modelling of EV is highly stochastic, as it depends on many random factors, which must be quantified before
calculating daily charging load profiles. Initial SOC, final SOC, and charging start time are some of the factors considered in this
paper. The Monte Carlo simulation method is used to determine the probability distribution functions of parameters required for EV
load modelling.

A. Initial state-of-charge (SOC): The initial soc is the SOC of the EV battery just before switching to the charging mode. The initial
SOC may be influenced by variables such as the duration required for an electric vehicle (EV) user to travel to and from their
workplace.

Figure 1 illustrates the initial battery State of Charge (SOC) distribution for charging events from The EV Project, which
analysed 3,499 Nissan Leaf vehicles (October—December 2013) [14]. A beta distribution with shape parameters o = 3.28 and =
3.27 effectively models this initial SOC distribution [15].

Battery State of Charge (SOC)
at the Start of Charging Events
45%
40% _—
35%
30%
25%
209% P Qv[\;:lyi‘c—’fr:om—home
15%
10%
5%
0%

Home
location

Percent of Charging Events

SESSSS LSS S

PN N S
TESFSISFEFITS

Charging Event Starting SOC (%)

Figure 1: Initial Battery SOC Distribution from The EV Project [14].
The beta distribution [16], denoted Be (a, ) for positive scalars a and B, is a continuous probability distribution on [0, 1] whose
probability density function is given as:

_ xa—l(l_x)/i—l
flx) = T for 0<x <1 )
where, Be (o, B) = [, x%7 (1 — x)#* dx )

A histogram of the initial SOC data from the EV Project, along with the fitted beta distribution, is shown in below figure 2
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Figure 2: Initial SOC histogram with fitted beta pdf

B.Final State-Of-Charge: The final SOC could be due to a variety of reasons, such as their daily driving range, the rate of charging
of their home charger, or the time at which charging begins.

Figure 3 illustrates the distribution of SOC after charging events for the same cohort of Nissan Leaf vehicles within the
aforementioned reporting period. Generally, EV users tend to charge their cars to nearly full capacity before commencing their
travels.
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Figure 3: Final SOC distribution pack
The final SOC distribution is modeled in two segments: levels up to 80% are fitted with a beta distribution o = 5.51, = 0.16, as
shown in Figure 4; whereas the range from 80% to 100% is modeled by another beta distribution o = 14.59, f = 0.67, illustrated in
Figure 5 [16].
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Figure 4: Final SOC with beta parameters .= 5.51 and = 0.16 Figure 5: Final SOC with beta parameters o = 14.59 and 3 = 0.67

C.Charging Start Time: The start time for charging is inherently unpredictable and varies both daily and between individuals.
However, when considered collectively, charging behaviour shows patterns that are suitable for probabilistic analysis modelling.
This paper examines the start times of charging events data from 85 electric vehicles (EVs) collected between 2015 and 2017 in
Texas, Colorado, and California [17]. Since no standard probability distributions fit the observed pattern, a custom probability
density function is created.

Tty

Figure 6: A histogram showing the sampled distribution of charging start time

D.Charging Duration Period: The charging duration can be obtained as

SOC¢— SOC;)CapEv;
To, = SO 20CCRRY e, (3)
PEyi X0

Where Tryi represents the charging duration, SOC; is the final SOC, SOC; is the initial SOC, CapEv; is the battery capacity,Pf,; is
the charging power, 1 is efficiency, N.is the total No. of EVs
The total charging load PEY ; (t) is calculated by accumulating the charging power across all time periods, and is calculated as
below.
Ploaa () = ZA1 PEY (D) “

Where PEY (t) represents the charging power of the nth vehicle
E.Algorithm of MCS:

1. Set total EVs N and initialise n=1
Define Monte Carlo iterations M
Sample initial SOC, final SOC, and start time from their probability density functions.
Calculate the required charging demand and charging time
Record the nth Ev’s load profile
Repeat for all EVs and sum individual profiles to get the total load curve.

Sk wn
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Figure 7 shows the load profile of 1000 EVs computed using the Monte Carlo Simulation method
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Figure 7: EV load calculated using Monte Carlo simulation

In this paper, we specifically examine the peak load of 1,000 EVs, which reaches 1,595 kW, to determine optimal locations of three

EVCSs and to assess their impact on the distribution system.
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Figure 8: Flowchart of EV load calculation using Monte Carlo Simulation

III. PROBLEM FORMULATION
A. Load Flow
Conventional load flow studies, like Gauss-Seidel, Newton-Raphson, and Fast Decoupled load flow methods, are not
suitable because of the high R/X ratio of distribution networks. Hence, the Direct Load Flow method is used for distribution

networks, which gives better results. This load flow uses two matrices: bus injection to branch current matrix (BIBC) and bus current
to bus voltage matrix (BCBV) matrices to calculate the power loss.

In the radial distribution system, the voltage at the k+1 bus is given as

Vierr = Vie = IRk + J * Xigk1) (5)
Here Vi, Vi.y1 , are the voltages at kth and (k+1) th buses. Ry .41, Xk k+1) are the resistance and reactance, I is the branch current.
The branch current I is calculated using bus injection to branch current matrix (BIBC) as

I=[BIBC] I (6)
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The current injected at the k+1 bus is given as,

fpy = (Pk+1+‘Z(Qk+1) 7)
Where Py, ;, Qr4q are active and reactive power demands at bus k—+1.
The power loss of the line section connecting buses k and k +1 may be computed as

Pross (R k+ 1) =Ry = (T ®)

Quoss (kK + 1) = Xy * (TE22E) ©)
The total losses are obtained as below

Poos = YRy Pross (k k+ 1) (10)

Qi = F; Quoss (kk+1) (11)

B. Objective Function
The objective function of the paper is to minimize power loss, AVDI, and enhance VSI.
Active Power Loss: EVCSs impose substantial load demands, thereby increasing active power loss when they are placed at optimal
nodes within the distribution network. Hence, the aim is to minimize the active power loss and is given as:
fu(l)=min 3,27 Ry * I? (12)
Average Voltage Deviation Index: A node's voltage deviation index is the difference between the node’s actual voltage and the
reference voltage (1 p.u.) in a network. The AVDI represents the average VDI across all nodes in the network. A lower value
signifies greater voltage stability, and it is given as
Lol =2 Zhoi11=Vy| ? (13)
Voltage Stability Index (VSI): The maximum Voltage Stability Index (VSI) of the distribution system indicates that the bus can
maintain its voltage profile within acceptable limits, even under varying loading conditions. It is important to keep the VSI of all
buses in the distribution system close to unity to ensure the safe operation of the system, and is given as
fa U= Viel * =4 * [PyaXjm Quar R1*-4* [PryaRim Qusr Xj] Vil 2 (14)
In this study, three different objective functions are developed to (i) reduce the real power loss, (ii) minimize the Average
Voltage Deviation Index (AVDI), and (iii) enhance the Voltage Stability Index (VSI). This multi-objective optimization problem is
formulated using a weighted-sum approach and is expressed as:

F(k) = min [ wi(fi(k) +wa(fa(k) +ws @ (15)

where wl accounts for 50% of the impact on power losses, w2 represents 20% of the effect on AVDI, and w3 reflects 30% of the
influence on VSI.

C. Operational Constraints

Power balance constraints

P+ Ppgs= Proad + Pross + PLEde (16)
Voltage Constraints

Vinin £ Vi £ Viax K=1,2,3, ...... Npyus (17)
Power Limits of DGs

DGmin < DGSizing < DGmax (1 8)

Where DGsiying limits are in kW, kVAR. kVA for Type I, II, and III DGS, respectively.

IV. OPTIMIZATION ALGORITHMS

A. Particle Optimization Algorithm

Particle Swarm Optimization is a metaheuristic approach, first introduced by Kennedy and Eberhart in 1995[18]. PSO is a
population-based stochastic optimization algorithm that addresses various search and optimization challenges by mimicking the
collective intelligence observed in natural swarms such as bird flocks and fish schools.
It works on a swarm of N particles in a search space with D dimensions. Each particle is a possible answer to an optimisation
problem. Each particle progressively adjusts its position by incorporating its previous velocity vector, its individual optimal position
(pbest), and the collective optimal position (gbest) disseminated throughout the swarm. [19]
Two fundamental equations govern particle dynamics in PSO. For particle i, the velocity and position updates are formulated as:
Velocity Update Equation:

Vikl= okx Vi1 + Cpx rand;x (Pl - XF)+CoxrandaX( Glegr;-XF)  (19)

The inertia weight used is calculated using the equation
wmax— wmin

O =Omax - ( —) <k (20)
Position Update Equation:

XfH = X§ + v (1))
Where n represents the number of particles in the search space

Algorithm for PSO:
1. Initialize data, EVCS, and DG numbers.
2. Set the number of iterations and other parameters of PSO along with EVCSs and DG lower and upper bound limits.
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Initialize the velocities and positions of the particle's population in the swarms.
Set the iteration to one.
Perform the load flow analysis and evaluate the best particle's index, velocities, position, and power losses.
Determine the Global optimum and Local optimum
According to Equations (28) and (30), update the velocities and locations.
The optimal value is assessed, and the optimal particle index for EVCS and DG is identified
. Update the Gbest and Pbest of swarms.

10. Repeat steps 6—12, incrementing by 1, until the maximum number of iterations is attained.

11. Print the best solution and end.
B. Pelican Optimization Algorithm
The proposed algorithm, POA, is a nature-inspired metaheuristic introduced by Trojovsky and Dehghani in 2022[20], drawing its
inspiration from the cooperative hunting strategies employed by pelican colonies. These aquatic birds exhibit remarkable group
coordination when pursuing prey, utilizing a two-stage approach: first identifying and approaching fish schools, then spreading their
wings across the water surface to corral prey into their throat pouches. This hunting behaviour translates into a computational
framework where pelicans represent candidate solutions that evolve through exploration and exploitation phases.
The algorithm's key advantage lies in its simplicity and derivative -free operation, making it suitable for non-differentiable,
multimodal, and complex optimization landscapes. We present here the mathematical formulation and operational principles of this
relatively recent addition to the family of swarm intelligence algorithms.
The initialization of the population is done by

Xij = ljt+rand. (-l ) ,i=1,2,...,N,j=1,2....m (22)

Where X (i,j) denotes the value of the jth variable as defined by the ith candidate solution, 1j signifies the jth lower bound, and uj
denotes the jth upper limit of the problem variable, rand is a random number in the interval [0, 1], N represents the number of
population members, m indicates the number of problem variables
In this POA, the population of pelican agents is represented by a population matrix. Each row corresponds to a candidate solution
vector, while each column denotes the recommended values for the decision variables

R R

X1 X1,1 e Xl.i * Xim
X= Xi - Xi,l Xi,j Xi,m (23)
XN XN 1 e XN o XN
Nxm ’ )] M-N s m

where X is the population matrix, and Xi represents the ith individual pelican.
The above initial populations are used to determine the objective functions in the vector form, as shown below

Fy [F&X)
: [ & ]

F=|F = r'(xi)‘ (24)
F'N Nx1 F()'(N) Nx1

The POA approach is represented in two phases based on pelicans' hunting behavior. The hunting behaviour is simulated using two
phases
(i) Moving towards prey
Exploration entails moving toward the prey, whereas exploitation necessitates gliding on the water’s surface. During the initial
phase, pelicans randomly identify and approach their prey within the search space, mathematically represented by the equation
p, [Xij *+rand. (pj —1lxij), Fp<F
Xij = (25)
Xjj + rand. (xi_i - pj ), else
where Fp represents the prey objective function value.
A pelican agent's new position is accepted only if it yields a better objective function value. This effective updating criterion steers
the algorithm away from suboptimal regions, avoiding premature convergence to local optima.
The position of the POA is updated using the equation below
P1 pP1 .
X, = {xi U< F (26)
X; ,else,
(i1). Winging on the water surface
During this phase, pelicans use the surface of the water to push fish up by spreading their wings, thereby catching the fish in their
throat bag. Pelicans capture a greater quantity of fish in the region targeted by this method. During this phase, the algorithm gets
closer to finding better solutions in the hunting zone, which makes it easier to take advantage of POA. This pelican's hunting

behaviour is written mathematically as
xP2=x;; +R. (I-2). (2. rand -1). 27)

Lj

Effective updating has been used to decide whether to accept or reject the most recent pelican position, as shown in the equation
below.

21



J. Electrical Systems 22-1 (2026): 16-27

Py P2 .
X, z{xi B < R 28)

X;,else,
Algorithm Procedure
1. Initialize the bus and line data, EVCS, and DG numbers.
2. Initialize the number of iterations and other parameters of POA along with EVCSs and DG lower and upper bound limits.
3. Randomly initialise the places of the pelican population inside the defined search space limits for EVCS sites and DG
capacity.
4. Set the iteration counter t = 1.
5. Evaluate the fitness of each pelican using load flow analysis and other performance indices for the current EVCS and DG
placement configuration.
6. Identify the global best position (x_best) representing the optimal EVCS and DG configuration with minimum power
losses.
Generate a random prey position within the search space bounds.
Update positions using equations (22)-(28)
Run load flow analysis for all updated pelican positions to evaluate new fitness values.
0. Update the global best position if any pelican achieves better performance (lower power losses) than the current global
best.
11. Check boundary constraints for EVCS locations (valid bus numbers) and DG capacities (within specified limits). Apply
corrections if positions violate bounds.
12. Increment iteration counter: t =t + 1 and repeat steps 7-13, till the maximum number of iterations is attained
13. Print the best solution and end.

= o * N

V. RESULTS AND DISCUSSIONS

A. System Description

The first test system is the IEEE-69 bus distribution network, comprising 69 nodes and 68 branches, with a total real and
reactive demand of 3,803.9 kW and 2,693.1 kVAr. It operates at 12.66 kV and 100 MVA.

The second test system is the IEEE-85 bus distribution network, comprising 85 nodes and 84 branches, with a total real
and reactive demand of 2,570.28 kW and 2,622.08 kVAr. It operates at 11kV and 100 MVA.

Three different scenarios are addressed in this work on two IEEE systems to validate the methodology.

Scenario 1: Base case

Scenario 2: Optimal placement of three EVCSs

Scenario 3: Optimal placement of three EVCSs with three DGs of different types

B. Results of the IEEE-69 bus system
Scenario 1: Base case
With the load flow analysis on the first test system, the base case real power and reactive power losses are
224.8807kW and 102.64393 kVAr, respectively. The minimum voltage of 0.9092 p.u is obtained at bus 65, whereas the
minimum VSI value is 0.683325 p.u, and the AVDI minimum is 0.001460 p.u
Scenario 2: Optimal placement of three EVCSs
Both the optimization algorithms, PSO and POA, identified the optimal locations for three EVCS as 2,28, 47 for the
IEEE-69 bus. The power loss increased to 225.6047kW. Additionally, VSI is decreased to 0.68332 p.u. and AVDI is increased
to 0.001463 p.u as given in Table 1.

Table 1: IEEE-69 bus system performance before and after placement of EVCS

I Locations | Ploss(kW) | AVDI (p.u) | VSI (p.u) | Vmin (p.u)
Load flow
Base Case | - | 224.9345 | 0.001460 | 0.683325 [ 0.9092
Three EVCS
PSO 228,47 225.6047 0.001463 | 0.68332 0.9091
POA 228,47 225.6047 0.001463 | 0.68332 0.9091

Scenario 3: Optimal placement of three EVCSs with Three Different Types of DGS

The performance of the distribution system with various types of distributed generation systems integrated with electric
vehicle charging stations (EVCS) is evaluated. For Type-1 DG, which supplies only active power, real power losses are reduced
to 68.93% and 69.05% using particle swarm optimization (PSO) and the pelican optimization algorithm (POA), respectively.
Additionally, the minimum voltage (Vmin) increases to 0.9789 p.u. and 0.9790 p.u., while the voltage stability index (VSI)
improves to 0.9182 p.u. and 0.9188 p.u. The average voltage deviation index (AVDI) values decrease to 0.000079 p.u. and
0.000076p.u.

For Type-2 DG, which provides only reactive power, real power losses are reduced to 32.04% and 32.32% with PSO and
POA, respectively. Furthermore, the minimum voltage (Vmin) increases to 0.9305 p.u. and 0.9339 p.u., while the voltage
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stability index (VSI) improves to 0.760689 p.u. and 0.765673 p.u. The average voltage deviation index (AVDI) values decrease
to 0.000694p.u. and 0.000678 p.u.

In the case of a Type-3 DG that supplies both real and reactive power, there is a great reduction in real power losses of
97.38 % with PSO and 97.93 % with POA. The VSI reached 0.976944 p.u. and 0.976979 p.u.AVDI minimized to 0.000005
p-u., and 0.000002 p.u respectively. The minimum voltage has been improved to 0.9942 p.u with both optimisation procedures,
as shown in Table 2.

Table 2: Performance Indices of IEEE-69 bus system

Locations Sizes Ploss(kW) % AVDI VSI Vmin
Reduction (p.u) (p.w) (p-w)
in Loss
Type-1 DG (kW)
PSO |11 585 70.0875 68.93 0.000079 0.918202 0.9789
61 1719
18 311
POA | 11 530 69.8192 69.05 0.000076 0.918788 0.9790
17 380
61 1721
Type-11 DG (kVAr)
PSO |11 1200 153.3084 32.04 0.000694 0.760689 0.9305
17 381
61 1200
POA | 11 1000 152.6763 32.32 0.000678 0.765673 0.9339
18 466
61 997
Type-11I DG (kVA)
PSO |12 598+i185 5.9109 97.38 0.000005 0.976944 0.9942
16 263+i198
61 1683+i187
POA | 11 498+i354 4.6751 97.93 0.000002 0.976979 0.9942
18 379+i251
61 1675+i1195

The voltage profile across various scenarios is depicted in the figure 8. It has been observed that the addition of EVCS
has led to a degradation in the voltage profile. Therefore, distributed generation systems are incorporated to alleviate the effects
on the voltage profile. It can be observed that while the voltage profile is improved with Type -2 distributed generation, it is
still inferior to the other types of distributed generation. Therefore, it is not recommended. Conversely, the Type-3 dg exhibited
an enhancement in the profile nearing unity, which made it the most suitable option for integration to minimise its impact on
the voltage profile.
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Voltage Profile of IEEE-69 bus system using POA
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Figure 8: Voltage profiles of the IEEE-69 bus system, a) with PSO, b) with POA

The convergence curves of different scenarios are shown in the figure 9. Though PSO converges fast, POA yields better
results.
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Figure 9: Convergence curves of the IEEE-69 bus system, a) with EVCS only, b) EVCS with Type-1 DG, ¢) EVCS with Type-2 DG
d) EVCS with Type-3 DG

C. Results of the IEEE-85 bus system
Scenario 1: Base case

With the load flow analysis on the first test system, the base case real power and reactive power losses are
224.8807kW and 102.64393 kVAR, respectively. The minimum voltage of 0.9092 p.u is obtained at bus 65, whereas the
minimum VSI value is 0.683325 p.u, and the AVDI minimum is 0.001460 p.u.

Scenario 2: Optimal Placement of Three EVCs.

Both the optimization algorithms, PSO and POA, identified the optimal locations for three EVCS as 2, 16, and 37 for the

IEEE-85 bus. The power loss increased to 753.6750kW. Additionally, VSI is decreased to 0.4251 p.u. and AVDI is increased
to 0.22365 p.u.

Table 3: IEEE-85 bus system performance before and after

placement of EVCS
Locations Ploss(kW) AVDI VSI Vmin
(p-w) (p.u) (p.u)
Base case
Load flow | - | 316.1034 | 0.009778 | 0.576366 | 0.8713
With Three EVCSs
PSO 2,16,37 753.6750 0.22365 0.4251 0.8074
POA 2,16,37 753.6750 0.22365 0.4251 0.8074

Scenario 3: Optimal placement of Three EVCs with Three Different Types of DGS

. With Type-1DG, real power losses are reduced to 74.64% and 74.77%, respectively, with PSO and POA. In addition,

Vmin is increased to 0.9557 p. u,0.9539 p.u, while the VSI improved to 0.834240 p.u, 0.828124 p.u., and the AVDI values
reduced to 0.001300 p.u., 0.001448 p.u.
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Voltage Profile of IEEE-85 Bus System Using PSO
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Figure 10: Voltage profiles of the IEEE-85 bus system, a) with PSO b) with POA

In the case of Type-2 DG, real power losses reduction is of 16.23% and 20.27%, respectively, when utilising PSO and
POA. Furthermore, Vmin has risen to 0.9012 p.u and 0.8969 p.u, while the VSI has improved to 0.659735p.u and 0.647030p.u.
The AVDI values have decreased 0.006668p.u and 0.006790p.u.

Table 4: Performance Indices of IEEE-85 bus system

Locations | Sizes Ploss(kW) | % AVDI VSI Vmin
Reduction | (p.u) (p.u) (p-w)
in Ploss

Type-1 DG (kW)
PSO | 26 2806 191.0923 74.64 0.001300 | 0.834240 | 0.9557

35 539

64 634

POA | 26 2495 190.1649 74.77 0.001448 | 0.828124 | 0.9539

35 547

63 861

Type-2 DG (kVAr)
PSO | 60 1200 631.3418 16.23 0.006668 | 0.659735 | 0.9012

28 1200

48 1200

POA | 26 1200 600.9281 20.27 0.006790 | 0.647030 | 0.8969

35 1200

63 1200

Type-3 DG (kVA)
PSO | 26 2370+i1070 58.1557 92.28 0.000070 | 0.939024 | 0.9844

49 556+i417

60 824+i618

POA | 35 610+i457 56.6182 92.49 0.000049 | 0.939066 | 0.9844

64 815+i611

26 2360+i984
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The results in Table 4 show that Type-3 DG achieves the highest loss reduction, at 92.28% using PSO, followed closely
by 92.49% with POA. The minimum voltage is the same for both, which is 0.9844p.u.

While PSO demonstrated superior performance regarding VSI and Vmin, POA showed overall enhanced performance.
The resulting convergence curves are illustrated in the figure. The voltage profiles with both optimization algorithms are
illustrated in the figure 10. From the convergence curves shown in figurell, we can conclude that POA gives better fitness
values.

Convergence Curve of IEEE-85 bus system for EVCS Placement: PSO vs POA 120 Convergence Curve of IEEE-85 bus system for Type-1 DG: PSO vs POA
T T ol T

1
——pso ——PSO
— —poa — —PoA

teration Number

11a 11b

Curve of IEEE-85 bus system for Type-2 DG: PSO vs POA
T

Convergence Curve of IEEE-85 bus system for Type-3 DG: PSO vs POA|
T

—rey
- —poA

0 50 100 150 Iteration Number
Iteration Number

11c

Figure 11: Convergence curves of the IEEE-85 bus system, a) with EVCS only, b) EVCS with Type-1 DG, ¢) EVCS with Type-2 DG,
d) EVCS with Type-3 DG

VI. CONCLUSION

This study investigated the optimal placement of three electric vehicle charging stations (EVCSs) integrated with three
different types of distributed generation (DG) units in radial distribution networks, employing Particle Swarm Optimization
(PSO) and the recently proposed Pelican Optimization Algorithm (POA). The effectiveness of the proposed approaches was
tested on the standard IEEE 69-bus and IEEE 85-bus test systems, considering the multi-objective function of minimizing power
loss, AVDI, and enhancing VSI.

The results from both test systems unequivocally demonstrate the superior performance of Type-III DG units, which are
capable of injecting both active and reactive power. In the IEEE 69-bus system, integrating Type-III DG resulted in a 97.38%
reduction in active power loss with PSO and a 97.93% reduction with POA. Similarly, in the IEEE-85 bus system, integrating
Type-III DG resulted in loss reductions exceeding 92% with both optimization techniques, also minimizing AVDI and
enhancing VSI are obtained.

In summary, the results affirm that the coordinated placement of EVCSs alongside appropriately selected DG
technologies—optimized via advanced metaheuristics such as POA—can substantially improve the technical performance of
radial distribution systems. Overall, the findings confirmed the superior performance of the new metaheuristic technique, POA,
making it suitable for future large-scale, multi-objective planning studies involving high penetration of electric vehicles and
distributed energy resources
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