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Abstract

Electric vehicle (EV) usage has increased significantly in the past few years, which may
create challenges for distribution system operators due to EV charging needs. In this paper,
we propose an approach for planning and operating EV charging stations, considering
the challenges that distribution networks may face. A two-step framework is proposed
in this paper. First, the optimal size and location of a charging station is determined
using a multi-objective optimization problem considering minimizing power losses and
voltage drop while maximizing load placements. Then, an optimal scheduling scheme is
employed to charge and discharge the vehicles on the selected buses. Simulation studies
were conducted using IEEE 33- and 123-bus systems; the results show that the proposed
framework significantly enhances the buses’ voltages and line power flows. In order to
plan for charging stations, several factors need to be considered, such as optimal size and
location, the daily load curve for the given system, the time of use (TOU), and the charging
patterns of EV owners. Without careful planning and operation, the system may suffer
vulnerability and line overloading, which may lead, eventually, to cascading outages and
interruptions. By improving grid utilization, reducing losses, and enabling coordinated EV
charging and discharging, the proposed framework supports more sustainable energy use
and facilitates the integration of electric mobility into future low-carbon power systems.

Keywords: electric vehicle; charging station; optimal size and location; multi-objective
genetic algorithm; optimal scheduling; sustainability

1. Introduction
In recent years, there has been significant growth in battery technologies, driven largely

by the rapid transition in the transportation sector from conventional internal combustion
engines to EVs. This shift has had a notable impact on power flow distribution within
national grids. As illustrated in Figure 1, battery applications have increased substantially
since 2018, with projections indicating an approximate 14-fold growth by 2030. Electric
mobility is expected to account for approximately 89% of the total gigawatt hours (GWh) of
battery demand, highlighting the central role of battery advancements in shaping the future
of EVs. It is also important to note that a substantial share of global battery production
currently takes place in China; however, this dominance is gradually declining as other
countries increase their investments and capacities in battery manufacturing [1]. Besides
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battery growth and electric mobility, smart city design represents the future of urban
development, using technology and innovation to build a people-friendly environment
and life, as shown in Figure 1, where energy storage applications are mainly used. Smart
infrastructure and sustainable energy are two of the most important features and keys to
a smart city. In this context, EV charging infrastructure should be planned not only to
satisfy transportation demand but also to support energy sustainability by coordinating
charging with renewable generation, energy storage, and demand-side management. Such
coordination can reduce peak demand, improve grid flexibility, and contribute to lower
carbon emissions in future smart distribution networks. The large electrical energy flow of
EVs has been presented in several previous studies, with the most common challenge being
charging and discharging EVs. Interest in EV charging, which involves the grid-to-vehicle
(G2V) process, is rapidly growing. On the other hand, the discharging process, vehicle-to-
grid (V2G), is also recommended in order to present the optimum energy flow between
EVs and the electrical grid.

Years China EU USA RoW  Years Electric Mobility Energy Storage Electronics 

2018 126 22 22 22  2018 142 0 38 

2020 142 62 62 44  2020 229 10 43 

2025 487 170 136 178  2025 808 105 58 

2030 1122 443 357 702  2030 2333 221 69 

2018 

2020 
2025 

2030s 

Figure 1. Global growth of battery by application and region by 2030 in GWh [1].

The optimal planning on one side and the optimal operation on the other side of EVs
in distribution networks are widely covered in the literature. The authors in [2] presented
an approach to mitigate the impact of increased EVs on the power grid; a case study was
illustrated to explain the proposed strategy. In [3], the authors performed a review of the
literature on electric vehicle charging stations (EVCSs), addressing topics such as EVCS
infrastructure, optimal location, and charging scheduling. Similarly, in [4], the authors
performed a comprehensive review of various EV charging optimization techniques. In [5],
the authors used genetic algorithms to identify the optimal EVCS placement to maximize
profit, including the costs of installation, operation, and maintenance. Simulation results
were introduced to verify the proposed approach. The authors in [6] solved the optimization
problem of finding the size and location of EVCSs for road networks, with the objective
of minimizing the integrated cost of charging stations and consumers-related costs. The
authors in [7] proposed an optimization framework for optimal siting and sizing of EVCSs
under load uncertainty and EV state of charge (SOC).
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In [8], the authors proposed a model that finds the optimal location of both EVCS
and distributed energy generation (DER) systems in the same setup. EVCSs used the V2G
function in the proposed model. The authors in [9] proposed a globally optimal scheduling
approach for EV charging and discharging, which was extended to be a local scheme.
In [10], the authors introduced an optimal charging strategy for EVs which utilizes the
Markov Decision Process (MDP) to handle uncertainty of EV users’ behavior. In [11], the
authors proposed a method to determine the largest number of EVs that a distribution
network can accommodate by using a Monte Carlo-based charging model and charging
scheduling with both time-of-use (TOU) dispatch methods considered.

In [12], the authors assessed the impact of increased EVs on distribution networks via
a proposed bi-layer optimal scheduling model for EVs. The upper layer solves the dispatch
plan using a load margin index based on the steady-state voltage security region, while
the lower layer models each EV charging plan. In [13], the authors proposed a coordinated
EV charging scheme as two successive binary programs. The first design optimizes the
aggregate load profile and the second design aims to optimize the on–off switching of
all the EVs’ charging profiles. In [14], particle swarm optimization was used to find the
optimal location of the EV charging station. The MATLAB and OpenDSS simulation models
were proposed to validate the idea. The case study of the National University of Sciences
and Technology (NUST) Pakistan was used, where the cost was reduced from 3.55 million
to 1.99 million, and daily loss from 787 kWh to 286 kWh. In the second residential feeder
scenario, the results improved from $2.52 to $0.81 million for costs, and from 2167 kWh to
398 kWh for daily loss.

In [15], the authors presented a Voronoi diagram model of the charging stations and
distribution network to optimize the multi-objective of power flow and voltage stabil-
ity. The system solved the design using an adaptive differential evolution optimization
algorithm, where the case study was applied to the IEEE 33-bus system.

This paper extends and complements the existing body of literature in the field. Given
that EVs rely on large-capacity battery systems deployed in significant numbers, research
into efficient charging infrastructure has become increasingly essential. In this study, we
propose an approach that simultaneously optimizes the size and the location of EV charg-
ing stations. This problem is formulated as a multi-objective optimization task solved
using a genetic algorithm (GA). The authors in [16] introduced an integrated approach for
co-optimizing electric truck scheduling and microgrid management in freight logistics. The
system uses a feedback loop where a microgrid control algorithm adapts to the constraints
(e.g., arrival times, energy needs) provided by a heavy-duty truck route scheduler. The
truck scheduling algorithm iteratively learns to charge during low-cost time-of-use (TOU)
periods or when renewable energy is available. In [17], the authors investigated the optimal
sizing and siting of multi-type EVCSs (varying charging rates) in a real distribution system
in Turkey. Using a mixed-integer linear programming (MILP) framework, the study aimed
to minimize the total number of stations required to meet EV owners’ needs while adhering
to system constraints and using linear approximations of branch losses. Ye and Ma in [18]
explored the multi-objective joint optimization of production scheduling and preventive
maintenance planning within a flexible job-shop environment. Their model aimed to
balance the conflicting goals of the production department (minimizing completion time)
and the maintenance department (minimizing costs). Solved using a double-coded ge-
netic algorithm, the study compared joint decision-making against traditional independent
departmental planning. In [19], the authors presented a bi-level optimization model for
siting and sizing EV fast-charging stations (FCS) that explicitly takes into consideration the
economic interaction between private investors and the distribution system operator (DSO).
Their sensitivity analysis indicated that higher electricity prices charged to EV drivers lead
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to increased profitability and infrastructure expansion. In [20], Zhou et al. developed a
strategic-charging-behavior-aware model for the planning of fast-charging stations (FCS)
within electrified transportation networks. Formulated as a bi-level mixed-integer pro-
gramming problem, the model’s lower level uses a newly designed network equilibrium
to predict how drivers react to a given FCS layout, while the upper level makes location
and sizing decisions to minimize traffic time and investment costs. The authors in [21]
proposed a bi-level planning and operation framework for electric vehicle charging stations
(EVCSs) to address peak load shaving and congestion in low-voltage distribution networks.
The planning level identifies optimal EVCS locations to minimize voltage deviations and
network losses using a particle swarm optimization (PSO) algorithm. In [7], the authors
proposed a robust optimization model (ROM) combined with a scenario-based methodol-
ogy for the optimal sizing and siting of EVCSs in distribution networks under uncertainty.
The model addresses uncertainties in electricity load and EV state of charge (SOC) by
offering risk-averse, risk-neutral, and risk-seeking strategies. Results showed that ROM
helps operators make stable decisions that capture the consequences of load fluctuations.
Li and Li in [22] established a bi-level planning model for distribution networks that in-
tegrates distributed wind turbines, photovoltaics, and energy storage systems (ESS). The
model was solved using a mixed-integer particle swarm optimization (MIPSO) algorithm
to determine the best locations and capacities for equipment. Simulations revealed that the
combined integration of renewables and ESS significantly reduced annual costs, voltage
deviations, and network losses.

In this paper, we propose combining this framework with the optimal scheduling of
EV charging, considering the national grid, daily load flow, and tariffs. Furthermore, by
examining the effects of station size and placement decisions on grid operation and charging
schedules, this study addresses critical gaps in prior research. The application of GA-based
optimization not only complements earlier optimization techniques but also offers practical
insights for developers and policymakers to carefully study their designs. The outcomes
have direct implications for national grid performance and consumer experience, thereby
underscoring the significance of the proposed research direction [14].

The main contributions of this paper can be summarized as follows: First, a framework
is introduced that incorporates two steps: the first step utilizes a multi-objective GA to
find the optimal location and size for EV charging stations at a given distribution system,
while the second step solves an optimization problem to determine the optimal charge
and discharge schedules of EVs for the stations selected in the first step. The framework
examines the IEEE 33-bus and IEEE 123-bus distribution systems as test networks. The
design and policy context specific to Jordan’s energy sector are incorporated, and the actual
daily load curve for Jordan is analyzed and integrated into the study. Subsequently, a
MATLAB-based simulation framework is developed, in which the test systems are coupled
with a GA to optimize the proposed design under the defined case study conditions.

A case study is introduced to simultaneously address multiple objectives: minimizing
power losses, enhancing the voltage stability of the distribution grid, and determining
the optimal sizing and siting of EV charging stations. Importantly, this analysis explicitly
accounts for the daily load profile characteristic of Jordan, providing practical insights
relevant to real-world implementation.

The rest of the paper is structured as follows: Section 2 outlines the growth in EV
adoption and the evolving charging infrastructure. Section 3 details the use of a GA to
solve the optimization problem related to station size and location. Section 4 develops
and implements an optimal charging schedule for the proposed system. Section 5 presents
the simulation results used to validate and demonstrate the effectiveness of the proposed
approach. Finally, Section 6 draws the conclusion.
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2. The Growth of EV Numbers and Charging Levels
EVs are experiencing significant growth in adoption, as illustrated in Figure 2. China

owns more than 70% of the EVs sold in 2024 around the world, followed by Europe and
the USA.

 

0
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4
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10
12
14
16
18

Number of sold EVs across the world

China Europe United States Rest of the world

Figure 2. Yearly increase in EV sales in the world [23].

Jordan has emerged as a regional leader in EV deployment within the Middle East,
accounting for approximately 45% of the region’s EVs, while the United Arab Emirates
holds around 13%. This highlights the critical importance and urgency of planning and
designing appropriate EV charging infrastructure in Jordan.

On the other hand, looking at the growth in the charging requirements of modern EVs,
it is observed that charging power limits are increasing, adding an additional burden on
power grid planners and operators. Table 1 outlines three primary levels of EV charging.
Level 1, typically used in residential settings, is suited for slow charging during extended
parking periods, small battery capacities, and low-cost chargers. Level 2 is designed for
medium to large EVs. Level 3, known for fast charging, is commonly found at public
charging stations and offers power outputs ranging from 20 kW to 350 kW. These fast
chargers operate under various conditions, including charger temperature, battery capacity,
charging level, mode, and the status of the electrical distribution network. Additionally, a
new charging category has emerged for power levels exceeding 350 kW, requiring around
1000 V DC and 400 A. This advancement underscores the importance of studying and
designing efficient charging station infrastructure.

Table 1. EV charger levels and ratings [24].

Charging Level Charging Power Charging Location Charging Time
(of 200 km) Power Supply

Level 1 1.44 kW–1.9 kW Residential 20 h 120/230 Vac, 12–16 A,
Single phase

Level 2 3.1 kW–19.2 kW Private and commercial 5 h 208/240 Vac, 12–80 A,
Single phase

Level 3 20 kW–350 kW
DC charging Commercial 30 min

208/240 Vac &
300–800 Vdc,

250–500 A Three-phase
Extreme Fast Charging >350 kW Commercial 5 min 1000 Vdc, 400 A

3. Optimal Location and Size of EV Charging Station Using GA
Distribution system operators (DSOs), if not sufficiently prepared for the large increase

in EV adoption in the transportation sector, may suffer from significant drawbacks on the
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distribution networks, such as voltage stability issues, sudden overloads on lines that
may cause tripping, and large operation and maintenance costs due to the overloading of
equipment. DSOs can plan to curtail the impact of such an increase. Many strategies have
been suggested, such as planning for the optimal location, size, or charging cost curve of
a given charging station. In this paper, we find the optimal size and location of a given
distribution system, then we apply an optimal scheduling strategy based on cost curves
that are determined by the DSO, and finally we validate the solution.

First, we formulate the optimization problem of finding the optimal size and location
of an EV charging station, where the location is the set of all the buses in the network,
excluding the swing bus, and the size ranges between the max and min values allowed for
that system. The following optimization problem is performed:

minx∈X ( f1(x), f2(x), f3(x))

f1(x) =
∣∣∑m

k=1 I2R
∣∣

f2(x) =
√

∑n
i=1(1−Vi)

2

f3(x) = −∑N
k=1 x2k

s.t.

x1 ∈ {1 . . . n− 1}
Pmin ≤ ∑N

k=1 x2k ≤ Pmax . . .

cexecl
k =

{
1 i f x2 ∈ Bexecl

0 otherwise
k = 1, . . . , N

cuniq
jk =

{
1 i f bj = bk

0 otherwise
∀ 1 ≤ j ≤ k ≤ N

cV,lo
b = V lo

b −Vb(x) ≤ 0 ∀b ∈ B
cV,hi

b = Vb(x)− Vhi
b ≤ 0 ∀b ∈ B

cbr
l =

√
P2

l (x) + Q2
l (x)

Sbase
− Sl ≤ 0 ∀l ∈ L

(1)

where f1(x), f2(x), f3(x) denotes the three objective functions: f1 to reduce branch losses,
f2 to reduce bus voltage deviations, and f3 to increase the installed EVCS power on all
selected buses. x1 denotes the first decision variable, i.e., bus ID. x2 denotes the second
decision variable, i.e., bus size. cexecl

k is a constraint to exclude a set of buses from the
objective function. In this paper, we excluded the slack bus and its immediate neighbors,
since we want to place the EVCSs on remote buses from the supply substation and near
load geographic centers. cuniq

jk is a constraint that ensures the uniqueness of the selected

buses, so that the same bus is not selected twice. cV,lo
b and cV,hi

b are constraints related to
voltage limits per bus b; B is the set of all buses. Vhi

b and V lo
b are set to 1.05 and 0.95 p.u.,

respectively. In case of preexisting violations, this value is redefined based on the difference
Vhi

b = 1.05 +
(
V0

b − 1.05
)
− δv and V lo

b = 0.95−
(

0.95−V0
b

)
− δv. δv = 0.02 p.u. cbr

l is

a constraint related to the branches’ thermal limits, and Sl = 1.3×
∣∣S0

l

∣∣, L is the set of all
branches in the system.

A GA is used to solve the problem; a multi-objective setting is used with one of the
decision variables as a mixed integer and the other as the size. The GA flowchart is shown
in Figure 3.

To conduct a realistic evaluation of a given optimal solution, the system’s uncertainties
need to be considered. Three main uncertainties are considered in this paper: the variation
in loads during the day, the change in tariffs for EV charging based on time of use (TOU),
and the variations in the arrival and departure times of EVs to charging stations, along with
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the battery capacities of each EV. The variation in loads was considered based on Jordan’s
daily load curve. Typical winter and summer daily load curves are shown in Figure 4.
Considering changes in load for the whole network is important since they affect the
loading of lines and voltage profiles, including those at the selected charging-station bus.

 
Figure 3. Flowchart of optimal bus location and size using GA.
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Figure 4. Daily load curve for the Jordanian power grid for two specific days in winter and summer.

4. Optimal Scheduling of Charging and Discharging
The framework in this paper is divided into two main steps. The first step concerns

finding a given charging station’s optimal size and location, where a GA with multi-
objective functions is used. Following the finding of the optimal location and size, the next
step is to schedule the optimal charging schedule of the EVs at a given station. This step
is important to avoid overloading the main transformer supplying the residential area,
which may trigger overcurrent protection devices in the substation. Optimal scheduling is
important to reduce charging costs and avoid charging during peak load hours, which may
further contribute to overloading of lines and power transformers.

The objective function of the optimal scheduling used in this paper was chosen based
on two modes: The first mode is related to fast charging with a rated power of 50 kW
and was based on the electricity market in Jordan, which was adopted for EV charging
stations [25,26]. The total cost is defined as the sum of charging costs over the interval set
N. The second mode is for slow charging at the rated power of 7 kW, with a cost function
that minimizes load concentration.
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https://doi.org/10.3390/su18147030


Sustainability 2026, 18, 7030 8 of 22

In this paper, we use a time-of-use (TOU) tariff aligned with Jordanian tariff policy
for the objective function of the first mode; the parameters of the cost function are as
follows [25,26].

λt = k0 + k1 k0 = 7, k1 =


k1 = 0.113; i ∈ (14, 17)
k1 = 0.133; i ∈ (17, 23)
k1 = 0.113; i ∈ (23, 5)
k1 = 0.103; i ∈ (5, 14)

(2)

Optimization is performed based on two modes: For Mode 1, the fast-charging mode,
we apply TOU. In Mode 2, the slow-charging mode, we minimize the squared total load
across all time slots. The following optimization problem is performed:

min{pi,t}


T
∑

t=1
λtLtot

t Mode 1

T
∑

t=1

(
Ltot

t
)2 Mode 2

k
T
∑

t=1
fi,t pi,t =

Ei − E0
i

τ
∀i ∈ N

−
t

∑
k=1

fi,t[i, k]pi,k ≤
max

(
0, E0

i
)

τ
, ∀t ∈ T , ∀i ∈ N ,

t
∑

k=1
fi,t[i, k]pi,k ≤

max
(
0, Ci − E0

i
)

τ
, ∀t ∈ T , ∀i ∈ N ,

0 ≤ pi,t ≤ Pmax, ∀i ∈ N CHG, ∀t ∈ T ,

−Pmax ≤ pi,t ≤ Pmax, ∀i ∈ N V2G, ∀t ∈ T

(3)

where the decision variable pi,t denotes the power delivered or drawn from the EV i during
time slot t. Pmax denotes the maximum charging power. N CHG denotes the charging-only
EV set. N V2G denotes the vehicle-to-grid (V2G) EV set, where there might be a set of EVs
that are willing to discharge power to the grid; we set this set to 40% of the overall EVs
for a given system. N denotes the EV set. T denotes a set of time slots. pi,k denotes the
charging power of the EV in interval k for vehicle i. τ denotes the length of an interval.
E0

i denotes the initial energy of the EV i. Ci = γCorg
i denotes the usable battery capacity

of vehicle i, γ = 0.9 (10% degradation reserve). Corg
i is the raw battery capacity of EV i

sampled from the EV information PMF. fi,t denotes the element of the charging interval
matrix F defined by:

fi,t =

{
1 i f tarr

i ≤ t < tdep
i

0, otherwise
∀i ∈ N , t ∈ T

The total bus load Ltot
t = Lt + τ∑N

i=1 pi,t , t ∈ T .
In summary, the temporal boundary is based on a representative daily operating

horizon that accounts for load variation, TOU tariff periods, and EV arrival/departure
uncertainty. This choice allows the framework to capture the main daily operational
interactions between EV charging demand and network constraints; however, it does not
explicitly represent long-term seasonal variations or multi-year infrastructure expansion
effects. After determining the optimal size and location for each system, we want to divide
the newly installed capacity for each selected bus among the EVCSs. For each EVCS, we
split the capacity between the fast- and slow-charging EVCS, with rated charging power at
50 kW and 7 kW, respectively. The split logic is based on the following four-step approach:

https://doi.org/10.3390/su18147030
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First, assuming an equal number of fast and slow chargers, so that their combined power

does not exceed the optimal size for that bus, formally Nbase = round
( Poptimal

Pmax, f ast+Pmax,slow

)
,

which results in n f = Nbase, ns = Nbase, and the power consumed by this base allocation is

Pbase = Nbase

(
Pmax, f ast + Pmax,slow

)
. The remaining unallocated power is Prem = Poptimal − Pbase,

where Poptimal is the optimal size determined by the first stage; Pmax, f ast is the fast-charging max-
imum power rate, which is 50 kW; Pmax,slow is the slow-charging maximum power rate, which is
7 kW; n f is the number of fast-charging EVCSs; and ns is the number of slow-charging EVCSs.

The second step is to allocate the remaining power to at least one additional fast
charger if possible.

i f Prem ≥ Pmax, f ast : n f ← n f + 1, Prem ← Prem − Pmax, f ast

After this step, the residual power satisfies the condition 0 ≤ Prem ≤ Pmax, f ast.
Third, if there is a reminder power, then it is packed into slow chargers.

ns ← ns + round(
Prem

Pmax,slow
)

After this step, the allocated power is P̂ = n f Pmax, f ast + nsPmax,slow ≈ Poptimal .
For the fourth step, if the number of fast chargers is less than or equal to 2, convert

those chargers to slow chargers, formally:

i f 1 ≤ n f ≤ 2, ns ←
[

ns + round
(n f Pmax, f ast

Pmax,slow

)]
, n f ← 0

The fourth step is justified by not investing in fast-charging EVCS infrastructure for a
small number of stations on a given bus.

After combining the two frameworks introduced in this paper, the overall framework
can be summarized using the flowchart shown in Figure 5.

start

Read system 

inputs: Power 

system 

parameters, 

Daily load curve, 

tariffs, EV 

charging pattern

Apply the 

newly added 

charging 

station to the

network

Find 

optimal 

size and 

location 

using 

GA

Perform 

optimal 

scheduling

end

Are there 
any 

violations
across the 
network ?

NoYes

Figure 5. Flowchart of the framework used.

5. Simulation Results
The two approaches explained in the previous sections were verified in a simulation

setup using MATLAB. Two IEEE case studies were used in the simulations, namely the
IEEE 33-bus and IEEE 123-bus systems, shown in Figures 6 and 7, respectively. The work
in [27,28] was used to obtain the data of the two case studies and verify the results. The
two case studies are radial distribution networks. AC power flow was used in both stages
to evaluate the results and obtain key performance metrics, including the daily load profile,
bus voltage, and branch loading. These metrics are directly related to energy sustainability,
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as improved voltage profiles and reduced branch loading can support more efficient energy
utilization and facilitate the accommodation of future low-carbon transportation demand.
The adopted AC power flow formulation allows the network constraints to be represented
more realistically than simplified linear approximations while still keeping the planning and
scheduling framework computationally tractable. In this study, we assume balanced steady-
state operation and do not explicitly capture fast electromagnetic transients, frequency
dynamics, converter-level control dynamics, or short-term stability phenomena.

IEEE 33-Bus

12

3

4

5

6

7

8

9

10

11

12
13

14 15 16 17 18

19

20

21

22

23

24

25

26
27

28
29

30
31

32
33

Slack Bus
Load (PQ) Bus
12.66 kV

Legend

Figure 6. Single-line diagram of the IEEE 33-bus system.

Figure 7. Single-line diagram of the IEEE 123-bus system.

In this paper, two frameworks were used to plan and operate EV charging stations,
which included planning the optimal size and location using a GA. Simulation studies
were performed using the procedure described above using MATLAB (vR2024b) and
MATPOWER (v8.1) [29]. First, a GA was used based on the formulation in Equation (1) for
the two case studies. Figure 8 shows the Pareto front for the optimization problem. For the
IEEE 33-bus system, the optimal sizes and locations are summarized in Table 2. For the
IEEE 123-bus system, the optimal sizes and locations are summarized in Table 3.
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(a) (b) 

Figure 8. Pareto front of the multi-objective optimization problem for the IEEE 33-bus system (a) and
the IEEE 132-bus system (b).

Table 2. Results for the 33-bus system.

Bus ID 29 3 19 30 5 25 24 21 20 22

Size (p.u.) 0.0099 0.0512 0.0783 0.0041 0.0123 0.0377 0.0072 0.0262 0.0614 0.083

Table 3. Results for the 132-bus system.

Bus ID 51 69 8 5 91 12 93 4 3
Size (p.u.) 0.032 0.0545 0.132 0.2049 0.1333 0.0348 0.0263 0.2108 0.2259
Bus ID 53 78 25 63 42 32 46 6
Size (p.u.) 0.0313 0.0405 0.0933 0.0501 0.06 0.0308 0.0574 0.1687

After determining the optimal location and size, it was desired to split. The four-step
procedure described in the previous section was followed. The resulting split for the two
systems is shown in Figure 9, which shows the bus IDs and the number and type of each
EVCS for each selected bus.
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Figure 9. Fast and slow EVCSs split for the IEEE 33 (a) and 123-bus (b) systems.

We compared the results obtained with other methods applied to the same IEEE
30-bus system. Table 4 presents a comparison of optimal size and location, which shows
comparable results. In the proposed approach, we favored slow chargers in the case of a
low number of fast chargers, and we split the overall added power capacity across more
buses in the system.
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Table 4. Comparison table between the proposed method and other methods from the literature.

Proposed Method [15] [30] [14]

Access points (Bus ID) 29, 3, 19, 30, 5, 25, 24, 21, 20, 22 27, 24, 25, 20, 31 4, 19, 2, 32, 18 9, 19, 30, 6, 2
Number of fast-charging EVCS 0, 9, 13, 0, 0, 6, 0, 4, 10, 14 7, 6, 6, 5, 6 6, 6, 4, 7, 7 7, 5, 7, 7, 4
Number of slow-charging EVCS 14, 9, 19, 6, 17, 11, 10, 9, 16, 19 7, 6, 7, 4, 6 7, 7, 3, 6, 8 8, 4, 7, 7, 4

For the second step of the proposed framework, we applied the scheduling scheme to
one of the optimal solutions that was solved using the GA in the previous section, namely,
the solutions that are summarized in Tables 2 and 3. An essential part of applying the
scheduling algorithm is to determine three variables: the initial state of charge (SOC) at the
moment of arrival; the arrival and departure times of the EVs; and the battery capacities
of the EVs. This information was determined based on EV usage data along with the
framework to determine probability mass functions (PMF) of the three mentioned variables
from the work in [31]. Table 5 shows the EV data used to generate the PMFs. The moment
of arrival, the moment of departure, and the initial battery charge were generated randomly
as shown in Figure 10.

Table 5. EV information.

Brand Model Battery Capacity (kWh) Brand Sales Rate (%)

Mi i-MiEV 16 0.23
Smart ED 17.3 1.18

Chevrolet Spark EV 18.3 1.19
Honda FIT 20 0.16

Fiat 500e 24 4.28
Honda Clarity 25.5 0.33
BMW i3 27.2 5.98

Mercedes B250e 28 0.68
Ford Focus-e 33.5 1.38
VW e-Golf 35.7 2.16

Hyndai Ioniq-e 38.3 0.13
Nissan LEAF 40 17.73
Toyota RAV4 41.8 0.37

Chevrolet Bolt EV 60 6.75
Kia Soul EV 64 1.03

Tesla Model 3 78 22.8
Tesla Model S 100 23.02
Tesla Model X 100 10.6
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Figure 10. Generated PMF of the plug-in time, parking duration, and initial SOC at plug-in that was
used in the simulation and based on data in Table 5.

After determining the PMF of the three variables as shown in Figure 10, and after
determining the split between fast and slow-charging EVCSs for each bus in the given
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system, we apply the scheduling algorithm formulated in Equation (3). We used a daily
load curve applied at load buses to account for load variations. Since the available load
data had an hourly resolution and the scheduling and simulation framework required
15 min time steps, interpolation was used to estimate intermediate load values between
consecutive hourly data points. This procedure allowed the load profile to be represented
at the required temporal resolution while preserving the overall daily load trend. We
started by applying the scheduling scheme to the IEEE 33-bus system. Figure 10 shows the
simulation results of the daily load curves for each selected bus, as specified in Table 2 and
Figure 9a. We applied AC power flow simulations to account for all the changes discussed
above. MATLAB and MATPOWER [29] were used for simulations. Figure 11 shows the
results of the scheduling scheme and of installing the EVCSs without scheduling, along
with the daily load curve of the base case prior to adding any EVCSs. The day was divided
into 15 min periods so that we could consider a fast-charging option for some vehicles. We
performed the simulations for 32 h to account for an extended period, so that the scheduling
algorithm would show its full results, i.e., from 0 am to 8 am the next day. Results show
that installing EVCSs did not affect the daily load curves for the selected buses, even when
the scheduling algorithm was not applied, and it did not lead to any violations of branch
thermal limits or bus voltage limits. While applying the scheduling algorithm reduces the
impact of added loads and enhances grid metrics during charging, it may also increase
grid reliability and performance during disturbances. The total daily load curve for the
whole system is shown in Figure 12.
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Figure 11. Daily load for the selected buses before and after adding EVCSs with scheduling and
without scheduling for the IEEE 33-bus system.

Figure 13 presents the simulation results for the daily load curves of selected buses
in the IEEE 123-bus system as specified in Table 4. Some buses had 0 p.u. as their base
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load, such as buses {8, 91, 93, 3, 25, 78}, which were equipped with EVCSs. Figure 13 also
shows several V2G discharge instances for some vehicles at specific buses, such as bus 5.
Similarly, Figure 14 shows the total daily load curve. In Figure 13, the daily load curve
maximum and minimum points—the peaks and valleys—are more aggressive in the case of
not scheduling, although they do not violate the thermal and voltage limits of the system,
while in the case of scheduling, they are much better handled and flattened across the
whole period.
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Figure 12. Total daily load curve before and after adding EVCSs with scheduling and without
scheduling for the IEEE 33-bus system.
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Figure 13. Daily load for the selected buses before and after adding EVCSs, with scheduling and
without scheduling, for the IEEE 123-bus system.
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Figure 14. Total daily load curve before and after adding EVCSs, with scheduling and without
scheduling, for the IEEE 123-bus system.

In addition to the previous results, the charging behavior over the entire simulation
period was included for all buses with added EVCSs in both the 33-bbus system in Figure 15
and the 123-bus system in Figure 16. Results show charging for fast- and slow-charging
periods, with starting SOC and final SOC. The cream shaded area in the two figures
represents the evening peak between 17:00 and 23:00 pm, which aligns with the evening
peak in the daily load curve and the plug-in time PMF. Such charts can be used effectively
by distribution systems planners and operators.
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V
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Figure 15. EV charging activity for both the scheduling scheme and no scheduling scheme for EVCS
installed on Bus 22 in the IEEE 33-bus system.
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Figure 16. EV charging activity for both the scheduling scheme and the no-scheduling scheme for
EVCS installed at Bus 4 in the IEEE 123-bus system.
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In addition to the previous analysis, we incorporated an uncertainty analysis through
Monte Carlo simulations to check the robustness of the proposed approach. The Monte
Carlo framework accounts for uncertainty in EV arrival and departure times at EV charging
stations and in the initial SOC for each EV, with these stochastic variables modeled using the
probability mass function discussed. A second source of uncertainty was also considered
using the daily load curve, which was derived from the Jordanian power grid operating
context. By combining these sources of uncertainty within the simulation framework,
a reliable assessment of the proposed technique under varying EV behavior and load-
demand conditions can be achieved. We excluded simulation data from AC power flow
runs that did not converge during Monte Carlo simulations to ensure valid data points for
bus voltages and branch flows were obtained. To illustrate the results of the Monte Carlo
simulations, violin plots for both the IEEE 33- and 123-bus systems, showing bus voltage
and branch flow deviations, are shown in Figures 17–20. The deviation is measured relative
to the case with no EVs added, comparing adding EVCSs with and without scheduling.
Due to the first-stage application, the impact of EVCS loads on deviations is minimal in
both cases. It is observed that the scheduling algorithm exhibits a positive tail in the voltage
profile and a negative tail in the branch loading profile. This is due to the shift in EV
load to off-peak periods, which can reduce branch loading below the No EV case in some
hours and improve voltage. It is also observed that the impact of adding EVCSs is more
significant on buses where EVCSs are added on the voltage profile, and adjacent branches
in terms of branch loading, in addition to buses and branches upstream.
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Figure 17. Violin plot describing the bus voltage deviation for the load buses at the IEEE 33-bus
system for the Monte Carlo simulations.
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Figure 18. Violin plot describing the branch flow deviation for the IEEE 33-bus system for the Monte
Carlo simulations.
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Figure 19. Violin plot describing the bus voltage deviation for the load buses at the IEEE 123-bus
system for the Monte Carlo simulations.

Figure 20. Violin plot describing the branch flow deviation for the IEEE 123-bus system for the Monte
Carlo simulations.

To further verify the effectiveness of the proposed approach, we conducted a sensitivity
analysis by varying EV penetration levels using the data in Table 6.

Table 6. EVCS penetration levels.

Multiplier 1 10 20 30 40 50

33-Bus—Total count 186 1860 3720 5580 7440 9300

Slow/Fast EVCS count 130 56 1300 560 2600 1120 3900 1680 5200 2240 6500 2800

123-Bus—Total count 147 1470 2940 4410 5880 7350

Slow/Fast EVCS count 134 13 1340 130 2680 260 4020 390 5360 520 6700 650

First, we applied the penetration levels to the IEEE 33-bus system; we applied the
levels at the same optimal locations. The total daily load curve was analyzed, and results
were obtained by simulating the whole system. We did not apply a scheduling algorithm
for any of the cases. The results shown in Figure 21 represent the penetration levels for the
simulated 32 h period at 15 min resolution. Clearly, the impact is largely at the evening
peak due to the arrival and departure times at EVCSs, which are derived from the PMF
discussed earlier.

Similarly, bus voltage and branch power flow deviations are illustrated in Figures 22
and 23 as box plots, respectively. Results show that voltage and power deviations remain
within limits. This is because the IEEE 33-bus system’s total nominal power is relatively
large compared to the added capacity. The black dots in Figure 23 represent the branches’
thermal limits, set at 130% of the base power flow before adding any EVCSs.
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Figure 21. Total daily load curve of the 33-bus system considering changing the installed power at
the optimal locations given in Table 6.
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Figure 22. Voltage deviations across all buses for the simulation of the 33-bus system, considering
changes in installed power at the given optimal locations given in Table 6, viewed as box plots; circles
outside the box plot whiskers are outliers.
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Figure 23. Branch power deviations across all branches for the simulation of the 33-bus system,
considering changes to the installed power at the optimal locations given in Table 6, viewed as box
plots; circles outside the box plot whiskers are outliers.

Similarly, for the IEEE 123 system, sensitivity analysis was performed using Table 6.
The daily load curve in Figure 24 shows that the total added capacity for each case is
significantly greater than the test case’s base power. This impact is clearly visible in
Figures 25 and 26, where, with each additional EVCS, the voltage deviations decrease
significantly until they reach low levels relative to the 1 p.u. line shown in the figure.

https://doi.org/10.3390/su18147030

https://doi.org/10.3390/su18147030


Sustainability 2026, 18, 7030 19 of 22

Similarly, for the branches’ power flow, as shown in Figure 23, power flow deviations
across all branches increase significantly as EVCS penetration level increases. Violating the
thermal power limits shown in the figure may lead to sequential tripping of the lines if
these penetration levels are applied.
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Figure 24. Total daily load curve of the 123-bus system considering changes in the installed power at
the optimal locations given in Table 6.
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Figure 25. Voltage deviations across all the buses for the simulation of the 123-bus system, considering
changes in the installed power at the optimal locations given in Table 6, viewed as box plots; circles
outside the box plot whiskers are outliers.

Figure 26. Branch power deviations across all the branches for the simulation of the 123-bus system,
considering changes in the installed power at the optimal locations given in Table 6, viewed as box
plots; circles outside the box plot whiskers are outliers.
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6. Conclusions
This paper introduces a framework for optimally planning and operating EV charging

stations that considers several physical and economic factors. The framework is divided into
two main steps: First, multi-objective GA is applied to find the optimal size and bus location
of the charging station, with minimizing the voltage drop and power losses of lines and
maximizing load placements as the three objectives. Second, an optimal scheduling algorithm
with two modes is applied. The first mode aims to minimize the cost of fast charging EVs
within a given time window; we considered the TOU tariffs for EV charging in Jordan. The
second mode aims to minimize the total load of slow charging. The Jordanian daily load
curve is considered in the simulations. Simulation studies carried out for the IEEE 33- and
123-bus systems show that the proposed framework significantly reduces violations across
the power system when EV charging and discharging are applied, mainly reducing power
flow across the lines and keeping the bus voltages within limits. We compared our results
with the basic system, where no charging stations were added, and with a system where an
EV charging station was added at the optimal location and size, but without scheduling. The
framework identified 10 optimal EVCS locations in the IEEE 33-bus system and 17 locations
in the IEEE 123-bus system, corresponding to 186 and 147 installed chargers, respectively.
In the base-penetration case, the proposed scheduling algorithm maintained bus voltages
within the 0.95–1.05 p.u. operational range and avoided branch thermal-limit violations
while reducing peak loading by shifting EV demand toward off-peak periods. Monte Carlo
simulations were performed to test uncertainty in EV arrival/departure times, SOC, and
daily load variation. Voltage and branch flow deviations remained limited for the base case,
supporting robustness. Additionally, sensitivity analysis further showed that the IEEE 33-bus
system tolerated penetration multipliers up to 50 without violating operating limits, whereas
the IEEE 123-bus system exhibited increasing branch flow stress at higher penetration levels,
demonstrating the importance of coordinated planning and scheduling. From an energy
sustainability perspective, the proposed framework supports more efficient utilization of
distribution-network assets, reduces avoidable losses and peak stress, and facilitates the
integration of EV charging demand within low-carbon and resilient power systems.
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