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Abstract: In the present work, a strategic multi-scenario EV ultra-fast charging station (CS) planning
framework is designed to provide advantages to charging station owners, Distribution Network
Operators, and EV owners. Locations of CSs are identified using zonal division and the Voltage
Stability Index strategy. The number of chargers is determined using the Harris Hawk Optimization
(HHO) technique while minimizing the installation, operational costs of CS, and energy loss costs
considering all the power system security constraints. To ensure a realistic planning model, uncer-
tainties in EV charging behavior and electricity prices are managed through the 2m-Point Estimate
Method. This method produces multiple scenarios of uncertain parameters, which effectively rep-
resent the actual dataset, thereby facilitating comprehensive multi-scenario planning. This study
incorporates annual EV and system load growth in a long-term planning model of ten years, ensuring
the distribution network meets future demand for sustainable transportation infrastructure. The
proposed research work is tested on a 33-bus distribution network and a 51-bus real Indian distribu-
tion network. To evaluate the financial and environmental benefits of the planning, a cost-benefit
analysis in terms of the Return-on-Investment index and a carbon emission analysis are performed,
respectively. Furthermore, to prove the efficacy of the HHO technique, the results are compared with
several existing algorithms.

Keywords: Harris Hawk Optimization; multi-scenario planning; optimal number of chargers;
ultra-fast charging; uncertainty; voltage stability index

1. Introduction

Electric Vehicles (EVs) are emerging as a rapidly advancing technology with global
significance, driven by concerns over fossil fuel scarcity and environmental pollution.
The extensive acceptance of EVs is hindered by the limited driving mileage of EVs, long
charging duration, and lack of adequate charging arrangements, which is posing a challenge
for EV users [1]. In this context, Ultra-fast charging stations are crucial for the widespread
adoption of EVs due to their ability to provide a rapid charging experience comparable to
the quick refueling process at gas stations [2]. One of the primary barriers to EV adoption
has been the lengthy charging times compared to the few minutes it takes to refuel a
conventional vehicle [3]. Ultra-fast chargers address this issue by significantly reducing
charging times, making EV use more convenient and practical for everyday drivers. This
is especially important for long-distance travel, where quick recharges are essential to
maintain the continuity of trips without lengthy delays [3]. Governments worldwide are
actively promoting the use of EVs and encouraging the establishment of public CSs. To
ensure the success of this initiative, effective EV CS planning is necessary, which involves
the careful selection of CS locations, as well as the determination of the adequate number of
chargers that can be present in each CS [4]. The planning should be done in such a way that
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enhances user convenience, reduces concerns about vehicle range, integrates EVs into daily
life, increases station utilization, and contributes to sustainable transportation solutions.

The CS cannot be placed arbitrarily or in every node of the electrical network as it
can violate the power system constraints and increase the risk of grid overload [5]. The
location of the CS should be determined wisely so that all areas of the network can be
properly covered by placing the appropriate number of CSs. The determination of the
superior number of chargers in a CS is also an important factor to look into because a huge
number of chargers may also lead to power quality problems, voltage degradation, and
increased power losses. On the other hand, an insufficient number of chargers may increase
the station congestion and waiting time of the users [6]. Strategic placement of ultra-fast
charging stations with a sufficient number of chargers allows substantial energy delivery in
a short time, facilitating continuous travel and reducing extended stops. This enhances the
overall travel experience and makes EVs more viable for long-haul journeys, encouraging
more drivers to switch from gasoline vehicles to electric ones [7].

The planning of EVCSs is influenced by several uncertain factors, such as variable
EV charging demand, variation in charging time, unpredictable user behavior, fluctuating
energy prices, etc. To handle this, uncertainty modeling is essential during the planning of
ultra-fast EVCSs as it helps in making accurate decisions [8]. In this context, multi-scenario
planning is advantageous because it considers multiple scenarios of uncertain parameters,
capturing the intermittent nature of variables. This approach reduces the burden and
complexity of the program by providing a definite range of data points that represent the
actual data more accurately [9]. By incorporating a range of potential outcomes, multi-
scenario planning ensures that strategies are more resilient and better prepared to handle
variability and uncertainty. Besides this, considering yearly EV growth and system load
growth is crucial for planning charging stations to ensure the infrastructure can meet
future demand [10]. As EV numbers increase, the need for more charging stations rises,
while system load growth affects overall energy demand. Planning with these factors in
mind ensures that the charging network remains efficient and capable of handling future
requirements, supporting both EV adoption and commercial energy needs.

Although the advantages of ultra-fast charging stations are well-recognized, there is a
notable scarcity of research focused on their planning from a power system operational
standpoint as well as a CS owner’s standpoint [7]. Existing studies primarily highlight
the benefits of ultra-fast charging in terms of reducing charging time and supporting EV
adoption, but they often do not address the planning aspects related to station location,
sizing, and impact analysis in terms of cost-benefit evaluation and emission analysis [11,12].
Addressing this gap is crucial, as a comprehensive understanding of these factors can signif-
icantly enhance the effectiveness and efficiency of ultra-fast charging infrastructure. In [13],
the authors analyzed the impacts of ultra-fast charging stations on distribution networks
(DN) in terms of voltage profile and current trends. In [8,14,15], the authors considered
travel distance and arrival State of Charge (SOC) as uncertain parameters, while in [16],
battery SOC and battery capacity were considered uncertain variables during the planning
process. However, for robust planning, all the possible uncertain parameters should be
taken into account, which is largely missing in previous studies. Again, in [14,17,18], the
authors used a scenario generation technique, the Monte Carlo Simulation method, to
handle the uncertainty, which generates a huge number of scenarios leading to computa-
tional inaccuracy. In contrast, the 2m-Point Estimate Method (2m-PEM) is more efficient
for scenario generation as it gives accurate results, is more stable, and is less sensitive
to the sample size [8]. Therefore, in the current study, the 2m-PEM is adopted to handle
different uncertainties related to EVCS planning, such as vehicle driving distance, battery
SOC, battery capacity, charging time, and varying electricity prices. In [19], the authors
minimized the power loss, voltage profile degradation, and installation cost of the CS while
determining the optimal size of the CS. Additionally, locations of the CSs were obtained to
use the Balance Mayfly Algorithm. In [20,21], the authors identified the location of the CS
using PSO and Grey Wolf Optimization techniques while minimizing the power loss of the
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network. The authors of [22-24] addressed the benefits only from the CS owner’s point of
view by minimizing installation and operational costs during the planning of CS.

From the literature, it is evident that, in some papers, researchers had addressed the
advantages from the CS owner’s point of view while some authors had addressed the
Distribution Network Operator’s (DNO’s) aspects. However, for comprehensive EVCS
planning, it is crucial to consider all the objective functions like voltage profile, power loss,
and costs related to CSs in terms of installation and operational costs. This will ensure
benefits to both CS owners and DNOs. In [25-30], the authors identified the location for
the CS placement using several optimization techniques like the Arithmetic Optimization
Algorithm, PSO, Teaching Learning Based Optimization, and Grey Wolf Optimization
algorithm. The results reveal that CSs are often placed on consecutive buses, leaving the
majority of the network uncovered. However, for superior EV user services, CSs should
not be concentrated in one place. Rather, they should be placed in a distributed manner
to cover the whole network. Therefore, in the proposed planning, the CSs are allocated
strategically throughout the planning area to reduce the range anxiety of the EV users.
On the other hand, in previous research [22-25,29,30], the authors did not account for
the EV growth and system load growth of the system during the planning of charging
stations. However, this integration is essential for long-term planning to ensure that the
infrastructure can accommodate future demands effectively, maintain grid stability, and
support the sustainable expansion of the EV network. Soft computing algorithms are robust,
adaptive in nature, and very efficient in handling the complexity of real-world problems.
The authors of [22,24,27,31] used some traditional techniques like Genetic Algorithm (GA),
Particle Swarm Optimization (PSO), and Cuckoo Search Algorithm to determine the size of
EVCSs. However, these techniques are often facing certain challenges like parameter tuning
challenges, lower convergence rates, lack of robustness, etc. To mitigate these limitations,
in the proposed planning model the optimal number of chargers is determined using the
Harris Hawk Optimization (HHO) technique as it exhibits a balanced exploration and
exploitation phase [32]. In [33,34], the authors used several simulation tools like the CARLA
simulator to model the realistic driver behavior.

Besides this, the impact analysis of the planning in terms of cost-benefit analysis and
emission evaluation is also necessary to prove the superiority of the model [7]. Cost-benefit
analysis helps CS owners and DNOs to make informed decisions by comparing the financial
costs and benefits associated with the CSs. This helps to determine whether the investments
are economically viable or not [35]. Meanwhile, emission evaluation is also crucial for
assessing the environmental impact of EV infrastructure. Together, these analyses ensure
that the planning is financially beneficial and environmentally sustainable, which is largely
missing in the previous work [36].

The research presented herein addresses a critical gap in the field of planning ultra-fast
EVCS. To the best of the authors” knowledge, the strategic multi-scenario-based planning
of ultra-fast EVCSs has not been explored before from the perspective of CS owners, DNOs,
and EV owners. In the present study, CS locations are identified using zonal division and
the Voltage Stability Index (VSI) strategy to ensure an effective EV service by deploying
the CS throughout the planning area. The overall work is tested on a 33-bus radial DN
and a 51-bus real Indian rural DN [37,38]. The optimal number of chargers present in each
CS is determined using the HHO technique while minimizing the installation, operational
cost of the CS, and energy loss cost to provide advantages to the CS owners and DNOs. To
handle the unpredictable EV charging behavior and fluctuating energy prices, the 2m-PEM
is employed. For more practical analysis, new ultra-fast charging compatible vehicles
available in India are used for the analysis. Further, an analysis of the revenue generated
from selling electricity to EV users is conducted alongside a cost-benefit assessment to
demonstrate the profitability of the proposed methodology. Additionally, to assess the
social benefit, carbon emissions from both the EV and conventional vehicles are quantified.

The novelty of this research lies in its comprehensive approach, which not only
considers the technical feasibility of ultra-fast CSs pertaining to voltage deviation, power
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loss, power flow constraints, etc., but also addresses economic and environmental aspects,
which is crucial to CS owners and DNOs. Additionally, to alleviate range anxiety among
EV users, a zonal division and VSI-based CS deployment strategy is adopted, featuring
150 kW ultra-fast chargers at all CSs. By highlighting this unexplored area, this research
aims to pave the way for enhanced strategies that can empower DNOs to efficiently plan
future power system networks. Moreover, a cost-benefit analysis is evaluated using the
Return on Investment (ROI) index, which helps the CS owners determine the viability
and profitability of their investments in the planning. Furthermore, ultra-fast chargers
significantly enhance EV usability by reducing charging time, improving convenience for
long-distance travel, and supporting high-demand scenarios such as peak travel times of
EV users.

To address the research gap drawn from the literature survey, the main contributions
of the research work are as follows:

a.  Considering practical aspects like annual EV growth and system load growth, a
comprehensive multi-scenario-based long-term planning model of EV ultra-fast CSs
is developed, taking into account the techno-economic and social benefits of different
stakeholders while satisfying power system security constraints;

b.  To enhance the realism of the planning, uncertainty modeling is performed using real
data of electricity prices and data related to new ultra-fast charging compatible EVs.
To efficiently capture the intermittent nature of uncertain variables, multiple scenarios
are generated using the 2m-PEM by employing the mean and standard deviation of a
large dataset;

c.  Considering the uncertain parameters, a unique objective function is formulated
to minimize the installation cost, operational cost of CSs, and energy loss while
determining the optimal number of ultra-fast chargers using the HHO technique.
To evaluate the financial and environmental benefits of the planning, an ROI-based
cost-benefit analysis and a carbon emissions assessment are conducted;

d.  Toreduce the range anxiety of the EV user, a zonal division and VSI-based strategical
placement technique are adopted to deploy the ultra-fast CSs in a distributed manner
across the entire planning area.

2. Uncertainty Modelling

To increase the practicality of EVCS planning, it is essential to address the stochastic
nature of both EV charging behavior and electricity prices. The charging behavior of an
EV refers to the distance traveled by the EV before reaching the CS, SOC on arrival, EV
charging time, etc.

2.1. Uncertain Parameters

The uncertain parameters considered in the current planning method are the EV driv-
ing distance (dd) before reaching the CS, SOC on arrival (SOC), battery capacity (Cap, ), and

electricity prices (Cd"). The SOC and the total charging time (tCh) [39] can be calculated
using Equations (1) and (2):

SOC = (1 — R‘é‘iy) 1)
o _ ((1=50C) x Cap,)
= (pch X 77b) (2)

where RG,, refers to the range of the EV i.e., the maximum distance the EV can cover with
100% SOC, P denotes the power rating of chargers, which is taken as 150 kW, and 7,
represents the efficiency of the battery, which is considered as 95% in the current planning.
Below are the details of the uncertain variables considered for this planning problem.
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EV distance traveled (Miles). In this problem, the distance (dd) traveled by the vehicle
is considered to follow a normal distribution. The mean () is considered as 52.5, and the
standard deviation (0) is taken as 20.1 [14].

1 (dd—p)?

flad, o) = e ®

Battery capacity (kWh). The battery capacity (Cap,) of the vehicle follows a normal
distribution, with a u of 82.1 and a ¢ of 8.561 [28]. The probability density function is
defined as follows:

1 _ (Capp—p)?

e a2 4)

Capy, 4, 0) =
f(Capy, u,0) —

Electricity price (Rs/kWh). The electricity price follows the normal distribution where
u and ¢ are taken as 5.06 and 0.93, respectively [40]. The probability density function can
be expressed as follows:

1 _(Celc—y)z
clc oy, o) = e 22 5
f(etme) = —— ©)

2.2. 2m-Point Estimate Method

This study employs the 2m-PEM to manage the uncertain parameters related to the
CS planning model. Following the determination of the y# and ¢, the 2m-PEM generates
two probability concentrations (Cp) for each uncertain input variable, as given in Table 1.
Consequently, 2 X m scenarios can be produced, where m denotes the number of uncer-
tain parameters. Scenario generation can simplify programming complexity and reduce
computational burden by producing discrete data points that represent the actual dataset.
In the present analysis, three uncertain variables are considered, resulting in six possible
scenarios. The C;, of each uncertain parameter is calculated as follows:

Cp=p+lc,x0 p=12 (6)

where (¢, is the pth standard location and can be calculated using Equation (7):

€,\2

@cp=§+(—1)3_”>< <m—|—(2)> p=12andm =3 (7)

where ¢, refers to the skewness coefficient of the uncertain parameters. In the current
planning model, ¢, is taken as 10%.

Table 1. C, values for each uncertain parameter.

CP
Uncertain Parameters
p=1 p=2
SOC 0.3615 0.8957
Cap, 95.5357 65.3663
cele 6.7225 3.4878

3. Voltage Stability Index (VSI)

The VSl s a crucial tool for evaluating the voltage stability of power systems, particu-
larly under economic and operational constraints. It provides a straightforward, quick, and
effective method to measure how close a power system is to voltage collapse, identifying
the most vulnerable buses within the network. Figure 1 shows the one-line diagram of a
radial DN.
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Figure 1. One-line diagram of a radial DN.

By analyzing the power flow and impedance characteristics of the radial DN, as
depicted in Figure 1, the VSl is calculated as given in Equation (8):

VSI(r) = VE—4 x [ P(r) x Xg — Q(r) X Ry |* =4 x [ P(r) X Rer + Q(r) x Xgr] x V2 (8)

where s is the sending end bus, r is receiving end bus, VSI (1) represents the VSI of that
receiving end bus, R, denotes the line impedance between the sending and receiving
end bus, and X, represents the line reactance between the sending and receiving end
bus. Vs denotes the voltage at sending end bus while P (r) and Q (r) represent the total
active power and reactive power fed through the receiving end bus. For safe power system
operation, the value of the VSI must be higher than 0. The bus whose VSI value is close
to zero is considered an unhealthy bus while the bus with a VSI value close to one is
considered a healthy bus.

4. Objective Function and Constraints

This section thoroughly describes the objective functions and constraints employed in
the multi-scenario planning of ultra-fast charging stations.

4.1. Objective Function

In the present work, the objective functions are developed considering the benefits
of the CS owner and the DNO. Further, to make the analysis more practical, increasing
EV penetration and system load growth is also taken into account while formulating the
objective function. The uncertain charging time and fluctuating electricity prices are also
incorporated into the objective function. The details regarding the objective functions are
as follows:

(a) Cost of charging station (Ccg)

This paper aims to minimize the cost of the CS, which is advantageous for the EVCS
owner. The total cost of the CS encompasses both installation (Cjys) and operational
(Copr) expenses, as detailed below:

Ccs = Cins + Copr )

Installation cost (Cyys). The installation cost is influenced by various factors, such
as the total area of the CS (A{®), expense of the site (C,,), the cost of chargers (C.,), and
additional charges related to the CS (Cyp,,,). The total area required for the CS includes space
for each charger (AS") and spaces for parking the vehicles (A?). Additional costs encompass
costs for a new electricity connection, technician services, labor, and management [6]. The
overall installation cost of the CS is calculated using Equations (10)—(12):

CINS = Rec

NCS
{Z(Afs X CAr) + (NzCh X Cch)} + Cother‘| (10)

i=1

A5 = (A" x N§") + AT (11)
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where R, is the cost conversion factor of the installation cost, operational cost, and energy
loss cost, and can be calculated as follows:

w(1 +w)Nv
Rcczg( N) (12)
(I4+w)™v -1

where w denotes the discount rate and Ny, indicates the total planning years. N5 and th
refer to the number of ultra-fast CSs and the corresponding number of chargers.

Operational cost (Cpopr). Operational costs are determined by several factors, in-
cluding the number of chargers, their power ratings (P°"), the total charging time at the
station (t), and the electricity rates (C°®) for buying the electricity. Operational costs are
calculated for each scenario throughout all planning years using Equation (13):

Nyr Nsn Nes n " " .
o C. c elc
Cop = Z Z Rec Z(Ni,yr,sn x P x ti,yr,sn x Ci,yr,sn) X tsn (13)
yr=1sn=1 i=1

where t,, indicates the time period of each scenario.
(b) Energy loss cost (Ceng)

This study also aims to minimize energy loss costs, which is advantageous for the
DNOs. Minimizing energy loss costs plays a pivotal role in boosting efficiency and con-
serving resources within power system planning and can be calculated as follows:

NW Nsp

Ceng = Z Z Rec [PyL,sn X tsp X Cf,lycr,sn} (14)
yr=1sn=1

where P! represents the overall power loss within the system.

Since the range of all the objective functions is different, to achieve an equivalent
objective function, it is essential to normalize each objective function so that all the individ-
ual objective functions fall under the same scale [8]. In the current study, each individual
objective function is normalized between 0 and 1 using Equation (15):

O — Omin

NO) = ——F—
( ) Omax_omin

(15)
where N(O) represents the normalized objective function and Oy and O,,;, indicate the
maximum and minimum value of the individual objective function, respectively. The total
objective function (Cr ) is mathematically represented as follows:

Cr =min[N(Ccs) + N(Cgng)] (16)

The average number of EVs (Ngy) that can be accommodated in each charging station
over 24 h can be calculated from the number of chargers present in each CS and the time
required to charge the vehicle as shown below [41]:

24
NiV=N" x (17)

4.2. Constraints

Equality and inequality constraints are vital aspects of the power system that need to
be maintained for satisfactory power system operation. For the placement and sizing of
EVCS, constraints related to EVs and ultra-fast CSs are given below.
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4.2.1. Equality Constraints

Power balance constraints. The total power demand of a charging station, along
with the existing system load (P*¥*!) and the system’s power losses (PF), should not exceed
the available generating power (P¢"). The following power balance equation must be
maintained to ensure fair and efficient grid operation:

NW Nsn Nes " " sust L Grid
2 Y| L (Nl X P) 4 B P | = P (1)

yr=1sn=1

4.2.2. Inequality Constraints

Power flow constraints. Power flowing (PF h through each line (/) of the DN should
not exceed the maximum limit (PF;4y) for safe and secure operation as given below:

PF} . < PFuax (19)

Voltage constraints. The voltage magnitude (V) of each bus of the DN should be
maintained between the minimum (V,,;;,) and maximum (Vj;x) limit as expressed in
Equation (20). In the present planning, V,,;, is taken as 0.9 p.u. while V4« is considered as
1.1 p.u:

Vmin S Vy,sc < Vmax (20)

Battery SOC constraints. To extend the lifespan of the vehicle’s battery, it is essential
to keep the battery’s SOC within its upper (SOCyux) and lower limits (SOC,;,). The
constraint for the battery SOC can be expressed as follows:

SOCin < SOC < SOCyax (21)

where 50C,,;, and SOC,;;x are taken as 20% and 90%, respectively, for the present
planning problem.

Number of charger constraints. The number of ultra-fast Chargers at each station
should be kept within a specified minimum (anh ) and maximum (Nﬁmx ) limit as given in
Equation (22):

N < N < Nt i=1,2,..., Ngs (22)

min

where anh and N&" are taken as 1 and 3, respectively.

Number of CS constraints. In the current planning problem, the minimum number
of CSs (N!") required in each zone of the planning area should follow the constraints as
shown below:

Nes > Nes™" (23)

where N//'" is considered as 1, i.e., a minimum of one ultra-fast CS should be present in
each zone of the planning area for superior EV services.

5. Problem Formulation

Determining the favorable location for CSs and the optimal quantity of chargers
within each station is crucial for efficient power system operation during the planning of
EV ultra-fast CSs. To address the practical challenges in the placement and sizing of CSs,
a 33-bus radial DN and a real 51-bus Indian rural DN are employed as the test system
for the analysis. The input parameters of the problem are the bus data and line data of
the electrical network, uncertain EV charging behavior, and fluctuating electricity prices.
The appropriate location and optimal number of chargers are the output parameters of the
current problem. The locations are strategically identified using zonal division and the
VSI with the aim of reducing range anxiety by placing a suitable number of CSs in each
zone across the network. In this paper, the objective function is developed to benefit the CS
owners and DNOs. The multi-scenario planning of EV ultra-fast CSs is resolved by taking
the following objectives:
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(a) Allocation of the CS in a distributed manner throughout the network, which reduces
the range anxiety of the EV users;

(b) Minimization of installation and operational costs of the CS, which is beneficial from
the CS owner’s point of view;

(c) Minimization of energy loss cost, which benefits the DNOs.

6. Harris Hawk Optimization Technique

An effective optimization technique must be capable of modeling complex relation-
ships while maintaining a proper balance between the exploration and exploitation phases.
Failing to achieve this balance may result in the algorithm becoming trapped in local
optima. With this approach in mind, the HHO technique is utilized to address the current
multi-scenario planning problem. The conventional HHO technique is outlined below.

HHO is a nature-inspired, population-based optimization method. It draws inspiration
from the hunting strategies and cooperative behaviors of Harris hawks [32]. The algorithm
finds the optimal solution through two main phases: exploration and exploitation.

The transition between the exploration phase and the exploitation phase depends on
the value of escaping energy (U). The escaping energy is calculated as follows:

U =2Ug x U, (24)
= (1- -1 (25)
tmax

where Uj denotes the initial energy of the target and it and it;;qx represent the current and
maximum number of iterations, respectively.

If U > 1, the algorithm shifts to the exploration phase; otherwise, it enters the
exploitation phase.

Exploration phase: During this phase, hawks thoroughly explore the various locations
based on the position of the other family member (x > 0.5) and based on the position of the
target (x < 0.5).

P(it + 1) _ Prnd(l:t) —rnXx ‘.Prnd(it) —2rp P(it)‘r x> 0.5 (26)
(Pyap(it) — Paog(it)) — r3(LB +r4(ub —1b)), x <05
1 T
Paog (iter) = 7 Y Py(it) (27)
q=1

where P, P,, 4, and Py indicate the current position, random position, and average position
of hawks, respectively, and P, refers to the position of the target or rabbit. x, 1,12, r3 and r4
are the random values between 0 and 1, Ib and ub represent the lower and upper bound,
respectively, and T denotes the total number of hawks.

Exploitation phase: The exploitation phase takes place in four stages. The details of
the stages are given below.

Soft besiege. This step is performed by the hawks whenr > 0.5and |U| > 0.5.

P(it +1) = AP(it) — U x | ] Py (it) — P(it)] (28)

AP(it) = Pgp(it) — P(it) (29)

where | = 2(1 — r5) indicates the jump strength of the rabbit and r and rs represents the
random value between 0 and 1, AP represents the difference in the position of the hawk
and rabbit.

Hard besiege. The hawk performs hard besiege whenr > 0.5and Ul <0.5.

P(it +1) = P, (it) — U|AP(it)] (30)
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Soft besiege with progressive rapid dives. This step occurs when |U| > 0.5 and
r<0.5.

- (£ KT
K= Prah(it) —Uux Uprab(it) - P(it)‘ (32)

At this stage, the HHO technique integrates the concept of levy flight (I f) to mimic the
zigzag deceptive movements observed in rabbits during their escape phase:

L=V+SxIf(D) (33)

where D refers to the dimension of the search space and S refers to the random vector.
Hard besiege with progressive rapid dives. This step occurs when U | < 0.5 and
r<0.5.

paren - {§ KSR
K= th(it) —Ux Uprab(it> - Pzwg(it)| (35)
L=V+SxIf(D) (36)

The [ f can be calculated using (37):

UX$ Ir'(1+p) stn(Tﬁ)

—F, 0= (37)
1 1+8 /5 1)

|v| P l"(—z )xﬁxz

where u and v are the random values between 0 and 1, and f is a constant whose value is
set to 1.5 as given in [32].

e

1f(P) = 0.01 x

7. Methodology

In the current study, multi-scenario planning of EVCSs is developed where CSs are allo-
cated strategically. The optimal number of chargers present in each CS is determined using
the HHO technique. The methodology of the proposed planning model is discussed below.

7.1. Implementation of VSI and Zonal Division for Finding the Suitable Location of CSs

In the proposed model, zonal division and the VSI are used to maximize network
coverage by strategically deploying CSs throughout the network. This approach aims to
provide seamless user service and alleviate EV user’s range anxiety. First, the network
is divided into several zones based on the size of the network. After that, the VSI value
is calculated for each bus using Equation (8). Based on the VSI values, healthy buses are
identified in each zone of the network. Finally, the CSs are allocated to the healthier buses
in each zone of the network to ensure a safe and secure power system operation.

7.2. Implementation of HHO for Finding the Optimal Number of Chargers

After determining the suitable position for EVCS installation, the optimal size of the
CS is calculated using the HHO technique mentioned in Section 6. The number of chargers
required in each CS is taken as the decision variable in the current study. This study aims to
minimize the installation cost, operational cost, and energy loss cost in order to benefit both
CS owners and DN operators while satisfying the security constraints. The EV charging
energy demand depends on the number of chargers, charging time, and the power rating
of the chargers, as given below:

EV energy demand = N x P x th (38)

The charging time of an EV is influenced by several uncertain factors, such as battery
capacity, vehicle travel distance, and battery SOC. Therefore, in the present work, vehicle
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driving distance, battery SOC, battery capacity, charging time, and electricity prices are
considered uncertain parameters. To address the stochastic nature of the planning, 2m-PEM
is employed to generate multiple scenarios of uncertain parameters. The scenarios are
incorporated as input to the optimization technique to determine the optimal number
of chargers while minimizing the operational cost and energy loss cost. For simulation
purposes, a population size of 100 and a maximum iteration of 100 are chosen. To check
the consistency of the solution, the optimization process is repeated for 30 independent
runs. The stopping criterion for the optimization is the maximum number of iterations. The
lower and upper limits of the number of chargers are taken as 1 and 3, respectively. The
flowchart of the methodology is shown in Figure 2, while the solution of decision variables
is shown below:

[ \7Ch nych T
{NEENgh, A
Ch njch h
{Nzrl B S Ng }
Solution matrix = . (39)
h h h
N NE N} ]

where N denotes the population number and # indicates the dimension of the problem or
number of CSs considered in the proposed planning.

Start

v

Read bus data and line data of electrical network, read historic data
related to vehicle distance, battery capacity ad electricity price

v

Divide the network in several zones and identify
the charging station locations using VSI

v

Perform 2m-PEM to generate scenarios

v

Set population size and maximum iteration count

v

> Initialize the decision variables

v

Iteration it — 1

.
e

Perform load flow and evaluate objective function

Are
security constraints
Satisfied ?

Set current solution as best solution

Calculate escaping energy (U)
‘ it=it+1
' ' ‘
U=>1 U< 1
Exploration phase Exploitation phase

l [

Is

Print the results

v

End

Figure 2. Flowchart of the methodology of the proposed work.
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8. Results and Discussion

In this section, a comprehensive discussion regarding the outcomes of the current
planning problem is performed.

8.1. Test System and Input Data

In order to cater to the CS owners, DNOs, and EV users, a comprehensive planning
approach is proposed. The problem related to the CS placement is solved using zonal
division and the VSI strategy to ensure comprehensive coverage of the network and enhance
EV user satisfaction. The optimal number of chargers present in each CS is determined
using the HHO technique to minimize the installation cost, operational cost of the charging
station, and energy loss. The feasibility of the proposed method is tested on a 33-bus radial
DN and a 51-bus real Indian DN. The 33-bus system consists of 33 buses and 32 lines
with a base voltage and base power of 12.66 kV and 100 MVA, respectively [37]. The
51-bus Indian rural DN has 51 buses and 50 lines with a base voltage of 11 kV and a base
power of 100 MVA [38]. The real data of the vehicle battery SOC and driving distance
are obtained from the National Travel Survey data of the UK [42]. The information on
battery capacity and vehicle range used in the study is based on EV models with ultra-fast
charging facilities, including the Kia EV 6 [43], BMW iX [44], and Porsche Taycan [45].
In the first year, a total of 300 vehicles were used for the analysis, and a 15% increase in
EV penetration was considered for subsequent years to accommodate the increasing EV
growth. To ensure effective long-term planning, the modeling process integrates an annual
system load growth rate of 6.8%.

Considering the uncertainties related to the distance traveled by the EV, SOC on
arrival, battery capacity, charging time, and electricity price within every annual interval,
six scenarios are generated using 2m-PEM. The entire time frame for the planning phase
is 10 years. In the proposed research, the analysis is performed for an ultra-fast charger
with a power rating of 150 kW. Table 2 shows the different input parameters related to the
proposed multi-scenario planning model.

Table 2. Input parameters related to the objective function.

Parameters Value Parameters Value
Ach 17.38 ft2 Car Rs 2000/ ft?
AP 1000 ft? Cen Rs 1,890,000
Ny 10 years Cother Rs 5,826,730
r 0.08 ton 2 months

The simulation is conducted using MATLAB—version 9.8 (R2020a) on a computer
equipped with an Intel i7 processor running at a clock speed of 1.3 GHz and 8 GB of RAM.

8.2. Analysis of Results

Results of CS location obtained using Zonal division and VSI strategy. In order to
deploy the CS in a distributed manner across the network, in the proposed method the CS
locations are identified using a combination of zonal division and VSI strategy.

Figure 3a,b shows the results of the strategic placement in the 33-bus and 51-bus radial
DN, respectively. The result of the VSI values before and after the allocation of CSs for
both test systems are represented in Figure 4a,b. After dividing the 33-bus and 51-bus
network into three zones, as shown in Figure 3, healthy buses are selected for CS allocation
in each zone based on their VSI values. Further, it is observed from Figure 3 that due to
a higher load density, more nodes are chosen for CSs in Zone 3 of the 33-bus DN and in
Zones 1 and 2 of the 51-bus DN to accommodate the increased EV demand.
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Figure 4. Bus-wise Voltage Stability Index values for (a) 33-bus radial DN and (b) 51-bus real
Indian DN.

To demonstrate the efficacy of the proposed technique, a comparative analysis is
conducted between the results of the proposed method and those obtained from the
optimization technique. For this comparison, the locations are determined using the HHO
technique, with the aim of minimizing the total cost of the CSs and energy loss without
violating security constraints. During the analysis, it is assumed that each CS has a capacity
of 150 kW. The result of the location obtained using the HHO technique for both 33-bus
and 51-bus systems is given in Figure 5a,b, respectively. Using the HHO technique, some
of the identified buses for CS placement are adjacent to each other (i.e., 10, 11, 24, and
25 for the 33-bus system and 19, 20, 32, and 34 for the 51-bus system). On the other
hand, a vast portion of the network does not have a single CS, as shown in Figure 5.
Though optimization techniques are suitable from the electrical operation point of view,
the consecutive allocations are not favorable for EV users, as they increase range anxiety.
Therefore, strategic placement ensures that CSs are allocated across the network, avoiding
consecutive placements. This comprehensive coverage reduces range anxiety by ensuring
that CSs are readily accessible throughout the entire area while also meeting the electrical
operation requirements.

Results of the optimal size of the CS obtained using the HHO technique. To develop
a robust planning framework, benefits should be provided not only to the EV users but also
to the CS owners and DNOs. Therefore, after determining the CS locations strategically,
the number of chargers present in each EVCS is obtained using the HHO technique while
adhering to all the security constraints. The proposed methodology aims to minimize the
total cost related to the CS and energy loss to provide advantages to both the CS owners
and DNOs, respectively.
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(@) (b)

Figure 5. Allocation of EVCSs in the (a) 33-bus radial DN and (b) 51-bus DN using optimization
technique.

The results of the CS locations, the corresponding number of ultra-fast chargers present
in each CS, and the total number of EVs that would use the designated CSs for both 33-bus
and 51-bus test systems are given in Table 3. Using the ultra-fast charger, each vehicle
takes about 10 min to charge up to 90%. Therefore, in each CS, an average of 144 EVs can
be charged daily for both the 33-bus and 51-bus systems over 24 h. From Table 3, it is
observed that because of the presence of ultra-fast chargers, each CS is equipped with one
charger that can efficiently serve the EV charging demand in the designated zone for both
the 33-bus and 51-bus systems. The objective function results in terms of installation cost,
operational cost, and energy loss cost for both test systems are presented in Table 4.

Table 3. Result of locations for CS placement, the corresponding number of chargers, and the total
number of EVs that would use the CSs using the proposed method.

Test System CS Location No. of Chargers in Each CS No. of EVs per CS Total no. of EVs
2 1 144
11 1 144
33-Bus 2 1 144 576
30 1 144
9 1 144
18 1 144
51-Bus 25 1 144 720
32 1 144
41 1 144
Table 4. Financial analysis for 150 kW ultra-fast CS.
Test System Installation Cost (Rs x 10°) Operational Cost (Rs x 107) Energy Loss Cost (Rs x 10%) Total (Rs x 10%)
33-Bus 2.0157 5.2441 1.0663 1.6109
51-Bus 2.3026 7.4552 1.0177 1.7862

Impact Analysis. To demonstrate the financial benefits of the proposed methodology,
a cost-benefit analysis in terms of the ROI Index is conducted for both the 33-bus and 51-bus
test systems. The ROl index is calculated over a period of 10 years. This analysis is essential
for assessing the desirability of the investment. The ROI can be calculated as follows:

Total benefit

ROI =
Total cost

(40)

An ROl index greater than 1 signifies that the benefits surpass the costs, indicating that
the investment is economically viable. Calculating the ROI index is essential for planning
engineers, as it aids in determining which approach to adopt by comparing the returns
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on investment. Calculating the ROI index allows engineers to evaluate the effectiveness
of various options and helps to determine when the benefits surpass the costs. In the
proposed planning framework, the costs include installation expenses, operational costs,
and energy loss costs, while the benefits come from selling the electricity to EV owners
at a rate of INR 15 per kWh. Importantly, the installation cost is only considered for the
first year of the planning period, ensuring that the initial capital investment is captured
upfront. Subsequent years focus on the ongoing operational costs, energy loss costs, and
benefits from electricity sales. Table 5 shows the result of the ROI index of the proposed
ultra-fast CS planning for the test networks after 10 years. From the Table, it is observed
that, in both the 33-bus and 51-bus systems, the ROI index value is greater than 1. After
conducting calculations, it is determined that the break-even point is achieved in the fifth
year of planning, and benefits surpass the costs in the sixth year, as indicated by the ROI
index evaluation.

Table 5. Cost-benefit analysis for ultra-fast CS.

Test System Total Cost (Rs x 108)  Total Benefit (Rs x 10%) ROI
33-Bus 1.0865 1.3472 1.2493
51-Bus 1.1407 1.4442 1.2661

To highlight the environmental advantages of EVs in terms of carbon emissions,
an analysis is conducted comparing the carbon dioxide (CO;) emissions from EVs and
conventional vehicles. In the present planning problem, three different types of newly
used EVs, ie., Kia EV 6, BMW iX, and Porsche Taycan, are considered for the analysis. It is
assumed that in the planning area, a total of 300 vehicles are present, of which 26% are a
Porsche Taycan, 30% are a BMW iX, and 44% are a Kia EV 6. It is also assumed that 0.91 kg of
CO; is emitted for each kWh of electricity consumption for each EV [46], and 2.77 kg of CO,
is released per liter consumption of petrol in the case of a conventional vehicle [34]. Table 6
shows the comparative results of CO, emission between EVs and conventional vehicles
of the same model. From Table 6, it can be observed that the proposed method results in
a 40% reduction in CO, emissions by EVs compared to the conventional models of the
same vehicles. This reduction in CO, emissions highlights the effectiveness of the proposed
planning in promoting EV adoption and advancing toward a more sustainable solution.

Table 6. Comparison of CO, emissions from EVs and conventional vehicles over 10 years.

Test System Vehicle Type CO; Emission (kg)
338 EV 6.6417 x 107
-bus Conventional 1.1433 x 108
_ EV 7.1646 x 107
-bus Conventional 1.1433 x 108

Figure 6a,b illustrates the voltage profile before and after the allocation of EVCSs in
the 33-bus and 51-bus DN, respectively. From the Figures, it is observed that in both the
test systems, the voltage is within the permissible limit, as given in Equation (19), after
the deployment of the CS. Figure 7 shows the power loss after the allocation of CSs in the
33-bus and 51-bus DNs. The Figure reveals that more power loss occurred in the 33-bus
DN compared to the 51-bus DN after the deployment of the EVCS.
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Figure 7. Power loss before and after allocation of ultra-fast CS in 33-bus and 51-bus radial DN.

The current planning model indicates that each CS can accommodate an average of
144 vehicles per day while maintaining voltage security within acceptable limits, as shown
in Figure 6. However, an increase in the number of EVs could degrade the voltage profile,
potentially leading to grid instability. To address these challenges, grid reinforcement will
be necessary to sustain superior power system performance and reliability. This could
involve upgrading existing infrastructure, such as transformers and conductors, to handle
the higher loads. Additionally, the integration of advanced technologies such as renewable
energy sources, energy storage systems, and demand response programs will be essential
to support the increased demand.

Therefore, the analysis underscores the effectiveness of the proposed methodology
across all types of radial distribution systems, demonstrating its applicability and ben-
efits for both test systems. The methodology effectively identifies suitable locations for
CS placement and an optimal number of chargers, resulting in improved efficiency and
cost-effectiveness, which benefits EV users, DNOs, and CS owners. Additionally, it leads to
lower CO; emissions in both test systems, contributing to greater environmental sustain-
ability as compared to conventional vehicles.

8.3. Algorithm Comparison

In Figure 8, the comparative convergence characteristics of the HHO and other existing
optimization algorithms are illustrated. Table 7 presents a comparison of the results
regarding convergence rate, convergence time, 1, and o across different algorithms for
solving the planning of ultra-fast EVCSs. In Table 7, the convergence rate indicates the
iteration number when the algorithm achieves convergence. The analysis reveals that
HHO algorithms proved to be less expensive than other algorithms as it takes less time to
converge for the current problem.
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Table 7. Comparison of results of different algorithms.
Performance Indices HHO EPSO PSO GA
Convergence rate 26 30 32 40
Convergence time (s) 204 211 220 241
Mean 0.0213 0.0287 0.0311 0.0421
Standard deviation 0.0017 0.0021 0.0032 0.0043

To showcase the effectiveness of the developed algorithm, a statistical analysis was
performed, and the results are shown in Table 7. Since the current problem is a minimization
problem, a better-quality solution is obtained by obtaining the minimum values of yt and o.
From the Table, it is observed that HHO has the lowest value for 1 and o among all the
mentioned algorithms.

To prove the consistency of the proposed HHO technique, 30 independent runs are
performed for each mentioned algorithm, including HHO. The consistency of all the
algorithms is evaluated based on the maximum, minimum, and average results after
30 trials.

If the maximum, minimum, and average values are close to each other, the optimiza-
tion technique is considered to be consistent. Table 8 shows that, in the proposed method,
the difference between the maximum, minimum, and average values is less compared
to other algorithms. Therefore, the HHO technique performs the best in terms of the
consistency of the result.

Table 8. Comparison of the robustness of different algorithms after 30 trials.

Performance Indices HHO EPSO PSO GA
Maximum 0.0222 0.0294 0.0321 0.0433
Minimum 0.0201 0.0266 0.0289 0.0398

Average 0.0209 0.0281 0.0309 0.0419

9. Conclusions

In the present research work, a comprehensive multi-scenario planning model for EV
ultra-fast CSs is developed over a period of 10 years to provide benefits not only to the
CS owners but also to the DNOs and EV owners. The proposed work aims to minimize
the total cost in terms of installation, operational cost, and energy loss cost, utilizing the
HHO technique while satisfying security constraints. To enhance the practicality of the
modeling, the proposed planning incorporates the annual EV growth and annual system
load growth. To make the analysis more realistic, this study is performed considering
the uncertainties that are handled by 2m-PEM. Incorporating multiple scenarios into the
planning process effectively addresses the uncertainties of varying parameters by capturing
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their intermittent nature and providing a more realistic representation of actual conditions.
This method simplifies the program by offering a flexible framework that can adjust to
different situations.

The research work is tested on 33-bus DN and 51-bus real Indian DN. The test results
reveal that the CSs are strategically positioned during the planning phase with the help
of the zonal division and the VSI, ensuring comprehensive coverage of the area. The
zone-wise division allows for the allocation of CSs across the entire network. The VSI helps
to identify suitable bus locations, avoid adjacent placements, and ensure healthier bus
selections, which will enhance the EV user’s satisfaction.

Again, the HHO technique effectively identifies the optimal number of ultra-chargers
with minimum installation, operational, and energy loss costs. To evaluate the financial
and environmental benefits of the planning, a cost-benefit analysis in terms of an ROI index
and a carbon emission analysis is performed, respectively. The result of the ROI shows that
the proposed model is financially viable as the break-even point is achieved in a fifth of
the planning period. The carbon emission analysis shows that adopting EVs could reduce
environmental pollution by emitting 40% less carbon dioxide in the environment compared
to conventional vehicles. Furthermore, the average daily capacity of each CS has been
evaluated, and from the analysis, it is revealed that the proposed planning framework
effectively meets EV charging needs while adhering to security constraints. However,
a significant increase in EV charging demand could violate the power system security
constraints. This situation may necessitate grid reinforcement to ensure system reliability
and maintain secure operations. Overall, the conclusion can be drawn that VSI-based
zone-wise allocation of ultra-fast CSs addressed the EV user’s need and optimized the
installation, operational, and energy loss costs, effectively addressing the CS owner’s and
DNO'’s needs, respectively.

To prove the efficacy of the HHO technique, a comparative assessment was conducted,
considering other existing algorithms. The results confirmed that the proposed algorithm
is reliable and effective, excelling in convergence rate, computational efficiency, solution
quality, and consistency. In the future, simulation tools such as GridLAB-D, OpenModelica,
and PowerFactory will be utilized to model realistic EV driver behavior, traffic patterns,
and routing. These simulations will provide insights into how varying user demands and
vehicle flows are managed and can also assess the impact on the distribution network.
Additionally, future work will involve implementing simulation components for mod-
eling electric vehicles, vehicle usage, charging station infrastructure, and demand-side
management using the aforementioned simulation tools.
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