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Abstract—The growing number of Electric Vehicles (EVs) is
putting extra pressure on power grids, mainly because of the
uncoordinated way of charging. In this work, we utilize an
Interval Type-2 Fuzzy Logic Control (IT2FLC) to manage EV
charging and address uncertainty arising from load changes and
battery conditions. The method decides charging levels based on
the current grid load, expected peak limits, and the vehicle’s re-
maining battery capacity. Furthermore, the Karnik-Mendel type-
reduction algorithm is employed to transform the interval type-2
fuzzy output into a type-1 set before centroid defuzzification,
improving robustness under uncertainty. This results in a robust
and flexible control strategy that not only reduces peak demand
and improves energy distribution but also contributes to a more
sustainable and resilient smart grid. Simulation results indicate
a peak load reduction of about 25%-30%, while optimized load
profiles remain below the maximum grid capacity. Charging
activities were redistributed, with 40%-50% shifting to off-peak
hours and fluctuations being reduced by 35%.

Index Terms—Electric Vehicle, Charging Coordination, Effi-
cient Charging, Fuzzy Logic, Smart Grid stability, Interval Type-
2 Fuzzy Logic, Peak Load Reduction, Uncertainty.

I. INTRODUCTION

Optimizing electric energy consumption in EVs is a critical
challenge in the development of sustainable transportation
[1]], [2]. The use of intelligent control systems enables en-
ergy management, leading to reduced fuel consumption and
lower greenhouse gas emissions [3[], [4]]. Also, smart control
systems enhance vehicle reliability and performance across
varying driving conditions by adapting to real-time changes
[5]l, [6]]. Furthermore, researchers deal with other significant
challenges, such as the uncertainty associated with renewable
energy sources [7]], [8]. According to the work of Ang et al.
[9]], the variable nature of renewables imposes complexity in
maintaining a stable energy supply. They proposed a fuzzy-
cloud theory-based framework for microgrids that effectively
reduced uncertainty and optimized energy consumption. Op-
timizing fuel usage is another prevalent challenge in variable
traffic conditions. Jia et al. [[10] developed a Model Predictive
Control (MPC) strategy integrated with adaptive cruise con-
trol, demonstrating significant reductions in fuel consumption
for hybrid vehicles. Additionally, driver behavioral variability
significantly affects EV energy consumption [11]], [12]. Al-
Wreikat et al. [|13] emphasized that neglecting realistic driving
patterns can distort energy models. To address grid-level
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energy management, Viegas et al [14] proposed a fuzzy logic-
based system for EV-integrated smart grids. Their method,
which compared metaheuristic optimization with Type-1 fuzzy
controllers, demonstrated superior performance in cost mini-
mization and real-time charging/discharging coordination, par-
ticularly under dynamic grid conditions. In summary, employ-
ing energy consumption approaches in smart vehicles, like
predictive algorithms and fuzzy logic frameworks, improves
system efficiency and reduces energy usage under uncertainty,
which in turn contributes to economic and environmental
sustainability [[I5]—[|18]]. As a key innovation in this study, we
extend the foundational work of Mets et al. [19] and Ahmed et
al. [20] by incorporating IT2FLC into a grid-aware coordinated
EV charging control strategy to manage uncertainties in base
load, SOC, and EV availability. Unlike previous approaches
that rely on deterministic or heuristic methods, our framework
explicitly handles real-world uncertainties, including variations
in EV arrival/departure times, state-of-charge fluctuations, base
load variability, and sharp charging peaks, using interval type-
2 fuzzy sets.
Briefly, our contributions in this paper are as follows:

o Presenting an efficient Interval Type-2 Fuzzy Inference
improves energy distribution and contributes to a more
sustainable and resilient smart grid.

e Using IT2FLC with Karnik—-Mendel type-reduction al-
gorithm, enabling precise defuzzification and adaptive
control to enhance decision accuracy.

o Presenting a robust and flexible control strategy that is
grid efficient with reduced peak demand and improved
load uniformity.

The paper is further organized into the following sections:
Section 2 reviews the related works to the study. Section
3 details the proposed methodology and control framework
introduced, Section 4 is about Energy Control Strategies,
Section 5 discusses simulation results, and Section 6 provides
the conclusion.

II. RELATED WORK

Among the key challenges in sustainable EV development,
optimizing electric energy consumption remains critical [21]],
[22]. This article aims to address newly presented ideas on the



intelligent energy management strategies to enhance both vehi-
cle and grid performance. Chelladurai et al. [23] introduced an
IT2FLC in an EV charging system with bidirectional convert-
ers, demonstrating superior voltage stabilization and harmonic
reduction compared to Type-1 and GA-optimized controllers.
Also, Nanibabu et al. [24] applied Frilled Lizard Optimization
(FLO) in a DSM-based smart grid model, achieving up to
48.18% peak load reduction; this approach lacked uncertainty
management. Bekiroglu et al. [25] proposed a peak shaving
strategy using flywheel energy storage systems to balance EV
charging loads, resulting in reducing load fluctuations from
230 kW to 123 kW. However, this approach did not include
real-time adaptability or uncertainty modeling. Zhang et al.
[26] presented a DRL-based integrated thermal and energy
management system for connected Plug-in Hybrid Electric
Vehicles (PHEVs), achieving 9.6% fuel savings. Zhang et al.
[27] developed a two-stage PSO-based charging/discharging
strategy incorporating elastic demand response and virtual
SOC, achieving 40% to 110% cost savings. However, it lacked
adaptability and explicit uncertainty handling. Das et al. [28§]
proposed a comprehensive multi-objective optimization model
for EVs in home microgrids, which reduces costs and grid
consumption, yet relied on static models without adaptive
control. Sellali et al. [29]] developed an EMS algorithm for fuel
cell EVs to reduce cost and battery degradation, while Ali et al.
[30] introduced an OEC scheme with GA-tuned LPV control
for balancing speed and energy use. Rehman et al. [31]] ex-
plored renewable-based EV charging with 2 MW solar and 1.2
MW wind integration, achieving 45% grid energy reduction
and 41% CO2 emission cuts but lacking real-time charging
control. Hu et al. [[32]] used MPC to minimize total cost in
hybrid EVs, including degradation effects, yet did not address
interactive grid behavior. Xin et al. [33|] proposed an MPC-
based strategy for EV level coordination and interpretability.
While these studies offer important contributions to EV energy
optimization, many either focus on onboard performance,
assume deterministic conditions, or do not address uncertainty
in a structured and interpretable way.
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Fig. 1. Interval Type-2 Fuzzy Logic system main stages [34].
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III. PROPOSED METHODOLOGY AND CONTROL
FRAMEWORK

A. Fuzzy Logic-Based Control Architecture

While Type-1 fuzzy logic systems offer an intuitive and
computationally efficient framework for managing impreci-
sion, their reliance on fixed membership functions limits
their ability to capture higher-order uncertainties commonly
encountered in real-world applications. These limitations have
led to the development of a Type-2 fuzzy logic system, which
extends the traditional approach by allowing the membership
functions themselves to be uncertain. In this section, we
propose a novel method for optimizing smart energy control
strategies for EV charging by employing IT2FLC. Figl[T] illus-
trates the main components of the IT2FLC system, which are
described as follows [[19], [20]:

1) Interval Type-2 Fuzzifier: The inputs Ly(t), Ppeak(t),
and Clgytery are described with three linguistic terms, includ-
ing Low, Medium, and High, using the IT2FLC set . Each
fuzzy set A(x) can be represented as:

A(z) = (p, (2),a(2)) (1)

2) IT2FLC Inference: This inference system generates
interval-valued fuzzy outputs based on Mamdani-IT2FLC rule
set. Table [I| lists the 27-rule set, which maps the inputs Ly (t),
Ppear(t), and Cpgttery, which are described by the terms
including Low/Medium/High to the charging rate command
u(t). The 27-rule set implements a peak-shaving and valley-
filling strategy: charging is increased under low-peak situ-
ations, regulated at medium demand, and decreased during
peak periods. Moreover, u(t) decreases as Cpqrzery iNCreases
to prioritize low-charge states while limiting grid stress.

3) IT2FLC Type Reduction and Defuzzification: The iter-
ative KM algorithm turns the Type-2 output into a Type-1
output by finding its centroid bounds. The process involves
the following steps:

o Compute the left and right endpoints of the type-reduced

set as:
L = sz\il wz(L)yi YR = sz\;1 wER)yi 2)
ZzN:I wz(L) 7 Zf\; wER)
where y; are the rule consequents, and wEL), wfR) are

selected from the lower and upper membership weights
based on the current estimate of the centroid.

o Determine the type-reduced set as the interval [y, yg]
through the iterative KM procedure.

o Perform defuzzification using the centroid method, where
the crisp output is:

+
Yerisp = w (3)

B. Adaptive Control Strategies for EV Charging

The output of the proposed IT2FLC is designed to be
smooth and reliable even under dynamic and uncertain operat-
ing conditions. The controller generates the optimal charging
rate u(t) that is adapted in real time based on the current base



TABLE I
Fuzzy RULE BASE FOR IT2FLC CONTROLLER

Lb(t) Ppeak (t) Cbattery u(t)
Low Low Low High
Low Low Medium High
Low Low High Medium
Low Medium Low Medium
Low Medium  Medium  Medium
Low Medium High Low
Low High Low Medium
Low High Medium Low
Low High High Low

Medium Low Low High
Medium Low Medium High
Medium Low High Medium
Medium  Medium Low Medium
Medium  Medium  Medium  Medium
Medium  Medium High Low
Medium High Low Medium
Medium High Medium Low
Medium High High Low

High Low Low Medium
High Low Medium  Medium
High Low High Low
High Medium Low Low
High Medium  Medium Low
High Medium High Low
High High Low Low
High High Medium Low
High High High Low

load, peak load, and battery capacity. The control problem is
defined as:

UOptimized (t) == DerZZify (FLC (Lb(t); Ppeak (t)a Cbattery))
“)
In this work, Loptimai(t) is defined as a smoothed version of
the base load that represents a desirable demand curve with
reduced peaks and improved load uniformity. The IT2FLC
controller is designed to bring the total load as close as
possible to this target. This profile serves as a reference for
the total load iTotal(t) to follow over time. It is usually
obtained by smoothing the original base load L;(t) using
a low-pass filter or moving average function that eliminates
sharp peaks while maintaining the total energy consumption.
Mathematically, this can be expressed as:

t+2
Loptoman(t) = & / Ly(r) dr 5)
t

@w
2

Where w denotes the length of the time window over
which the base load is smoothed. This parameter defines
the entire time interval centered at time t used to calculate
the optimal (smoothed) load. A larger w results in a more
sharply smoothed load profile considering a wider time period,
while a smaller w provides a profile that responds more
accurately to local variations. Accordingly, the following two
main objectives are pursued in this work:

1) Grid stability and smooth load: The controller tries to
follow L,piimai(t). The objective function is formulated as
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follows:

i

> Lopima () — (Lo(t) + u(t))]” (6)

t=ay

Where «; and B; are the arrival and departure times of
vehicle ¢. The system must satisfy the following constraints:

Eoptimized (t) S Lmax (t) (7)

Base load Battery Capacity Peak Load

IT2FLC

Optimized Charging
Rate

Fig. 2. Interval Type-2 Fuzzy Logic system scenario

Bi
Z u(t) At = Crequired_battery ¥

t=ay

where L,,q.(t) is the maximum allowable load.

This adjustment ensures that the total energy demand
closely follows the predefined optimal load curve, helping to
maintain grid stability by preventing overloads and minimizing
abrupt load variations.

2) Efficient energy consumption and peak shaving: The
main objective of the proposed control strategy is to improve
energy consumption efficiency by reducing peak loads and
utilizing off-peak grid capacity. The controller works to lower
peak loads and move charging to times when the grid is less
busy. The objective is:

min Ppeqk (t) = min (mfmx (Lp(t) + u(t))) 9)

The full-battery constraint ensures that the vehicle is fully
charged by the time it needs to depart.

Bi
/ u(t) dt = Crequired—battery (10)

C. Local and Global Control Strategies

1) Local Control Strategy: The modified local control
objective determines the optimized charging rate based on
localized conditions using an IT2FLC. It is expressed as:

uoptimized_local (t) = IT2FLC (Lb (t)7 F’local_peak (t)a Cbattery)

(1D
The corresponding optimization problem can be formulated
as:
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Bi
min Z (Loptimal_local (t) - (Lb(t) + ulocal(t)))2 (12)

t=ay

The local load must not exceed the maximum allowable
load L. (t) at any time:

Lb(t) + ulocal(t) S Lmaw (t) (13)

2) Global Control Strategy: The global strategy coordinates

charging across multiple homes to reduce the overall peak
load.

uopti’mized—global(t) =IT2FLC (Lq (t), Pglobal_peak(t)a

§ C'battery ,i)
i

This strategy is easy to implement and works without
coordination, but can be suboptimal when many vehicles
charge at the same time and fully charged within the available
time window. The global control strategy can be expressed as:

(14)

Bi N ?
min Z (Loptimal_global (t) - Z(LZ(U + u;lobal(t))>
t=ay, =1
(15)

ensures that the sum of all loads does not exceed the maximum
allowable grid capacity. Ly,qz_giobai (t):

N
D (L4 (1) + topa (1)) < Limaz_gtovar (1)

i=1

(16)

and all vehicles are fully charged:

Hence, it is required that the global strategy works in
coordination with a central controller, which better reduces
peak loads.
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IV. SIMULATION

In this section, we presented 24-hour simulation results for
the EV charging system using the initial parameters listed
in Table [[Il One constraint during the simulation is that the
maximum allowable load on the power grid cannot exceed
100 kW across the entire system. The total battery capacity
for each EV is set to 20 kWh, with an initial state of charge
of 5 kWh. The goal is to optimally balance peak loads while
ensuring that each EV reaches a sufficient charge level by
the end of the 24-hour cycle. The simulation uses 24-hour

TABLE II
SIMULATION PARAMETERS

Parameter Value
Simulation duration 24 hours
Number of EVs Variable
Battery capacity per EV 20 kWh
Initial SOC per EV 5 kWh
Maximum charging rate per EV 4.6 kW
Maximum total load limit 100 kW
Base load range 20-50 kW
Optimization goal Peak minimization
Arrival/departure distribution Random
Optimization method IT2FLC

synthetic base load profiles with added peaks to mimic typical
demand. Each EV can charge at up to 4.6 kW (about 50% of
the grid limit), leaving headroom for other household loads,
and EV arrival/departure times follow statistical availability
data. Figure 3 compares the unoptimized load (red dashed
line), which peaks around 90 kW, with the IT2FLC-optimized
load (green solid line), where peaks are reduced to about 60-
65 kW, corresponding to a 25-30% reduction. The shaded
gray area in Fig[3] depicts the load reduction achieved by
IT2FLC, showing how the charge is shifted to off-peak hours
and the overall profile is flattened, improving the stability and
efficiency of the grid.

FigH] shows a sorted comparison between base load and
optimized load, highlighting how the IT2FLC redistributes
EV charging across the demand range. By sorting the data in
ascending order rather than by time, the figure reveals a steady
offset, where the optimized load slightly exceeds the base
load due to scheduled charging. This illustrates the controller’s
ability to add EV demand smoothly and avoid sharp spikes,
resulting in a stable total load profile that supports grid
reliability. The base load ranges from 20 to 50 kW and exhibits
a continuous increasing trend across the sorted data. The
optimized load consistently remains slightly above the base
load due to additional EV charging.

Figurdd] illustrates the 24-hour comparison of base load,
charging rate u(t), uncontrolled total load, and optimized
total load under IT2FLC. The uncontrolled total load shows
sharp peaks, expressing uncoordinated EV charging, while
the optimized total load is smoother and closely follows the
base load, demonstrating reduced grid stress and effective load
distribution.
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Fig[6] provides an analysis of uncertainty handling. We have
replaced the simplistic deterministic scenario with a Stochastic
Validation Model. We performed a series of simulations where
EV arrival times and SOC levels were randomized. Figlf]
shows the overlayed results of these runs for TIFLC, IT2FLC,
MPC [35]], and DRL [26]]. It can be observed that the IT2FLC
maintains grid stability despite high input randomness, while
traditional methods result in significant peak violations.

The suggested IT2FLC is compared in TabldII| to four well-
known control strategies, including TIFLC, Model Predictive
Control (MPC), Multi-Objective Optimization, and Deep Re-
inforcement Learning (DRL). All innovative approaches are
better than uncoordinated charging, but the IT2FLC can handle
a peak power of 60 kW and a load shift of 50% while
also being very resilient to uncertainty and requiring less
computing power, and in summary, does the best across all
of the metrics that were looked at.

TABLE III
COMPARISON OF EV CHARGING CONTROL STRATEGIES UNDER THE
SAME SCENARIO.

Metric TIFLC IT2FLC MPC [35] Opt [36] DRL [26]
Peak Load (kW) 75 60 68 65 63
Average Load (kW) 50 48 49 49 47
Load Variance 200.5 140.2 175.0 160.5 155.2
Charging Delay (hrs) 1.5 0.5 1.0 0.8 0.6
Off-Peak Load-Shifting 35% 50% 42% 45% 48%
Uncertainty Handling Low High Medium Low High
Computational Cost Low Medium High High V. High

V. CONCLUSION

The IT2FLC-based charging strategy noticeably improves
grid performance. In 24-hour simulations, it cuts peak load
by about 25-30%, reducing the maximum grid demand from
roughly 90 kW to 60-65 kW, while shifting 40-50% of EV
charging to off-peak hours. The deviation from the target
load profile drops by about 35%, giving a smoother, more
stable total load, and all EVs still reach their required charge
within the allowed time window. The results confirm that the
IT2FLC model effectively meets all operational constraints
while reducing peak loads and enhancing energy distribution
across the grid. These promising outcomes support the po-
tential integration of this approach into real-world smart grid
systems.

As future work, one can consider uncertainties in load
forecasting and vehicle departure times by incorporating real-
time strategies. These strategies should involve intelligent
systems with adaptive learning capabilities and short-term
energy prediction mechanisms.

REFERENCES

[1] J. Wang, H. Zhang, B. Wu, and W. Liu, “Symmetry-guided electric
vehicles energy consumption optimization based on driver behavior and
environmental factors: A reinforcement learning approach,” Symmetry,
vol. 17, p. 930, 2025.

[2] J. O. Oladigbolu, A. Mujeeb, and L. Li, “Optimization and energy
management strategies, challenges, advances, and prospects in electric
vehicles and their charging infrastructures: A comprehensive review,”
Comput. Electr. Eng., vol. 120, p. 109842, 2024.



[3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

(1]

[12]

[13]

[14]

[15]

[16]

(17]

(18]

[19]

[20]

A. Y. Zadeh, H. Khayyam, R. Mallipeddi, and A. Jamali, “Integrated
intelligent control systems for eco and safe driving in autonomous
vehicles,” IEEE Transactions on Intelligent Transportation Systems,
vol. 25, pp. 19444-19456, 2024.

P. Gobinath, R. H. Crawford, M. Traverso, and B. Rismanchi, “Life
cycle energy and greenhouse gas emissions of a traditional and a smart
hvac control system for australian office buildings,” Journal of Building
Engineering, 2023.

Y. Zhang, Y. Hu, X. Hu, Y. Qin, Z. Wang, M. Dong, and E. Hashemi,
“Adaptive crash-avoidance predictive control under multi-vehicle dy-
namic environment for intelligent vehicles,” IEEE Transactions on
Intelligent Vehicles, vol. 9, pp. 7165-7175, 2024.

H. Sun, L. Zhang, Y. Yang, X. Ye, X. Liu, and H. Chen, “Adaptive
coordinated motion control: Automated tuning for predictive safety in
electric vehicles,” IEEE Transactions on Industrial Electronics, vol. 72,
pp. 7415-7425, 2025.

X. Liang, “Emerging power quality challenges due to integration of
renewable energy sources,” IEEE Transactions on Industry Applications,
vol. 53, pp. 855-866, 2016.

M. S. Alam, F. Alismail, A. Salem, and M. A. Abido, “High-level
penetration of renewable energy sources into grid utility: Challenges
and solutions,” IEEE Access, vol. 8, pp. 190277-190299, 2020.

T.-Z. Ang, M. Salem, M. Kamarol, H. S. Das, M. A. Nazari,
and N. Prabaharan, “A comprehensive study of renewable energy
sources: Classifications, challenges and suggestions,” Energy Strategy
Reviews, vol. 43, p. 100939, 2022. [Online]. Available: https:
/Iwww.sciencedirect.com/science/article/pii/S2211467X2200133X

C. Jia, H. He, J. Zhou, J. Li, Z. Wei, and K. Li, “Learning-based
model predictive energy management for fuel cell hybrid electric bus
with health-aware control,” Applied Energy, vol. 355, p. 122228, 2024.
[Online]. Available: https://www.sciencedirect.com/science/article/pii/
S0306261923015921

K. Hu, J. Wu, and T. Schwanen, “Differences in energy consumption in
electric vehicles: An exploratory real-world study in beijing,” Journal
of Advanced Transportation, vol. 2017, pp. 1-17, 2017.

H. Zhang, Y. Luo, N. Ding, T. Yamamoto, C. Fan, C. Yang, W. Xu,
and C. Wu, “Evaluation of eco-driving performance of electric vehicles
using driving behavior-enabled graph spectrums: A naturalistic driving
study in china,” Green Energy and Intelligent Transportation, 2025.

Y. Al-Wreikat, C. Serrano, and J. R. Sodré, “Driving behaviour and
trip condition effects on the energy consumption of an electric vehicle
under real-world driving,” Applied Energy, vol. 297, p. 117096, 2021.
[Online]. Available: https://www.sciencedirect.com/science/article/pii/
S0306261921005444

M. A. A. Viegas and C. T. da Costa Jr, “Fuzzy logic controllers for
charging/discharging management of battery electric vehicles in a smart
grid,” Journal of Control, Automation and Electrical Systems, vol. 32,
no. 5, pp. 1214-1227, 2021.

M. Devi, S. S. S. P, S. G. Priya, M. Amutha, D. Kanagajothi, and
R. Sri, “Optimizing energy efficiency in electric vehicles through fuzzy
logic and neural network algorithms,” 2024 International Conference
on Distributed Computing and Optimization Techniques (ICDCOT), pp.
1-6, 2024.

S. M. R. Rostami and Z. Al-Shibaany, “Intelligent energy management
for full-active hybrid energy storage systems in electric vehicles using
teaching—learning-based optimization in fuzzy logic algorithms,” IEEE
Access, vol. 12, pp. 67 665-67 680, 2024.

S. Siddula and V. Kota, “Fuzzy logic driven intelligent energy opti-
mization for hybrid electric vehicles,” 2025 International Conference
on Next Generation Communication Information Processing (INCIP),
pp. 943-947, 2025.

M. V.T,M.D. M, M. S. S, D. S. B. A, and D. C. M. O, “Performance
evaluation of hybrid energy management systems in electric vehicles us-
ing ai-based predictive control,” International Journal of Environmental
Sciences, 2025.

K. Mets, T. Verschueren, W. Haerick, C. Develder, and F. De Turck,
“Optimizing smart energy control strategies for plug-in hybrid electric
vehicle charging,” in 2010 IEEE/IFIP network operations and manage-
ment symposium workshops. leee, 2010, pp. 293-299.

1. Ahmed, M. Rehan, A. Basit, M. Tufail, and K.-S. Hong, “A dynamic
optimal scheduling strategy for multi-charging scenarios of plug-in-
electric vehicles over a smart grid,” leee Access, vol. 11, pp. 28 992—
29008, 2023.

979-8-3315-8138-1

[21]

[22]

[23]

[24]

[25]

[26]

[27]

(28]

[29]

(30]

(31]

[32]

(33]

[34]

[35]

[36]

X. Zhao and G. Liang, “Optimizing electric vehicle charging schedules
and energy management in smart grids using an integrated ga-gru-rl
approach,” Frontiers in Energy Research, 2023.

G. A. Salvatti, E. Carati, R. Cardoso, J. D. da Costa, and C. Stein, “Elec-
tric vehicles energy management with v2g/g2v multifactor optimization
of smart grids,” Energies, 2020.

B. Chelladurai, C. K. Sundarabalan, S. N. Santhanam, and J. M.
Guerrero, “Interval type-2 fuzzy logic controlled shunt converter cou-
pled novel high-quality charging scheme for electric vehicles,” IEEE
Transactions on Industrial Informatics, vol. 17, no. 9, pp. 6084-6093,
2021.

S. Nanibabu, S. Baskaran, and P. Marimuthu, “Optimal charging
scheduling of electric vehicles for smart grid operations employing
demand side management strategy with battery storage system,” in
2024 6th International Conference on Energy, Power and Environment
(ICEPE), 2024, pp. 1-6.

E. Bekiroglu and S. Esmer, “Peak shaving control of ev charge station
with a flywheel energy storage system in micro grid,” in 2023 11th
International Conference on Smart Grid (icSmartGrid), 2023, pp. 1-5.
H. Zhang, B. Chen, N. Lei, B. Li, R. Li, and Z. Wang, “Integrated
thermal and energy management of connected hybrid electric vehicles
using deep reinforcement learning,” IEEE Transactions on Transporta-
tion Electrification, vol. 10, no. 2, pp. 4594-4603, 2024.

L. Zhang, C. Sun, G. Cai, and L. H. Koh, “Charging and
discharging optimization strategy for electric vehicles considering
elasticity demand response,” eTransportation, vol. 18, p. 100262, 2023.
[Online]. Available: https://www.sciencedirect.com/science/article/pii/
S$2590116823000371

R. Das, Y. Wang, G. Putrus, R. Kotter, M. Marzband, B. Herteleer,
and J. Warmerdam, “Multi-objective techno-economic-environmental
optimisation of electric vehicle for energy services,” Applied Energy,
vol. 257, Jan. 2020.

M. Sellali, A. Ravey, A. Betka, A. Kouzou, M. Benbouzid, A. Djerdir,
R. Kennel, and M. Abdelrahem, “Multi-objective optimization-based
health-conscious predictive energy management strategy for fuel cell
hybrid electric vehicles,” Energies, 2022.

S. Ali, V. Sharma, M. Hossain, S. Mukhopadhyay, and D. Wang,
“Optimized energy control scheme for electric drive of ev powertrain
using genetic algorithms,” Energies, 2021.

A. U. Rehman, M. J. Sanjari, B. Du, and J. Lu, “Potential of pv and
wind energy-based ev charging stations to minimize peak load demand,”
in 2025 4th International Conference on Smart Grid and Green Energy
(ICSGGE), 2025, pp. 443-448.

X. Hu, C. Zou, X. Tang, T. Liu, and L. Hu, “Cost-optimal energy man-
agement of hybrid electric vehicles using fuel cell/battery health-aware
predictive control,” ieee transactions on power electronics, vol. 35, no. 1,
pp. 382-392, 2019.

T. Xin, Z. An, Q. Liu, X. Ding, Z. Guo, J. Shi, S. Fan, Y. Li, and
Y. Bao, “A two-stage energy management strategy for electric vehicle
supercharging stations based on model predictive control,” in 2024
11th International Forum on Electrical Engineering and Automation
(IFEEA), 2024, pp. 1027-1032.

S. Greenfield and F. Chiclana, ‘“Defuzzification of the discretised
generalised type-2 fuzzy set: Experimental evaluation,” Information
Sciences, vol. 244, pp. 1-25, 2013. [Online]. Available: https:
/Iwww.sciencedirect.com/science/article/pii/S0020025513003423

B. Heymann, J. F. Bonnans, P. Martinon, F. J. Silva, F. Lanas, and
G. Jiménez-Estévez, “Continuous optimal control approaches to micro-
grid energy management,” Energy Systems, vol. 9, no. 1, pp. 59-77,
2018.

I. Bara, G. R. C. Mouli, and P. Bauer, “Multi-objective optimisation
for bidirectional electric vehicle charging stations,” IEEE Open Access
Journal of Power and Energy, 2025.


https://www.sciencedirect.com/science/article/pii/S2211467X2200133X
https://www.sciencedirect.com/science/article/pii/S2211467X2200133X
https://www.sciencedirect.com/science/article/pii/S0306261923015921
https://www.sciencedirect.com/science/article/pii/S0306261923015921
https://www.sciencedirect.com/science/article/pii/S0306261921005444
https://www.sciencedirect.com/science/article/pii/S0306261921005444
https://www.sciencedirect.com/science/article/pii/S2590116823000371
https://www.sciencedirect.com/science/article/pii/S2590116823000371
https://www.sciencedirect.com/science/article/pii/S0020025513003423
https://www.sciencedirect.com/science/article/pii/S0020025513003423

	Introduction
	Related Work
	Proposed Methodology and Control Framework
	Fuzzy Logic-Based Control Architecture
	Interval Type-2 Fuzzifier
	IT2FLC Inference
	IT2FLC Type Reduction and Defuzzification

	Adaptive Control Strategies for EV Charging
	Grid stability and smooth load
	Efficient energy consumption and peak shaving

	Local and Global Control Strategies
	Local Control Strategy
	Global Control Strategy


	Simulation
	Conclusion
	References



