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Abstract

This study aims to provide an efficient framework for the coordinated integration of AC
and DC chargers, intermittent solar Photovoltaic (PV) Distributed Generation (DG) units,
and a Distribution Static Compensator (DSTATCOM) across residential, commercial, and
industrial zones of a Radial Distribution Network (RDN) considering the benefits of various
stakeholders: Electric Vehicle (EV) charging station owners, EV owners, and distribution
network operators. The model uses a multi-zone planning method and healthy-bus strategy
to allocate Electric Vehicle Charging Stations (EVCSs), Photovoltaic Distributed Genera-
tion (PVDG) units, and DSTATCOMs. The proposed framework optimally determines
the numbers of EVCSs, PVDG units, and DSTATCOMs using Harris Hawk Optimization,
considering the maximization of techno-economic benefits while satisfying all the security
constraints. Further, to showcase the benefits from the perspective of EV owners, an EV
waiting-time evaluation is performed. The simulation results show that integrating EVCSs
(with both AC and DC chargers) with solar PVDG units and DSTATCOMs in the existing
RDN improves the voltage profile, reduces power losses, and enhances cost-effectiveness
compared to the system with only EVCSs. Furthermore, the zonal division ensures that
charging infrastructure is distributed across the network increasing accessibility to the
EV users. It is also observed that combining AC and DC chargers across the network
provides overall benefits in terms of voltage profile, line loss, and waiting time as com-
pared to a system with only AC or DC chargers. The proposed framework improves EV
owners’ access and reduces waiting time, while supporting distribution network opera-
tors through enhanced grid stability and efficient integration of EV loads, PV generation,
and DSTATCOM.

Keywords: distribution static compensators; electric vehicle charging station; Harris Hawk
optimization; photovoltaic distributed generation; uncertainty

1. Introduction
The rising use of Electric Vehicles (EVs) has raised the demand for well-planned Elec-

tric Vehicle Charging Stations (EVCSs) in Radial Distribution Networks (RDNs). However,
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large-scale EVCS integration presents technical issues, such as increased actual and reactive
power consumption, voltage variations, greater power losses, and transformer and feeder
overloading, particularly during peak hours. These consequences can jeopardize the RDN’s
dependability and performance, demanding mitigating techniques.

India’s automobile industry is now the world’s fourth largest, and the country has
pledged to boost EVs as a signatory to the Paris Agreement [1]. However, a lack of suitable
charging infrastructure remains one of the most significant impediments to EV adoption.
Infrastructure planning in India is complicated by factors such as inadequate road networks,
restricted-electricity RDNs, and dense urban traffic [2]. These reasons highlight the vital
necessity of a strong, well-integrated EV charging plan.

To meet these technological and economic hurdles, Distributed Generation (DG) units,
particularly Photovoltaic (PV) systems, are being incorporated into the RDN alongside
EVCSs. PV-based DG provides localized energy generation, decreasing the load on the
main grid, lowering energy losses, and increasing supply sustainability [3]. The instability
and intermittent nature of solar power can cause voltage swings, over voltages, and under
voltages. These concerns may be more evident in networks with high PV penetration and
EV charging demands. To counter these impacts, reactive power compensation devices
such as Distribution Static Compensators (DSTATCOMs) are used, which improve voltage
stability and power quality. The combination of DSTATCOMs with PV-based DG units
improves the voltage profile and mitigates the negative effects of high EVCS penetration [4].

Additionally, a coordinated integration of Photovoltaic Distributed Generation (PVDG)
and DSTATCOMs with various EVCS configurations produces an efficient planning infras-
tructure that improves the RDN’s operating economy, lowers power losses, and increases
voltage profiles. The suggested design framework facilitates effective load control while
reducing peak demand stress and network instability by strategically incorporating these
devices in residential, commercial, and industrial zones. In addition to ensuring dependable
and effective EV charging, this integrated strategy supports a more robust and sustainable
power distribution infrastructure.

1.1. Literature Review and Research Gap

Recent developments and contributions in this new field of study are highlighted in
the section that follows.

The effects of integrating EVCSs with solely AC chargers for EVs within the RDN
were examined by the authors in [5]. The effects of including many EV models that were
only fitted with DC fast chargers on voltage fluctuation and active and reactive power loss
in the Distribution Network (DN) were investigated in [6]. In another study, researchers
used stochastic power flow to ideally predict the capacity and position of the EVCSs
equipped with only DC chargers and only AC chargers in an RDN [7]. However, the
practical deployment of both AC and DC chargers in a combined configuration has not
been adequately investigated. Combining both charger types ensures flexible service for
diverse EV categories (two-, three-, and four-wheelers) and enhances user satisfaction. The
research gap lies in the limited exploration of hybrid AC/DC charger configurations and
their planning within the RDN.

The authors of [8–10] used a variety of optimization approaches, including Teaching–
Learning-Based Optimization (TLBO), Grey Wolf Optimization, and Particle Swarm Opti-
mization (PSO), to suggest EVCS placement solutions. Even though these studies found
the best places for charging stations, they frequently led to placements on buses that were
adjacent to one another, which resulted in a poor distribution of area and left large areas of
the RDN overlooked. Additionally, these studies failed to take into account the network’s
zonal division, which is necessary to provide balanced accessibility in various locations.
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Because AC and DC charging have different power requirements and customer preferences,
it is essential to strategically distribute them across different zones in order to enhance
grid reliability and user satisfaction. Furthermore, a lot of current research [11,12] ignores
pragmatic considerations like choosing appropriate (healthy) buses for EVCS deployment.
Achieving extensive network coverage, lowering range anxiety among EV users, and facili-
tating more effective and scalable EV charging infrastructure planning are the objective of
this strategy.

Despite having no tailpipe emissions, EVs indirectly contribute to environmental
pollution, since they depend on grid power, which is mostly produced by thermal power
plants that use fossil fuels. Reducing greenhouse gas emissions, lowering reliance on con-
ventional sources, and meeting the increasing power demand from EV charging all depend
on the RDN’s integration of renewable energy sources [13]. However, the fluctuating nature
of solar power often leads to issues such as voltage rise and intermittency [14]. Despite this,
limited research has investigated coordinated PV integration in EVCSs across differentiated
zones of an RDN.

Several studies [13,14] have developed frameworks for the optimal placement of PV
systems and EVCSs in an RDN. Although these studies have provided valuable work
related to renewable-integrated EVCS planning, they often neglect the importance of
coordinating with reactive power compensation devices.

Reactive power injection is essential for maintaining voltage levels, reducing power
losses, and boosting system stability amid increasing EV penetration. Although conven-
tional devices like shunt capacitors and Static Var Compensators [15] have been used to
regulate reactive power, they are either not suitable for distribution-level operations or
do not have dynamic control capabilities [16]. DSTATCOMs, on the other hand, provide
quick and adaptable reactive power assistance, which increases their efficiency in RDNs,
particularly when combined with DG and renewable resources [17,18]. There is currently
a dearth of thorough study on the comprehensive planning of EVCSs equipped with a
combination of AC and DC chargers alongside DG and DSTATCOM, despite the fact
that several studies [18,19] have examined the best location and dimensions for DG and
DSTATCOM units.

The majority of available research [20] on EVCSs has focused on the optimal locations
and capacities of charging stations based on technical and economic characteristics such as
voltage profile, power loss, and installation, operation, and maintenance costs. However,
less emphasis has been placed on the user-centric statistic of waiting time per EV, which
is critical for determining the service quality of a charging station. Long lineups and
delays, particularly during peak hours, can dramatically harm the user experience, hinder
EV adoption, and cause grid bottlenecks. Although several studies [4,7] recognize the
relevance of customer happiness, assessment of EV waiting time under different charger
configurations (AC/DC) is still unexplored.

In recent years, soft computing techniques have been particularly helpful for resolving
nonlinear real-world problems by meeting inequality and equality criteria [21]. To deter-
mine the optimal location and capacity of EVCSs, researchers have employed a variety
of optimization methods, including GA [22], PSO [10], and TLBO [8]. However, these
approaches suffer from improper balance between the exploration–exploitation phase and
have a low rate of convergence. Due to their limited exploration and exploitation capabil-
ities and premature convergence, the traditional optimization techniques [8,10,22] have
limitations when used for complex planning problems.
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1.2. Contribution

The proposed framework aims to bridge existing gaps and provide an efficient opti-
mization strategy for the comprehensive planning of EVCSs equipped with a combination
of AC and DC chargers, PVDG units, and DSTATCOMs in RDNs by addressing significant
limitations in the literature. The work overcomes some challenging optimization problems
by utilizing Harris Hawk Optimization (HHO), a metaheuristic approach. The MATLAB
program is used for implementation, which allows for accurate simulation, system-level
assessment, and RDN decision-making. The following are this work’s main contributions:

1. The present work aims to optimally determine the distribution of EVCSs, PVDG
units, and DSTATCOMs using HHO, considering key techno-economic factors while
satisfying all the system security constraints.

2. In order to develop a practical planning framework, the types of chargers (i.e., AC
and DC) are allocated based on the load characteristics of the network (i.e., residential,
commercial, and industrial load).

3. To achieve fair and effective resource distribution, the suggested planning frame-
work incorporates a zonal division approach into the RDN. For EV users, this zonal-
planning strategy seeks to improve accessibility and lessen range anxiety.

4. To make the planning more practical, uncertainties related to PVDG are considered.
Additionally, a realistic objective function is developed to minimize energy loss cost,
investment cost, and operation and maintenance cost. The feasibility of the plan from
the EV users’ perspective is also evaluated by analyzing the waiting time of EVs at
charging stations.

2. Mathematical Model
The following section is a discussion of the mathematical modelling of solar PVDG

units, DSTATCOMs, and an EVCS. These models are crucial for precisely assessing how
each component affects voltage profiles, power flows, and system losses in the RDN. The
formulations include real and reactive power injections and operational constraints to
reflect realistic system behaviour. Figure 1 illustrates a single line diagram of an RDN incor-
porating an EVCS, DG, and DSTATCOM. The diagram shows the connection between two
buses (Bus t and Bus t + 1) in a power system, including a DG, a DSTATCOM device, and
an EVCS. The Vt ∠ αt represents voltage magnitude and phase angle at Bus t, Vt+1 ∠ αt+1

represents voltage magnitude and phase angle at Bus t + 1, and power flows from Bus t to
Bus t + 1 through a distribution line with losses represented by (Rt,t+1 + jXt,t+1). At Bus
t + 1, several components interact: DG supplies power (PDG + jQDG) to the system, and
the EVCS draws power (Pt+1, e f f + jQt+1,e f f ) to charge EVs. The diagram represents a DN,
the DG injects real power at Bus t + 1, an EV charging station at Bus t + 1 consumes power,
a DSTATCOM device at Bus t regulates reactive power, and the line impedance and current
between the buses influence power flow and voltage drop.

 

Figure 1. Single line diagram of RDN with an EVCS, PVDG units, and DSTATCOMs.
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2.1. EVCSs Modelling

It is crucial to precisely model EVCSs as part of the load profile in order to facilitate the
large-scale integration of EVs into the power system. Depending on the various chargers
used in the charging station, an EVCS is considered an additional load to the system’s
demand. In this paper, the EVCS is regarded as a continuous power load for modelling
purposes, drawing real power for charging processes while not supplying any power to
the grid. The number of chargers, their rating, and usage trends, all affect an EVCS’s real
power requirements. In this paper, the load impact of EVCS units varies depending on
whether they use AC chargers (10 kW) or DC chargers (50 kW) [23] or a combination of
both chargers. The sum of the current base load and the EVCS load is the total load at any
bus in the RDN that has an EVCS installed. The modified active load at bus i (PModi f ied

i )
with an EVCS is represented mathematically as follows [4]:

PModi f ied
i = PBL,i + PEVCSE,i (1)

where as PBL,i represents base load power at bus i, and PEVCSE,i represents the EVCS power
at bus i.

2.2. PVDG Modelling

Depending on the amount of incident solar radiation, a solar PVDG module transforms
solar energy into electrical power. As stated in (2), a beta probability density function is
used to express solar irradiance (St) to account for this uncertainty:

f t
pd
(
St) = {

Γ(c+d)
Γ(c)Γ(d)

(
St)c−1(1 − St)d−1, i f 0 ≤ St ≤ 1 c, d > 0

0, Otherwise
(2)

The expected power of solar irradiation per hour is obtained using (2). To improve
accuracy, each hour is divided into a number of states (Ns). Each hour’s solar output P(S)h
is calculated as indicated in (3). Ns is interpreted as 10 in this work.

P(S)h = ∑Ns
i=1 Po

(
St)× f t

pd
(
St) (3)

where as P(S)h, represents total output power related to a state ‘S’, Po
(
St) represents

an output power associated with the state St, the superscript ‘t’ denotes a time step or
a particular state index, f t

pd
(
St) represents the function related to St at a time, and the

subscript pd stands for probability density.
In this work, solar irradiation data for Durgapur [24], located in West Bengal (Latitude

23.5204◦ N, Longitude 87.3119◦ E), India, was gathered hourly for five years. The tropic of
cancer passes near this location, allowing for good visibility of the four seasons: spring,
summer, autumn, and winter. This location has mild weather, with temperatures rang-
ing between 15 ◦C and 40 ◦C throughout the year. Photovoltaic irradiance is consistent
throughout the year in this test province. The mean and standard deviation of the solar
irradiation are determined using historical data from the point. A beta probability density
function is then produced, and 10 states each hour are taken into consideration in order to
correctly model the change in the Solar energy source. These states were chosen because
they offer a high degree of accuracy without adding further complexity.

2.3. DSTATCOM Modelling

Rapid reactive power exchange with the distribution feeder’s connecting node is
supported by the DSTATCOM device. A steady-state model of DSTATCOM is used in
this work to investigate how DSTATCOM affects the RDN. In this study, DSTATCOM
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deployment involves subtracting its current injection from its respective bus current in
BFS (Backward/Forward Sweep)-based load flow calculations. The modified reactive
power at bus i (QModi f ied

i ) after integrating DSTATCOM (QDSTATCOM,i) at those buses can
be regarded as follows [17,25]:

QModi f ied
i = Qd,i − QDSTATCOM,i (4)

It is typically used in the context of RDNs, where DSTATCOMs (Distribution Static
Synchronous Compensators) are used for reactive power compensation. Equation (4)
represents the modified reactive power demand at a particular node i in a RDN after
compensation by a DSTATCOM. QModi f ied

i is the net (or modified) reactive power demand
at node i, Qd,i is the original reactive power demand at node i (before compensation),
QDSTATCOM,i is the reactive power supplied by the DSTATCOM installed at node i.

3. Technical Parameters
Assessing the influence of PVDG units and DSTATCOMs coupled with EVCSs with

various types of AC/DC chargers on an RDN necessitates a thorough study and analysis
of the following technical criteria.

3.1. Total Power Loss

Total power loss in a radial-balanced RDN is an important measure of operational
efficiency and network performance. Power losses result from the intrinsic resistance of
wires and transformer windings. I2R losses can occur over lengthy feeders, especially
in rural or poorly inhabited areas. Minimizing total power loss in a balanced network
improves voltage management, reduces energy waste, lowers utilities’ operational costs,
and increases system dependability. It also helps delay infrastructure improvements by
maximizing existing assets and promotes sustainability goals by minimizing total system
power loss. Thus, limiting power loss remains a primary goal in the design and planning
of RDN. Mathematically it can be computed as follows:

PLoss =
Nbranch

∑
i=1

ri.(
P2

i + Q2
i

V2
i

) (5)

where ri indicates the branch resistance. Reactive power, real power, and bus voltage are
represented by Qi, Pi, and Vi respectively. The total number of branches is symbolized
by Nbranch.

3.2. Voltage Profile

In a balanced RDN, the variance in voltage magnitudes among various buses is
referred to as the voltage profile. Line impedances, load locations, and reactive power flows
can all result in voltage dips throughout the feeder, even in a balanced system. The correct
functioning of electrical equipment, the reduction in technical losses, and the preservation
of overall power quality all depend on maintaining a steady and well-regulated voltage
profile. A stable voltage profile promotes system dependability and lessens problems like
low voltage, shortened equipment life, and disgruntled customers. When adding new
loads, such as EVCSs, it is particularly crucial to assess the voltage profile since these loads
might affect voltage levels across the network.

3.3. Waiting Time per EV

Planning for EVCSs should take into account both the EVCSs’ owner profitability and
the convenience for EV users during charging. We have evaluated the EV user’s waiting
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time in order to do this. Two charging modes are supported by each EVCS in this work: DC
charging, which is quick, and AC charging, which is sluggish. EVs experience considerable
waiting times with AC charging due to its slow charging rate, whereas DC charging
significantly reduces waiting times because of its faster charging speed. To improve waiting
time for EV customers without wasting resources, an M/M/S queuing system model [7] is
implemented in this work, as indicated in (6)–(9):

Wtque =
(Nac/dc_ch × ρ)Nac/dc_ch × P0

(Nac/dc_ch!)(1 − ρ)2 × γ
(6)

P0 =

[
∑Nac/dc_ch−1

k=0

( γ
ε

)k

k!
+

( γ
ε

)(Nac/dc_ch)

(Nac/dc_ch!)(1 − ρ)

]−1

(7)

γ =
(NEV)× ct

H
(8)

ρ =
γ

ε × (Nac/dc_ch)
(9)

where Wtque is the waiting time for an EV in the queue before charging, γ represents the
average rate at which customers arrive at the station, ε denotes the average service rate of
the station, H is the total working hours of the charging station, ct is a representation of
EV charging time per day, k is the EVCS index, ρ is the average utilization rate of the EV
charging station, P0 is the probability that the charging station is empty, which affects how
long a new EV will have to wait, Nac/dc_ch is the number of AC/DC chargers present in the
EVCS, and NEV is the total number of EVs per charging station per day.

4. Objective Function and Constraints
This section explains the multiple objective functions utilized to solve the proposed

optimization problem while adhering to different equality and inequality constraints.

4.1. Objective Function

The current study aims to reduce the overall planning cost (CTotal), which includes the
investment cost and total energy loss cost of the test RDN with an EVCS, solar DG, and
DSTATCOM over a 10-year planning period:

CTotal = (Cinvst + CEL) (10)

Cinvst = (Cin + Co) (11)

Cin(i) = inEVCSs(i) + inPVDG(i) + inDSTATCOM(i) (12)

where Cinvst represents investment cost, CEL is the energy loss cost, Cin represents in-
stallation cost, and Co is the operation and maintenance cost. inEVCSs(i), inPVDG(i), and
inDSTATCOM(i) are the installation cost of the EVCS, PVDG, and DSTATCOM, respectively.

(a) Total Installation Cost (inEVCSE)

The EVCS installation cost (inEVCSE) is represented as follows [4]:

inEVCSE(i) = CRF
{

Clnd(i) + Clbr(i) + CConst(i) +
(

Nac/dc_ch × CAC_charg/DC_charg

)}
(13)

CRF =
dr(1 + dr)

Nyr

(1 + dr)
Nyr − 1

(14)
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where Clnd(i) represents the land cost, Clbr(i) corresponds to labour cost, and CConst(i)
denotes the construction cost of the ith EVCS. CAC_charg and CDC_charg account for the
expense of AC chargers and DC chargers, respectively. CRF indicates that cost’s recovery
factor for the EVCSs and ‘dr’ indicates the discount rate.

The following are the expressions for inPVDG and inDSTATCOM, which includes the
solar PVDG and DSTATCOM’s capacity as well as the associated installation costs:

inPVDG(i) = CRF(icPVDG × PPVDG(i)) (15)

inDSTATCOM(i) = CRF(icDSTATCOM × QDSTATCOM(i)) (16)

where icPVDG and icDSTATCOM are the cost of installing a solar PVDG and DSTATCOM,
respectively. PPVDG and QDSTATCOM indicate the capacity of the solar PVDG and DSTAT-
COM, respectively.

(b) Total Operational Cost (Co)

The operation and maintenance cost provided by the solar DG (OPVDG) and DSTAT-
COM (ODSTATCOM), and the cost of the EV charging station (OEVCSE) for ten years are
all included in the needed operating and maintenance costs for the EVCS, solar DG, and
DSTATCOM as follows [17]:

Co = OEVCSE + OPVDG + ODSTATCOM (17)

OEVCSE = CRF∑Nch
i=1 ∑Nyr

yr=1

[{
∑H

h=1 PAC/DCCharger ,h,yr(i)× Eh

}
× D

]
(18)

where ‘H’ represents the total number of hours in a day. Nch represents the total number
of chargers and Nyr represents the number of planning years for the EVCS. PAC/DCCharger

is the power drawn from the grid due to the slow/fast charging of EVs and Eh indicates
hourly electricity purchase price from the grid.

(c) Total Energy Loss Cost (CEL)

This study aims to minimize the energy loss cost (CEL), an important factor for
improving efficiency and conserving resources in power system planning. The cost due to
energy losses is expressed as follows [17]:

CEL = CRF
(
∑Nyr

yr=1

[
∑H

h=1 Ploss(h)× Eh

]
× D

)
(19)

where Ploss is the total power losses of the system.

4.2. Constraints

The following equality and inequality constraints must be satisfied to minimize the
objective function as given in (10).

(a) Power balance constraints

The sum of the total active/reactive power demand (Pd/Qd), along with the system’s
active/reactive power losses (Ploss/Qloss), must not exceed the grid’s total active/reactive
generation capacity (APg/RPg) as shown below:

APg + PDG = Pd + Ploss (20)

RPg + QDSTATCOM = Qd + Qloss (21)

(b) Power flow constraints



Energies 2025, 18, 5728 9 of 34

The power flowing through each network line (Pl
f low) should not surpass its maximum

allowable limit (Pmax
f low) to ensure the safe and reliable operation of the power system, as

specified by the following criteria:

Pl
f low < Pmax

f low (22)

(c) Voltage constraints

The voltage at each bus (Vi) must be maintained within a specified range, restricted by
the minimum (Vmin) and maximum (Vmax) allowable values, as described below:

Vmin ≤ Vi ≤ Vmax (23)

(d) Power factor constraints

During operation, the power factor must be kept within an appropriate range, as
illustrated below:

Power Factor ≥ 0.8 (24)

5. Problem Formulation
This study examines the challenge of deploying solar PVDG units, various types of EV

chargers installed in an EVCS, and DSTATCOMs in an RDN. The input parameters include
economic aspects (such as investment and operational expenses), electricity prices, proba-
bilistic solar irradiance models, line and load data of the DN, and devices’ technological
limits. To reduce range anxiety, the sites of all devices are carefully chosen utilizing zonal
division and a healthy bus strategy for the network. The output parameters of the pro-
posed optimization approach are appropriate locations and optimal sizing for PVDG units,
EVCSs (with AC and DC chargers), and DSTATCOMs to improve network performance
and economic feasibility. This problem is handled by considering the following objectives:

i Minimization of total installation cost of all devices.
ii Minimization of total operation and maintenance cost of all devices.
iii Minimization of total energy loss cost

With this formulation, the objective has concurrently taken into consideration both
technical factors, like reducing power loss, and economic factors. In this work, the objective
function is designed to minimize total cost, directly benefitting distribution network op-
erators (DNOs), while also determining the appropriate location of all devices to provide
accessibility and convenience, consequently benefiting EV owners.

The following is a description of the optimization framework mathematically:

Minimize (F) = Min(CTotal) (25)

6. Methodology
The current work provides a robust RDN planning paradigm that takes into account

EVCSs, solar PVDG, and DSTATCOM to meet rising EV charging demand and renewable
intermittency over a period of 10 years. The HHO approach determines the optimal number
of AC and DC chargers for each CS and the number of solar PVDG units and DSTATCOMs
allocated in suitable locations of the RDN. The approach for the suggested planning model
is detailed below.

6.1. Harris Hawk Optimization Algorithm (HHO)

HHO [26] operates in two main phases: exploration and exploitation. During the
exploration phase, hawks thoroughly search different regions of the solution space, while
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in the exploitation phase, hawks concentrate on refining the high-quality solutions within
the search space. In HHO, each hawk represents a possible solution, and the best solution
at each step is treated as the target prey or an estimate of the global best. The transition
between the exploration and exploitation phases is determined by the value of the escaping
energy (Ee) as shown below:

Ee = 2E0
e × E1 (26)

E1 =

(
1 − iteraion

maximum iteration

)
(27)

If Ee ≥ 1, the program runs the exploration phase; if Ee < 1, the algorithm runs the
exploitation phase.

In the exploration phase, hawks update their position based on the following equation:

S(iteration + 1) =

{
Srand(iteration)− r1 × |Srand(iteration)− 2r2 S(iteration)|, c ≥ 0.5(
Srabbit(iteration)− Saverage(iteration)

)
− r3(LB + r4(UB − LB)), c < 0.5

(28)

Saverage(iteration) =
1
l ∑l

p=1 Sp(iteration) (29)

where S, Srand, and Saverage represent the hawks’ current position, a randomly generated
position, and the average position, respectively, while Srabbit refers to the target or prey’s
location. The parameters c, r1, r2, r3, and r4 are randomly generated values within the
range 0 and 1. LB and UB denote the lower and upper bounds, respectively, and l denotes
the total number of hawks.

The exploitation process consists of four distinct strategies: soft besiege, hard besiege,
soft besiege with progressive rapid dives, and hard besiege with progressive rapid dives.
In soft besiege, the hawk position will be updated as follows:

S(iteration + 1) = ∆ S(iteration)− Ee × |Jst Srabbit(iteration)− S(iteration)| (30)

where ∆S is the difference between the rabbit position and the hawk position. Jst is the
jump strength of rabbits.

In hard besiege the hawks update their position using (31):

S(iteration + 1) = Srabbit(iteration)− Ee|∆S(iteration)| (31)

The soft besiege with progressive rapid dives stage is performed as follows:

S(iteration + 1) =

{
M i f M < S(iteration)
N i f N < S(iteration)

(32)

M = Srabbit(iteration)− Ee × |JstSrabbit(iteration)− S(iteration)| (33)

N = M + U × lev(d) (34)

where lev refers to the leavy flight. d and U are the dimensions of the search space and the
random vector, respectively.

In hard besiege with progressive rapid dives, the hawk position will update as follows:

S(iteration + 1) =

{
M i f M < S(iteration)
N i f N < S(iteration)

(35)

M = Srabbit(iteration)− Ee ×
∣∣JstSrabbit(iteration)− Saverage(iteration)

∣∣ (36)



Energies 2025, 18, 5728 11 of 34

6.2. Procedure for Locating the Devices

In this paper, for the benefit of EV owners, the entire RDN is divided into zones
that will ensure distributed charging infrastructure. Each use type’s distinct load patterns
determine the split into residential, commercial, and industrial zones. In order to plan a
realistic situation, buses in residential zones are equipped with AC charges, whereas buses
in commercial and industrial sectors are equipped with DC chargers. This strategy provides
balanced integration throughout the RDN and guarantees that the charging infrastructure
is customized to local usage patterns. For EVCSs and PVDG, the allocation of buses with
higher voltage levels and lower active power demands are chosen in each zone, as these
buses can accommodate additional load/generation while maintaining voltage stability.
For DSTATCOM, deployment buses with higher reactive power demand are chosen in
each zone, as these buses are ideal for reactive power compensation without affecting
system reliability.

6.3. Implementation of HHO

The HHO method begins by initializing parameters such as population size, decision
variables, and maximum number of iterations. In this work, the total population number
and maximum iteration size are taken as 50 and 200, respectively. The upper and lower
bounds of the number of EV chargers are taken as 15 and 4, the upper and lower bounds
of PV capacity are considered to be 300 and 50, and the upper and lower bounds of
DSTATCOM are taken as 50 and 10, respectively. The initial solution for EVCSs (XEV),
PVDG units (XPV), and DSTATCOMs (XDST) is produced in accordance with the size of
the population (NP), which is outlined by the following:

XEV =
[
XEV,1, XEV,2, XEV,3, . . . XEV,i, . . . XEV,NP

]
XPV =

[
XPV,1, XPV,2, XPV,3, . . . XPV,i, . . . XPV,NP

]
XDST =

[
XDST,1, XDST,2, XDST,3, . . . XDST,i, . . . XDST,NP

]
A potential solution to the capacities of EVCSs, PVDG units, and DSTATCOM is

described by each set of matrices XEV,i, XPV,i, and XDST,i which are provided as follows:

XEV,i =
[
EVCSEi,1, EVCSEi,2 . . . EVCSEi,ND

]
XPV,i =

[
PVi,1, PVi,2 . . . PVi,ND

]
XDST,i =

[
DSTi,1, DSTi,2 . . . DSTi,ND

]
where EVi, PVi, DSTi correspond to the initial capacities of the installed EV chargers
equipped with each charging station, PVDG unit, and DSTATCOM, respectively. ND sym-
bolizes the number of locations in the test system where EVCSs, PVDGs, and DSTATCOMs
are installed. In this paper, ND is taken as 5.

The step-by-step approach to implement the proposed methodology for identifying
the optimal locations and capacities of EVCSs and devices is as follows.

Step 1: Read the line data and load data of the RDN, identify the buses with low active
and high reactive power demand, and conduct a load flow analysis to evaluate the voltage
profile and line loss.

Step 2: Divide the RDN into different zones, namely residential, commercial, and
industrial, based on distinct load usage patterns of the users. Allocate DC chargers in
commercial and industrial zones and AC chargers in residential zones.
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Step 3: As explained in Section 6.2, allocate EVCSs and PVDG units at buses with
good voltage profiles and low active power demands in each zone. Similarly, buses with
high reactive power demand should be chosen for DSTATCOM allocation.

Step 4: Define the optimization problem as Minimize f(X) as given in (25), where f(X)
is the objective function and X is a vector for designed variables.

Step 5: Initialize the population matrices i.e., XEV,i, XPV,i, and XDST,i.
Step 6: Select the best solution ( f (X)best) which acts as the hawk’s position for that

iteration by evaluation of objective function.
Step7: Calculate the initial energy and escaping energy (Ee) of the target using (26)

and (27).
Step 8: If Ee ≥ 1, choose the exploration phase, hawks update their position based on

(28) and (29).
Step 9: If Ee < 1, choose the exploitation phase, hawks update their position based on

(30)–(36).
Step 10: Update the power rating of the EVCSs, PVDG units, and DSTATCOMs.
Step 11: If both the conditions are satisfied in steps 8 and 9, then go to step 12.
Step 12: If convergence criteria is satisfied then print the results; otherwise, go to

step 13.
Step 13: Repeat steps 5 through 11 until reaching the stopping criterion, which is the

maximum number of iterations
The pseudocode for the HHO algorithm to solve the proposed optimization problem

is provided below.
Inputs: The population size NP and maximum number of iterations iterationmax

Outputs: The number of EV chargers, PVDG capacity, and DSTATCOM capacity and
total cost

Initialize the random population Si (i = 1, 2,. . .,NP)
while (stopping condition is not met) do
Calculate the objective function, i.e., minimization of total cost in terms of installation

cost, operational cost, and energy loss cost using (10)–(19)
Set current solution as best solution
for (each vector of decision variables (Si = [XEV , XPV , XDST ]) do

Update the initial energy E0
e and jump strength Jst

E0
e = 2 rand()− 1, Jst = 2(1 − rand())

Update the Ee using (26) and (27)
if(|Ee| ≥ 1) then ▷ Exploration phase
Update the location vector using (28) and (29)
if (|Ee| < 1) then ▷ Exploitation phase

if (r ≥ 0.5 and|Ee| > 0.5 ) then ▷ Soft besiege
Update the location vector using (30)
else if (r ≥ 0.5 and|Ee| < 0.5 ) then ▷ Hard besiege
Update the location vector using (31)
else if (r < 0.5 and|Ee| ≥ 0.5 ) then ▷ Soft besiege with progressive

rapid dives
Update the location vector using (32)–(34)
else if (r < 0.5 and|Ee| < 0.5 ) then ▷ Hard besiege with progressive

rapid dives
Update the location vector using (35) and (36)

Return Number of EV chargers, PVDG capacity, DSTATCOM capacity
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7. Results and Discussions
This section presents a thorough analysis of the planning results as part of a complete

strategy meant to assist DNO in making decisions based on this work.

7.1. Analysis of Test System and Input Data

In this work, for assessing and comparing the findings, a standard IEEE 33-bus test
system was used, which contains 33 nodes and 32 connecting branches [27]. The active and
reactive power of the 33-bus system was 3.715 MW and 2.3 MVAr, with a base voltage of
12.66 kV. The backward forward sweep method [8] in MATLAB (R2020a) software with
an Intel Core i5 CPU and RX-560 GPU, 12th generation was used to perform the load flow
of the test network. Table 1 shows the technical parameters and costs of the AC and DC
EV chargers used in EVCSs. These charger ratings were obtained from the official e-Amrit
portal (a Government of India initiative to promote EV adoption) [23]. This data provides a
framework for the realistic modelling and development of EV infrastructure in the RDN.

Table 1. Ratings of AC and DC Chargers Equipped in EVCSs.

Charger Type Voltage (V) Power (kW) Type of Compatible Charger Price ($)

Level 2 (AC) 240 10 Type 2, Bharat AC-001 941

Level 1 (DC) ≥480 50 Bharat DC-001 6800

Figure 2 depicts the daily load profile of an EVCS equipped with a level 1 AC charger
during a 24 h period [23]. The data shows that peak charging demand occurs between the
20th and 21st hours of a day, most likely owing to customers charging their electric vehicles
while returning to home from work. The lowest charging activity is recorded between 1st
and 2nd hour of the day, indicating a decrease in user involvement during late-night hours.

Figure 2. Load Profile of an EVCS per AC Charger.

Figure 3 depicts the 24 h variation in the load profile of an EVCS that uses a DC
charger [23]. The load pattern shows a prolonged peak charging demand between the
8th and 20th hours of the day, which is consistent with commercial and public use, where
vehicles are charged during working hours. This high daytime demand indicates a desire
for rapid charging options in fleet, taxi, and public charging settings. In contrast, the lowest
charging activity occurs between the 0th and 4th hours of the day, when both business and
public EV usage is modest. Figure 4 depicts the daily power purchase price from the grid
on an hourly basis [28].
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Figure 3. Load profile of an EVCS per DC Charger.

Figure 4. Hourly electricity purchasing price from the grid.

The above graph depicts the maximum price per unit that emerges between 12 and
14 h. Figure 5 depicts the residential load variance in the 33-bus RDN over a 24 h period.
The system interprets peak demand during the tenth hour of the day, with the lowest load
occurring between 0 and 3 h. The predicted solar output power curve is derived using the
Beta probability density function, as provided in (2) and (3).

Figure 5. Residential load variation of 33-Bus RDN.

Figure 6 shows that the peak generating power of solar PV panels fluctuates with
the time of day, since solar PV power output is dependent on solar irradiation. The PV
panel produces electricity beginning in the morning from 6 to 18 h, with the highest output
occurring around noon, as illustrated in Figure 6. All the financial parameters applied in
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the computation of objective function values for EVCSs with AC and DC chargers, solar
PVDG units, and DSTATCOMs are listed in Table 2.

Figure 6. Solar PVDG hourly power output.

Table 2. Financial parameters related to AC and DC Chargers in EVCSs, Solar PVDG units, and
DSTATCOMs [17].

Parameters Values Parameters Values

CAC_charg 941 $ icPVDG 1058 $

CDC_charg 6850 $ icDSTATCOM 69 $

CConst 129/m2 $ ct 1

Clbr 29/m2 $ H 24 h

dr 0.08 NEV 200

Nyr 10 years D 365 days

7.2. Case Description

To prove the efficacy of the proposed charger allocation approach, it is compared with
various cases and scenarios. Two primary case studies are carried out in order to assess the
effects of various configurations:

Case I: Integration of only EVCSs in the RDN
Case II: Simultaneous integration of EVCSs with PVDG units and DSTATCOMs in

the RDN
To evaluate the system’s technical and economic performance, each case is further

examined under three different EV charging scenarios:
Scenario 1: EVCSs with AC Chargers
Scenario 2: EVCSs with DC Chargers
Scenario 3: EVCSs with AC and DC Chargers at different locations

7.3. Identification of Locations of EVCSs, Solar PVDG Units, and DSTATCOMs

This section involves a thorough examination of the voltage profiles and power de-
mands of a 33-bus RDN to strategically place DSTATCOMs, solar PVDG units, and EVCSs.
Figure 7 shows the voltage profile of the 33-bus RDN. The voltage levels vary throughout
the buses, with some seeing modest dips as a result of load concentration among all the
buses. Figure 8 illustrates the basic active and reactive power loading across the buses of
the test RDN. In scenarios 1 and 2, buses numbered 2, 6, 10, 20, and 26 were selected for the
placement of EVCSs and PVDG units, as these buses exhibited high voltage profiles and
low active power demand as observed from Figures 7 and 8. Similarly, buses 8, 24, 28, 30,
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and 33 were selected for DSTATCOM placement in both scenarios due to their high reactive
power demand, as observed from Figure 8. As illustrated in Figure 9, the 33-Bus RDN
in Scenario 3 is divided into three zones for residential, commercial, and industrial uses.
While buses 21 and 23 in commercial zones and bus 28 in the industrial zone are chosen for
EVCSs with DC chargers, buses 2 and 10 in residential areas are chosen for EVCSs with AC
chargers. As discussed in methodology Section 6.2, the appropriate locations for EVCSs
with different chargers, PVDG units, and DSTATCOMs are chosen as shown in Table 3.

Figure 7. Voltage profile of 33-bus RDN.

Figure 8. Base load active and reactive power of 33-bus system.

 

Figure 9. Single line diagram of IEEE 33-Bus RDN with zone-wise division.
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Table 3. Locations of EVCSs, PVDG units, and DSTATCOMs in Scenario 3.

Scenario 3

Zone EVCS Locations PVDG Unit Locations DSTATCOM Locations

Residential Zone 2, 10 2, 10 8

Commercial Zone 21, 23 21, 23 24

Industrial Zone 28 28 28, 30, 33

7.4. Results of Optimal Capacity Determination for All Devices and Objective Function

In this section, EVCSs with various types of chargers, PVDG units, and DSTATCOMs
are deployed to achieve optimum capacity in the most suitable locations in the RDN
previously determined using Harris Hawk’s Optimization method. Table 4 presents the
optimal EVCS capacity for all scenarios in both cases. Tables 5 and 6 depict the optimal
number of chargers at the specified bus numbers in the RDN for all the scenarios in the
Case I and Case II configurations, respectively (each charger rating is 10 kW for AC and
50 kW for DC). They also illustrate that the optimal number of chargers accommodated
within the 33-bus RDN is higher in Case II, where more EVCSs are combined with solar
PVDG and DSTATCOM units than in Case I.

Further, as observed from Tables 5 and 6, DC chargers demand more power, owing
to their fast-charging capabilities, hence fewer chargers can be safely accommodated. In
contrast, the number of AC chargers are high as they consume less power. Table 7 shows
that the optimal capacity of the PVDG units and DSTATCOMs that are incorporated into
the 33-bus RDN in all scenarios.

Table 4. Optimal EVCS capacity for all scenarios.

Cases

EVCS CAPACITY (kW)

Scenario-1 Scenario-2 Scenario-3

------ ------ AC Chargers DC Chargers

Case-I 350 kW 1000 kW 180 kW 700 kW

Case-II 450 kW 1250 kW 200 kW 900 kW

Table 5. Optimal capacity and location of EV chargers in Case I.

Number of EV Chargers

Scenario-1 Scenario-2 Scenario-3

EVAC Charger EVDC Charger EVAC Charger EVDC Charger

Location No of Chargers Location No of Chargers Location No of Chargers Location No of Chargers

2 7 2 3 2 8 21 5

6 6 6 3 10 10 23 4

10 8 10 4 --------------- 28 5

20 7 20 5
--------------

26 7 26 5
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Table 6. Optimal capacity and location of EV chargers in Case II.

Number of EV Chargers

Scenario-1 Scenario-2 Scenario-3

EVAC Charger EVDC Charger EVAC Charger EVDC Charger

Location No of Chargers Location No of Chargers Location No of Chargers Location No of Chargers

2 9 2 4 2 9 21 6

6 8 6 5 10 11 23 5

10 8 10 4 --------------- 28 7

20 10 20 6
--------------

26 10 26 6

Table 7. Optimal capacity of PVDG units, DSTATCOMs for all scenarios.

Scenario-1 Scenario-2 Scenario-3

PVDG
(kW)

DSTATCOM
(kVAr)

PVDG
(kW)

DSTATCOM
(kVAr)

PVDG
(kW)

DSTATCOM
(kVAr)

50 35 100 33 100 31

100 10 50 12 50 12

150 25 150 20 150 23

100 20 200 30 200 20

100 13 200 12 150 11

The values of the objective functions of scenarios 1, 2, and 3 are the installation cost of
EVCSs, PVDG units, and DSTATCOMs, and also the energy loss cost of the EVCSs, PVDG
units, and DSTATCOMs, as mentioned in (10)–(27). These values for each case study under
different charging scenarios are outlined in Table 8. Table 8 shows that Case II has a higher
installation cost than Case I in all scenarios. It is observed from Table 8 that scenario 1
in Case II has the lowest overall cost among all the scenarios. This is because of the low
installation cost of AC chargers in scenario 1, as shown in Table 1. Further, it is observed
that scenario 2 has the highest overall cost in both cases. It is also observed that despite
the higher initial costs of Case II, it consistently yields the lowest overall cost for all the
scenarios, proving to be the most economically viable and technically effective strategy for
all the scenarios.

Table 8. Objective values of economical parameters of all scenarios.

Cases

Scenario-1 Scenario-2 Scenario-3

Cin
($×107)

Co
($×107)

CEL
($×107)

CTotal
($×107)

Cin
($×107)

Co
($×107)

CEL
($×107)

CTotal
($×107)

Cin
($×107)

Co
($×107)

CEL
($×107)

CTotal
($×107)

I 0.0203 0.095 0.043 0.1583 0.0210 0.30 0.047 0.368 0.0207 0.252 0.046 0.3187

II 0.0211 0.063 0.0306 0.1166 0.0246 0.262 0.0316 0.3176 0.0222 0.212 0.0310 0.2652

7.5. Impact Assessment

Within each case, a thorough comparison of the three planning scenarios is conducted,
with an emphasis on important technical indicators like voltage profiles, power losses, and
other indicators, such as waiting time. This assessment aids in proving the advantages
and efficacy of the suggested optimal integrated planning strategy for EVCSs, solar PVDG
units, and DSTATCOMs with different charging infrastructures in RDNs.
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(a) Economic Assessment

Table 8 shows the results of the financial analysis for Cases I and II across all scenarios.
Despite higher initial investments, the active and reactive power support from PVDG
and DSTATCOM, respectively, in Case II, significantly reduce the energy loss cost and
operational and maintenance costs, as observed in Table 8. Consequently, Case II offers
greater economic benefits compared to Case I. Further it is observed that, in scenario 1,
the exclusive presence of AC slow chargers lowers the grid impact and enables superior
collaboration with PV and DSTATCOM, making it the most cost-effective option. While
Scenario 2 supports fast charging, it leads to higher power losses, increased stress on the
RDN, and higher equipment expenses. Scenario 3, with a mix of AC and DC chargers,
shows moderate installation and energy loss costs, as well as moderate operation and
maintenance costs. This implies that a hybrid setup could offer better overall economic
performance than relying solely on DC chargers. In real-world deployments, where cost-
effectiveness and performance are crucial factors, this makes Scenario 3 a more sensible and
balanced option, because it offers more operational flexibility and moderate investment
than Scenario 2.

(b) Voltage Profile Assessment

The voltage profiles of the 33-bus RDN for Scenarios 1, 2, and 3 under Case I and Case
II are shown in Figures 10–15 throughout a 24 h period. It is clear from these figures that
the voltage levels are within allowable bounds in both Case I and Case II for all scenarios.
However, the findings clearly show that Case II has a substantially better voltage profile
than Case I for all scenarios. These improvements are due to the combined effect of active
power injection from solar PVDG units and reactive power assistance from DSTATCOMs.
This demonstrates the effectiveness of the coordinated planning of EV infrastructure with
PVDG units and DSTATCOMs for maintaining power quality in RDNs. Moreover, it is
observed from the figures that the voltage profile in scenario 3 in both cases is better than
in scenario 2. This is due to the combined installation of both AC and DC chargers, which
ensures more balanced power distribution and enhanced voltage regulation. However, the
best voltage profile is achieved in scenario 1, consisting of only AC chargers. The hourly
variation in voltage profile at bus 2 of 33-bus system for Cases 1 and 2 is presented in
Appendix section, Figure A1.

Figure 10. Voltage profile for Scenario 1 of Case I.
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Figure 11. Voltage profile for Scenario 1 of Case II.

Figure 12. Voltage profile for Scenario 2 of Case I.

Figure 13. Voltage profile for Scenario 2 of Case II.
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Figure 14. Voltage profile for Scenario 3 of Case I.

Figure 15. Voltage profile for Scenario 3 of Case II.

(c) Power Loss Assessment

Figures 16–18 present the total active power losses in the 33-bus RDN over 24 h for
Scenarios 1, 2, and 3 under Case I. Similarly, Figures 19–21 depict the overall active power
losses in the 33-bus RDN during a 24 h period for Scenarios 1, 2, and 3 under Case II. In all
scenarios it is observed that the maximum power loss occurs in the 10th hour.

Figure 16. Power loss for Scenario 1 of Case I.
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Figure 17. Power loss for Scenario 1 of Case II.

Figure 18. Power loss for Scenario 2 of Case I.

Figure 19. Power loss for Scenario 2 of Case II.
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Figure 20. Power loss for Scenario 3 of Case I.

Figure 21. Power loss for Scenario 3 of Case II.

It is further observed that, across all cases, the maximum power loss occurs in Scenario
2, whereas the minimum power loss is recorded in Scenario 1. Power loss for all scenarios
follows the following order: Scenario 1 < Scenario 3 < Scenario 2. Further, it is observed that
the incorporation of PVDG and DSTATCOM in Case II aids in the reduction in power loss,
as observed from Figures 19–21. Hourly variation in line loading and power factor at bus 2
of 33-bus system are provided in Appendix section, Figure A2 and Figure A3, respectively.

(d) Waiting Time Assessment

The waiting time calculation provided in (6)–(9) is used in this part to compare EV
waiting times under distinct scenarios. To calculate the average waiting time per EV, it is
assumed that each charging station serves a total of 200 EVs per day. The actual arrival
rate (γ) of EVs is considered to be 8.33 per hour, whereas the actual service rates (ε) for
an AC and DC charger are considered to be 1.76, and 2.81, respectively, for 200 vehicles.
The hourly variations in EV arrival rates and service rates that were utilized in the EV
waiting time estimation for both AC and DC chargers are presented in Tables 9 and 10,
respectively. The results of the average waiting time for Scenarios 1 and 2 are provided in
Table 11. In Scenario 1, only 10 kW AC chargers are installed throughout the RDN. Each
EV takes about 6.06 h to completely charge. The slow rate of energy transfer in Scenario 1
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causes the waiting time to be much longer. This situation demonstrates the limitations of
relying solely on AC chargers to address high-density or widespread EV charging demand,
especially in commercial zones or on highways.

In Scenario 2, only 50 kW DC chargers are installed in the network. The presence of DC
fast chargers in Scenario 2 significantly reduces the waiting time compared to Scenario 1.
Therefore, this design provides a far more practical alternative for reducing users’ waiting
times and enhancing system responsiveness during peak demand.

Scenario 3 takes a more planned approach, splitting the RDN into functional zones
with distinct charger types, such that the residential zone has two AC chargers while the
commercial and industrial zones have three DC chargers. Even though the slower AC
chargers have a longer waiting time per EV, their use is warranted in residential areas,
where EV charging is usually less time sensitive. On the other hand, the installation of DC
chargers in the commercial and industrial zones guarantees prompt service, greatly cutting
down on waiting times for EV customers.

Table 9. Hourly variation in arrival rate utilized in EV waiting time estimation.

AC Charger DC Charger

Hour Arrival Rate Hour Arrival Rate

1 3.25 1 1.83

2 2.33 2 2.08

3 2.92 3 2.47

4 2.92 4 2.56

5 3.01 5 2.58

6 3.08 6 3.33

7 3.23 7 4.08

8 3.25 8 6.33

9 3.33 9 7.33

10 3.75 10 7.59

11 4.08 11 7.67

12 5.58 12 7.92

13 5.83 13 7.83

14 4.83 14 8.16

15 5.26 15 7.75

16 5.63 16 7.58

17 5.58 17 7.54

18 4.75 18 7.67

19 4.83 19 7.83

20 4.92 20 8.11

21 5.08 21 8.08

22 8.33 22 8.3

23 5.83 23 6.67

24 0.32 24 1.25
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Table 10. Hourly variation in service rate utilized in EV waiting time estimation.

AC Charger DC Charger

Hour Service Rate Hour Service Rate

1 1.04 1 1.23

2 1.11 2 1.45

3 1.19 3 1.28

4 0.46 4 1.05

5 0.52 5 1.08

6 0.87 6 1.13

7 1.65 7 2.22

8 1.59 8 1.55

9 1.77 9 2.34

10 2.84 10 2.65

11 2.31 11 2.47

12 0.24 12 0.39

13 2.73 13 3.12

14 1.96 14 3.33

15 2.54 15 4.61

16 1.86 16 6.67

17 2.39 17 2.86

18 0.53 18 0.78

19 1.37 19 5.45

20 2.86 20 3.86

21 3.45 21 6.11

22 3.38 22 4.07

23 2.11 23 4.28

24 1.02 24 3.15

Table 11. Average waiting time for different chargers.

Scenarios Charger Type Average Waiting Time per EV

Scenario 1 AC Charger 36 min

Scenario 2 DC Charger 9 min

7.6. Validation of Proposed Method for 28-Bus RDN

To establish the application of the method, the proposed technique is tested on a real
Indian 28-bus RDN [29]. The 28-bus system consists of 28 buses and 27 branches, shown in
Figure 22, and the total real and reactive power of this system is 829.88 kW and 828.07 Kvar,
respectively. For this scenario, 11 Kv and 1 MVA are considered to be the base voltage and
base MVA, respectively. As illustrated in Figure 22, the 28-Bus RDN in Scenario 3 is divided
into three zones for residential, commercial, and industrial uses. The suitable locations for
integrating EVCSs with different chargers, PVDG units, and DSTATCOMs in the system are
determined using the methodology described in Section 6.2, and the results are presented
in Table 12. Bus 20, located in the commercial zone, and bus 10, situated in the industrial
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zone, are selected to have EVCSs with DC chargers, while bus 14 in the residential area
is chosen to have an EVCS with AC chargers. The results of the objective function of the
proposed Scenario 3 are the total costs, including the installation costs and the operation
and maintenance costs of the EVCSs, PVDG units, and DSTATCOMs as well as the energy
loss cost, which are outlined in Table 13.

 

Figure 22. Single line diagram of Indian 28-Bus rural RDN with zone-wise division.

Table 12. Locations and optimal sizing of EVCSs, PVDG units, and DSTATCOMs in Scenario 3.

Scenario 3

Zone EVCS
Locations

No. of
Chargers

PVDG
Locations

PVDG
(kW)

DSTATCOM
Locations

DSTATCOM
(kVar)

Residential Zone 14 11
(AC charger) 14 100 4 35

Commercial Zone 20 3
(DC charger) 20 250 22 45

Industrial Zone 10 5
(DC charger) 10 150 8 30

Table 13. Objective values of economical parameters of scenario.

Cases
Scenario 3

Cin ($×107) Co ($×107) CEL ($×107) CTotal ($×107)

II 0.0198 0.1060 0.0238 0.1496

7.7. Algorithm Comparison

The suggested optimization model focuses on the optimal sizing of the EVCSs (in-
cluding both AC and DC chargers), PVDG units, and DSTATCOMs. The efficacy of the
suggested framework using the proposed HHO algorithm is validated by comparing it
with GA, PSO, and the traditional TLBO algorithm. Standard parameter settings are used
in each technique for the sake of fair comparison: PSO employs acceleration coefficients
(c1 = 1.5, c2 = 1.5) [10] and an inertia weight that decreases linearly from 0.9 to 0.4; GA is
set up with a crossover probability of 0.85 and a mutation probability of 0.01 [20]; HHO is
intrinsically easier to implement because it does not require algorithm-specific parameter
tuning. Normalization is used to provide fair evaluation across all techniques, since the ob-
jective function, i.e., CTotal , including Cin, Co, CEL varies greatly in range. This normalized
total cost metric is used to compare the algorithms’ convergence characteristics. The con-



Energies 2025, 18, 5728 27 of 34

vergence properties of HHO, TLBO, PSO, and GA are depicted in Figure 23. The outcomes
absolutely suggest that HHO outperforms the other algorithms in terms of convergence
speed and overall cost. The good exploration–exploitation balance of HHO is credited with
the improved performance.

Figure 23. Comparison of convergence characteristics between different algorithms.

Further, to prove the superiority of the HHO algorithm in solving the proposed
problem as compared to other existing algorithms, a detailed comparative analysis is
performed, as shown in Tables 14 and 15. The performance comparison in terms of
convergence rate, computational time, mean, and standard deviation between the different
algorithms is shown in Table 14. The robustness of the algorithm is evaluated based on
the maximum, minimum, and average results after 50 independent runs, as provided in
Table 15.

Table 14. Comparison of results of different algorithms.

Performance Indices HHO TLBO PSO GA

Mean 0.0275 0.0288 0.0313 0.0342

Standard Deviation 0.027 0.032 0.040 0.052

Convergence rate 21 25 32 41

Convergence time (s) 231 242 257 272

Table 15. Comparison of results of multi-run statistics (50 runs).

Performance Indices HHO TLBO PSO GA

Maximum 0.0282 0.0291 0.0326 0.0354

Minimum 0.0269 0.0272 0.0303 0.0325

Average 0.0273 0.0283 0.0311 0.0338

Being a minimization problem, the lowest mean and standard deviation values of
HHO, as presented in Table 14, demonstrate its superior performance compared to TLBO,
PSO, and GA in solving the proposed optimization problem. Moreover, HHO attains the
global minimum solution with the least number of iterations, indicating a faster conver-
gence rate.

The robustness of the algorithm was evaluated based on the maximum, minimum,
and average objective values obtained from 50 independent runs. As shown in Table 15,
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the smaller difference between these values in the case of HHO, relative to TLBO, PSO,
and GA, further confirms the stability of the HHO algorithm in consistently achieving
near-optimal solutions.

Therefore, the results indicate that HHO continuously beats the others in terms of
accuracy and convergence speed.

7.8. Sensitivity Analysis

To examine the robustness of the proposed model under different conditions, a sen-
sitivity analysis was carried out by changing the Capital Expenditure (CAPEX) of EV
chargers, electricity tariffs, discount rates, EV charger ratings, and number of states in PV
uncertainty modelling.

In this analysis, the cost of AC and DC chargers from the original manuscript is
considered to be the baseline (CAC_charg = 941$, CDC_charg = 6850 $), and their CAPEX
values are varied by ±25% to assess the impact of cost fluctuations. For the variation
in electricity tariffs by ±20%, the tariff profile provided in the original manuscript is
considered to be the base case. Further, the discount rate is varied between (6–10%) from
its base value of 0.08. Further, the power rating of the EV chargers is varied within practical
ranges (±20%) from its base value 50 kW and no. of states in the PV uncertainty modelling
is varied between 5, 10, 15, and 20.

The analysis reveals that the model successfully converges, even with variations in
critical parameters such as the EV charger ratings and number of states in PV uncertainty
modelling. Moreover, the optimization framework consistently reaches feasible and optimal
solutions under different parameter settings, demonstrating the robustness of the proposed
model. As shown in Table 16, the variation in the CAPEX values of the chargers primarily
influences the investment cost, leading to deviations of up to ±22% from the baseline.
However, it does not significantly affect the operation and maintenance costs or the energy
loss cost. As shown in Table 17, varying the tariff primarily affects the operation and
maintenance costs and the energy loss cost, while the investment cost remains unchanged.
As presented in Table 18, changing the discount rate affects all components of the total
cost—namely, the investment cost, operation and maintenance costs, and energy loss cost.

Table 16. Results of sensitivity analysis by changing CAPEX value of EV charger.

Change in CAPEX Value Cin
($×107)

Co
($×107)

CEL
($×107)

CTotal
($×107)

−25% 0.0178 0.212 0.0310 0.2608

0% 0.0222 0.212 0.0310 0.2652

+25% 0.0281 0.212 0.0310 0.2711

Table 17. Results of sensitivity analysis by changing electricity tariff.

Change in Electricity Tariff Cin
($×107)

Co
($×107)

CEL
($×107)

CTotal
($×107)

−20% 0.0222 0.01779 0.0252 0.2229

0% 0.0222 0.212 0.0310 0.2652

+20% 0.0222 0.2644 0.0381 0.324
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Table 18. Results of sensitivity analysis by changing discount rate.

Change in Discount Rate Cin
($×107)

Co
($×107)

CEL
($×107)

CTotal
($×107)

8% 0.0186 0.1356 0.0294 0.1836

0% 0.0222 0.212 0.0310 0.1496

10% 0.0361 0.2642 0.0397 0.3401

The impacts on total cost for different charger power ratings for Case I are summarized
in Table 19. The results of the sensitivity analysis of PV power output when varying the
number of states are shown in Figures 24–27. The PV output results obtained for Ns = 5
and 10 showed slight variations, whereas increasing Ns to 15 and 20 yielded PV output
results nearly identical to those obtained with Ns = 10. Therefore, Ns = 10 was selected, as
it provides a good balance between computational efficiency and accuracy in uncertainty
representation. These findings confirm that the proposed model effectively captures the
influence of key parameters on the optimization problem and provides optimal solutions.

Table 19. Sensitivity analysis of power ratings of EV DC fast charger.

Change in Power Rating of DC Fast Charger Total Cost ($)

−20% 0.3677 × 107

0% 0.3683 × 107

+20% 0.3685 × 107

 

Figure 24. PV output power obtained by setting the number of states Ns = 5.

 

Figure 25. PV output power obtained by setting the number of states Ns = 10.

Figure 26. PV output power obtained by setting the number of states Ns = 15.
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Figure 27. PV output power obtained by setting the number of states Ns = 20.

8. Conclusions
By combining EVCSs with AC and DC charger types, renewable energy sources,

and reactive power compensation devices, this paper aims to maximize techno-economic
benefits for EVCS owners, EV owners, and DNOs. The optimal capacities of the PVDG
units, AC and DC chargers in EVCSs, and DSTATCOM units were obtained using HHO.
The planning framework was optimized by minimizing the system’s overall cost while
meeting the security constraints using HHO technique. Economical parameters, like cost,
and technical parameters, like hourly voltage profiles, hourly active power losses, and
waiting times, have also been evaluated for all cases. Simulations on an IEEE 33-bus RDN
were used to validate the suggested approach, and the main conclusions are outlined below.

The key findings of the papers are as follows.

1. The combined integration of uncertain solar PVDG units and DSTATCOMs offers
both active and reactive power support in an EV-integrated RDN, reducing the grid
dependency, thereby significantly lowering the operation and maintenance costs of
the system.

2. In comparison to Case I, Case II achieved a reduction in energy loss by 38%, 37%, and
39.13% for Scenarios 1, 2, and 3, respectively. In Case II, the voltage profile shows
an improvement of 2.89%, 2.63%, and 2.62% for Scenarios 1, 2, and 3, respectively,
compared to Case I.

3. The zonal division strategy ensures that EVCSs are distributed throughout the net-
work, enhancing overall coverage of the network for EVCS placement. This approach
allows more areas to be served with fewer chargers, thereby improving EVCS accessi-
bility for EV users.

4. Further, the analysis reveals that among Scenarios 1, 2, and 3, the results of Cin,
Co, CEL, and CTotal follow the order of Scenario 1< Scenario 3 < Scenario 2 for both
cases. This indicates that the combined deployment of both AC and DC chargers in
Scenario 3 offers the best balance of operational flexibility and investment cost. As
a result, Scenario 3 stands out as the most practical and viable option for real-world
implementation.

5. Additionally, the HHO algorithm outperforms classic TLBO, PSO, and GA in terms
of convergence rate and accuracy. It effectively minimizes the total planning costs
of EV-, PV-, and DSTATCOM-integrated RDNs, making it suitable for real-world
planning challenges.

The primary limitation of the proposed framework is the limited availability of reliable
data. In many cases, accurate information on traffic flow, charging behaviour, and local
network parameters is unavailable, which can affect the precision and reliability of the
model’s outcomes. Furthermore, a fixed-load assumption was adopted for optimization
purposes; however, the technical analysis of the proposed model was carried out under
variable-load conditions. Future research can include vehicle-to-grid operations and ex-
amine how EV charging loads behave dynamically under real-time pricing systems. To
guarantee continuous operation and grid security, it is also necessary to incorporate a
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reliability evaluation of the coordinated system during component failures, cyberattacks,
or adverse weather conditions.
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Appendix A. Hourly Variation in Voltage Profile, Line Loading, and
Power Factor at Bus 2 of 33-Bus System

The results of Figures A1–A3 indicate that the integration of PV and DSTATCOM
along with the EVCSs in Case 2 improves the voltage profile and enhances the line loading
as well as the power factor of the system as compared to Case 1.

Figure A1. Hourly variation in voltage profile at bus 2 of 33-bus system for both cases.

 
Figure A2. Hourly variation in line loading at bus 2 of 33-bus system for both cases.
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Figure A3. Hourly variation in power factor at bus 2 of 33-bus system for both cases.

Table A1. Line data and bus data of 33-Bus distribution network.

Branch
Number

Sending End
Bus

Receiving
End Bus

Resistance
(Ω)

Reactance
(Ω)

Active Power
(MW)

Reactive Power
(MVAr)

1 1 2 0.0922 0.047 0.1 0.06
2 2 3 0.493 0.2511 0.09 0.04
3 3 4 0.366 0.1864 0.12 0.08
4 4 5 0.3811 0.1941 0.06 0.03
5 5 6 0.819 0.707 0.06 0.02
6 6 7 0.1872 0.6188 0.2 0.01
7 7 8 0.7114 0.2351 0.2 0.01
8 8 9 1.03 0.74 0.06 0.02
9 9 10 1.044 0.74 0.06 0.02
10 10 11 0.1966 0.065 0.045 0.03
11 11 12 0.3744 0.1238 0.06 0.035
12 12 13 1.468 1.155 0.06 0.035
13 13 14 0.5416 0.7129 0.12 0.08
14 14 15 0.591 0.526 0.06 0.01
15 15 16 0.7463 0.545 0.06 0.02
16 16 17 1.289 1.721 0.06 0.02
17 17 18 0.732 0.574 0.09 0.04
18 2 19 0.164 0.1565 0.09 0.04
19 19 20 1.5042 1.3554 0.09 0.04
20 20 21 0.4095 0.4784 0.09 0.04
21 21 22 0.7089 0.9373 0.09 0.04
22 3 23 0.4512 0.3083 0.09 0.05
23 23 24 0.898 0.7091 0.42 0.2
24 24 25 0.896 0.7011 0.42 0.2
25 6 26 0.203 0.1034 0.06 0.025
26 26 27 0.2842 0.1447 0.06 0.025
27 27 28 1.059 0.9337 0.06 0.02
28 28 29 0.8042 0.7006 0.12 0.07
29 29 30 0.5075 0.2585 0.2 0.06
30 30 31 0.9744 0.963 0.15 0.07
31 31 32 0.3105 0.3619 0.21 0.1
32 32 33 0.341 0.5302 0.06 0.04
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Table A2. Line data and bus data of 28-Bus real Indian distribution network.

Branch
Number

Sending End
Bus

Receiving
End Bus

Resistance
(Ω)

Reactance
(Ω)

Active Power
(MW)

Reactive Power
(MVAr)

1 1 2 1.197 0.82 35.28 35.993
2 2 3 1.796 1.231 14 14.283
3 3 4 1.306 0.895 35.28 35.993
4 4 5 1.851 1.268 14 14.283
5 5 6 1.524 1.044 35.28 35.993
6 6 7 1.905 1.305 35.28 35.993
7 7 8 1.197 0.82 35.28 35.993
8 8 9 0.653 0.447 14 14.283
9 9 10 1.143 0.783 14 14.283
10 4 11 2.823 1.172 56 57.131
11 11 12 1.184 0.491 35.28 35.993
12 12 13 1.002 0.416 35.28 35.993
13 13 14 0.455 0.189 14 14.283
14 14 15 0.546 0.227 35.28 35.993
15 5 16 2.55 1.058 35.28 35.993
16 6 17 1.366 0.567 8.96 9.141
17 17 18 0.819 0.34 8.96 9.141
18 18 19 1.548 0.642 35.28 35.993
19 19 20 1.366 0.567 35.28 35.993
20 20 21 3.552 1.474 14 14.283
21 7 22 1.548 0.642 35.28 35.993
22 22 23 1.092 0.453 8.96 9.141
23 23 24 0.91 0.378 56 57.131
24 24 25 0.455 0.189 8.96 9.141
25 25 26 0.364 0.151 35.28 35.993
26 8 27 0.546 0.226 35.28 35.993
27 27 28 0.273 0.113 35.28 35.993
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