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Abstract—As EVs become more pervasive, distribution-level
charging infrastructure poses new challenges, especially if EVs
are charging uncoordinatedly on a large scale in the evening peak
hours [6], [16], [21]. Such actions can lead to higher peak demand,
poor voltage profiles and higher operating expenses [9], [22]. In
this paper, a Grey Wolf Optimizer (GWO) is used to develop an
optimized coordinated EV charging framework over 24 hours
[1], [24]. The proposed method maximizes a composite objective
function which includes electricity cost, peak demand, voltage
deviation and SoC related penalty terms [11], [13], [14]. There
are 40 EV charging sessions, and a MATLAB-based simulation is
carried out for these sessions. While the uncoordinated baseline
charges the EVs at the maximum power on arrival, the proposed
GWO strategy charges the EVs optimally in a charging window
within the EV arrival-departure window [4], [8]. The results
indicate that using the proposed method, the peak value at the
station is reduced from 250.00 kW to 218.80 kW, which is a
12.48% reduction in peak value. The energy cost decreases from
18433.99 to 17016.32, achieving a 7.69% reduction. The optimized
objective function is 1.42% lower than the baseline. The voltage
proxy also enhances when high load. This means improvement
in load side operating conditions [16], [22]. Objective reductions
also show that the GWO is better than GA and PSO for the
considered full-dataset case [1]–[3].

Index Terms—Electric vehicles, smart charging, Grey Wolf
Optimizer, coordinated charging, peak shaving, voltage profile,
metaheuristic optimization, distribution system.

I. INTRODUCTION

The rise of EVs has brought with it the need for charging
stations and operational challenges to EVs on distribution
systems [10], [16]. EV charging demand is highly time-
sensitive and frequently peaks during the return period of when
a person is at home or at work [6], [21]. However, if a lot of
EVs start charging as soon as they arrive, the profile of the
charging activity can lead to uncoordinated charging causing
new peak loads, feeder stress, and voltage degradation [4], [6],
[22].

The objective of the Coordinated EV charging is to adjust
the time and rate of the charging power while meeting the user
needs including departure time and desired State of Charge
(SoC) [6], [11], [16]. In the literature a few charging strategies
based on optimization have been investigated, such as mathe-

matical programming, heuristic rules, genetic algorithms (GA)
and particle swarm optimization (PSO) [2], [3], [17], [18]. EV
charging scheduling, however, is a nonlinear, constrained and
high dimensional scheduling problem, particularly when the
arrival/departure constraints, charger limits, energy demands,
electricity price variation, and voltage effects are all taken into
account at the same time [8], [9], [13], [14].

In this paper, a coordinated charging strategy for the EV
charging station scheduling is proposed based on Grey Wolf
Optimizer (GWO). GWO is a nature based metaheuristic that
mimics the grey wolves hierarchy and hunting approach [1],
[19]. The algorithm utilizes the three most promising solutions
called alpha, beta and delta wolves, to move the search pro-
cess. It is highly structured with few control parameters, and
has a good compromise between exploration and exploitation,
making it appealing for nonlinear engineering optimization
problems [1]–[3], [20].

The main contributions of this paper are as follows:
• A coordinated EV charging framework, based on GWO,

is Created for a 24-hour planning period [1], [24]. multi
term objective function is constructed to minimize They
are cost, peak load, voltage deviation, and SoC violations
[11], [13], [14].

• The offered GWO strategy is compared with an 40 EV
sessions uncoordinated charging baseline [4], [6].

• The results show reduction in peak demand, total con-
sumption and operational expenses. The charging cost
and objective function value were reduced and the voltage
proxy was enhanced for optimum results during peak
periods [9], [22].

• Compare the value of the optimizer results to a value:
GWO vs GA and PSO [1]–[3].

II. RELATED WORK

EV charging optimization is commonly formulated as a
scheduling problem in which charging powers are decision
variables constrained by arrival time, departure time, max-
imum charger power, and energy demand [6], [11], [13].
Uncoordinated charging typically results in load concentration



during peak hours [16], [21]. Smart charging techniques at-
tempt to shift flexible charging demand to lower-cost or lower-
load periods while preserving user satisfaction [4], [8], [14].

Metaheuristic algorithms are widely used for EV charging
because they can solve nonlinear, nonconvex, and constrained
optimization problems without requiring derivative informa-
tion [1], [20], [23]. GA and PSO are two widely used
population-based optimizers [2], [3], [17], [18]. GA relies
on selection, crossover, and mutation, whereas PSO uses
particle velocities and personal/global best positions [2], [3].
GWO differs from these methods by updating search agents
with respect to the three best solutions, thereby providing a
simple mechanism for balancing global exploration and local
exploitation [1], [19].

The original GWO algorithm was introduced by Mirjalili
et al. and has shown competitive performance on benchmark
and engineering design problems [1]. In this work, GWO
is applied to EV charging station scheduling and compared
with the uncoordinated baseline as well as previous optimizer
comparison results [24], [25].

III. SYSTEM MODEL

A. Time Horizon
The charging station is simulated over a discrete 24-hour

scheduling horizon [4], [8]. Let

T = {1, 2, . . . , T} (1)

denote the set of time slots, where T = 24 in the considered
simulation. The time-step duration is denoted by ∆t in hours.

B. EV Charging Sessions
Let M = {1, 2, . . . ,M} denote the set of EVs, where M =

40. Each EV i is characterized by:
• arrival time tarri ,
• departure time tdepi ,
• maximum charging power Pmax

i ,
• battery capacity Ei,
• initial SoC SoCi,0,
• target SoC SoCstar

i ,
• charger efficiency ηi.
The charging power of EV i at time slot t is denoted by

Pi,t. Charging is permitted only within the plug-in window
[11], [13]:

Pi,t = 0, ∀tlt; tarri or tgt; tdepi . (2)

The charger power constraint is:

0 ≤ Pi,t ≤ Pmax
i , ∀i ∈ M, t ∈ T . (3)

C. Station Load
The total station load at time slot t is calculated as [6], [21]:

Phub
t = P base

t +

M∑
i=1

Pi,t, (4)

where P base
t is the non-EV base load.

The peak station load is:

P peak = max
t∈T

Phub
t . (5)

D. SoC Dynamics

The SoC of EV i evolves according to [4], [8]:

SoCi,t+1 = SoCi,t +
ηiPi,t∆t

Ei
. (6)

At departure, the desired condition is:

SoCi,tdepi
≥ SoCstar

i . (7)

However, because some sessions may be infeasible due to
short parking duration or insufficient charger capacity, the
optimization includes a penalty-based SoC treatment rather
than enforcing all SoC constraints as hard constraints [4], [8].

E. Voltage Proxy

A voltage proxy is used to estimate the distribution-side
voltage impact of the total hub load [9], [22]. In general, the
proxy can be represented as:

Vt = V0 − kvP
hub
t , (8)

where V0 is the nominal voltage and kv is a load-sensitivity co-
efficient. This simplified voltage model captures the expected
decrease in voltage magnitude as loading increases [16], [22].

IV. PROBLEM FORMULATION

The objective of coordinated charging is to determine the
charging schedule vector [11], [13], [14]:

X = [P1,1, P1,2, . . . , PM,T ]
T (9)

that minimizes the total objective function:

min
X

J(X). (10)

The composite objective function is formulated as [4], [8],
[9]:

J = wcJcost+wpJpeak+wvJvolt+wsJsoc+wbJbound, (11)

where wc, wp, wv , ws, and wb are weighting factors.
The electricity cost term is:

Jcost =

T∑
t=1

λtP
hub
t ∆t, (12)

where λt is the electricity tariff at time slot t.
The peak load penalty is:

Jpeak =

(
max
t∈T

Phub
t

)2

. (13)

The voltage deviation penalty is:

Jvolt =

T∑
t=1

(Vref − Vt)
2
, (14)

where Vref is the desired reference voltage.
The SoC shortfall penalty is:

Jsoc =

M∑
i=1

[
max

(
0, SoCstar

i − SoCi,tdepi

)]2
. (15)

The boundary penalty Jbound penalizes violations of charger
power and availability constraints [1], [9].



V. GREY WOLF OPTIMIZER FOR EV CHARGING

A. Overview of GWO

GWO is a swarm-intelligence optimization algorithm in-
spired by grey wolf hunting behavior [1], [19]. Candidate
solutions are represented as wolves. The best three candidate
solutions are named alpha (α), beta (β), and delta (δ), while
the remaining solutions are omega wolves. The position of
each wolf corresponds to a complete EV charging schedule
[24], [25].

B. Position Update Equations

For a candidate wolf position X, the encircling behavior is
mathematically described as [1]:

D = |C ·Xp −X|, (16)

X(k + 1) = Xp −A ·D, (17)

where Xp is the prey position, k is the iteration number, and
A and C are coefficient vectors:

A = 2ar1 − a, (18)

C = 2r2. (19)

Here, r1 and r2 are random vectors in [0, 1], and a decreases
linearly from 2 to 0 over iterations [1].

Because the exact global optimum is unknown, GWO
estimates the prey position using the three best solutions [1],
[20]:

Dα = |C1Xα −X|, (20)

Dβ = |C2Xβ −X|, (21)

Dδ = |C3Xδ −X|. (22)

The updated candidate positions are:

X1 = Xα −A1Dα, (23)

X2 = Xβ −A2Dβ , (24)

X3 = Xδ −A3Dδ. (25)

The final position update is:

X(k + 1) =
X1 +X2 +X3

3
. (26)

C. Constraint Handling

After each GWO position update, the solution vector is
repaired or penalized according to [1], [9]:

• charging power lower and upper bounds,
• EV arrival and departure windows,
• charging station operating limits,
• SoC shortfall at departure,
• voltage deviation.
This penalty-based treatment enables the optimizer to search

a high-dimensional feasible region while discouraging sched-
ules that violate user or grid requirements [1], [8].

VI. SIMULATION SETUP

The proposed method is implemented in MATLAB. A total
of 40 EV sessions are generated. The uncoordinated baseline
charges each EV at its maximum available charging power
from arrival to departure [6], [21]. The GWO optimizer then
searches for an improved charging schedule [1], [24].

The simulation workflow consists of:
1) Load system configuration and time-varying profiles.
2) Generate 40 EV sessions.
3) Evaluate feasibility based on maximum deliverable en-

ergy.
4) Construct the uncoordinated charging baseline.
5) Run the GWO optimizer.
6) Evaluate objective value, peak load, cost, voltage proxy,

and SoC success.
7) Generate load, convergence, and voltage plots.

VII. RESULTS AND DISCUSSION

A. Feasibility and SoC Performance

The feasibility analysis indicates that 45.00% of the EV ses-
sions are feasible under maximum-power charging within their
available parking windows. The optimized schedule achieves
30.00% SoC success across all EV sessions and 66.67%
SoC success when only feasible sessions are considered. This
indicates that some EV sessions are physically unable to reach
their target SoC due to limited connection time or charger
availability [4], [8].

B. KPI Summary

Table I summarizes the baseline and optimized performance.

TABLE I
KPI COMPARISON BETWEEN BASELINE AND GWO-OPTIMIZED

CHARGING

Metric Base GWO Improvement

Objective, J 8.5807×1010 8.4591×1010 1.42%
Peak load 250.00 kW 218.80 kW 12.48%
Cost 18433.99 17016.32 7.69%

The GWO-optimized schedule reduces peak demand by
31.20 kW. This is important because peak demand is directly
related to transformer loading, feeder congestion, and demand
charges [6], [16], [21]. The cost reduction of 1417.67 shows
that GWO successfully shifts charging away from expensive
or high-impact time slots [11], [13], [14].

C. Station Load Profile

Fig. 1 shows the station load before and after GWO op-
timization. The uncoordinated charging case reaches a max-
imum load of 250 kW during the evening peak period. The
optimized GWO profile reduces the maximum load to 218.80
kW while maintaining a similar charging service pattern [4],
[8].

The optimized curve demonstrates peak shaving during
the most stressed evening interval. Instead of allowing all
EVs to charge immediately at maximum power, the GWO



Fig. 1. Station load before and after GWO optimization.

schedule redistributes charging power within the allowable
time windows [4], [11], [13].

D. GWO Convergence

Fig. 2 presents the convergence behavior of GWO over 100
iterations. The objective function decreases rapidly during the
early iterations and then stabilizes after approximately 15–20
iterations. This behavior indicates that GWO quickly identifies
promising regions in the search space and then performs local
exploitation around the best candidate solutions [1], [20].

Fig. 2. Convergence curve of the GWO optimizer.

E. Voltage Proxy Improvement

Fig. 3 shows the voltage proxy before and after optimiza-
tion. During high-load evening hours, the optimized GWO pro-
file maintains a better voltage response than the uncoordinated
case. Although the voltage proxy still approaches the lower
operating region during peak charging periods, the optimized
schedule reduces the severity of voltage depression [9], [16],
[22].

F. Comparison with GA and PSO

Fig. 4 compares GA, PSO, and GWO for the full dataset.
GA shows limited objective reduction and remains near the

Fig. 3. Voltage proxy before and after GWO optimization.

highest objective value. PSO improves steadily and reaches
a lower objective than GA. GWO demonstrates the strongest
improvement, particularly after the mid-iteration region, where
its objective value drops sharply and reaches the lowest final
value among the compared optimizers [1]–[3], [17], [18].

Fig. 4. Objective function comparison of GA, PSO, and GWO on the full
dataset.

This comparison suggests that GWO provides better ex-
ploration and exploitation balance for the considered EV
charging optimization problem. The alpha-beta-delta guidance
mechanism allows the search agents to escape less effective
regions and converge toward a better charging schedule [1],
[20].

VIII. CONCLUSION

This paper presented a Grey Wolf Optimizer based coordi-
nated EV charging strategy for reducing peak load, minimizing
charging cost, and improving voltage profile behavior [1], [24].
A MATLAB simulation was conducted for 40 EV charging
sessions over a 24-hour horizon. The proposed GWO method
was compared with an uncoordinated charging baseline [4],
[6].

The optimized schedule reduced the station peak load
from 250.00 kW to 218.80 kW, corresponding to a 12.48%
reduction. The charging cost decreased from 18433.99 to



17016.32, corresponding to a 7.69% reduction. The total
objective function decreased by 1.42%. The voltage proxy
results show improved voltage behavior during peak charging
hours [9], [22]. The convergence curve confirms that GWO
stabilizes within a small number of iterations, and the opti-
mizer comparison indicates that GWO outperforms GA and
PSO for the considered full-dataset case [1]–[3].

Future work will focus on improving SoC satisfaction by
introducing adaptive penalty weights, feasibility-aware initial-
ization, vehicle-to-grid operation, renewable energy integra-
tion, and real distribution feeder validation using power-flow
models [9], [10], [16].

ACKNOWLEDGMENT

The author would like to express sincere gratitude to his
project guide, Dr. Rahul Sharma , for continuous guidance,
valuable suggestions, technical support, and encouragement
throughout the completion of this research work. The author
also thanks the department and institution for providing the
required academic environment and support for carrying out
this study.

The author gratefully acknowledges the use of Google Colab
for computational experimentation, simulation support, and
result analysis during the development of the proposed EV
charging optimization framework. The author also acknowl-
edges the use of publicly available datasets and reference
data sources from Kaggle, which helped in understanding
EV charging behavior, load patterns, and data-driven aspects
related to electric vehicle charging studies.

The author further acknowledges the use of MATLAB for
implementing the Grey Wolf Optimizer based EV charging
scheduling model, generating simulation results, and evaluat-
ing important performance indicators such as peak load reduc-
tion, charging cost minimization, voltage profile improvement,
and state-of-charge satisfaction.

REFERENCES

[1] S. Mirjalili, S. M. Mirjalili, and A. Lewis, “Grey Wolf Optimizer,”
Advances in Engineering Software, vol. 69, pp. 46–61, 2014, doi:
10.1016/j.advengsoft.2013.12.007.

[2] J. Kennedy and R. Eberhart, “Particle swarm optimization,” in Proc.
IEEE International Conference on Neural Networks, 1995, pp. 1942–
1948.

[3] J. H. Holland, “Genetic algorithms,” Scientific American, vol. 267, no.
1, pp. 66–72, 1992.

[4] A. Aoun, M. Adda, A. Ilinca, M. Ghandour, and H. Ibrahim, “Dynamic
charging optimization algorithm for electric vehicles to mitigate grid
power peaks,” World Electric Vehicle Journal, vol. 15, no. 7, p. 324,
2024, doi: 10.3390/wevj15070324.

[5] H. Liu, A. Pang, J. Yin, H. Yi, and H. Mu, “Collaborative optimiza-
tion scheduling strategy for electric vehicle charging stations consider-
ing spatiotemporal distribution of different power charging demands,”
World Electric Vehicle Journal, vol. 16, no. 3, p. 176, 2025, doi:
10.3390/wevj16030176.

[6] K. Qian, C. Zhou, M. Allan, and Y. Yuan, “Modeling of load demand
due to EV battery charging in distribution systems,” IEEE Transactions
on Power Systems, vol. 26, no. 2, pp. 802–810, 2011, doi: 10.1109/TP-
WRS.2010.2057456.

[7] H. S. Das, M. M. Rahman, S. Li, and C. W. Tan, “Electric vehicles
standards, charging infrastructure, and impact on grid integration: A
technological review,” Renewable and Sustainable Energy Reviews, vol.
120, p. 109618, 2020, doi: 10.1016/j.rser.2019.109618.

[8] Z. J. Lee, G. Lee, T. Lee, C. Jin, R. Lee, Z. Low, D. Chang, C. Ortega,
and S. H. Low, “Adaptive charging networks: A framework for smart
electric vehicle charging,” IEEE Transactions on Smart Grid, vol. 12,
no. 5, pp. 4339–4350, 2021, doi: 10.1109/TSG.2021.3074437.

[9] S. Deb, A. K. Goswami, P. Harsh, J. P. Sahoo, C. R. Chetri, R. Roy, and
A. S. Shekhawat, “Charging coordination of plug-in electric vehicle for
congestion management in distribution system integrated with renewable
energy sources,” IEEE Transactions on Industry Applications, vol. 56,
no. 5, pp. 5452–5462, 2020, doi: 10.1109/TIA.2020.3010897.

[10] F. Mwasilu, J. J. Justo, E.-K. Kim, T. D. Do, and J.-W. Jung, “Electric
vehicles and smart grid interaction: A review on vehicle to grid and re-
newable energy sources integration,” Renewable and Sustainable Energy
Reviews, vol. 34, pp. 501–516, 2014, doi: 10.1016/j.rser.2014.03.031.

[11] E. Sortomme and M. A. El-Sharkawi, “Optimal charging strategies for
unidirectional vehicle-to-grid,” IEEE Transactions on Smart Grid, vol.
2, no. 1, pp. 131–138, Mar. 2011, doi: 10.1109/TSG.2010.2090910.

[12] Z. Ma, D. S. Callaway, and I. A. Hiskens, “Decentralized charging con-
trol of large populations of plug-in electric vehicles,” IEEE Transactions
on Control Systems Technology, vol. 21, no. 1, pp. 67–78, Jan. 2013,
doi: 10.1109/TCST.2011.2174059.

[13] L. Gan, U. Topcu, and S. H. Low, “Optimal decentralized protocol for
electric vehicle charging,” IEEE Transactions on Power Systems, vol. 28,
no. 2, pp. 940–951, May 2013, doi: 10.1109/TPWRS.2012.2210288.

[14] N. Chen, C. W. Tan, and T. Q. S. Quek, “Electric vehicle charging in
smart grid: Optimality and valley-filling algorithms,” IEEE Journal of
Selected Topics in Signal Processing, vol. 8, no. 6, pp. 1073–1083, Dec.
2014, doi: 10.1109/JSTSP.2014.2334275.

[15] Y. Xiang, J. Liu, R. Li, F. Li, C. Gu, and S. Tang, “Economic planning
of electric vehicle charging stations considering traffic constraints and
load profile templates,” Applied Energy, vol. 178, pp. 647–659, 2016,
doi: 10.1016/j.apenergy.2016.06.021.

[16] H. S. Das, M. M. Rahman, S. Li, and C. W. Tan, “Electric vehicles
standards, charging infrastructure, and impact on grid integration: A
technological review,” Renewable and Sustainable Energy Reviews, vol.
120, p. 109618, 2020, doi: 10.1016/j.rser.2019.109618.

[17] D. E. Goldberg, Genetic Algorithms in Search, Optimization, and
Machine Learning. Reading, MA, USA: Addison-Wesley, 1989.

[18] R. Eberhart and J. Kennedy, “A new optimizer using particle
swarm theory,” in Proc. 6th International Symposium on Micro Ma-
chine and Human Science, Nagoya, Japan, 1995, pp. 39–43, doi:
10.1109/MHS.1995.494215.

[19] S. Mirjalili, S. M. Mirjalili, and A. Lewis, “Grey Wolf Optimizer,”
Advances in Engineering Software, vol. 69, pp. 46–61, Mar. 2014, doi:
10.1016/j.advengsoft.2013.12.007.

[20] S. Mirjalili, S. Saremi, S. M. Mirjalili, and L. D. S. Coelho, “Multi-
objective grey wolf optimizer: A novel algorithm for multi-criterion
optimization,” Expert Systems with Applications, vol. 47, pp. 106–119,
2016, doi: 10.1016/j.eswa.2015.10.039.

[21] K. Clement-Nyns, E. Haesen, and J. Driesen, “The impact of charging
plug-in hybrid electric vehicles on a residential distribution grid,” IEEE
Transactions on Power Systems, vol. 25, no. 1, pp. 371–380, Feb. 2010,
doi: 10.1109/TPWRS.2009.2036481.

[22] S. Deilami, A. S. Masoum, P. S. Moses, and M. A. S. Masoum,
“Real-time coordination of plug-in electric vehicle charging in smart
grids to minimize power losses and improve voltage profile,” IEEE
Transactions on Smart Grid, vol. 2, no. 3, pp. 456–467, Sep. 2011,
doi: 10.1109/TSG.2011.2159816.

[23] M. Alonso, H. Amaris, J. G. Germain, and J. M. Galan, “Optimal
charging scheduling of electric vehicles in smart grids by heuris-
tic algorithms,” Energies, vol. 7, no. 4, pp. 2449–2475, 2014, doi:
10.3390/en7042449.

[24] R. Rajamoorthy et al., “A novel intelligent transport system charging
scheduling for electric vehicles using Grey Wolf Optimizer and Sail Fish
Optimization algorithms,” Energy Sources, Part A: Recovery, Utilization,
and Environmental Effects, vol. 44, no. 2, pp. 3555–3575, 2022, doi:
10.1080/15567036.2022.2067268.

[25] K. Selvakumar, D. Selvabharathi, R. Palanisamy, T. M. Thamizh Then-
tral, and S. R. Salkuti, “Grey Wolf Optimization based optimal charging
scheduling for electric vehicles with real-time traffic congestion mon-
itoring,” in Artificial Intelligence for Integrated Smart Energy Systems
in Electric Vehicles, Lecture Notes in Electrical Engineering, vol. 1427.
Springer, 2025, pp. 659–674.


