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ABSTRACT Energy Management Strategies (EMS) are critical for optimizing energy utilization, improving
performance, and reducing environmental impact in Electric Vehicles (EVs) and Hybrid Electric Vehicles
(HEVs). This study aims to address the growing complexities in EMS development by introducing a novel
classification framework that organizes existing methodologies into rule-based, optimization-based, and
intelligent transportation system (ITS)-based approaches. The research systematically explores the influence
of advanced powertrain architectures and charging technologies on EMS objectives. Recent advancements,
such as the integration of machine learning, predictive controls, and multi-objective optimization, are ana-
lyzed to highlight their contributions to addressing challenges in modern electrified transportation systems.
Key findings demonstrate the importance of emerging trends like vehicle-to-everything (V2X) communica-
tion and renewable energy integration in enhancing EMS capabilities. The study concludes by emphasizing
the necessity of adaptive and innovative solutions to meet the increasing demands of energy-efficient and
sustainable transportation. This work provides a comprehensive and objective representation of current
advancements, offering insights to guide future research and practical applications in the field.

INDEX TERMS Energy management strategy (EMS), classification, category, electric vehicle (EV), hybrid
electric vehicle (HEV), optimization, battery, driving cycle, renewable energy, intelligent transportation sys-
tems (ITS), vehicle-to-everything (V2X), EV charging.

NOMENCLATURE BEV Battery Electric Vehicle.
4WD 4-wheel-drive. BMS Battery Management System.
A-ECMS Adaptive Equivalent Consumption Mini- BPNN  Backpropagation Neural Network.
mization Strategy. CACC  Cooperative Adaptive Cruise Control.
ACC Adaptive Cruise Control. CCA Cooperative Collision Avoidance.
ADP Adaptive Dynamic Programming. CD/CS Charge Depleting/Charge Sustaining.
AFLC Adaptive Fuzzy Logic Controller. CO2 Carbon Dioxide.
AFLC-IEMS Adaptive Fuzzy Logic Controller-based DDPG  Deep Deterministic Policy Gradient.
Intelligent Energy Management Strategy. DFSS  Design for Six Sigma.
Al Artificial Intelligence. DHP Dual Heuristic Programming.
ANN Artificial Neural Network. DQN Deep Q-network.
ANFIS Adaptive Neuro-Fuzzy Inference System. DP Dynamic Programming.
ATSAC Auto-Tune Soft Actor-Critic. DRL Deep Reinforcement Learning.
ECMS Equivalent Consumption Minimization
The associate editor coordinating the review of this manuscript and Strategy.
approving it for publication was Xiaosong Hu . EF Equivalent Factor.
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Electric Motor.

Energy Management Strategy.
Environmental Protection Agency.
Extremum Seeking.

Energy Storage Systems.

Electric Vehicle.

Fuel Cell.

Fuel Cell Electric Vehicle.

Fuel Cell Hybrid Electric Vehicle.
Frequency Decoupling.

Fuzzy Logic Controller.

Federal Test Procedure.

Genetic Algorithm.

Gallium Nitride.

Greenhouse Gas.

Game Theory.

Grid to Vehicle.

Grey Wolf Optimization.

Hybrid Electric Vehicle.

Hybrid Energy Storage Systems.
Harris Hawks Optimization.

Heuristic Dynamic Programming.
Hardware-in-loop.

Intelligent Energy Management Strategy.
Internal Combustion Engine.
Intelligent Transportation System.
Jellyfish, PSO, and BAT.

Linear Programming.

Linear Quadratic Regulator.

Long Short-Term Memory.

Linear Time Invariant.

More Electric Aircraft.

Multilayer Perceptron.

Model Predictive Control.

Model Predictive Direct Torque Control.
Model Reference Adaptive System.
Non-optimization-fuzzy.

Nitrogen Oxides.

Neural Networks.

Non-Dominated Sorting Genetic Algorithm
II.

Open Charge Point Protocol.
Pedestrian Automatic Emergency Braking.
Proton Exchange Membrane Fuel Cells.
Proportional-Integral Controller.
Proportional-Integral-Derivative.
Particulate Matter.

Plug-In Hybrid Electric Vehicle.
Pontryagin’s Minimum Principle.
Particle Swarm Optimization.

Particle Swarm Optimization-Fuzzy.
Robust Control.

Robust Fractional-Order Sliding Mode
Control.

Reinforcement Learning.

RNN Recurrent Neural Network.

RUL Remaining Useful Life.

SAC Soft Actor-Critic.

SA Simulated Annealing.

SiC Silicon Carbide.

SLNE Scalable Learning in Novel Environment.

SMC Sliding Mode Control.

SMSPO Sliding Mode State and Perturbation
Observer.

SOC State-of-charge.

SOH State-of-health.

SVM Support Vector Machine.

TLBO Teaching—learning-based Optimization.

V2G Vehicle to Grid.

V2H Vehicle to Home.

V2I Vehicle to Infrastructure.

V2P Vehicle to Pedestrian.

v2v Vehicle to Vehicle.

Vv2Xx Vehicle to Everything.

VOC Volatile Organic Compound.

WTW Well-to-wheel.

I. INTRODUCTION
Electric Vehicles (EVs) are playing a pivotal role in shaping
the future of transportation, driven by the growing demand
for sustainable and environmentally responsible solutions.

Advantages of electrifying the transportation fleet include
but not limited to:

« Environmental and public health benefits.

« Economic stability and energy security.

« Renewable energy integration.

« Higher energy efficiency and lower maintenance costs.

Agriculture,

Transportation,
29%

Residential &
Commercial,
13%

Industry,

23% Electric Power,

25%

FIGURE 1. Total U.S. GHG emissions by economic sector in 2021 [3].

The combustion of fossil fuels in conventional vehicles
poses substantial environmental challenges due to the emis-
sion of various pollutants. Internal combustion engine (ICE)
vehicles are major contributors to global greenhouse gas
(GHG) emissions and urban air quality degradation. The
oxidation of fossil fuels results in the release of carbon
dioxide (CO»), nitrogen oxides (NOy), particulate matter
(PM), volatile organic compounds (VOCs), and other harm-
ful GHGs into the atmosphere. These emissions contribute
directly to anthropogenic global warming, climate change,
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and adverse public health outcomes. Among all economic
sectors, the transportation sector is recognized as a predom-
inant source of CO; emissions globally [1], [2]. In 2022,
the United States Environmental Protection Agency (EPA)
reported that the transportation sector was responsible for
approximately 29% of the nation’s total GHG emissions,
making it the single largest emitting sector [3]. Figure 1
illustrates the proportional contributions of various economic
sectors to national GHG emissions. Similar statistics have
been reported by environmental agencies in other countries,
reinforcing the global consensus that the transportation sector
is a leading driver of GHG emissions [4], [5], [6].

While EVs depend on electricity primarily produced by
fossil fuel power plants—thus contributing to greenhouse
gas (GHG) emissions—the resultant environmental impact is
geographically shifted away from heavily populated urban
regions. This relocation of tailpipe pollutants effectively
helps in improving public health and air quality in urban
areas [7], [8], [9], [10]. This transition aligns with global
efforts to achieve carbon neutrality and meet the objec-
tives outlined in international agreements such as the Paris
Agreement [11], [12]. According to Table 1 [13], which com-
pares two electrification scenarios in New York, Chicago,
and Houston, full electrification (100%) could prevent 774,
341, and 157 premature deaths per month, respectively. From
an economic perspective, the full electrification scenario
could generate monthly health benefits valued between $1500
and $7700 million US dollars for New York, Chicago, and
Houston.

TABLE 1. Projected premature monthly deaths reduction and monthly
economic benefits from lower PM2.5 and ozone levels [13].

Avoided deaths Benefits

Region EV share PM25 Ozone  ($ Millions)
New York 18% LDV* 99 36 $1317.3

100% 420 354 $7732.7
Chicago 18% LDV 37 19 $563.1

100% 185 159 $3298.2
Houston 18% LDV 8 6 $140.8

100% 84 73 $1578.7

£
LDV: Light Duty Vehicle

The heavy reliance of the transportation sector on
petroleum-based fuels makes it particularly vulnerable to
fluctuations in oil prices and the geopolitical instability of oil-
exporting regions. Such fluctuations can have far-reaching
economic consequences, affecting both businesses and con-
sumers. In contrast, EVs can be powered by electricity
generated from a broad mix of energy sources, including
fossil fuels, nuclear power, hydroelectricity, wind, solar,
biomass, tidal, and geothermal energy. This diversification
of energy sources serves to enhance energy security by
reducing dependence on oil imports. Utilizing domestically
produced electricity minimizes a nation’s susceptibility to
disruptions in oil supply and geopolitical conflicts, thereby
bolstering energy independence and strengthening national
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security [14], [15], [16]. Moreover, the cost of electricity gen-
eration is typically lower and more stable compared to oil
and gasoline, resulting in significant long-term savings for
EV owners in terms of fuel expenditures. Table 2 shows a
comparative analysis of efficiency and driving cost between
different types of ICE and electric motor (EM)-equipped
vehicles such as plug-in hybrid EVs (PHEVs) and fuel cell
EVs (FCEVs), that is calculated based on WTW (well-to-
wheel) analysis. Additionally, EVs have inherently lower
maintenance costs over their lifespan due to fewer mechan-
ical parts and the absence of complex systems required for
combustion engines [17], [18].

TABLE 2. Efficiency and energy consumption comparison across different
vehicle technologies [19], [20].

Fuel Engine Overall Effi- Energy Used
type ciency (%) (kWh/km)
Gasoline  ICE 14% 1.36

Diesel ICE 20% 0.95

PHEV ICE+EM  45% 0.42

FCEV EM 22% 0.87

BEV EM 67% 0.28

Based on Fig. 2, there is a clear trend of exponential growth
in global EV sales. The figure illustrates that China, Europe,
and the United States are leading this transition, accounting
for the majority of global EV adoption. This rapid growth
aligns well with the discussion on the advantages of electri-
fying the transportation fleet.

2 ‘lI
10 I

Millions of units sold

]
2017 2018 2019 2020 2021 2022 2023 2024
China ®Europe BUS HOthers

FIGURE 2. EV sales growth in China, Europe, US and other countries,
2016-2024 [21].

Energy Management Strategy (EMS) manages the power
flow between different energy sources and propulsion sys-
tems in a way that improves vehicle performance, energy
efficiency, and battery health while minimizing costs and
environmental impact. The EV’s components and structure
influence the specific EMS objectives, as depicted in Fig. 3.
If a vehicle incorporates different energy sources (gasoline,
lithium-ion batteries, fuel cells, or super capacitors) or pro-
pellers (ICE and EM), the EMS can be employed to manage
power usage and distribution between these components [22],
[23], ultimately maximizing driving range [24], reducing
emissions [25], minimizing battery degradation [26], [27],
[28], and optimizing fuel consumption [23], [29], [30].
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Beyond reducing battery wear, the EMS in a single-source-
powered EVs like BEVs can extend driving range by
optimizing the speed profile [31], [32]. EMS can also be used
for smart charging scheduling to reduce energy cost [33],
[34], [35]. EMS also facilitates V2X (vehicle to every-
thing) integration, allowing vehicles to communicate with
other vehicles and infrastructure to improve efficiency and
safety [36], [37].

Optimize
Support energy Optimize
V2X usage power

integration distribution

Smart Optimize
charging Speed
scheduling profile

Improve EMS Extend

batte —— ot drivin
heam?f Objectives [o}

range.

FIGURE 3. Key Objectives of EMSs.

In summary, EVs offer significant advantages in terms
of reducing GHG emissions, improving public health, and
enhancing energy security. As the adoption of EVs contin-
ues to grow worldwide, EMSs are becoming increasingly
important to optimize the performance of an electrified trans-
portation fleet.

This paper focuses on the classification and analysis of
EMS specifically for ground vehicles, including EVs and
HEVs, while excluding applications in aerial vehicles and
marine vessels. It highlights the interplay between powertrain
topologies, hybridization levels, and charging technologies in
shaping EMS objectives. A structured classification of rule-
based, optimization-based, and Intelligent Transportation
Systems (ITS)-based EMS approaches is provided, exploring
their implementation challenges and potentials for real-world
applications. Additionally, the study discusses how emerging
technologies, including advanced powertrain architectures
and energy storage systems (ESS), influence EMS design.
The scope extends to identifying critical research gaps and
outlining future directions for developing adaptive and effi-
cient EMS solutions tailored to meet the demands of modern
ground-based electrified transportation systems.

This paper presents a comprehensive and updated review of
the most recent advances and publications in EMS for EVs
and HEVs. This study begins with an in-depth analysis of
EV and HEV powertrain architectures, various energy storage
systems (ESS), and charging technologies. These elements
are essential considerations for selecting appropriate EMS
strategies and defining relevant optimization objectives and
constraints. Furthermore, this work uniquely includes intelli-
gent transportation systems (ITS) as a distinct EMS category,
recognizing that ITS technologies contribute significantly to
reducing energy consumption, enhancing route planning, and
improving driving safety, an aspect frequently neglected in
previous reviews. The proposed EMS classification integrates
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learning-based methods as a subcategory of optimization-
based EMS, diverging from earlier works that treat them
separately. This integration is justified because learning-
based EMS fundamentally relies on solving optimization
problems during both training and deployment. For instance,
neural networks optimize their parameters by minimizing loss
functions related to energy consumption or tracking error;
reinforcement learning algorithms iteratively approximate
optimal policies by maximizing cumulative rewards through
Bellman-optimality; and support vector machines identify
decision boundaries via convex optimization formulations.
This study explores powertrain topologies, hybridization,
and charging technologies in Section II, novel classifications
of EMSs in Section III, the challenges in Section IV, the
future trends in Section V, and concludes the discussion in
Section V-H.

Il. EV AND HEV TECHNOLOGIES

A. POWERTRAIN TOPOLOGIES

Powertrain topology is fundamental in determining the objec-
tives and the complexity of the required EMS. Fig. 4 exhibits
simplified schematic representations of different powertrain
topologies including (a) ICE, (b) BEV, and multiple HEV
architectures, such as (c) series HEV, (d) parallel HEV, and
(e) series-parallel HEV.

ICE Powertrain: The conventional ICE powertrain com-
prises a combustion engine, fuel tank, and transmission,
providing direct power to the drivetrain. This system
lacks any form of electrification and therefore has
limited opportunities for energy management optimiza-
tion. However, the existing literature present eco-driving
modes for reducing consumption and emission [38],
[391], [40]

BEYV Powertrain: Propulsion is achieved through an electric
motor. The absence of a combustion engine simpli-
fies the powertrain, making EMS primarily focused on
optimizing battery use, enhancing regenerative braking,
and maintaining an efficient speed profile to maximize
range [41], [42], [43].

Series HEV Powertrain: The electric motor exclusively
powers the drivetrain, while a smaller ICE (range exten-
der) functions as a generator to either supply energy
to the motor or recharge the battery. These vehicles
typically feature larger battery packs compared to par-
allel hybrids. The EMS manages ICE on/off operations
to optimize fuel efficiency, ensure the ICE operates at
peak efficiency, and maximize the use of stored bat-
tery energy. Additionally, the EMS effectively controls
regenerative braking to extend the driving range and
enhance overall efficiency, ensuring seamless transitions
between power sources [44], [45], [46].

Parallel HEV Powertrain: In parallel HEVs, both the com-
bustion engine and the electric motor are directly linked
to the transmission, allowing them to provide propulsion
simultaneously or independently. The EMS in this setup
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is complex, as it needs to balance the power contribu-
tions from the electric motor and the engine to optimize
fuel economy and reduce emissions while delivering
sufficient performance [47], [48], [49], [50].

Series-Parallel HEV Powertrain: This topology integrates
both series and parallel architectures, allowing either
the ICE or the electric motor to power the vehicle
based on driving conditions. The power splitter used
in this setup allows transitions between power sources,
enhancing overall efficiency and flexibility. The EMS
manages this hybrid structure to achieve optimal energy
distribution and performance under varying operational
demands [51], [52], [53], [54].

Table 3 summarizes and compares the key characteristics
of these powertrain topologies, providing a quick reference
for understanding their relative driving ranges, efficiencies,
benefits, drawbacks, and optimal use cases.

Table 4 provides a comparison of different energy storage
systems (ESS) used in EVs and HEVs, specifically focus-
ing on lithium-ion batteries, fuel cells, and supercapacitors.
The comparison is based on key metrics such as energy den-
sity and power density. Energy density is the amount of
energy stored in a system per unit mass, indicating how much
energy is available to sustain operation over time (measured
in Wh/kg). Power density is the rate at which energy can be
delivered per unit mass, indicating how quickly the system
can provide power to meet immediate demands (measured in
W/kg). Lithium-ion batteries exhibit moderate to high energy
density and power density, making them highly suitable for
long-range BEVs and PHEVs, despite concerns related to
cost and charging time.

Fuel cells have significant benefits, such as elevated
energy density and swift refilling capabilities; yet, their
extensive implementation is obstructed by the constraints
of hydrogen infrastructure and the intricacies of on-board
storage. To tackle these problems and improve system per-
formance, several methods have been proposed. In [55],
an Integrated Water Management Energy Management Strat-
egy IWM-EMS) was developed to regulate the hydration
dynamics of the PEMFC. Hydration imbalance, whether
due to membrane dehydration or flooding, results in non-
uniform current density distribution, leading to localized
thermal and electrochemical stress. This degradation mech-
anism is functionally analogous to the SOC imbalance in
battery cells, as addressed in [56], which was shown to neg-
atively impact system durability. To address this challenge,
Moghadari et al. incorporated water management control
into the EMS framework. The proposed strategy achieved
a 4.09% improvement in hydrogen consumption efficiency,
highlighting its effectiveness in enhancing overall fuel cell
performance and operational longevity. Multi-Stack Fuel
Cell Systems (MFCS) have been suggested as a feasible
alternative to conventional Single-Stack Fuel Cell Systems
(SFCS). MFCS architectures provide superior efficiency,
enhanced dependability, increased operational longevity, and
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zero-emission functionality, rendering them especially appro-
priate for high-demand and mission-critical applications.
A primary benefit of MFCS is its intrinsic redundancy;
if one stack malfunctions, others can sustain system func-
tionality, thereby guaranteeing uninterrupted power supply.
Moreover, MFCS exhibits diminished hydrogen consump-
tion, decreased degradation rates, and an elongated system
lifespan relative to SFCS, hence reinforcing its appropriate-
ness for next-generation clean energy systems [57].
Supercapacitors stand out for their exceptionally high
power density, ideal for applications needing rapid energy
delivery such as regenerative braking, although their low
energy density limits driving range. Other types of ESS for
EVs can be found in [58], [59], [60], [61], [62], and [63].

B. LEVELS OF HYBRIDIZATION

As illustrated in Fig. 5, vehicles can be classified into vari-
ous levels of hybridization based on their functionalities and
propulsion capabilities. It should be noted that the scales
depicted in this figure are intended solely for illustrative and
comparative purposes, and may not represent exact quantita-
tive values. The spectrum begins with conventional gasoline
vehicles equipped with an ICE engine and extends to fully
electric BEVs with only electric propulsion. Table 5 also
shows the electric motor and battery sizes for different types
of EVs.

Micro Hybrid: Micro hybrids feature minimal electric
propulsion, incorporating start/stop functionality and
regenerative braking to reduce fuel consumption. The
electric motor only supports the ICE during idle or start-
up phases, making EMS simpler but still effective in
enhancing fuel efficiency [64], [69].

Mild Hybrid: Mild hybrids use an electric motor to provide
supplementary power to the ICE, particularly during
acceleration, thus reducing fuel usage. Although the ICE
is downsized compared to micro hybrids, they still can-
not operate on electric power alone. The EMS aims
to strategically allocate power between the motor and
engine, specifically during idling, to optimize efficiency
and reduce emissions [64], [69].

Full Hybrid: Full hybrids introduce electric drive capabil-
ity and can operate using the ICE, the electric motor,
or both simultaneously. The ICE is downsized further
in these vehicles compared to mild hybrids. These sys-
tems employ EMS to manage transitions between power
sources, thus improving both fuel efficiency and driving
dynamics. Full hybrids offer a greater level of elec-
tric assistance, which increases the complexity of the
EMS [64], [69], [70].

Plug-in Hybrid (PHEV): PHEVs are equipped with larger
battery packs that can be recharged externally. This
enables longer electric-only driving ranges compared
to above-mentioned hybrids before the ICE engages.
Thus, the ICE in these vehicles is considerably smaller.
The EMS in PHEVs is designed to prioritize electric
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FIGURE 4. Simplified schematics of different powertrain topologies; (a) conventional ICE vehicle, (b) single-source
powered BEYV, (c) series HEV, (d) parallel HEV, (e) series-parallel HEV.

driving where possible while managing energy reserves
and ensuring a smooth transition to hybrid operation as
needed [69], [70], [71], [72].

Full Electric (BEV): BEVs rely entirely on battery power
for propulsion, with no ICE present. Hence, the required
battery capacity ranges from 40 to above 100 kWh.
The EMS in these vehicles focuses on efficient bat-
tery management, including optimal charging schedules,
maximizing regenerative braking, and optimizing speed
profile. BEVs require sophisticated EMS to improve
driving range and battery health while minimizing
energy costs [72], [73].

C. CHARGING TECHNOLOGIES

EV charging technologies encompass various methods that
facilitate the transfer of electrical energy to recharge the bat-
teries of electric and hybrid vehicles. These technologies can
be broadly categorized into conductive charging, inductive
charging, and battery swapping. Conductive charging, the
most common method, involves using a physical connection
to transfer power from the charging station to the vehicle.
Inductive charging, a wireless approach, employs electro-
magnetic fields to transfer energy without direct physical
contact. Lastly, battery swapping allows for a fast turnaround
by replacing a depleted battery with a fully charged one,
making it ideal for fleet operations [74], [75], [76]. Table 6
compares different features of these charging methods.
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Table 7 provides a concise comparison of different conduc-
tive EV charging levels, including Level 1, Level 2, Level 3,
and the next generation of Ultra-Fast chargers. Each level
is characterized by attributes such as voltage, power out-
put, charging speed, typical charging time, type of charger,
and preferred locations for use. The table aims to highlight
the distinctions in capabilities, infrastructure, and practical
applications between various charging levels, offering a clear
overview for users and stakeholders interested in understand-
ing the technological differences in EV charging solutions.

In summary, the variation in powertrain architecture sig-
nificantly impacts the design and requirements of EMSs to
be able to achieve defined criteria. The selection of topol-
ogy defines the architecture and criteria of energy sources
engaged, as well as the operational limitations and control
goals that need to be considered. An in-depth knowledge
of powertrain characteristics is crucial for developing EMS
strategies that efficiently manage energy flow and improve
overall vehicle performance. The subsequent section provides
an in-depth categorization of EMSs, examining the method-
ologies utilized to tackle the control challenges associated
with various EV and HEV configurations.

Ill. ENERGY MANAGEMENT STRATEGIES (EMSs)

EMS optimizes power flow between energy sources and
propulsion systems in EVs and HEVs. The goal of EMS
is to enhance vehicle performance and maintain battery
health while minimizing costs and environmental impact.
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TABLE 3. Comparison of powertrain topologies.

Driving Range: High (depends on fuel tank size).

Efficiency: Moderate to Low.

ICE Advantages: Well-established. infrastructure, high power density.
Disadvantages: High emissions, lower efficiency, fuel dependency.
Application: Long-distance travel, heavy-duty vehicles.

Driving Range: Moderate to High (depends on battery capacity).

Efficiency: High.

BEV Advantages: Zero tailpipe emissions, high energy efficiency, lower maintenance.
Disadvantages: Limited charging infrastructure, range anxiety, long charging times.
Application: Urban commuting, passenger cars.

Driving Range: Moderate (electric range plus ICE support).

Efficiency: Moderate to High.
Series HEV

Advantages: ICE runs at optimal efficiency, extended electric range.

Disadvantages: More complex system, higher cost due to larger battery.
Application: Urban and suburban driving, range extension vehicles.

Driving Range: High.
Efficiency: Moderate.
Parallel HEV

Advantages: Ability to use both ICE and electric motor for propulsion, high power availability.

Disadvantages: Complex EMS, ICE cannot always run at peak efficiency.
Application: Highway driving, versatile power demands.

Driving Range: High.
Efficiency: High.
Series-Parallel HEV

Advantages: Flexibility in power source usage, efficient energy management.

Disadvantages: Most complex powertrain, high cost.
Application: Mixed urban and highway driving, versatile applications.

TABLE 4. Comparison of different types of ESS for EVs and HEVs [58], [59], [60], [61], [62], [63].

Energy den- Power
ESS type -nergy density Advantages Disadvantages Applications
sity (Wh/kg) Ik
(W/kg)
crs . High energy density, efficient for . .
Lithium-ion bat- 118-250 200-430 long driving ranges, mature technol- .ngh cost, potentl.al Sqfety BEVs, PHEVs
tery ogy issues, long charging time
800-1000 Limited hydrogen infras-
Fuel cell (including 900-2000 High energy output, rapid refueling, tructure, high cost, hydro- FCEVs, range-extended
hydrogen zero tailpipe emissions . HEVs
gen storage complexity
storage)
Extremely high power density, Low energy density, lim- HEVs, public transporta-
Supercapacitor 10-15 +10,000 rapid charging/discharging, long ited driving range capabil-  tion buses, regenerative

cycle life

ities braking

TABLE 5. Electric motor power and battery capacity of different EVs [64],
[65], [66], [67], [68].

. Electric motor Battery capacity
Vehicle type power (kW) (KWh)
Micro Hybrid 2-5 0.5-1
Mild Hybrid 5-20 1-2
Full Hybrid 20-50 1-2
Plug-in Hybrid 50-100 8-30
Full Electric 100-300+ 40-100+

Various battery health indicators (HIs), including the SOH,
are essential for assessing and sustaining the performance
and dependability of EVs. The precision of these HIs directly
affects the efficacy of energy management measures and the
overall operational safety of EV systems [79]. She et al.
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[80] developed an LSTM-based methodology designed for
the multistage constant current (MsCC) charging technique
to assess critical battery health parameters. The suggested
method utilizes the temporal learning capabilities of LSTM
networks to capture the nonlinear aging dynamics while
charging, facilitating precise and reliable HI estimate across
different battery aging phases.

EMS manages various energy components to extend driv-
ing range, reduce emissions, and minimize battery wear. For
BEVs, EMS focuses on efficient battery use, smart charging
schedules, and optimizing speed profiles. In HEVs, it also
balances the power contributions from the ICE and EM.
Advanced EMS also integrates V2X capabilities to improve
efficiency and safety.

Fig. 6 shows a concise graphical classification of EMSs,
which are divided into rule-based, optimization-based, and
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FIGURE 5. Hybridization levels of vehicles based on their features and electric drive capability.

TABLE 6. Comparison of different EV charging methods [74], [75], [76].

Attribute Conductive Charging Inductive Charging Battery Swapping
Physical Contact Yes No N/A*

Power Supply AC/DC AC (magnetic induction) DC (pre-charged)
Charging Circuit Onboard/Offboard Offboard N/A*

Power Flow Uni/Bidirectional Unidirectional Direct battery swap
Charging Speed Moderate Slow to moderate Instantaneous
Infrastructure Charging cable and plug Charging pad on ground Battery swap stations
Efficiency High (80-95%) Moderate (70-80%) Very High

Use Case Public/Residential Public/Residential Fleet and taxi operations

*N/A: Not Applicable.

TABLE 7. Comparison of different conductive EV charging levels [76], [77], [78].

Attribute Level 1 Level 2 Level 3 Ultra-Fast

Voltage AC (120 V) AC (208-240 V) DC (300-800 V) DC (800+ V)

Power 1.4-1.9 kW 7-22 kW 50-350 kW 400-500 kW

Speed Slow Moderate Fast Very fast

Charging Time 11-36 hours 2-6 hours 20-40 minutes 10-15 minutes

Type Onboard Onboard Offboard Offboard

Location Residential Residential, public stations Highways, commercial stations ~ Highways, commercial stations

intelligent transportation system (ITS)-based approaches.
Further details and some example methods for each subcate-
gory are included in Table 8 [58], [69], [81], [82], [83], [84],
[85], [86], [87].

A. RULE-BASED EMSs

These strategies are used to manage energy distribution in
hybrid and electric vehicles based on a set of predefined
rules or conditions. These rules are often designed based
on expert knowledge, engineering intuition, or experimental
results, and they are typically easy to implement and compu-
tationally efficient. Rule-based EMSs are primarily used for
real-time control, making them suitable for managing energy
flow dynamically during vehicle operation without requiring
significant computational resources. These strategies are gen-
erally divided into deterministic and fuzzy subcategories.

1) DETERMINISTIC RULE-BASED EMSs
In these methods, the system operates based on fixed, non-
adaptive rules that are not influenced by statistical variation or
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probabilistic outcomes. In other words, given the same set of
inputs, the deterministic EMS will always provide the same
output, resulting in predictable and consistent energy man-
agement decisions.

- Thermostat On/Off techniques are simple, rule-based
strategies used in HEVs to manage the operation of the ICE.
The ICE is switched on or off based on predefined battery
state-of-charge (SOC) thresholds to keep the SOC within
a desired range. When the SOC falls below a lower limit,
the ICE turns on to recharge the battery, and it turns off
when the SOC reaches an upper limit. This approach aims
to operate the ICE at its most efficient point while mini-
mizing idle time. While thermostat-based EMS are simple
to execute and proficient in sustaining steady battery SOC
levels, they demonstrate restricted adaptability to changing
driving conditions. This unresponsiveness may cause poor
power distribution, resulting in heightened stress and fre-
quent battery cycling. As a result, these tactics may diminish
battery efficiency and reduce its longevity over time. Fur-
thermore, in swiftly evolving operational contexts, thermostat
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FIGURE 6. EMS classification for EVs and HEVs along with subcategories and example methods.

TABLE 8. Proposed EMS classification for EVs and HEVs.

Categories Subcategories

Example methods

e Thermostat On/Off

Deterministic

e Power Follower

o State-Machine

Rule-based

e Conventional

Fuzzy

e Adaptive

o Predictive

® Dynamic Programming (DP)
e Genetic Algorithm (GA)
e Particle Swarm Optimization (PSO)

Offline

e Pontryagin’s Minimum Principle (PMP)

e Game Theory (GT)
o Simulated Annealing (SA)
o Linear Programming (LP)

e Equivalent Consumption Minimization Strategy (ECMS)

Optimization-based

e Robust Control (RC)

o Model Predictive Control (MPC)

Online

e Pseudospectral

e Frequency Decoupling (FD)
e Sliding Mode Control (SMC)
e Extremum Seeking (ES)

o Reinforcement Learning (RL)

Learning-based

e Neural Networks (NN)

e Support Vector Machine (SVM)

Vehicle to
ITS Everything
(V2X)

e Vehicle to Infrastructure (V2I)
e Vehicle to Vehicle (V2V)
e Vehicle to Grid (V2G)

EMS frequently demonstrates inferior performance relative
to more adaptive, intelligent control methodologies [88], [89],
[90].

- Power Follower strategies aim to dynamically adjust the
ICE or generator output to directly meet the real-time power
demands of the EM. Unlike Thermostat On/Off approaches
that focus on maintaining the battery SOC within a specific
range, power follower EMS minimizes unnecessary battery
cycling by closely aligning the power generation with imme-
diate power needs. This method aims to operate the ICE at its
optimal efficiency point, thus reducing fuel consumption and
enhancing overall system efficiency [88], [91].

Fig. 7 shows the operating principle diagram of a power
follower strategy, that control engine on/off sessions accord-
ing to the battery SOC and the real-time power demand of

130264

the EM. If the battery SOC is high and the vehicle is cruising
at a constant speed (low power requirements), the ICE is off.
When the SOC drops below the lower limits or when the vehi-
cle is accelerating and requires higher power, the ICE turns
on to match the demanded power and recharge the battery
pack [90], [92].

Power follower EMS is well-suited for applications in
series HEVs, where the ICE functions as a generator to power
the electric motor or recharge the battery. It is particularly
effective for urban and heavy-duty vehicles, such as buses or
trucks, that experience frequent changes in power demand.
The strategy helps maintain fuel economy during condi-
tions like acceleration, cruising, and regenerative braking by
dynamically responding to varying power demands. How-
ever, frequent start-stop cycles of the ICE, driven by the need
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FIGURE 7. The rule table of a power follower strategy for a series HEV.

to constantly follow power demands, can lead to increased
engine wear and suboptimal performance under low load
conditions. Additionally, the strategy may not be ideal for
situations where power demands are minimal, as operating
the ICE at very low power levels may lead to inefficient fuel
consumption. Despite these limitations, power follower EMS
provides a simple yet effective control method that can sig-
nificantly enhance fuel economy while reducing the reliance
on battery charging.

- State-Machine control is a method used to optimize
power flow in HEVs by defining various operational states,
each representing a specific mode of power requirements.
The state machine EMS transitions between these states
based on real-time conditions and predefined thresholds, such
as vehicle speed, driver power demand, or battery SOC.
It operates with a set of rules for determining which power
sources to activate and when to switch between different
modes, making it effective for real-time control. The primary
goal is to maintain system efficiency, improve fuel economy,
and reduce component wear by ensuring that each power
source is used optimally according to the driving scenario.

Previously published research provide diverse applica-
tions of state machine control for managing complex hybrid
power systems. Reference [93] introduces a hybrid EMS for
a photovoltaic-proton exchange membrane fuel cell-battery
system, utilizing a 15-step SMC framework combined with
fuzzy logic-based Maximum Power Point Tracking (MPPT)
to dynamically optimize power distribution among the
sources, with the objective of maximizing energy efficiency
and extending battery longevity. In this arrangement, the pho-
tovoltaic (PV) array acts as the principal energy source, and
the proton exchange membrane fuel cell (PEMFC) operates
as a supplementary source to assist the battery during low
SOC or high-load scenarios. Simulation findings corrobo-
rate the methodology, demonstrating an average efficiency
improvement of 2.3% relative to traditional tactics, with a
maximum efficiency of 97.2% in high-load conditions and
sustaining 96.5% stable power output for a 7.5-second dura-
tion. Another paper introduces a multi-mode state machine
EMS for fuel cell EVs, where driving patterns are identified

VOLUME 13, 2025

using neural networks to adaptively switch between EMS
modes, enhancing fuel efficiency and system stability [94].
Other publications [95], [96] similarly employ state machine
control for hybrid tramways and low-floor light rail vehi-
cles, using droop control to mitigate power fluctuations and
enhance system efficiency. Although state-machine-based
EMS are easy to deploy and offer several operational modes
to maintain the EM system’s efficiency, they depend signif-
icantly on expert knowledge and manual calibration. This
reliance might lead to subjective biases and restrict the
method’s generalization across diverse driving situations and
vehicle configurations. Consequently, the resultant control
rules may fail to exhibit real optimality, potentially resulting
in inefficient energy allocation and diminished overall system
efficiency [90], [97].

2) FUZZY RULE-BASED EMSs

These techniques employ fuzzy logic to deal with uncertain-
ties and provide a more flexible decision-making process.
Fuzzy rule-based EMSs rely on “If-Then” rules, which use
approximate reasoning rather than precise numerical values.
These rules provide adaptability to the system, allowing it to
handle complex scenarios without the need for an exact math-
ematical model of the system [98]. The three main types of
fuzzy rule-based EMSs are conventional, adaptive, and pre-
dictive [85].

- Conventional Fuzzy Logic Controllers (FLCs) operate
in three main steps: fuzzification, inference, and defuzzi-
fication. In the fuzzification stage, real-world inputs (e.g.,
power demand, battery state-of-charge) are converted into
fuzzy values using membership functions, which map crisp
inputs into linguistic terms. During the inference stage, a set
of predefined fuzzy rules (e.g., If-Then rules) is applied to
the fuzzified inputs to derive fuzzy outputs, simulating expert
decision-making. Finally, in the defuzzification stage, fuzzy
outputs are converted back into crisp values to control the sys-
tem, such as adjusting power distribution between the ICE
and EM. This process allows FLCs to handle uncertainties
and produce smooth, efficient control actions.

Fig. 8 illustrates an example of membership functions for
an FLC that governs the contribution of the EM based on
input variables such as battery SOC and power demand of the
HEV. This example employs a Sugeno fuzzy model, where
the output is represented as numerical values. The output of
the FLC is a scaling factor, denoted as o, which is then used to
adjust the EM power. Equation (1) demonstrates this relation-
ship. Here, « is a multiplier ranging between O and 1, where
0 indicates no contribution from the EM, and 1 signifies that
the entire power demand is met by the EM. The correspond-
ing rule table for this FLC is provided in Table 9.

Pey = a X Pgemand
Pice = Paemand — PEm,

0, ICE
a=105, ICE+EM 1)
1, EM
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FIGURE 8. Input membership functions for (a) battery SOC and (b) power
demand of a simple FLC for an HEV.

TABLE 9. FLC rule table.

i Battery SOC (%)
Power demand ‘ Low Medium  High
Low ICE EM EM
Medium ICE ICE+EM EM
High ICE ICE EM

Boumediene et al. [99] propose a fuzzy logic-based EMS
for a hybrid energy storage system combining a Li-ion
battery and a supercapacitor to power an electric scooter.
The system aims to enhance efficiency and extend battery
life by utilizing the battery for sustained power and the
super capacitor for peak power demands, with fuzzy logic
managing energy distribution. Simulation results demon-
strate that this approach improves efficiency, increases the
autonomy, and optimizes the use of both energy sources effec-
tively. A similar study [100] presents an FLC-based EMS
for an HEV, which optimizes power distribution between
the internal combustion engine and electric motor based
on torque demand, battery SOC, and regenerative braking.
Real-time validation demonstrates improved fuel economy,
faster response, and minimal mismatch between desired and
achieved vehicle speeds. Keskin and Urazel [101] propose a
conventional FLC EMS for a dual storage system consisting
of a battery and supercapacitors to extend battery lifespan
and improve the range of electric drive vehicles. Simulation
results demonstrate that the proposed strategy outperforms
a logic threshold-managed dual storage system in reducing
battery consumption and degradation. Another paper [102]
explores the same problem and presents an FLC opti-
mized using a teaching-learning-based optimization (TLBO)
approach. Compared to particle swarm optimization-fuzzy
(PSO-F) and non-optimization-fuzzy (NO-F) strategies, the
TLBO-fuzzy method showed improved power-sharing per-
formance, extending battery lifespan, reducing output power
by 6.4% compared to PSO-F and 35% compared to NO-F,
and increasing battery SOC by up to 30%. Moreover, in the
literature, there are other studies that investigate combining
FLC with other approaches such as ANN, PSO, and sliding
mode control (SMC) for improved performance [103], [104],
[105], [106].

FLC-based EMSs are fundamentally reliant on special-
ized knowledge and heuristic frameworks, which may fail
to encompass the system’s complete complexity, thereby
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resulting in reduced efficiency. Furthermore, FLC-based
EMSs generally necessitate prior knowledge of the controlled
system and exhibit limited flexibility to dynamically chang-
ing surroundings or unfamiliar operating patterns [107].

- Adaptive Fuzzy Logic Controllers (AFLC) have been
designed to overcome the limitations of conventional FLCs
by incorporating adaptability to dynamic and uncertain
conditions. This approach employs mechanisms such as intel-
ligent algorithms, real-time adjustments, or multiple types of
fuzzy controllers to handle changing situations effectively.
The flexibility element in AFLC-based energy management
strategies entails a trade-off between enhanced performance
and elevated computational costs. AFLCs reduce the neces-
sity for manual tuning of fuzzy rules by facilitating real-time
parameter adjustments; yet, they include supplementary
hyperparameters—such as learning rates and adaptation
thresholds—that necessitate meticulous calibration. Inade-
quate adjustment of these parameters can jeopardize system
stability and result in inferior performance [108].

A study cited in [109] proposes an AFLC-based Intelligent
EMS (AFLC-IEMS) for energy distribution improvement
in HEVs. It uses Type 1 and Type 2 FLCs, leading to a
decrease in fuel consumption from 7.26 Liters/100 km down
to 6.69 Liters/100 km, as well as an increase in the battery
SoC from 72.7% to 75.8%. Another study [110] combines
FLC with switching control to improve the fuel cell’s dura-
bility and the economy of fuel cell hybrid EV (FCHEV).
Compared with a Proportional-Integral Controller (PIC) and
power follower method, the combined strategy improved fuel
economy by 13% and 9%, respectively. Siddula [111] employ
an Adaptive Neuro-Fuzzy Inference System (ANFIS) that
dynamically regulates power among components like bat-
teries and motors. Beheshtikhoo et al. [112] introduce two
type-2 FLCs on the demand-side of a smart home EMS, that
integrates renewable energy sources and an EV. Based on
the simulation results, the proposed strategy reduces 71%
of the cost of the electricity received from the power grid.
Other studies in this field that are worthy of mention are cited
in [113], [114], [115], [116], [117], [118], and [119]

- Predictive Fuzzy controllers incorporate predictive ele-
ments to anticipate future conditions based on system
dynamics and input data trends. These systems often use neu-
ral networks (NN), deep learning (DL), or other intelligent
control methods to forecast driving conditions and opti-
mize the FLC’s decision-making process, thereby improving
efficiency and component longevity in real-time scenar-
ios. A paper [120] proposes a combination of FLC and
model predictive direct torque control (MPDTC) method. The
simulation results show improvements in reducing harmon-
ics, torque and flux ripples, and better SOC management.
A recent publication [121] explores employing FLC and
Long short-term memory (LSTM) NN trained on histori-
cal data. The reported results show better energy efficiency,
slight range extension, and better prediction accuracy com-
pared to conventional methods. Pan et al. [122] develop an
EMS for EVs, considering random load fluctuations and
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air conditioning loads that impact motor torque control.
The strategy includes predicting driving conditions using
Markov theory and evaluating logic threshold and fuzzy
control strategies under different conditions. Simulation and
hardware-in-loop (HIL) tests demonstrate improved driving
range and mitigated battery SOC decline. The strategy offers
optimized energy use by up to 8.14% compared to the logic
threshold strategy.

Fuzzy EMS also has some challenges, including reliance
on expert knowledge for defining fuzzy rules, limited adapt-
ability to rapidly changing conditions, and suboptimal per-
formance in dynamic environments. Although adaptive fuzzy
EMS addresses the adaptability challenge by tuning mem-
bership functions and control rules in response to varying
conditions, it still often requires significant computational
resources and may struggle with high complexity. Predictive
fuzzy EMS enhances performance by using future predictions
and learning from historical data, offering greater efficiency
and adaptability in real-time. However, it requires higher
computational requirements and needs a significant amount
of accurate historical data to achieve effective prediction and
adaptation.

Fig. 9 presents a comparative chart of the performance
of the various rule-based EMS methods discussed. In con-
clusion, rule-based EMSs exhibit a range of trade-offs
concerning implementation simplicity and control perfor-
mance. Basic heuristics, including thermostat control and
power-following strategies, are easy to implement, computa-
tionally efficient, and necessitate minimal system modeling.
These approaches frequently lead to inefficient energy use
and diminished system performance. Advanced rule-based
techniques, including state-machine-based logic and fuzzy
inference systems, enhance energy efficiency by integrat-
ing a higher level of system knowledge and adaptability.
Fuzzy logic controllers have shown efficacy in reducing
fuel consumption and enhancing drivetrain performance
through improved management of engine load and power
flow across diverse operational conditions. Adaptive fuzzy
control improves system responsiveness and robustness in
dynamic driving conditions, though it increases design com-
plexity and necessitates greater amounts of parameter tuning.
Predictive fuzzy control strategies, utilizing future state esti-
mations or traffic forecasts. These methods can yield notable
efficiency enhancements through proactive control decisions;
however, they place considerable demands on computational
resources and necessitate advanced modeling frameworks,
which in turn elevate system design complexity and integra-
tion challenges [87], [123], [124]. It should be noted that this
figure provides a general comparison, and the performance of
each individual method may vary depending on specific use
cases and the inclusion of adaptive or predictive techniques
such as NN, ANFIS, PSO, SMC, RL. This comparative
assessment has been developed based on considerations of
the methods’ underlying architecture, required mathematical
equations, computational and memory demands, and general
implementation complexity. For further performance analysis
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on each technique, the authors recommend referring to [88],
[91], [93], [99], [109], and [120].

B. OPTIMIZATION-BASED EMSs

Optimization-based EMS for EVs and HEVs are developed
to optimize energy resource allocation, enhancing efficiency
and minimizing operational costs. These systems are divided
into offline, online, and learning-based approaches. Offline
methods compute optimal strategies using historical data
or known conditions, delivering globally optimal solutions
but lacking real-time adaptability. Online methods, on the
other hand, dynamically adjust energy management deci-
sions during operation, offering real-time adaptability but
demanding higher computational resources compared to rule-
based EMSs. Learning-based optimization employs machine
learning techniques to dynamically adapt and improve strate-
gies based on experience. While primarily employed in an
online context, these techniques are sometimes combined
with offline methods, warranting their classification as a sep-
arate subcategory.

1) OFFLINE OPTIMIZATION-BASED EMSs

Offline optimization-based EMSs calculate optimal strate-
gies using predefined driving cycles or historical data. These
methods solve the energy distribution and efficiency prob-
lem globally by considering all constraints and parameters of
the system, providing theoretically optimal solutions. How-
ever, they rely on full knowledge of the driving cycle and
involve significant computational resources, which make
them unsuitable for real-time applications. Instead, offline
EMS serves as benchmarks or tools for developing rule-based
or adaptive strategies for real-world implementations. Some
of the well-known offline EMS methods are described in the
following.

- Dynamic Programming (DP) is a global optimiza-
tion algorithm widely used in EMS for EVs and HEVs.
It computes the optimal control strategy by breaking the
problem into smaller subproblems, solving each recursively
to achieve the theoretical global optimum. Although DP
can provide globally optimal solutions for energy manage-
ment issues, its significant processing demands, prolonged
time requirements, and necessity for prior information make
it impracticable for real-time use. Consequently, DP-based
methodologies are generally utilized as offline techniques
and are esteemed as standard instruments for assessing the
efficacy and optimality of alternative, more computation-
ally effective tactics [97], [125]. The cost function of a DP
algorithm for a general HEV power distribution problem can
be formulated as:

N—-1
J =" gk, ux, k) + hxy) )
k=0

where, the function g(xx, ux, k) denotes the instantaneous
cost at each discrete time step k, commonly measuring factors
such as fuel consumption, greenhouse gas emissions, or total
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FIGURE 9. Rule-based EMSs performance comparison chart.

TABLE 10. Advantages and disadvantages of rule-based EMS methods.

Ref. EMS method Advantages Disadvantages
[88], [89] gl:l(;ronflfo stat Simple design, easy implementation Inefficient energy use, large fluctuations

[88], [90]-[92] Power Follower

[941-[96] State-Machine Structured control, clear operational logic
[85], [99]-[106] gl?;;/;nnonal Good for nonlinear systems, handles uncertainty
[109]-[119] Adaptive Fuzzy Adaptive to changes, improves energy efficiency

[120]-[122] Predictive Fuzzy

Directly follows load, simple and reactive

Predicts future conditions, highly efficient

Poor optimization, limited adaptability

Limited flexibility, fixed transitions

Requires expert-defined rules, suboptimal adaptation

Complex design, higher computational requirements

High complexity, requires extensive data and compu-
tation

energy usage. The terminal cost A(xy) addresses end-of-
horizon objectives, typically established in EMS to penalize
unfavorable final states, such as deviations from a target bat-
tery SOC or deterioration in battery SOH at the final time
step. The variable x; represents the vector of state variables
at time step k, encompassing battery SOC, SOH, hydrogen
content in fuel cell systems, or total distance traveled. The
states are essential for identifying the optimal control actions
ui, including power distribution between an internal combus-
tion engine and an electric motor, as well as the allocation of
electrical current among hybrid energy storage devices such
as batteries, supercapacitors, and fuel cells. In this context, N
signifies the total number of time steps within the optimiza-
tion horizon.

The state variables evolve according to the system
dynamics:

X1 = f (X, ug, k) 3)

where f (x, ux, k) represents the system dynamics (e.g., bat-
tery SOC update).

The DP algorithm solves the problem using Bellman’s
recursive equation:

V() = rr;in [gCxk. uk, k) + Vig1(xr1)] 4)
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where, Vi (x¢) is the value function representing the minimum
cost from time step k to N, and the boundary condition at the
final step is defined as Vi (xy) = h(xy).

The optimization process must respect physical and oper-
ational constraints such as state constraints and control
constraints. The optimal control sequence u; is determined
by solving:

up = arg H.}in [gCek, uk, k) + Viw1 (g )] (5

These equations are solved iteratively, starting from the
final state and working backward to the initial state. While
DP guarantees a globally optimal solution, it requires dis-
cretization of state and control variables, leading to high
computational demands, commonly known as the curse of
dimensionality.

A recently published research proposes a DP-based fuzzy
logic strategy for a FCHEV bus, optimizing power allocation
based on actual driving cycles. Results show improved energy
efficiency compared to rule-based methods, particularly
under high-energy-demand conditions [126]. An Adaptive
DP (ADP) integrated with velocity planning is also proposed
in the literature [127] that achieves 98.01% of DP energy
optimality under urban driving conditions while enhanc-
ing driving comfort and safety. Lee etal. [128] optimize
EMS for FCHEV using DP, enhancing fuel economy and
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FIGURE 10. NSGA-1I workflow showing population evolution through non-dominated sorting and crowding

distance for next-generation selection.

system durability. Simulation results show a 6.46% reduc-
tion in hydrogen consumption compared to conventional
strategies. A different study [129] investigates Dual Heuris-
tic DP (DHP) for HEV, combining DP principles with NN
for power allocation. Results confirm robust adaptability and
improved fuel economy across various driving conditions.
A hierarchical EMS for HEVs based on ADP is proposed
in [130], which optimizes speed planning and energy dis-
tribution in car-following scenarios. In contrast to other
DP methods, the proposed system ensures real-time control
and also reduces fuel consumption. Another heuristic DP
(HDP)-based online EMS for PHEVs is explored in [131]
to minimize fuel consumption by utilizing a backpropaga-
tion NN (BPNN) to model the vehicle’s nonlinear dynamics.
Simulations on a real-world route show the strategy achieves
98% speed-tracking accuracy and reduces fuel consumption
and emissions compared to existing online strategies, though
it is approximately 4% less efficient than offline global opti-
mization methods. Liu et al. [132] address the challenge of
applying a DP-based EMS for PHEVs on trip paths without
GPS data. By introducing a hybrid trip model to estimate
vehicle-speed trajectories and optimizing the SOC search
range, the proposed method reduces DP computational load
and achieves over 78% accuracy in trajectory prediction while
maintaining effective fuel consumption rates in practical
scenarios.

- Genetic Algorithm (GA) optimization is a nature-
inspired method used to find optimal solutions by mimicking
the processes of selection, crossover, and mutation. GA is
commonly applied for single-objective optimization, such as
minimizing fuel consumption or emissions in EVs and HEVs.
However, in real-world EMS applications, multiple conflict-
ing objectives often exist, such as balancing energy efficiency
and component longevity. To address this, multi-objective
extensions like Non-Dominated Sorting Genetic Algorithm II
(NSGA-II) are employed [133], [134]. NSGA-II efficiently
handles multiple objectives by sorting solutions into Pareto
fronts and maintaining diversity through crowding distance,
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making it a powerful tool for achieving balanced trade-offs in
multi-objective EMS optimization.

Fig. 10 illustrates the evolution from the current genera-
tion to the next generation in the NSGA-IL. The process is
described as follows [133], [134]:

1) Generating a random population of parents.

2) Performing crossover and mutation to generate off-
spring.

3) Combining parents and offspring and evaluating fitness
of each individual.

4) Performing non-dominated sorting to divide solutions
on different fronts.

5) Performing crowding distance sorting to pass the indi-
viduals with highest rank and crowding distance to the
next generation by considering maximum population
size.

6) Repeating steps 2 to 5, until stopping criteria (maximum
number of generations or error gradient) meets.

Lu et al. discuss the application of GA in EMS of FCHEV
focusing on improving energy utilization and extending fuel
cell life [135]. Another paper uses GA to optimize power
tracking EMS parameters for FCHEVs, achieving fuel con-
sumption reductions of 17.6% and 9.7% under urban and
highway driving cycles [136]. GA also has been used to opti-
mize FLC parameters in [137], [138], [139], and [140]. The
combination of NSGA-II optimization and NN modeling is
employed in [141] to extend driving range by up to 22% and
mitigate battery aging by 20%, in a similar fashion to [32].
Liu et al. [142] employed GA with deep learning in an EMS
for a PHEV. GA is utilized to search the global optimal
controls based on the powertrain model, and deep learning
trains the NN model that is connecting the inputs and control
actions. Simulations demonstrate improvements in fuel econ-
omy and adaptability to real-time applications compared to
the conventional charge depleting/charge sustaining (CD/CS)
method. Maherchandani et al. in [143] introduce an inno-
vative energy management strategy that combines GA with
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Pontryagin’s Minimum Principle (PMP) to determine the
appropriate equivalency factor. The hybrid GA-PMP method
integrates the global search efficacy of GA with the real-time
optimization prowess of PMP, and simulation results indicate
enhanced performance in minimizing hydrogen use relative
to the independent PMP method. Ankar et al. [144] employ
NSGA-III to optimize battery and supercapacitor configu-
rations in hybrid energy storage systems (HESS), achieving
up to a 76.38% increase in battery cycle life. The study also
demonstrates a 42.14% reduction in lifecycle costs. A simi-
lar study [145] uses NSGA-II to optimize HESS for PHEVs,
minimizing cost, weight, and battery degradation. Results
show substantial reductions in HESS size and lifecycle costs
compared to conventional systems. A GA-based EMS for
HESS considering temperature effects is proposed in [146]
that achieved 3.3% better energy economy across different
ambient temperatures. Another GA-based real-time adaptive
EMS for PHEVs is published in [147] to optimize energy uti-
lization by dynamically regulating parameters such as driving
cycle, distance, and battery SOC. By integrating equivalent
consumption minimization strategy (ECMS), driving cycle
recognition, and FLC, the approach achieves 14.82% reduced
fuel consumption under high power demand while maintain-
ing adaptability to varying driving conditions.

The main challenges of GA-based EMS lie in their compu-
tational complexity, adaptability, and dependency on accurate
parameter settings. The iterative nature of GAs often leads
to high computational costs, making real-time application
difficult, especially for dynamic driving conditions. While
GAs are robust in handling non-linear and multi-objective
optimization problems, their performance heavily relies on
proper tuning of parameters such as population size, muta-
tion rate, and crossover rate, which can be time-consuming
and require extensive knowledge. Additionally, GAs may
converge prematurely to local optima if diversity within the
population is not maintained. Finally, their integration into
EVs and HEVs requires efficient data collection and model
accuracy to ensure that the EMS aligns with real-world con-
ditions and constraints.

- Particle Swarm Optimization (PSO) is another evo-
lutionary optimization algorithm used in EMS to minimize
objectives like fuel consumption and emissions in EVs. PSO
works by simulating the social behavior of particles (solu-
tions) that move through a solution space, updating their
positions based on personal and collective experiences to find
optimal or near-optimal control strategies for energy distribu-
tion [148], [149].

A real-time EMS for FCHEV aimed at reducing trip costs
by optimizing hydrogen usage and energy storage is pro-
posed in [150]. It uses DP for strategy derivation and PSO
for real-time application. The strategy achieved compara-
ble performance to DP in reducing trip costs. PSO has
also been used in the literature for optimizing the mem-
bership functions of FLC [151], [152], [153], [154]. The
published results show that the optimized EMS can improve
driving range by 5.9% in well-known driving cycles and
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reduced fuel cell degradation by 21.4% compared to baseline
strategies [151]. Perez-Davila and Fernandez [155] propose
another PSO-optimized EMS for HEV and fuel cell EREV
that determines the current ratio between the battery and
fuel cell system. They reported 9% to 12% improvement in
driving range. An EMS based on the combination of Jel-
lyfish, PSO, and BAT (JSPSOBAT) optimizers is proposed
to tune a PI controller for reducing hydrogen consumption
and operational stress in fuel cell, battery, and superca-
pacitor systems [156]. The results demonstrate superior
performance compared to state-machine, classical PI, and
other optimization strategies, reducing hydrogen consump-
tion and stress on the energy source. Omakor et al. [157]
present an EMS for a battery-ultracapacitor HESS, optimized
using PSO on an FLC. By minimizing battery current and
power fluctuations and optimizing FLC rules based on battery
temperature, the EMS enhances battery lifespan and per-
formance. Spano et al. [158] highlight the trade-off between
upsizing power sources to enhance fuel economy and down-
sizing to reduce production costs during manufacturing.
To address this, they propose an innovative PSO approach
that efficiently balances these competing objectives, enabling
the optimal design of parallel HEVs to simultaneously maxi-
mize fuel economy and minimize production costs. A similar
study also employs multi-objective PSO for finding the
optimal sizes for batteries and supercapacitors in FCHEVs
and provides recommendations based on the driving condi-
tions [159].

PSO typically requires the full search process to complete
before providing a solution, making it unsuitable for real-time
applications. Its limitations include premature convergence,
parameter sensitivity, and difficulty managing constraints or
dynamic environments, often necessitating hybridization or
customization. In real-time scenarios, the population size is
reduced, some variables are ignored, or the search space is
simplified to decrease computational demands, which may
compromise the ability to find globally optimal solutions.

- Pontryagin’s Minimum Principle (PMP) also known
as optimal control is an offline EMS that optimizes control
policies by minimizing the Hamiltonian to determine the opti-
mal power split between energy sources in HEVs, or optimal
vehicle speed in EVs. Adapting PMP for online use prevents
it from guaranteeing globally optimal solutions, as it cannot
fully account for future conditions or constraints during the
optimization process. The Hamiltonian (H') and the cost func-
tion over time (J) in general form is defined in Equations (7)
and (8) [160], [161]:

H(x(t), u(t), A1), 1) = L(x(t), u(?), 1)
+ AT @OF (), u(), 1) (©6)

t
J@x(0), u(t), 1) = IP(X(tf_))-i-/f L(x(t), u(r), 1) dt

fo

(N

where,x(t) is the state variable, u(t) is the control variable,
A(t) is the costate variable (often referred to as the Lagrange
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multiplier in this context), representing the sensitivity of the
system to changes in the state, v is the terminal cost, which
accounts for the state at the final time step #r. This is often
used to penalize or optimize the final state of the system.
to is the initial time, L(x(7), u(t), t) is the cost (performance
objective), f(x(?), u(t), t) is the system dynamics, describing
how the state evolves over time based on the state and control
variables.

The optimal control law (#*) is obtained by minimizing the
Hamiltonian with respect to the control variable u(f). (u*) is
calculated based on the necessary conditions for optimality
given in Equation (8).

OH (x*, u™, \*, 1)

x(@) = 7 =f(x@), u(t), 1)
. OH (x*, u*, A%, t
i) = — (", u )
0x
JoH _
du
u* =argmin H(x, u, A, t) = H*, u*, A%, 1)
u
<HQ" u, A", 1) (®)

The boundary conditions for such a problem is defined as
x(fo) and x(zf).

Zhang et al. [41] address the limited driving range of
EVs by proposing an in-vehicle energy optimal control based
on PMP to improve motor-drive efficiency. Using a PMP
approach based on Lagrange-Euler formula that considers
energy consumption and speed demand, the proposed EMS
ensures the motor operates in its high-efficiency region.
In another research [162], a robust design approach based
on Design for Six Sigma (DFSS) is proposed to enhance
the EMS for PHEVs in real-time. By integrating a multi-
island GA, Monte Carlo simulation, and SOC constraints
within PMP, the proposed method achieves up to 19.66%
fuel consumption reduction compared to conventional strate-
gies and delivers energy-saving performance close to DP.
To enhance battery life in battery-supercapacitor HESS,
A study [163] proposes an online hybrid EMS combining
PMP and RL. By using RL to predict the optimal costate
and an analytical approach for initial costate estimation, the
EMS effectively minimizes battery degradation and main-
tains supercapacitor charge sustainability under uncertain
and untrained driving cycles, achieving 900 more discharge
cycles compared to an offline EMS. Song et al. [164] intro-
duce a real-time EMS based on PMP to balance fuel economy
and power source durability in hybrid systems. By incor-
porating performance degradation models for fuel cells and
batteries, an online co-state updating method, and a fuel cell
power variation limiting factor, the EMS optimizes hydrogen
consumption and durability. Simulation results demonstrate
around 38% improvement in fuel cell lifespan and aver-
age daily operating costs compared to rule-based EMS and
comparable numbers to DP. An adaptive PMP based on
velocity prediction that adjusts the costate variable in real-
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time is proposed in [165] for a battery supercapacitor EV
to address PMP’s limitation of a fixed costate under uncer-
tain driving conditions. Simulations on varying road slopes
and driving cycles reveal that the proposed EMS improves
battery health and efficiency compared to rule-based strate-
gies and PMP without velocity prediction. A similar study
employs an improved Markov-based velocity prediction and
online driving pattern recognition optimized by PSO [166].
Simulations demonstrate a 4% reduction in hydrogen con-
sumption and smoother fuel cell operation compared to
rule-based EMS, achieving performance close to offline opti-
mal algorithms. Nguyen et al. [167] published a research that
recognizes driving pattern using ANFIS and updates the
costate variables of PMP to improve EMS performance in a
HESS battery-supercapacitor EV. The real-time simulations
on Federal Test Procedure (FTP) cycle show reduction in
the root mean square of the battery current by 11.4%. Since
PMP relies on future driving condition knowledge for opti-
mality, Kim et al. [168] address the limitation by proposing a
methodology to update control parameters based on past driv-
ing patterns for vehicles with repeated cycles, such as buses or
delivery trucks. By estimating the costate from driving condi-
tions and energy consumption patterns, the approach ensures
the final SOC converges to the desired value over repeated
drives.

PMP has notable drawbacks, primarily its reliance on
prior knowledge of the driving cycle, making it essen-
tially an offline approach. PMP also requires an explicitly
defined precise mathematical model of the system, which
may not always be feasible in practical scenarios. While
PMP can be adapted for real-time applications, it must be
combined with other algorithms, such as machine learn-
ing or predictive methods, to estimate the costate or adapt
to dynamic conditions. However, even with these adapta-
tions, PMP cannot guarantee global optimality in real-time
applications.

- Game Theory (GT) models the interaction between
multiple power sources in HEVs as a non-cooperative or
cooperative game, aiming to optimize energy distribution.
In this approach, players (such as battery, fuel cell, superca-
pacitor) plan their actions to minimize their individual costs
(e.g., energy consumption, degradation) while considering
the behavior of others. In a general form, the number of play-
ers in GT is defined as A = {1, 2, . .., n}, where each player
i has a strategy set specified by S; = {sl-l, siz, ..., s} Thus,
the combined strategy set for all players is § = §1 x S x
- xS, [169], [170].

The payoff function u for player i is defined as:

"Sn’tk) =ul(S’tk) (9)

where, S is the strategy profile of all players at time #.
A Nash Equilibrium is achieved when no player can
improve their payoff by unilaterally changing their strategy:

Vie N (10)

ui(s1, s2, ..

ui(s?, % ) > uisi, 8%, 1),  Vsi €S,
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In mixed strategies, the probability of player i choosing
strategy s; is pi(s;). The expected payoff E is:

El= " > ufsi, ..

S1E8] SpESH

s [ [y an
j=1

For cooperative games, the total utility or social welfare W
is:
W= Z ui(S) (12)
ieN
The strategy profile is optimized across the entire driving
cycle, T ={t1,t2, ..., IN}:

N
max > > wilsi(te), s-ilte), 1) (13)
k=1ieN

For each time step ¢, the payoff function u of each strategy
s is solved:

si(tx) = argmax u;(si, s—i, tx), Vie N (14)
Si

The, the state of each energy source is updated based on
the chosen strategies:

xi(tk1) = filxi(te), 87 (),

Eventually, the total cost J over the entire driving cycle can
be calculated as:

Vie N (15)

N
J =2 D il (0, 8% (), 1) (16)
k=1ieN
References [169] and [170] are provided for further in-depth
research about GT algorithm.

Ruan et al. [171] propose a data-driven cooperative differ-
ential GT-based EMS for hybrid electric propulsion systems
in flying cars, addressing the coupling dynamics of multiple
generator units. Using a NN-based adaptive DP algorithm
to approximate Nash equilibrium and Pareto solutions, the
proposed model achieves a 2.67% and 6.22% reduction in
fuel consumption compared to non-cooperative and rule-
based EMS, while improving exhaust gas temperature control
and battery SOC stability. In another study, Nash equilib-
rium is used to optimize energy flow between the ICE and
the EM while considering constraints like SOC and ther-
mal reliability, in a PHEV [172]. Ghaderi et al. [173] propose
a GT-based strategy for a multi-stack FCHEV with three
fuel cells and a battery, addressing the complexity of power
distribution. The EMS improves hydrogen consumption and
degradation costs by 6% compared to a rule-based strat-
egy, while remaining close to DP performance. An efficient
EMS for PHEVs incorporating a motor current alert mecha-
nism to prevent prolonged high currents is proposed in [174].
Using a multi-step Markov chain for velocity prediction and
cooperative GT, the strategy optimizes group and individual
energy profits. Simulations and tests show a 71% reduc-
tion in large motor current occurrences and a 10.28% fuel
consumption reduction. A similar study also employs the
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same principles of GT with the same driving condition pre-
diction algorithm for FCHEYV, resulting in 6.82% reduced
hydrogen consumption [175]. Another publication devel-
ops a min-max GT-based discrete optimization approach for
real-time management of fuel cell and battery degradation
in FCHEVs [176]. By quantifying aging and decoupling
lifetime competition between the two power sources, valida-
tions through hardware-in-the-loop (HIL) show the method
improves system economy and reduces degradation.

GT-based EMS offer effective frameworks for managing
the interaction of different power sources or agents with pos-
sibly divergent agendas. The intrinsic intricacy of interactions
among these entities substantially increases computational
requirements, presenting significant challenges for real-time
implementation. Obtaining precise and prompt resolutions
to game-theoretic models—such as Nash equilibrium—amid
dynamic and variable driving situations necessitates sub-
stantial processing power and effective solvers, which are
frequently unfeasible in embedded automotive systems. Fur-
thermore, GT-based EMS depends on accurate system model-
ing and predictive abilities (such as anticipated power demand
or driving behaviors) to produce significant and reliable
results, which are challenging to achieve in practical applica-
tions due to model uncertainties and fluctuations in operating
conditions. Furthermore, a tangible implementation of the
game framework—where each participant functions as an
independent decision-making entity—requires an advanced
control architecture to coordinate decentralized strategies,
thus complicating system integration, elevating design com-
plexity, and potentially impacting overall system stability.
Reconciling the trade-offs among computing efficiency, solu-
tion optimality, and practical practicality is a significant
obstacle to the extensive use of GT-based EMS in real-time
vehicle applications [177].

- Simulated Annealing (SA) is an optimization technique
inspired by the annealing process in metallurgy, used to
find near-optimal solutions for energy distribution in HESS.
SA explores the solution space by iteratively adjusting the
power allocation between energy sources, guided by an objec-
tive function such as fuel efficiency, battery degradation,
or emission reduction. It accepts both improving and, occa-
sionally, worsening solutions to escape local optima, with the
likelihood of accepting worse solutions decreasing over time
(controlled by a cooling schedule).

A study proposes a strategy for power-split PHEVs,
combining PMP to optimize battery current and SA to
determine engine-on power and current coefficients, with
battery SOH considerations [178]. Simulations show the
method reduces fuel consumption compared to CD/CS
modes. Yang et al. [179] recommend an EMS for PHEVs that
integrates the genetic SA with an interval type-2 FLC to opti-
mize energy efficiency while considering air conditioning
energy consumption. The EMS reduces fuel consumption by
up to 17.77% compared to rule-based methods and ensures
faster and more consistent cabin temperature regulation, com-
pared to both rule-based and adaptive equivalent consumption
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minimization strategy (ECMS) strategies in cooling and
heating modes. An interesting research is conducted by
Machado et al. [180] that present a multilayer EMS for a
small urban EV, combining long-term rule-based manage-
ment, short-term optimization using a hybrid metaheuristic
approach (combining PSO and SA), and a high-speed DC
to DC controller using a linear-quadratic regulator. The
strategy optimizes power sharing and source usage, and
demonstrates improved performance with lower installed
capacities on a reduced-scale prototype. The same research
team also published a paper focused on developing an EMS
that dynamically restricts search space and uses SA for opti-
mization in order to reduce the size and capacity of onboard
power sources, while achieving performance improvements.
In [181], the authors optimize the EMS of a multi-mode
HESS by proposing an adaptive mode switch strategy using
SA. The strategy enhances system efficiency by optimiz-
ing the supercapacitor’s SOC and battery power while
reducing mode-switching frequency and excessive battery
power output. Simulations and experiments show the devel-
oped model outperforms rule-based strategies by improving
energy efficiency, ensuring battery safety, and allowing the
supercapacitor to handle peak power demands and braking
energy.

However, SA-based EMS encounters significant obstacles
in real-time applications owing to its comparatively sluggish
convergence rate and the computational duration necessary to
attain near-optimal solutions. Moreover, the efficacy of sim-
ulated annealing is acutely dependent on the calibration of
critical parameters—namely, cooling schedule, initial tem-
perature, and termination criteria—which profoundly affect
both solution quality and computing efficiency [182], [183],
[184].

- Linear Programming (LP) is a mathematical optimiza-
tion technique used to minimize or maximize an objective
function, such as fuel consumption, energy cost, or emissions,
while satisfying linear constraints. In this context, LP models
the energy flow between power sources and power demands
under constraints like SOC limits, power limits, and drivetrain
requirements. LP is computationally efficient and well-suited
for offline or real-time EMS when system dynamics and
objectives can be approximated with linear relationships.
However, it struggles to handle nonlinearities and uncertain-
ties inherent in real-world EV and HEV operations, often
requiring extensions like mixed-integer or nonlinear pro-
gramming for more complex systems.

Considering a simple HEV EMS problem, that minimizes
the total energy consumption, the cost function can be formu-
lated as:

Iy
J= / (Fraet(Peng(0)) + woat - Po(0) di - (17)
fo

where Fye is fuel consumption rate as a function of engine
power Peno(t), Ppat(?) is battery power, and wy, is weighting
factor for battery power.
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The total power demand P,., must equal the sum of engine
and battery power:

Preq(t) = Peng(t) + Ppar(?) (18)

The control variable u(t) is the power split ratio, which can
be defined as:

Peng(t) =u(t)- Preq(t)
Proar(t) = (1 — u(?)) - Preq(t)
O0<u@® =<1 (19)

Considering the constraints for SOC, Pgg, and Py, the
EMS optimization problem is:

t
m(ltl)'lj = / (Ffuel(u(t) * Preq(?)) + What
u f
(1 = (1)) - Preq(1)) dt (20)

Reference [185] is recommended for a comprehensive
exploration of the concept of LP.

Using model reference adaptive control and mixed-integer
LP, Siddique and Gabbar [186] proposed an EMS for a
nuclear-renewable HESS to support fast charging stations.
The strategy fulfills the power demand of the fast charg-
ing station while reducing the generation cost and waste
of energy. A different study develops an LP-based heuris-
tic algorithm for smart charge and discharge scheduling of
EVs within a time-space network model to reduce peak
loads [187]. An improved two-stage heuristic algorithm
addresses uncertainties in EV demands and departure times,
demonstrating the potential of EVs to stabilize power grids
and optimize energy usage through vehicle-to-grid (V2G)
systems. A similar paper [188] also proposes a mixed inte-
ger LP model for active and reactive power management in
smart distribution networks, leveraging EV chargers’ capa-
bilities. The model optimizes energy cost and voltage profile
while adhering to network and EV charging constraints. The
results demonstrate reduced energy cost and loss, improved
voltage profiles, and support for higher EV penetration into
the grid within acceptable computation times. Considering
socio-economic factors, an optimized EV charging network
distribution using statistical approaches based on LP and
Bayesian theory is proposed in [189]. The results demon-
strate that this method minimizes grid impact while ensuring
a safe, cost-effective, and accessible fast charging infras-
tructure across large geographical areas. In [190], an offline
LP-based benchmark is integrated with an instantaneous opti-
mization model for FCHEVs to minimize the equivalent
power of the fuel cell and battery, manage battery SOC, and
penalize fuel cell load changes to reduce degradation. Simu-
lations demonstrate that the recommended model enhances
fuel economy, improves load change control, and achieves
optimal performance under varying driving cycles without the
need for parameter adjustments. Ghandriz et al. [191] devel-
oped a real-time predictive EMS for hybrid electric heavy
vehicles, employing MPC and sequential LP to optimize
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power split, vehicle velocity, and battery SOC over hori-
zons of 5-20 km. The proposed method proves to be faster
and simpler than sequential quadratic programming, deliv-
ering near-optimal trajectories while effectively regulating
acceleration, braking, and battery usage, as validated using
a high-fidelity vehicle model.

Yet, LP has limitations that can impact its applicability in
complex systems. One major drawback is its inability to han-
dle nonlinear relationships, which are common in real-world
problems such as EMS for vehicles or grids. Additionally,
LP requires constraints and the objective function to be linear,
which may oversimplify the problem and result in subop-
timal solutions. It also struggles with handling uncertainty
or dynamic changes, as it is typically designed for static or
deterministic scenarios. These limitations often necessitate
extensions, such as mixed-integer or nonlinear programming,
to address more complex and realistic problems (as men-
tioned above).

Fig. 11 illustrates the trade-offs among offline
optimization-based EMSs. The scales are for comparative
purposes only, as the efficiency, design complexity, and com-
putational burden of each algorithm heavily depend on the
specific problem. As shown, DP achieves the highest energy
efficiency due to its ability to guarantee global optimiza-
tion. However, it is hindered by significant computational
burden and design complexity, making it impractical for
real-time applications. GT exhibits the highest design com-
plexity, demanding processing power comparable to DP, but
its energy efficiency in EMS problems is relatively low.
GA and PSO generally deliver similar efficiency, with GA
being slightly more complex and computationally demanding
due to operations such as selection, crossover, and mutation,
whereas PSO relies on simpler particle updates. Among these
methods, PMP strikes a balance, with lower computational
burden compared to most methods (except LP) and efficiency
results close to but slightly below those of DP. However,
PMP’s design complexity is higher than most other meth-
ods, except for DP and GT. SA achieves better fuel economy
than LP but significantly lags behind other algorithms in effi-
ciency. Lastly, LP stands out as the least computationally
demanding and simplest method to implement. However, its
reliance on linear approximations limits its ability to deliver
satisfactory energy efficiency under dynamic conditions.

Table 11 compares the introduced offline optimization-
based EMSs with regards to their advantages and
disadvantages.

2) ONLINE OPTIMIZATION-BASED EMSs

Online optimization-based EMSs in EVs and HEVs dynam-
ically determine optimal control actions during real-time
operation. These methods aim to balance energy effi-
ciency, performance, and computational feasibility under
changing driving conditions. Unlike offline methods, online
approaches adapt to real-time inputs, such as driver behav-
ior and road conditions, making them more suitable for
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practical applications. However, their design requires bal-
ancing computational complexity and accuracy to ensure
responsiveness without compromising performance.

Equivalent Consumption Minimization Strategy
(ECMS) is areal-time approach widely used in HEVs. It aims
to minimize fuel consumption by translating energy usage
across different power sources, such as fuel and electricity,
into a common metric known as equivalent fuel consumption.
ECMS operates by optimizing the power split between the
ICE and the EM in real-time, ensuring that the total energy
cost is minimized while maintaining charge-sustaining (CS)
operation of the battery. This strategy leverages instantaneous
energy equivalence without requiring complete knowledge of
future driving conditions, making it computationally efficient
and suitable for real-time applications.

Feng et al. [192] developed a novel ECMS for HEVs that
dynamically adjusts the EF based on current speed and min-
imum engine operation time. Using a self-organizing map
NN, speed patterns are identified and optimal EFs are deter-
mined for specific driving cycles. An FLC further adjusts
engine operation time to maintain battery SOC within lim-
its and account for engine start hysteresis. Simulations show
the proposed ECMS improves fuel economy by up to 7.87%
over conventional methods, and significantly reduces peak
battery currents. An Adaptive ECMS (A-ECMY) is proposed
in [193] for 4-wheel-drive (4WD) plug-in FCHEV to opti-
mize power distribution between the front and rear motors,
fuel cell system, and battery. Variable equivalent factors
(EF) are determined based on the dragonfly algorithm. The
proposed EMS outperforms conventional ECMS and a rule-
based strategy by 2% in terms of energy efficiency. Unlike
conventional A-ECMSs that rely on CS conditions, a pro-
posed method in [194] defines and iteratively calculates a
near-optimal EF based on actual driving conditions. Simu-
lations demonstrate improved adaptability with minimal loss
of optimality compared to traditional A-ECMS. Experimental
validation under real-world driving conditions is also pro-
vided that confirms its effectiveness. A hierarchical EMS is
also proposed in [195] for multi-stack fuel cell systems, com-
bining a rule-based layer to activate fuel cells based on power
demand, SOC, and degradation, and an ECMS for power
distribution. Another study combines ECMS with MPC for
plug-in hybrid electric buses to prevent motor overheating
under urban conditions [196]. The motor temperature is inte-
grated into the MPC cost function as an optimization term,
and the Grey Wolf Optimization (GWO) algorithm is used to
minimize the objective function offline. Simulation and HIL
tests verify the strategy, showing a fuel consumption reduc-
tion of 15% under urban and combined driving cycles. The
GWO is also similarly used to divide the driving cycle of
an electric bus into segments based on vehicle stop times
and optimizes the EF for each segment [197]. Simulation
results demonstrate an 18.72% reduction in fuel consumption
compared to conventional ECMS. K-means and K-nearest
neighbors algorithms is employed to classify paths in [198],

VOLUME 13, 2025



Y. Farajpour et al.: Cutting-Edge EMS Technologies for EVs and HEVs

IEEE Access

Energy Efficiency
=DP mGA ®PSO
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Computational Burden

=PMP mGT =SA =P

FIGURE 11. Offline optimization-based EMSs performance comparison chart.

TABLE 11. Advantages and disadvantages of offline optimization-based EMS methods.

Ref. EMS method Advantages Disadvantages
[126]-{132] DP ﬁzhleves global optimality, handles complex dynam- uHslegh computational burden, unsuitable for real-time
[135]-[147] GA Har}dles multi-objective optimization, avoids local May converge slowly, requires careful parameter tun-
optima ing
[148]-[159] PSO Fast convergence, relatively simple to implement Risk of local optima, sensitive to parameter settings
. .. . Requires prior knowledge of driving cycle, relies on
[160]-[168] PMP Computationally efficient, near-optimal results exact mathematical model
Models multi-agent interactions, adaptive to system  Complex modeling, high computational requirements,
[171]-[176] GT .
changes sub-optimal results
[178]-[181] SA Flexible for nonlinear problems, easy implementation Slow convergence,.computatlona.lly intensive forlarge
problems, stochastic nature and inconsistent results
[186]-[191] LP Simple and efficient for linear problems Limited to linear systems, struggles with nonlinear

constraints

while an MPC predicts the battery SOC. This study optimizes
the EF based on the reference SOC trajectory for an A-
ECMS. In the context of an A-ECMS, the GWO is employed
to iteratively determine the optimal EF based on the gear-
switching data generated by DP for for PHEV buses [199].
Compared to DP, the strategy increases fuel consumption
by only 3.23%, while avoiding the curse of dimensionality.
Guercioni et al. [200] also conducted a research on the same
concept. A recently published paper proposes An A-ECMS
for flywheel HEVs [201]. The strategy integrates driving con-
dition recognition using a PSO-based support vector machine
(SVM) and target SOC path tracking derived from DP. Simu-
lation results demonstrate the developed model improves the
thermal efficiency of the ICE and the EM, reducing compre-
hensive energy consumption by 9.31% and 3.31% compared
to a rule-based EMS and traditional ECMS, respectively.
Additionally, it achieves a more stable SOC, and enables the
flywheel to recover 37.35% of braking energy. Abdelhalim
et al. [202] develop a comprehensive EMS for standalone
renewable HESS integrating photovoltaic panels, fuel cells,
batteries, and supercapacitors. Four strategies including PIC,
ECMS, ECMS optimized with Harris Hawks Optimization
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(ECMS-HHO), and SM are evaluated. Simulation results
show that ECMS-HHO outperforms others, achieving the
lowest hydrogen consumption and highest efficiency. By con-
trast, SM shows the highest hydrogen consumption, indi-
cating lower efficiency. ECMS-HHO is highlighted as the
most efficient and sustainable EMS for standalone renewable
HESS.

The efficacy of the Equivalent use ECMS is significantly
dependent on the precise calibration of the EF, which recon-
ciles fuel and electric energy use. An inadequately calibrated
EF might result in suboptimal energy distribution and dimin-
ished system efficiency. Due to the variability of real-world
driving conditions, static EF values frequently prove inad-
equate, necessitating adaptive tuning strategies to ensure
maximum performance. Notwithstanding its real-time func-
tionality, ECMS exhibits significant limitations: it presumes
a charge-sustaining state, demonstrates a lack of stability
under transient or fluctuating SOC levels, and provides solely
heuristic solutions devoid of global optimality. These prob-
lems underscore the necessity for enhanced or adaptable
ECMS variations to more effectively manage complex and
dynamic settings [90], [203].

130275



IEEE Access

Y. Farajpour et al.: Cutting-Edge EMS Technologies for EVs and HEVs

- Robust Control (RC) is designed to ensure optimal
energy distribution under uncertainties and varying operating
conditions. Unlike traditional EMS strategies, RC explic-
itly accounts for uncertainties such as unpredictable driving
conditions, component degradation, or external disturbances.
This approach typically involves formulating the EMS as a
control problem with predefined performance criteria and
uncertainty bounds. Using techniques like Hoo control or lin-
ear quadratic regulators (LQR) with robustness constraints,
the RC EMS ensures that the vehicle meets energy efficiency
and performance goals despite these uncertainties. The sys-
tem optimizes power flow between components such as the
ICE, EM, and battery while maintaining SOC and minimiz-
ing fuel consumption. RC strategies are particularly effective
in real-world scenarios where precise system modeling and
predictive methods alone may not suffice, providing reliable
performance under dynamic and challenging conditions.

To meet the high-performance requirements of electric
buses for the Beijing Winter Olympics (2022), a dual-motor
coaxial propulsion system with a single planetary gear set
was developed, accompanied by a shift control method using
a hierarchical LQR algorithm [204]. The upper controller
employs a robust tracking LQR to regulate the speed change
rate of the output shaft during gear shifting, reducing actua-
tor load. Meanwhile, the lower controller uses a disturbance
suppression LQR to control shift force and enhance system
adaptability to disturbances. Bench tests confirm that hier-
archical LQR reduces vehicle impact by 19.17% and shift
force by 32.48%, at the cost of a slight 5.03% increase in shift
time, outperforming the PIC overall. Yang et al. [205] present
a robust fractional-order sliding-mode control (RFOSMC)
for a HESS in EVs. A rule-based strategy generates the
battery current reference. RFOSMC is developed to handle
nonlinearities and uncertainties in the HESS, employing a
sliding-mode state and perturbation observer (SMSPO) for
real-time perturbation estimation.

In [206], Babazadeh and Karimi present a robust two
degree of freedom feedback-feedforward control strategy
to regulate the load voltage of an islanded microgrid in
the presence of unmodeled dynamics and uncertainties. The
design transforms the control problem into a nonconvex
optimization problem, which is then simplified using lin-
ear matrix inequality-based optimization, a common RC
approach. Simulations demonstrate the proposed scheme’s
strong robustness against load parameter uncertainties and
unknown dynamics.

A robust EMS for FCHEVs is published in [207] to handle
uncertainties in system parameters and operational condi-
tions. By analyzing the impact of parametric uncertainty on
fuel consumption minimization, the authors develop a super-
visory control framework. Muthyala et al. [208] conduct a
comparative analysis of real-time Adaptive Equivalent Con-
sumption Minimization Strategy (A-ECMS) and rule-based
EMS in long-haul heavy-duty PHEVs. It underscores the
benefits of predictive EMS with A-ECMS, which adjusts in
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real-time according to route data, resulting in enhanced fuel
efficiency and battery optimization. The rule-based EMS,
albeit more straightforward, is deficient in its adaptation to
diverse driving conditions. Simulation outcomes indicate that
A-ECMS realizes substantial energy savings compared to the
rule-based methodology.

Another RC-based EMS for fuel cell hybrid emergency
power systems in More Electric Aircraft (MEA) focuses
on maximizing battery and supercapacitor energy utiliza-
tion without relying on load profile-dependent parame-
ters [209]. The strategy enhances robustness and minimizes
hydrogen consumption. Simulations and experiments demon-
strate improved performance compared to conventional
ECMS.

While RC offers significant advantages in managing uncer-
tainties and ensuring system stability, it has several draw-
backs. The design process is often complex, requiring precise
mathematical models and advanced tools like linear matrix
inequalities or Hoo synthesis, which can be computation-
ally intensive and challenging to implement. Robust control
strategies may also lead to conservative solutions, prioritiz-
ing stability over optimal performance, especially when faced
with significant uncertainties. Additionally, these methods
often involve higher computational requirements for real-
time applications, limiting their feasibility in systems with
tight resource constraints. Tuning and calibration can also be
demanding, requiring expert knowledge to achieve a balance
between robustness and performance. These factors make
robust control less accessible and more resource-intensive
compared to other EMSs [210].

- Model Predictive Control (MPC) is an advanced online
optimization-based control strategy widely used in EVs and
HEVs. As depicted in Fig. 12, MPC predicts future system
states over a finite time horizon using a dynamic model and
optimizes control inputs to minimize a cost function, such
as fuel consumption or battery degradation, while satisfying
constraints like power demand and SOC limits. By updating
decisions at each step with real-time data, MPC adapts to
changing conditions, making it highly effective for dynamic
and complex scenarios.

Prediction
Horizon

Predicted Control Input

Control
Horizon

Time

FIGURE 12. A conceptual diagram illustrating MPC operation.
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MPC rely on dynamic models of the system, most often lin-
ear empirical models obtained by system identification. The
linear time invariant (LTI) model of the plant is expressed in
Equation (21) [211], [212]:

x(k + 1) = Ax(k) + Bu(k)
y(k) = Cx(k) + Du(k) 1)

where, x(k) is the state vector at step k, u(k) is the control
input, y(k) represents the output, and the matrices A, B, C, and
D represent the system dynamics in state-space form, where
A is the state matrix that relates the current state to the next
state without considering the input, B is the input matrix that
defines how control inputs affect the state, C is the output
matrix that maps the internal state to the output, and D is
the feedthrough matrix that represents the direct effect of the
input on the output.

The control objective of MPC is to minimize a cost func-
tion that penalizes deviations from the reference trajectory
and minimizes control effort. The cost function for MPC can
be expressed as [211] and [212]:

PH—1
J= 2 (000 =) QOW) = yieg) + ul)” Rutk))
k=0
(22)

In this equation, PH is the prediction horizon. Longer hori-
zons increase computational burden, whereas it may not lead
to generating better results necessarily [213]. yr is the ref-
erence output vector. Q is the state weighting matrix, which
penalizes deviations from the desired reference state. R is the
control weighting matrix, which penalizes the magnitude of
the control input to avoid aggressive actuation.

The state constraints also needs to be defined based on the
nature of the problem and the available hardware.

The MPC problem is solved at each time step using the
predicted system response. It generates an optimal control
sequence, from which only the initial control input is imple-
mented. The prediction model, along with state and control
variable constraints, ensures the system operates within safe
boundaries while achieving the desired performance.

An MPC-based EMS is proposed in [214] for a hybrid
EV charging station to optimize power flow among vari-
ous energy sources, including a photovoltaic system, battery,
fuel cell, grid connection, and fast charging units. Long-
term simulations over 25 years demonstrate that the EMS
significantly outperforms a benchmark state-based strategy,
achieving a 25.3% reduction in utilization costs, a 60%
decrease in grid dependency, and enhanced overall efficiency.
A long short-term memory (LSTM) method is proposed
for driving cycle prediction within an MPC framework by
Chen et al. [215]. the proposed MPC-based EMS reduces
energy dissipation by up to 15.3% compared to an FLC-
based EMS while alleviating battery stress. Additionally,
incorporating battery aging awareness in EMS design slightly
extends battery life. A similar study also combines LSTM
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with MPC in PHEVs and achieves comparable results to
DP [72]. Moghadari et al. [216] propose a predictive health-
conscious EMS for multi-stack FCHEVs to reduce operating
costs, including hydrogen usage, fuel cell degradation, and
energy storage expenses. The strategy combines a rule-
based approach for optimal fuel cell activation and an MPC
algorithm for power distribution, enhanced by a stacked
bidirectional LSTM velocity predictor. Testing shows the pro-
posed model achieves near-optimal performance compared
to DP (within 3.728%) and outperforms the ECMS by up
to 5.154%. In an interesting method proposed in [217] the
EMS problem is formulated as a nonlinear optimal control
problem, and a convolutional NN-based speed predictor is
used to forecast vehicle speed for MPC. A double-delay
Q-Learning algorithm solves the receding horizon optimiza-
tion in the MPC module, enhancing adaptability to dynamic
environments. Simulations show that the proposed strategy
achieves fuel consumption comparable to offline stochastic
DP and has a single-step computation time of 23 millisec-
onds. A supervisory control strategy for HESS in EVs is
proposed by Larijani et al. [218] to split power between the
battery and supercapacitor, aiming to mitigate battery degra-
dation. The proposed intelligent energy management strategy
(IEMS) uses linear parameter-varying MPC with a control-
oriented battery model and a cost function minimizing battery
power loss and supercapacitor voltage errors. Simulations
demonstrate significant reductions in battery degradation
metrics, such as up to 30.26% and 25.85% reductions in
discharge and charge peak currents, 9.71% in ampere-hour
throughput, and 4.78% in capacity loss, compared to a base-
line strategy. In [219], DP is used offline to determine the
HEV’s reference battery SOC, then an MPC optimizes power
distribution between the battery and generator (ICE). A hier-
archical MPC framework is proposed for optimizing both
power demand and EMS in EVs with a HESS under vehicle-
following scenarios [220]. At the vehicle-following level,
vehicle-to-vehicle(V2V) and vehicle-to-infrastructure(V2I)
communications are utilized to enable real-time velocity
planning, optimizing EM consumption and ensuring safety.
At the EMS level, power is allocated to minimize battery
degradation and power losses. Simulations demonstrate that
total operation costs are reduced by 4.69-14.55% compared
to traditional EMS approaches, with results closely approx-
imating the globally optimal solutions obtained through
offline DP. A data-driven MPC strategy with a dual-model
framework is proposed for FCEVs to enhance economic
performance and control robustness under diverse driving
environments [221]. The dual-model framework consists of
a nominal system, built using a mathematical equivalent cir-
cuit model with precise parameters, and a practical system,
established with a real-time Gaussian process to predict state
transitions within predictive horizons and improve distur-
bance tolerance. A novel control input fusion function is
integrated to merge control inputs from both systems, opti-
mizing powertrain efficiency.
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MPC-based EMSs provide flexibility and adaptability,
making them well-suited for real-time optimization prob-
lems. However, they can face challenges when processing
power is limited, particularly in complex systems with long
prediction horizons or numerous constraints. Their perfor-
mance heavily relies on the accuracy of the underlying LTI
model. Inaccuracies or oversimplifications in the model can
result in suboptimal control decisions. Additionally, tuning
the weighting factors in the cost function requires signif-
icant expertise and careful, problem-specific adjustments.
Furthermore, MPC can struggle to handle abrupt changes in
operating conditions or highly nonlinear system dynamics,
which may limit its robustness in certain scenarios.

- Pseudospectral EMS methods are advanced optimiza-
tion techniques for managing energy flow in hybrid systems.
These methods approximate solutions to optimal control
problems by transforming them into finite-dimensional non-
linear programming problems using orthogonal polynomials,
such as Legendre or Chebyshev polynomials, to discretize
state and control variables over a time horizon [222]. Pseu-
dospectral EMSs excel at solving complex, high-dimensional
problems with nonlinear dynamics and constraints, providing
high accuracy and global optimization capabilities. Tradi-
tionally, their computational intensity limited their use to
offline optimization. However, recent research has introduced
adaptive and improved variants, enabling their application in
real-time EMS.

He et al. [223] utilized the Radau Pseudospectral Method
to develop an energy-efficient eco-driving control method
focused on improving vehicle speed and acceleration pro-
files to address the optimal control problem with high
accuracy. Technology successfully reduced energy consump-
tion by 26% compared to traditional non-optimized driving
strategies, while preserving drivability. Simulations on a
series hybrid school bus demonstrate that the pseudospectral
method achieves results close to DP with greater compu-
tational efficiency, while the two-level strategy effectively
adapts power management based on road-grade predictions,
outperforming traditional online approaches like ECMS.
Another EMS for hybrid electric tracked vehicles using a
pseudospectral method is proposed in [224] to optimize
two-track velocity planning and power distribution. Simu-
lation and field experiments demonstrate that the proposed
EMS improves fuel economy by 3.92% compared to DP
with reduced computational burden, and by 14.85% com-
pared to rule-based EMS without velocity optimization. Gao
et al. [225] improves the efficacy of NMPC for automated
vehicle motion planning through the implementation of adap-
tive Lagrange discretization and hybrid obstacle avoidance
constraints. These techniques diminish processing demands
while maintaining precision, employing adaptive polynomial
orders and a blend of elliptic and linear constraints. Simula-
tion and experimental findings indicate a 74% enhancement
in accuracy and a 60% increase in computing efficiency com-
pared to conventional methods. Zhao et al. [226] introduces
a multi-objective global optimization approach for energy
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management in series-parallel PHEVs, combining the Radau
Pseudospectral Knotting Method (RPKM) with the Non-
dominated Sorting Genetic Algorithm II (NSGA-II). The
method improves energy efficiency and battery longevity by
26.74%-53.87% under suburban driving conditions, utilizing
RPKM for initial optimization and NSGA-II for subse-
quent refinement, demonstrating performance comparable to
dynamic programming, with enhanced speed and consistency
in convergence. The technique enhances the performance of
ultracapacitors, reduces battery energy loss, and outperforms
the conventional logic threshold control strategies in sim-
ulations. Other very similar research in the field of logic
threshold control strategy optimization for HEVs with HESS
also are published in [227] and [228]. Multani [229] focuses
on the application of the pseudospectral collocation method
as a scalable and computationally efficient alternative to DP
for solving large and complex optimal control problems in
HEVs. In order to improve the acceleration (rotational speed
and torque) response of HEVs, Radau pseudospectral method
is applied to solve the trajectory optimization problem [230].
The same concept is also employed in [231] to increase com-
putational efficiency.

The primary drawback of pseudospectral EMS is the
significant computational intensity, which can limit their
applicability for real-time systems, especially in resource-
constrained environments. These methods require solving
nonlinear programming problems, which may become infea-
sible for large-scale or highly dynamic systems due to the
computational burden. Additionally, their performance heav-
ily relies on precise system modeling, and inaccuracies
in the model can lead to suboptimal results. Furthermore,
implementing pseudospectral methods demands advanced
expertise in numerical optimization, making them less acces-
sible compared to simpler, heuristic-based strategies such as
rule-based or ECMS approaches.

- Frequency Decoupling (FD) technique is used to sepa-
rate power demand into low-frequency and high-frequency
components for efficient power allocation between energy
sources, such as batteries and supercapacitors (or also known
as ultracapacitors) in the EMS of HEVs and FCHEVs.
Low-frequency components, representing sustained power
demands, are handled by the battery due to its high energy
density, while high-frequency components, caused by rapid
acceleration or braking, are managed by supercapacitors
or other high-power auxiliary sources, which excel at fast
charge and discharge cycles. Tools like wavelet transform
provide multi-resolution analysis for precise decomposi-
tion, whereas low-pass filters offer a simpler method for
separation based on a predefined cutoff frequency. By reduc-
ing large current fluctuations and smoothing power flow,
FD minimizes battery stress, improves energy efficiency,
and extends the lifespan of the HESS. Fig. 13 presents a
schematic diagram of an FD-based EMS, which allocates
the demanded power between the fuel cell, battery, and
ultracapacitor in an FCHEV using low-pass and high-pass
filters.
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FIGURE 13. A simplified diagram of FD EMS for an FCHEV equipped with fuel cell, battery, and ultracapacitor.

A comprehensive review highlights the role of low pass
filters in HESS for EVs [232]. It discusses four types
of low pass filters (fixed, optimal, adaptive, and combi-
nation), their role in ensuring smooth power distribution,
and the challenges and limitations associated with future
EMS improvements. A wavelet transform-based EMS is
developed in [233] for PHEVs to reduce battery stress by
separating transient and peak power demands. A 3-level
decomposition is identified as optimal through simulations
and HIL testing. To extend fuel cell lifespan and improve
fuel economy in FCHEVs, Fu et al. [234] propose an FD
EMS with FLC optimized using GA. The method splits
power into low, middle, and high-frequency components
for the fuel cell, battery, and ultracapacitor, respectively,
resulting in reduced power fluctuations and hydrogen con-
sumption. Another study employs the Haar wavelet transform
and adaptive fuzzy filters for FCHEVs, achieving a 7.94%
improvement in fuel economy compared to ECMS while
extending fuel cell lifespan [235]. Samia et al. [236] com-
pare Haar wavelet decomposition and Fourier transform,
concluding that wavelet analysis excels due to its robust-
ness and dynamic performance, making it ideal for real-time
applications. Badji et al. [237] propose a method using power
frequency splitting and Energetic Macroscopic Representa-
tion to address fuel cell starvation, reduce battery stress, and
improve fuel economy. In battery-ultracapacitor HESS appli-
cations, a multilevel control system for residential microgrids
is presented in [238]. The system employs real-time FD
and average current control for DC/DC converters, achieving
voltage regulation close to 1% and demonstrating adapt-
ability for EV applications. A recently published adaptive
predictive EMS for FCHEV trucks [239] utilizes wavelet NN-
based speed prediction and dynamic weight distribution. This
strategy achieves a 20.91% reduction in operating costs and
real-time feasibility, with computation times below 0.02 sec-
onds. Li et al. [240] focus on hydrogen fuel cell hybrid trains,
developing a Two-Layer Deep Deterministic Policy Gra-
dient EMS. By integrating an FD algorithm, the method
stabilizes fuel cell output, reduces hydrogen consumption
by 16.3 kg/100 km, and enhances system efficiency and
stability.
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In FD, inaccuracies in frequency separation can result in
suboptimal power allocation, and reducing overall system
efficiency. The method often relies on predefined frequency
ranges for energy sources, which may struggle to adapt
to dynamic driving conditions. Additionally, implementing
advanced techniques like wavelet transforms requires exper-
tise in the field. In terms of energy efficiency, FD typically
underperforms compared to other online approaches, such as
ECMS and MPC.

- Sliding Mode Control (SMC) strategies are widely used
in HEVs and FCHEVs due to their ability to handle sys-
tem uncertainties and external disturbances. SMC operates
by driving the system states toward a predefined sliding
surface and maintaining them there, ensuring fast response
and high control accuracy. In EMS applications, SMC effec-
tively manages power allocation between energy sources
such as fuel cells, batteries, and ultracapacitors, mitigat-
ing rapid power fluctuations and improving system stability.
Its inherent robustness to parameter variations and distur-
bances makes it suitable for dynamic driving conditions.
However, challenges such as chattering, which causes high-
frequency oscillations in control inputs, and the need for
precise system modeling can limit its efficiency and practical
implementation.

A double integral SMC using Lyapunov theory is devel-
oped for an FCHEV equipped with a fuel cell-battery-
supercapacitor alongside a wireless charging system in order
to ensure stability [241]. The proposed method outperforms
PID and Lyapunov controllers in both simulations and HIL
tests. For independent power flow control in an urban EV,
a similar integral SMC is also applied to a synchronous reluc-
tance motor for stabilization, while an FD EMS supervises a
battery-supercapacitor HESS [242]. FD (Haar wavelet trans-
form, adaptive filters) is combined with an adaptive integral
terminal SMC for a model-free DC-bus voltage control for
FCHEVs in [243]. The strategy achieves reduced fuel con-
sumption and power fluctuations compared to operational
mode and FLC strategies. A higher-order SMC with a super-
twisting technique is proposed by Prasad et al. [244] for
SOC estimation and management in a battery-supercapacitor
HESS, which efficiently rejects disturbances, minimizes
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chattering, and enables accurate source parameter tracking
using rule-based strategies. In a similar fashion, another
study employs a backstepping super-twisting SMC combined
with FLC for FCHEV HESS [245]. The proposed EMS
reduces hydrogen consumption and maintains supercapaci-
tor SOC, and outperforms conventional PI and deterministic
rule-based EMSs. Furthermore, a super-twisting SMC is
compared against conventional SMC and integral SMC for
a HESS in [246]. The HIL tests and simulations of the
models demonstrate better stability, resilience, and dynamic
performance from the super-twisting SMC model. Ding et al.
[247] develops a robust adaptive SMC method to address
transient coupling disturbances in HEVs. Their method pro-
vides accurate torque tracking for the ICE and EM under
parameter perturbations and unknown driving conditions.
Also, Wang et al. [248] propose an ultra-local model-based
EMS with a bus voltage supervisor for battery-supercapacitor
HESS. Using an integral SMC observer to improve current
demand distribution, the model achieves 65%-69% faster
dynamic response and 36%-41% lower voltage spikes com-
pared to conventional PI method.

SMC offers robustness to system uncertainties and dis-
turbances. But one of its main issues is chattering, a high-
frequency oscillation in the control signal caused by the
discontinuous nature of SMC, which can lead to actuator wear
and energy losses. Additionally, SMC requires precise system
modeling to design the sliding surface, making it sensitive
to modeling errors in practical implementations. The con-
troller’s performance can degrade in systems with unmodeled
dynamics or noise, as these can affect the accuracy of the con-
trol response. Moreover, while higher-order SMC methods
mitigate chattering, they increase implementation complexity
and computational demands.

- Extremum Seeking (ES) methods are online adap-
tive EMS optimization algorithms used to find the optimal
operating points in FCHEV systems, typically. They try
to maximize efficiency and minimize hydrogen consump-
tion. These methods track the maximum power or maximum
efficiency points of fuel cell systems, even under varying
operating conditions and degradation levels. Techniques such
as adaptive recursive least squares, fractional-order calculus,
and high-pass or band-pass filtering are commonly incor-
porated to enhance convergence speed, robustness, and the
ability to handle multimodal optimization surfaces.

The ES optimization process involves iteratively adjusting
a system’s input to find the optimal output. It starts by gen-
erating a small periodic perturbation signal, which is added
to the control input and applied to the system. The system’s
response to this perturbed input is measured and demodulated
by multiplying it with the perturbation signal to extract gradi-
ent information. The demodulated signal is filtered to remove
noise, providing a clean gradient estimate. Using this gradi-
ent, the control input is updated to move closer to the optimal
point. The process repeats until convergence criteria (such as
minimal change in input or output values) are met [249].

130280

In [250] proposed method employs an online extremum-
seeking control algorithm to dynamically identify the optimal
Oxygen Excess Ratio (OER) that maximizes net power output
for a given load current. This approach exploits the unipo-
lar peak characteristic of the net power curve with respect
to the OER, enabling real-time adaptation without the need
for extensive offline modeling or datasets. The core princi-
ple involves applying a small perturbation to the OER and
observing the resulting trend in net power output, thereby
inferring the system’s relative position with respect to the
optimal operating point. In [251], an online ES-based EMS
is proposed for hybrid electric trams to optimize power
distribution between fuel cells and supercapacitors using
adaptive recursive least squares. The method outperforms
state-machine control and ECMS in hydrogen consumption,
efficiency, and fuel cell dynamics under scaled-down test
conditions. An OES-based Optimized Energy Management
Strategy (OES-OEMS) is presented in [251] to tackle the
dynamic performance characteristics and aging impacts of
fuel cell systems. This technique facilitates the real-time iden-
tification and monitoring of both the Maximum Efficiency
(ME) and Maximum Power (MP) operating points of the fuel
cell. As the system’s behavior changes owing to degradation,
thermal dynamics, or load fluctuations, the suggested method
constantly adjusts by identifying optimal operating settings in
real-time without depending on offline modeling or lengthy
calibration data.

The ES-based EMS exhibit several limitations despite
their effectiveness in real-time optimization and adaptability.
A primary concern is the reliance on perturbation-based input
signals, which may introduce oscillations that can adversely
impact system stability and performance if not carefully
calibrated. Furthermore, ES algorithms often demonstrate
slow convergence rates in high-dimensional or complex
systems, rendering them less suitable for scenarios with
rapidly changing operating conditions. Their sensitivity to
noise and disturbances in the system output can result in
inaccurate gradient estimation, potentially leading to con-
vergence at suboptimal solutions. In systems characterized
by multiple local optima, ES methods require robust mech-
anisms to ensure global optimality, which may increase
implementation complexity. Moreover, the necessity of pre-
cise parameter tuning, including perturbation frequency and
amplitude, demands significant expertise, which can hinder
practical deployment in dynamic or uncertain environments.

Fig. 14 provides a comparative analysis of the introduced
online optimization-based EMSs in terms of energy effi-
ciency, design complexity, and computational demand. It is
important to emphasize that the scales are for general com-
parative purposes, as the performance of each EMS method
can vary depending on the specific problem and any com-
plementary techniques employed. As shown, ECMS, one of
the most widely used EMSs, offers relatively good energy
efficiency while being simple to implement and requiring
the least computational resources. In contrast, RC, while
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relatively complex to design and computationally demand-
ing, often achieves moderate energy efficiency due to its
primary focus on system stability over fuel economy. MPC
and Pseudospectral (stated as Pseudo.) methods deliver excel-
lent energy efficiency but are among the most complex to
design and require significant processing power. FD and
SMC, known for their ease of implementation and suitability
for real-time applications, provide relatively modest energy
efficiency gains compared to other methods. Although ES
has global optimization capabilities, it struggles to guarantee
optimal results in real-time applications.

The advantages and disadvantages of each online
optimization-based EMS are mentioned in Table 12, along
with the respective references.

3) LEARNING OPTIMIZATION-BASED EMSs

Learning-based EMSs represent a class of advanced algo-
rithms that leverage machine learning techniques such as
NN, RL, and SVM to optimize power distribution in EVs
and HEVs. A key advantage of learning-based methods is
their ability to integrate seamlessly with offline optimiza-
tion algorithms to refine policies or with online optimization
strategies to enhance adaptability. This integration capabil-
ity makes them versatile and powerful tools for improving
energy efficiency, reducing fuel consumption, and mitigating
degradation of components like batteries and fuel cells. Thus,
learning-based EMSs are categorized separately, bridging the
gap between conventional optimization methods and intel-
ligent control techniques. The advantages of learning-based
EMSs include their adaptability to diverse driving condi-
tions, scalability to complex systems, and capacity to learn
from data, improving decision-making in real-time. However,
their high computational demands during training, reliance on
extensive datasets, and potential challenges in ensuring safe
exploration during deployment are among the possible limi-
tations [252].

RL is categorized distinctly from NN because it focuses
on decision-making through sequential interactions with the
environment to maximize cumulative rewards, while NN
are primarily used for function approximation and data rep-
resentation. Deep learning, a subcategory of NN, employs
multi-layered architectures for learning hierarchical rep-
resentations, and when combined with RL, forms deep
reinforcement learning (DRL), a powerful approach that
exploits both methods for dynamic and high-dimensional
optimization problems. SVM, on the other hand, belongs to
an entirely different category, relying on optimization and
kernel methods rather than layered architectures [253], [254].

- Reinforcement Learning (RL) methods leverage data-
driven techniques to develop adaptive and optimal EMS for
HEVs, FCEVs, and other modern transportation systems.
These methods, including algorithms like Q-learning, deep
reinforcement learning (DRL), deep Q-networks (DQN), and
policy optimization methods, aim to address challenges such
as fuel economy, battery health, power distribution, and
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system robustness. RL-based EMS methods stand out due to
their ability to adapt to varying and unknown driving condi-
tions without relying on predefined models or future driving
information. They can also integrate with hybrid optimization
frameworks or hierarchical structures, enhancing their perfor-
mance and applicability across diverse use cases.

In RL an agent learns to make decisions by interacting with
an environment to achieve a specific goal. The general pro-
cess of RL involves the following steps [255]:

1) = Environment Interaction: The agent interacts with
the environment by taking actions based on its current
state.

2) = State Observation: The agent observes the new state
of the environment after performing the action.

3) =—Reward Feedback: The agent receives a reward
signal from the environment, which quantifies the imme-
diate benefit or penalty of the action.

4) = Policy Update: The agent updates its policy, a map-
ping of states to actions, based on the observed state,
action, reward, and new state, aiming to maximize
cumulative future rewards.

5) = Exploration and Exploitation: The agent balances
exploration (trying new actions to discover their effects)
with exploitation (choosing the best-known actions to
maximize rewards).

6) =—Learning Algorithm: An algorithm such as Q-
learning, Deep Q-learning, or Policy Gradient is used to
adjust the agent’s decision-making strategy by optimiz-
ing a value or policy function.

7) =Convergence: Over time, the agent improves its pol-
icy and converges to an optimal or near-optimal strategy
for achieving its goal.

This iterative learning process continues until the agent’s
performance meets predefined criteria or the maximum
number of iterations is reached. Zheng et al. [256] apply
Q-learning, DQN, and deep deterministic policy gradient
(DDPG) to the energy management of FCHEVs, focusing
on fuel economy and fuel cell durability based on a fuel
cell degradation model. The paper highlights RL’s adapt-
ability in addressing degradation models and compares the
algorithms in terms of convergence, efficiency, and robust-
ness in dynamic environments. According to the findings, the
Q-learning-based EMS presents the best convergence perfor-
mance, while the DDPG-based EMS achieves the best fuel
economy(only 2.79% lower than to the DP as the bench-
mark). DRL is employed in [257] to develop an EMS for
series HEVs, showing superior adaptability without requir-
ing future driving predictions. The study formulates EMS
problem as a Markov decision process, and integrates cumu-
lative trip information for effective SOC guidance. The
method achieves fuel economy close to DP (3.5% gap)
and outperforms MPC while maintaining high computation
speeds. Another study highlights the complexity of integrat-
ing adaptive cruise control into EMS, resulting in multi-scale
objectives and a large exploration space, which limits online
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FIGURE 14. Online optimization-based EMSs performance comparison chart.

TABLE 12. Advantages and disadvantages of online optimization-based EMS methods.

Ref. EMS method Advantages

Disadvantages

[192]-[202] ECMS

low computational burden

[204]-[209] RC handling disturbances

[72], [211]-{221] MPC constraints and nonlinearities

[222]-{235] Pseudo. complex dynamics
[232]-[240] FD sient stresses on components
[241]-[248] SMC dynamic conditions

[250], [251] ES

tions effectively

Good energy efficiency, simple implementation, very

Ensures robustness under uncertainties, effective in

Solid energy economy, predictive capabilities, handles

Achieves near-global optimality, highly accurate for

Effective in separating power demands, reduces tran-

Robust to disturbances, ensures system stability under

Adaptive real-time optimization, tracks system varia-

Performance depends on accurate EF tuning, struggles
with dynamic scenarios

Complex design process, high computational demand,
does not prioritize energy efficiency

Relatively high computational demand, requires accu-
rate LTI model and extensive tuning

Very complex design process, computationally inten-
sive, challenging for real-time applications

Limited energy efficiency, requires predefined fre-
quency ranges and expertise for tuning

Chattering effect, requires careful tuning, moderate
computational complexity

Prone to oscillations, slower convergence, sensitive to
noise and perturbation settings

applications due to computational demands [258]. To address
this, a hierarchical RL-based model is proposed with an
upper layer planning SOC and time-headway trajectories and
a lower layer executing control variables. The self-learning
strategy, validated in car-following scenarios with GPS data,
achieves less than 3% gap in energy consumption com-
pared to DP, while reducing computational load significantly.
Wang et al. [259] propose four DRL-based EMSs with multi-
objective optimization, including fuel cost and battery health,
for HEVs. Their comparative analysis highlights that soft
actor-critic (SAC)-based EMS achieves the best balance of
fuel efficiency and battery health. The study offers insights
into parameter tuning and driving cycle performance. Gen-
eralization to unseen environments is addressed in [260] by
enhancing DRL algorithms using auto-tune SAC (ATSAC),
which automatically adjusts learning rates and synthesizes
realistic training cycles. Results show improved computa-
tional efficiency (52%) and fuel economy (1.8%) compared
to SAC and Twin-delayed DDPG in real-world urban and
suburban driving conditions. Another similar study published
by the same research team is also published to improve
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engine torque and gear-shifting control [261]. Xu et al.
[262] introduced a systematic four-phase framework consist-
ing of modeling, pre-training, transferring, and fine-tuning
to improve the efficacy of Dueling Deep Deterministic Pol-
icy Gradient (DDPG)-based EMS. This methodology aims
to enhance initial policy performance and expedite conver-
gence during training. The pre-training phase allows the agent
to obtain basic information, which is subsequently trans-
ferred and refined in the target environment. In order to
optimize the durability and thermal stability of lithium-ion
batteries and PEMFC stacks under real-world driving sce-
narios, Zhang et al. [263] introduce a DRL-based EMS for
FCVs. Using SAC for stable performance, the EMS min-
imizes costs related to SOH degradation, over-temperature
penalties, and hydrogen consumption. A proximal pol-
icy optimization-based EMS for parallel electric-hydraulic
HEVs is introduced to optimize working mode switching and
balance performance parameters using entropy evaluation
and learning-based control [264]. Reward-directed policy
optimization, combining NN multi-constraint strategy and a
rule-based-restraints system, is proposed by Liu et al. [265]
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to enhance fuel economy and minimize irrational control
signals in power-split HEVs. This method demonstrates
online adaptability and competitive fuel efficiency across
diverse driving cycles, outperforming conventional DRL
agents. To address adaptability in unknown environments,
a different study proposes Scalable Learning in Novel Envi-
ronment (SLNE)-based EMS for FCHEVs that integrates a
memory library composed of the Dirichlet process cluster-
ing algorithm combined with the Chinese restaurant process
using the expectation-maximization algorithm for updates
and DQN [266]. The results show 5% better fuel economy
and 4.5% mitigation in fuel cell degradation compared to
a conventional DQN strategy. Zare and Boroushaki [267]
introduce two offline and online hybrid knowledge-assisted
RL algorithms combining DDPG and DQN that achieve
optimal EMS actions for HEVs. This method reduces fuel
consumption by 7.26% in offline mode and 5.67% in online
mode. On the flip side, although the proposed algorithm
is significantly faster than other RL-based rivals in their
comparison, it still struggles for real-time applications.
Lotfy et al. [268]presents a real-time multi-objective adap-
tive EMS using a Multi-Agent RL framework and Twin
Delayed DDPG methods. The EMS optimizes power distri-
bution, balances battery cells, mitigates aging, and achieves a
final SOC within 0.3% of the DP benchmark. DRL also used
to address SOC imbalance in cyber-physical EVs caused by
battery mismatches by Chen et al. [269]. Using gradient shar-
ing for enhanced exploration and ISO/IEC 15118 standards
for secure communication, it optimizes SOC balancing and
DC bus voltage regulation.

RL-based EMSs offer significant advantages, but they
also present notable challenges. One key drawback is
the reliance on extensive training data and computational
resources, which can limit real-time adaptability and scal-
ability for diverse driving scenarios. RL algorithms often
exhibit slow convergence and instability, especially under
novel or highly dynamic environments, leading to suboptimal
performance. Additionally, the exploration process inherent
to RL can result in the generation of irrational or unsafe
control actions during training, posing risks to physical sys-
tems if not adequately constrained. Furthermore, RL-based
EMS may suffer from limited generalization to unseen driv-
ing conditions due to the reliance on training-specific data,
reducing their robustness. Lastly, hyperparameter tuning and
reward function design require expert knowledge, making the
implementation process complex and time-consuming. These
limitations highlight the need for further advancements in RL
methodologies to enhance their practicality and reliability in
real-world EMS applications.

- Neural Network (NN) NN-based EMS utilize machine
learning models, such as Artificial NN (ANN) and Recur-
rent NN (RNN), to intelligently govern the power flow
among energy sources in EVs and HEVs. By learning from
data, these models can capture complex non-linear rela-
tionships, optimize efficiency, and adapt to varying driving
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conditions more effectively than conventional rule-based or
heuristic methods. As a result, NN approaches have become
increasingly prominent for improving fuel economy, reduc-
ing component stress, and enhancing overall system longevity
and stability.

Fig. 15 illustrates a shallow five-layer NN with [2, 20, 10,
5, 2] neurons in each layer, trained to predict input power
demand and power loss based on the rotor speed and elec-
tromagnetic torque [74].

[2]
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Input Layer

[10] [S] [2]

Output Layer

Speed .~ g

Input Power

Torquc‘\;

O
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O
O

G-0-0-0-0)s

FIGURE 15. Five-layer NN architecture mapping rotor speed and torque
inputs to input power and power loss outputs [74].

An ANN-based power management strategy for an HEV
is proposed in [270] that integrates renewable energy sources
and energy storage systems. By comparing ANN-based con-
trol with multiple traditional strategies (PI, state-machine,
FD-FLC, and ECMS), the proposed approach reduces hydro-
gen consumption by 2.4% to 6.7%. Building upon the
potential of Al-based design, Millo et al. [271] develop an
EMS using deep learning-based RNN to emulate near-
optimal DP solutions and minimize CO2 emissions. The
approach demonstrates improved fuel economy in both CS
and CD scenarios, surpassing a baseline rule-based strategy
by approximately 5%. Focusing on mitigating battery aging
and balancing power between batteries and supercapacitors,
Ribeiro and Munoz [272] employ a Multilayer Perceptron
(MLP) NN combined with a Proportional-Integral-Derivative
(PID) controller for managing real driving cycles. the study
explores multiple optimization algorithms for controller tun-
ing and validates that a NN-based EMS can effectively reduce
battery current stress and prolong battery life. Another paper
combines an ECMS with dual NN to avoid reliance on
pre-defined battery SOC [43]. The Bayesian regularization
and backpropagation networks predict near-optimal EFs and
engine on/off decisions, delivering fuel economy close to
DP. Integration of deep learning with an improved MPC
framework is also published in [72]. This work tests mul-
tiple prediction models and culminates in an LSTM-MPC-
based EMS with robust fuel-saving performance. Validated
against global optimal solutions and simpler rule-based meth-
ods, the approach yields significant improvements across
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diverse driving cycles. Omer et al. [273] introduce a FD
EMS enhanced by NN optimization algorithms for manag-
ing power flow in a HESS consisting of fuel cell, battery, and
supercapacitor. By coupling an adaptive SMC with an NN-
tuned FLC, the approach improves fuel economy, reduces
load fluctuations, and prolongs fuel cell life. Elman NN
and FLC are also combined in [274] to adaptively man-
age power split between an ICE and an EM, aiming to
maximize fuel economy and maintain battery health. The
approach outperforms conventional strategies and provides
a rapid, accurate response validated through controller HIL
testing. Leveraging an ANN trained on motor-inverter data
and GA optimization, another study develops a multidi-
mensional EMS to minimize EV losses and extend driving
range [32]. By modeling accurate efficiency and power
loss maps, the EMS optimizes speed profiles and reduces
consumption significantly (12%-17%) compared to base-
line driving cycles. Adopting a combined ANN and PSO
approach, [275] targets intelligent FLC-based charge and
discharge management for EV batteries under varying irra-
diation conditions. The strategy ensures maximum power
extraction, stable grid connection, and effective V2G integra-
tion, achieving high efficiency and load continuity. Focusing
on an HEV equipped with a fuel cell, battery, DC gener-
ators, and supercapacitor, Benhammou et al. [95] compares
multiple EMS strategies, including PI, state-machine, ANN
and ANFIS approaches. The ANN-based EMS achieves out-
standing energy efficiency and fuel savings by effectively
exploiting kinetic energy and maintaining system stability.
Concluding the series, this last contribution reaffirms the role
of advanced NN-based strategies in capturing free energy and
optimizing hybrid powertrain performance, showcasing the
broad potential of intelligent EMS methods evolving through
successive research efforts.

Regarding the limitations of NN, the training process is
computationally intensive and requires substantial offline
resources, including large datasets and careful hyperparame-
ter tuning. Moreover, selecting an appropriate network archi-
tecture is non-trivial and often involves trial and error, which
can be time-consuming. Once deployed, NNs do not adapt
to changing conditions in real-time unless additional mecha-
nisms, such as online learning, are incorporated, which adds
complexity. Furthermore, NNs can be prone to overfitting,
particularly with limited or imbalanced datasets, potentially
reducing generalizability. Lastly, their “black-box” nature
makes them less interpretable, hindering transparency and
trust in critical applications.

- Support Vector Machine (SVM) SVM techniques have
been increasingly adopted in EMS to classify driving pat-
terns, predict optimal power distribution, and enhance system
adaptability. By serving as a powerful, data-driven classi-
fication and regression tool, SVM can assist in translating
complex system behavior and operational data into more
effective and computationally efficient control strategies.
As a result, SVM-based EMS methods enable real-time
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decision-making that improves fuel economy, prolongs bat-
tery life, and ensures robust performance across varying
conditions and vehicle architectures.

For instance, [276] applies a Gaussian SVM for pat-
tern recognition to identify optimal energy allocation in a
hybrid powertrain, using ECMS-based strategies to mini-
mize both fuel consumption and battery aging. By training
the SVM on globally optimized solutions from DP, it effec-
tively balances multiple objectives in real-time. Expanding
on the role of SVM, Benhammou et al. [277] introduce a
direct torque control-SVM approach to enhance torque and
speed performance in a fuel cell-battery-supercapacitor HEV.
By integrating SVM-based control with ANFIS and model
reference adaptive system (MRAS) estimators, the system
achieves higher supply efficiency and reduces reliance on fuel
cells and batteries. Further advancing SVM’s utility, another
research employs SVM for driving pattern recognition as a
part of an intelligent EMS that also utilizes random forests
for power distribution decisions [278]. With SVM identifying
the appropriate driving pattern, the EMS adapts its strat-
egy to minimize energy loss and prolong component life.
In [279] and [280], semi-supervised SVMs are introduced
to recognize driving styles, thereby informing a deep rein-
forcement learning-based EMS. The SVM’s classification
enhances the EMS’s ability to reduce battery capacity loss
by dynamically tailoring power distribution. A GWO-SVM
combination refines an adaptive MPC-based EMS, targeting
cost reduction and enhanced battery lifespan through multi-
objective optimization [281]. The SVM, integrated with a
GWO, helps generalize the EMS to different scenarios and
drive cycles. Swain et al. [282] focus on SVM for forecasting
lithium-ion battery remaining useful life, leveraging exten-
sive preprocessing and hyperparameter tuning. By combining
SVM with other methods like random forest, the approach
yields accurate battery health predictions under variable oper-
ating conditions. Similarly, [283] applies SVM for battery
health status prediction and SOC estimation, enabling real-
time EMS adjustments. By extracting simple rules from PMP
solutions, the SVM helps translate global optimization into
online control. Compared to the aforementioned works, the
SVM here directly interfaces with advanced mathematical
optimization methods, ensuring both global optimality and
practical adaptability in EMS design. Chatterjee et al. [284]
show that SVM classification aids in selecting and predicting
optimal power distribution between fuel cells and batteries
in a dual-source FCHEV, leading to improved efficiency.
By comparing SVM-driven predictions to alternative strate-
gies like MPC, FLC, and ECMS, this study affirms that SVM
can highlight the most efficient energy management methods.
The same research team also employed SVM alongside KNN
and Naive Bayes to develop a more accurate ensemble EMS
classifier for FCHEVs, achieving up to 98% accuracy [285].
In a different study, SVM facilitates the extraction of a mode
shift map from DP results in a multi-mode HEV, integrat-
ing seamlessly with ECMS for real-time online EMS. The
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SVM-derived shift map ensures smooth mode transitions,
improving efficiency and performance.

Despite its effectiveness in handling nonlinearities and
achieving satisfactory classification or regression perfor-
mance, SVM-based EMS present some limitations. First,
the selection and tuning of kernel functions and param-
eters can be challenging, requiring expert knowledge or
time-consuming heuristic approaches. Additionally, the train-
ing complexity, which can grow significantly with large
datasets, may hinder real-time implementation for systems
with high-dimensional input features. Moreover, SVMs are
inherently batch learners, and adapting to changing con-
ditions or integrating new data streams demands frequent
retraining, leading to computational overhead. Finally, the
interpretability of SVM-based EMS remains limited, making
it difficult to communicate underlying decision rules and jus-
tify operational strategies.

Fig. 16 compares the performances of RL, NN, and SVM-
based EMSs. It should be noted that the scales shown are
intended solely to provide a general sense of their rela-
tive differences. The actual performance of each approach is
highly dependent on the specific problem characteristics, the
available hardware, and a variety of other parameters. The
RL-based approaches typically exhibit strong capabilities
in optimization and adaptation to previously unseen condi-
tions. Theoretically, they can achieve energy efficiency scores
comparable to those obtained through global optimization
methods. Nevertheless, they rank among the most exhaus-
tive and complex EMSs to design. In terms of processing
power requirements, RL methods generally involve ongoing
learning processes, thus necessitating substantial computa-
tional resources for real-time implementation. In contrast,
although NN-based EMSs can deliver high energy efficiency
performance, they are comparatively simpler to implement.
Since the training process occurs offline, the trained NN
EMS demands minimal computational overhead, resulting
in rapid and lightweight real-time operation. Meanwhile,
as SVM is fundamentally a classification and regression tool,
its energy efficiency performance is somewhat lower than
that of the aforementioned learning-based EMSs. However,
due to its inherent simplicity, SVM can be implemented
with minimal complexity and, in online applications, can be
considered the least demanding option in terms of process-
ing power. Table 13 contrasts the discussed learning-based
optimization-based EMSs along with their features and
respective references, for further studies.

C. INTELLIGENT TRANSPORTATION SYSTEM (ITS)-BASED
EMSs

An ITS-based EMS focuses on using real-time traffic and
infrastructure data to optimize energy usage across different
modes of transport. By integrating information from traffic
signals, road sensors, cameras, and other intelligent systems,
the EMS can dynamically adjust vehicle power demands to
reduce congestion, minimize emissions, and increase overall
efficiency. Furthermore, the system’s capability to respond to
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incidents, enforce traffic laws, and adapt speed limits based
on current conditions ensures that the EMS decisions are not
only optimized for fuel or battery consumption, but also for
the broader goals of safety, coordination, and smarter network
utilization.

1) VEHICLE TO EVERYTHING (V2X)

V2X-based EMS represent an advanced framework that
integrates vehicular energy optimization with real-time com-
munication technologies to enhance efficiency, sustainability,
and operational performance in EVs and HEVs. V2X encom-
passes multiple communication paradigms, including V2I,
V2V, V2G, vehicle to home (V2H), and vehicle to pedes-
trian (V2P) enabling vehicles to interact dynamically with
their surroundings. By leveraging these technologies, EMSs
can make predictive and adaptive decisions, minimize energy
losses, reduce GHG emissions, and improve component
longevity to align with smart transportation and sustainable
energy goals. Fig. 17 depicts the most widely used V2X
technologies.

In [37] the proposed EMS integrates V2X communication
to utilize out-vehicle information, enhancing conventional
EMSs that rely solely on in-vehicle data. By combining
cooperative eco-driving guidance and A-ECMS, the sys-
tem optimizes driving behavior and energy consumption.
Gao et al. [286] develops a scenario-oriented adaptive ECMS
that utilizes short-term speed predictions derived from a high-
precision Variational Mode Decomposition- Radial Basis
Function (VMD-RBF) neural network. The proposed method
enhances SOC stability, decreases hydrogen consumption by
as much as 7.06 g/km, and demonstrates resilience to pre-
diction errors. A novel DL model which combines deep
restricted Boltzmann machines and bidirectional LSTM is
proposed by Pei et al. [287] to predict vehicle velocity time
series for HEVs. Leveraging V2V and V2I, the model
improves prediction accuracy and, when applied to an MPC
EMS, demonstrates superior fuel economy compared to
existing methods. Another study explores the integration of
FCEVs with V2V to enhance energy efficiency and reduce
emissions in autonomous transportation systems [288]. The
findings highlight that driving conditions, such as speed,
stopping frequency, and acceleration, influence fuel cell and
battery performance. Liu et al. [289] evaluate the impact of
Cooperative Adaptive Cruise Control (CACC) on traffic
mobility and fuel consumption in mixed traffic using a state-
of-the-art traffic flow modeling framework. Results show that
CACC-equipped vehicles, utilizing V2V, achieve up to 50%
fuel savings compared to adaptive cruise control (ACC) vehi-
cles without V2V, while also improving freeway capacity by
15-19%. Another study employs CACC based on non-linear
MPC using V2V integration [290]. The findings on various
driving cycles show 6-16% better energy saving performance
compared to conventional ACC models. Other similar studies
focused on ACC using V2V and V2l integration can be found
in [291], [292], and [293].
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FIGURE 16. Learning-based optimization-based EMSs performance comparison chart.

TABLE 13. Advantages and disadvantages of learning-based optimization-based EMS methods.

EMS

Ref. method

Advantages

Disadvantages

[256]-[269] RL

[43], [72],
[951, [270]-[275]

Z

N

[276]-[285] SVM

Adapts to dynamic scenarios, can achieve energy ef-
ficiency comparable to global optimization solutions

Offers high energy efficiency, once trained offline,
provides rapid, lightweight inference at runtime, very
effective in modeling nonlinearities

Straightforward implementation, minimal computa-
tional load during operation, very effective in regres-

Complex and time-consuming design process, ongo-
ing learning at runtime requires substantial computa-
tional power and careful tuning, irrational and unpre-
dictable decision, if not constrained

Limited adaptability after deployment, requires
extensive offline training and careful architec-
ture/hyperparameter selection, prone to overfitting

No inherent mechanism for online adaptation, selec-
tion and tuning of kernel function, the complexity in-

sion and classification

creases quadratically with the size of the dataset

Va2Xx

Infrastructure

va2v

~ Vehicle

FIGURE 17. Examples of V2X communication technologies.

Regarding V2I, Mittal et al. [294] review various tech-
niques for traffic light management in a book chapter and
propose an artificial intelligence (Al)-based adaptive traffic
control system to optimize signal synchronization based on
real-time vehicle density. The system prioritizes emergency
vehicles and dynamically adjusts green light duration, aim-
ing to reduce congestion, pollution, and commute times while
enhancing the efficiency of urban transportation systems.
Also, Cao et al. [295] propose a DRL-based traffic signal
control system to prioritize emergency vehicle passage while
minimizing disruptions to conflicting traffic flows at inter-
sections. Another recently published research employs RL to
optimize traffic signal management [296]. Simulations using
Simulation of Urban Mobility demonstrate that the approach
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significantly improves traffic efficiency at intersections com-
pared to traditional traffic control methods.

Alsharif et al. [84] review the advancements in EMS
for EVs integrated with smart grids through V2G opera-
tions, and emphasize their role in reducing fuel consumption
and carbon emissions. The study provides a comprehen-
sive analysis of EV technologies, energy resources, charging
infrastructure, EMS classifications, and load management.
Mauricette et al. [297] explore the resilience enhancement
of urban multi-energy microgrids through coordinated V2G
control strategies, particularly during islanding scenarios.
Using a rolling horizon optimization approach, the study
demonstrates that smart V2G control significantly reduces
essential load curtailments and complements high photo-
voltaic penetration. The integration of EVs and renewable
energy sources into smart grids is investigated in [298]
through V2G and Grid to Vehicle (G2V) interactions. It ana-
lyzes challenges such as V2G interfacing, fast charging or
discharging, and reliability. The paper presents simulation
models and a case study to evaluate controller parameters
affecting grid stability and control in interconnected systems.
A recently published paper presents a hybrid methodology for
efficient energy management in grid-connected photovoltaic-
powered EV charging stations [299]. By combining the
Spider Wasp optimizer for power flow optimization and the
Multi-scale Hypergraph-based Feature Alignment Network
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for demand and supply prediction, the approach achieves
improved power quality, reduced total harmonic distortion of
1.04%, and a high power factor of 0.986, outperforming exist-
ing methods in cost-efficiency and performance.

Vehicle to home (V2H) is also introduced as a dynamic
power storage solution to support renewable energy integra-
tion and stabilize energy grids in [300]. The study highlights
that V2H can significantly reduce the carbon footprint of
domestic buildings in the UK by up to 87% while recov-
ering up to 21.9 kWh/day of surplus renewable energy.
Candan et al. [301] design a dynamic home EMS that lever-
ages EVs as mobile emergency power sources and integrates
local renewable energy sources to enhance grid resiliency
during post-disaster conditions. Other notable research in the
field of V2H are cited in [302], [303], [304], [305], [306],
and [307]

Gelbal et al. [308] highlight the role of vehicle to pedestrian
(V2P) communication in enhancing situational awareness
and pedestrian safety, particularly in scenarios with no line of
sight or adverse weather conditions. The research implements
a Cooperative Collision Avoidance (CCA) algorithm tested
in real-time simulations, and demonstrates its effectiveness
in preventing collisions and improving safety for pedestri-
ans and connected vehicles. Olivia et al. [309] presents the
design and assessment of Vehicle-to-Infrastructure (V2I) in
two applications for the management of intelligent intersec-
tions. The initial use case facilitates prioritized passage for
emergency vehicles, whereas the subsequent case enhances
pedestrian safety through real-time alerts. The validation of
both applications demonstrated a reduction in emergency
response times and an enhancement in driver awareness.

Despite its transformative potential, V2X communication
faces several limitations that hinder its widespread adoption.
V2I relies heavily on the deployment of smart infrastructure,
which requires significant financial investments and coor-
dinated urban planning, particularly in developing regions.
V2V communication is constrained by network reliabil-
ity and latency issues, which may compromise safety in
critical scenarios. V2G and V2H technologies depend on
bidirectional charging capabilities and standardized proto-
cols, posing interoperability challenges between different
vehicle and grid systems. Moreover, the impact of battery
degradation and limited energy storage capacity reduces their
long-term viability. V2P communication faces challenges in
ensuring seamless interaction with pedestrian devices and
sensors, particularly in environments with poor connectivity
or non-tech-enabled pedestrians. Additionally, V2X systems
must address privacy and cybersecurity vulnerabilities, as the
exchange of sensitive data can be susceptible to unauthorized
access, potentially compromising user safety and trust [310],
[311].

This study does not compare V2X technologies in the same
manner as previous cases because V2X encompasses a broad
spectrum of communication protocols and applications, each
designed to serve distinct purposes and operational scenarios.
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These technologies require different hardware configura-
tions, software architectures, and network infrastructures.
Given these variations, it is impractical to directly com-
pare their efficiency, design complexity, and computational
demands within a unified framework. Furthermore, their
performance metrics often depend on contextual factors,
such as deployment environments, data traffic patterns, and
integration requirements, making standardized evaluation
challenging. Instead, this study focused on highlighting the
capabilities, applications, and challenges associated with
V2X technologies rather than attempting a direct comparison.

IV. CHALLENGES

This section outlines key challenges in the development and
implementation of EMS for EVs and HEVs. Addressing these
issues is crucial for improving energy efficiency, extend-
ing battery life, and ensuring robust and secure operations.
Some of the most important challenges are mentioned in the
following.

A. OPTIMAL POWER DISTRIBUTION

As discussed in [119], [139], [144], [145], [163], [167],
and [278] and numerous other studies, EMS in EVs face
challenges in achieving optimal power distribution among
multiple energy sources, such as batteries, fuel cells, and
supercapacitors. The integration of these sources requires
advanced controller designs to handle dynamic power flows
effectively. One of the critical issues is ensuring stable power
distribution while minimizing energy losses, especially when
managing hybrid configurations. Variability in fuel cell out-
put and frequent charging demands impose additional stress
on battery performance, leading to accelerated degradation.
Future designs must address the complexity of power split
optimization to extend the lifespan of energy sources and
improve overall system reliability.

B. BATTERY THERMAL MANAGEMENT AND AGING

Thermal management remains a pivotal challenge in EMS,
as high temperatures induced by electrochemical reactions
affect battery performance, efficiency, and safety [111],
[146], [172], [179], [212], [215], [282]. Overheating can
trigger thermal runaway, resulting in catastrophic failures,
including explosions. Conversely, low temperatures reduce
battery efficiency and increase internal resistance, lead-
ing to reduced power delivery and higher energy losses.
Effective thermal management systems must ensure optimal
temperature ranges through advanced cooling and heating
mechanisms. Additionally, battery aging due to repetitive
charge-discharge cycles and extreme operating conditions
reduces lifespan and capacity. Developing predictive main-
tenance strategies and adaptive thermal regulation systems
is necessary to mitigate aging effects and ensure long-term
reliability. Xu introduces a novel Battery Thermal Manage-
ment System (BTMS) utilizing microchannel liquid cooling,
integrated with a Digital Twin (DT) framework in [312].
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A Digital Twin is an exhaustive virtual depiction of a physical
system that facilitates intricate simulation, forecasting, opti-
mization, and regulation. The DT environment for the BTMS
includes the physical system, its virtual counterparts—such
as geometric, thermal, and operational model real-time data,
service interfaces, and their interactions. The battery module
is immediately submerged in a water-glycol cooling liquid,
with microchannels created through small interstices between
plates. This arrangement improves thermal performance by
transitioning from traditional convective heat transfer to
microchannel-scale transmission, markedly enhancing heat
dissipation efficiency due to the increased cell surface-to-
volume ratio [313]. A promising active cooling approach
comprises the direct immersion of battery cells in dielec-
tric fluids, providing improved thermal management without
the danger of electrical short circuits. Williams et al. [314]
conducted a research study of this method by submerging a
four-cell Li-ion module, consisting of LiFePO4 cylindrical
cells, in 3M Novec 7000, a dielectric fluid that facilitates
two-phase cooling. Boiling caused phase transition, which
allowed the fluid to effectively transfer heat away from the
cells. Under a 4C fast-charging situation, the system exhib-
ited exceptional thermal uniformity, with the maximum cell
temperature maintained at roughly 35 A°C and a low inter-
cell temperature differential of about 1 A°C. Anamtawach
et al. [315] devised a passive BTMS consisting of flat heat
pipes paired with aluminum fins, placed between adjacent
cells within a battery module. The heat pipes effectively con-
duct heat away from the cells by transferring it laterally to the
connected fins, which then release the heat into the ambient
air through natural convection. This design enhances ther-
mal uniformity and decreases peak cell temperatures without
the need for active components, providing a low-power,
maintenance-free thermal management solution.

C. CHARGING INFRASTRUCTURE AND SCALABILITY

The widespread adoption of EVs is constrained by lim-
ited charging infrastructure and long recharge times [75],
[76], [77], [78], [84], [186], [188], [189], [214], [241],
[316]. The scalability of charging networks, particularly
for fast-charging stations, requires substantial investment
and technological advancements. Wireless inductive charg-
ing systems and ultra-fast chargers are emerging as potential
solutions, but their implementation is hindered by high costs
and compatibility issues. Future efforts should focus on
developing cost-effective, scalable, and interoperable charg-
ing systems to support the growth of EVs.

D. ALGORITHM AND OPTIMIZATION LIMITATIONS

Some EMS optimization algorithms face computational com-
plexity and slow convergence issues [317], [318], [319],
[320], [321]. While these methods effectively minimize
power losses and emissions, they often fail to achieve global
optimality in real-time applications. Machine learning tech-
niques, including RL and DNN, are promising alternatives,
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but they require extensive training datasets and computational
resources. Addressing these limitations will be crucial for
developing adaptive and intelligent EMS solutions.

E. INTEGRATION OF RENEWABLE ENERGY SOURCES

The integration of renewable energy sources presents mul-
tiple challenges due to their intermittent nature. Renewable
sources such as solar and wind depend on weather conditions,
leading to variability in energy production. This variabil-
ity creates instability in power supply, requiring advanced
forecasting and storage solutions to balance supply and
demand [186], [202], [275], [300], [306], [322], [323], [324].
Furthermore, grid infrastructure must be upgraded to handle
bidirectional energy flows for V2G systems, where EVs can
act as energy storage units. Synchronizing renewable energy
generation with EV charging patterns demands intelligent
scheduling and predictive control algorithms. Additionally,
managing harmonics, voltage fluctuations, and frequency
deviations caused by renewable energy sources integration
necessitates sophisticated control systems and energy storage
technologies. Overcoming these challenges requires advance-
ments in smart grid technologies, energy storage systems, and
grid resilience planning.

F. POWER ELECTRONICS AND CONTROLLERS

The design of power converters and controllers poses a sig-
nificant challenge in EMS implementation [76], [77], [78],
[96], [104], [188], [325], [326]. Current designs suffer from
switching losses, high ripple currents, and voltage stresses,
which affect efficiency and reliability. The need for bidirec-
tional converters that support energy flow between sources
and loads introduces further complexity. Enhancing power
electronics involves optimizing control strategies, reducing
switching losses, and improving fault-tolerance mechanisms.
Integrating new semiconductor materials, such as silicon
carbide (SiC) and gallium nitride (GaN) [327], can pro-
vide higher efficiency and reliability, but their deployment
requires substantial research and development.

G. ENVIRONMENTAL IMPACT

Despite the environmental benefits of EVs, the produc-
tion and disposal of lithium-ion batteries pose sustainability
challenges [328], [329], [330], [331], [332], [333]. Battery
manufacturing involves energy-intensive processes that gen-
erate GHG, and improper disposal can lead to soil and
groundwater contamination. Effective recycling methods and
closed-loop supply chains must be developed to minimize
environmental impact. Furthermore, sustainable materials
and green manufacturing practices need to be prioritized to
reduce the ecological footprint of EVs.

H. CYBERSECURITY CONCERNS
The integration of advanced technologies in EMS for EVs

introduces significant cybersecurity vulnerabilities [311],
[320], [334], [335], [336], [337], [338], especially for V2X
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systems. These vulnerabilities can compromise system oper-
ations, leading to unauthorized access, data manipulation,
and disruption of critical functions. Ensuring cybersecurity
requires multi-layered defenses, including encryption, intru-
sion detection systems, and secure communication protocols.
Furthermore, real-time monitoring and anomaly detection
techniques must be implemented to identify and mitigate
potential threats. Aggarwal et al. [339] proposes a streamlined
authentication mechanism for EVs and charging stations
in a Vehicle-to-Grid (V2G) network, leveraging blockchain
technology to guarantee data security, integrity, and user
privacy. The proposed protocol allows secure and decentral-
ized energy transactions, including charging and discharging,
between EVs and the grid, thereby removing the neces-
sity for a centralized authority that could represent a single
point of failure. The solution guarantees trust, transparency,
and resilience against malicious assaults in V2G com-
munications by employing blockchain’s distributed ledger
and cryptographic techniques. Lai et al. [340] proposes
Transformer-based architecture for an Intrusion Detection
System (IDS) tailored for Vehicle-to-Everything (V2X) com-
munications. The model utilizes the Transformer’s capacity
to identify long-range dependencies and intricate sequential
patterns in V2X data, facilitating precise identification of
abnormal or malicious activities. To mitigate privacy prob-
lems, the architecture features a privacy-preserving design
that facilitates intrusion detection inside a distributed or fed-
erated learning framework. This guarantees that unprocessed
vehicle data stays localized to edge devices, hence reduc-
ing the danger of data exposure while preserving detection
efficacy. The methodology provides a scalable and secure
Intrusion Detection System solution specifically designed for
the distinct problems of Vehicle-to-Everything scenarios.

I. REAL-WORLD IMPLEMENTATION AND TESTING

Current EMS research is largely limited to simulations,
necessitating experimental validation to address practical
challenges. Future studies should focus on real-world testing
to evaluate system performance under dynamic conditions.
Pilot projects and field trials will provide valuable insights
for refining EMS technologies.

V. FUTURE TRENDS

This section highlights future trends expected to shape
EMS technologies. Advancements in machine learning,
V2X communication, wireless charging, hybrid optimiza-
tion techniques, and HESS are projected to drive progress.
Additionally, the adoption of standardization, interoperability
frameworks, and sustainable practices will support broader
deployment of efficient EMS solutions.

A. ARTIFICIAL INTELLIGENCE (Al) AND MACHINE
LEARNING INTEGRATION

The integration of Al and machine learning algorithms is rev-
olutionizing EMS design [341], [342], [343], [344], [345].
RL and NN provide adaptive and data-driven solutions for
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dynamic energy optimization. These techniques can predict
driving patterns, optimize energy allocation, and enhance
system efficiency. Data-driven approaches offer considerable
advantages. However, they necessitate access to large-scale,
high-quality, and diverse datasets to ensure adequate gener-
alization and accurately represent the system’s underlying
dynamics for effective decision-making. RL-based methods
present the potential for adaptive and near-optimal control
without requiring explicit system modeling; however, these
approaches are constrained by substantial drawbacks. Their
iterative exploration-exploitation techniques and reliance on
high-dimensional state-action spaces result in longer training
times, higher processing needs, and more sophisticated archi-
tectures.

Future research should focus on hybrid models that
combine multiple algorithms for improved accuracy and
robustness.

B. CLOUD-BASED EMS

Cloud computing offers new opportunities for real-time data
analysis and EMS optimization [346], [347], [348], [349],
[350]. Cloud-based EMS systems can collect and process data
from vehicles, enabling predictive maintenance and adap-
tive control strategies. By integrating cloud infrastructure,
EMS can deliver continuous updates, optimize routes, and
improve energy efficiency. Several critical challenges must
be addressed to ensure the reliability and robustness of cloud-
integrated systems. These encompass challenges associated
with the scalability and management of cloud infrastruc-
ture, the assurance of data privacy and cybersecurity, the
reduction of communication latency, and the provision of reli-
able and high-speed internet connectivity. Addressing these
limitations is essential for the reliable implementation of
cloud-based solutions, particularly in real-time and safety-
critical contexts.

C. ADVANCED BATTERY MANAGEMENT SYSTEMS (BMS)

Future EMS developments will emphasize accurate estima-
tion of battery states, including SOC, SOH, and Remaining
Useful Life (RUL). Deep learning and co-estimation meth-
ods will improve estimation accuracy, reducing costs and
enhancing reliability. Advanced BMS technologies will also
enable predictive diagnostics, extending battery lifespans
and reducing maintenance needs [351], [352], [353], [354].
The effectiveness of data-driven techniques in BMS design
is fundamentally contingent upon the availability of large-
scale, high-fidelity, and diverse datasets, which presents a
significant bottleneck in practical applications. LIBs are
the predominant energy storage technology utilized in EVs,
attributed to their high energy density and extended cycle life.
LIBs demonstrate nonlinear and complex electrochemical
behavior that is influenced by factors including temperature,
aging, and operating conditions, which presents challenges
for precise modeling and control. The selection and acqui-
sition of informative and reliable features for training BMS
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algorithms are often limited by sensor constraints, noise, and
data resolution, which directly impact the accuracy and gen-
eralization of the resulting models.

D. V2X INTEGRATION

V2X represents a major advancement in EMS. V2X enables
communication between EVs and their environment [310],
[311], [319], [355]. This integration improves traffic effi-
ciency, enhances safety, and optimizes energy consumption
by enabling cooperative driving and adaptive route plan-
ning. V2X also supports advanced applications such as
autonomous driving and smart city infrastructure, facilitat-
ing seamless interaction between EVs and traffic manage-
ment systems. Future developments in V2X will focus on
enhancing communication reliability, reducing latency, and
strengthening security protocols to prevent cyber threats.
Additionally, V2X systems can leverage Al-driven analytics
to process large volumes of data, enabling more intelligent
decision-making and adaptive EMS strategies. The availabil-
ity of larger and more diverse datasets generally enhances
the performance of data-driven EMSs. Enhanced data avail-
ability facilitates more precise system modeling, superior
generalization, and more adaptability to shifting operating
conditions. This advantage entails a fundamental trade-off.
With the increase in data volume, there is a corresponding rise
in computational complexity, memory demands, and latency
related to data processing, storage, and real-time inference.
Excessive reliance on large-scale data may result in chal-
lenges such as data redundancy, quality assurance issues,
and overfitting. Efficient data management strategies, includ-
ing dimensionality reduction, feature selection, and online
learning, are crucial for balancing the trade-off between data
richness and system performance.

E. WIRELESS CHARGING TECHNOLOGIES

Wireless charging systems are emerging as a promising
solution to address EV charging challenges [356], [357],
[358], [359]. These systems, based on inductive or resonant
coupling technologies, enable contactless energy transfer
between the charger and the EV. Wireless charging eliminates
the need for physical connectors, enhancing convenience and
reducing wear and tear on charging ports. Dynamic wireless
charging, where EVs can charge while in motion, is under
active research and could significantly extend driving ranges
without requiring long stops. Future advancements in wire-
less charging focus on improving energy transfer efficiency,
reducing costs, and ensuring interoperability across different
EV models. Moreover, integrating smart control systems and
Al for load management can optimize energy distribution,
minimize grid stress, and support renewable energy integra-
tion into the charging process.

F. STANDARDIZATION AND INTEROPERABILITY
Standardization and interoperability are crucial for the
widespread adoption of EVs and the development of
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advanced EMS technologies. Ensuring compatibility across
different charging systems, communication protocols, and
EMS platforms requires global standards to be established.
Lack of uniform standards can lead to fragmented sys-
tems, causing integration difficulties and limiting scalability.
International standards, such as ISO 15118 for V2G commu-
nication interface for bi-directional charging/discharging and
Open Charge Point Protocol (OCPP), aim to address these
issues by promoting seamless communication between EVs,
chargers, and grids [360], [361], [362], [363], [364], [365].
Enhanced interoperability will allow cross-platform compat-
ibility, improving user convenience, reducing infrastructure
costs, and accelerating EV adoption.

G. INTEGRATION OF AUTONOMOUS DRIVING

The convergence of autonomous driving and EVs is poised to
significantly enhance the efficiency of EMSs. Autonomous
vehicles rely on advanced real-time sensing, machine learn-
ing, and data-driven decision-making technologies. These
systems can optimize energy consumption through precise
control of vehicle dynamics, route planning, and traffic man-
agement. For example, autonomous EVs can adapt driving
behaviors to maximize battery life by reducing unneces-
sary acceleration and braking [74], [366], [367], [368],
selecting energy-efficient routes [369], [370], [371], [372],
and even coordinating with other vehicles to minimize
congestion [373], [374], [375], [376], [377]. Furthermore,
predictive analytics in autonomous systems can forecast
energy demands and integrate with renewable energy sources,
leading to a smarter, more efficient EMS. This synergy rep-
resents a critical area of innovation for future transportation
systems. The benefits outlined above considerably improve
the functionality and intelligence of EVs, though they usu-
ally result in higher production costs. The increase in costs
is mainly due to the incorporation of additional sensor
systems and the implementation of high-performance compu-
tational platforms required for advanced perception, control,
and decision-making algorithms. The necessity for real-time
data acquisition, processing, and inference places significant
demands on onboard electronic control units (ECUs), thereby
increasing the overall cost and complexity of vehicle architec-
ture. These challenges are anticipated to diminish over time
as EV adoption continues to grow, leading to economies of
scale and a reduction in unit costs. Furthermore, continu-
ous progress in sensor fusion methods, edge computing, and
model compression is expected to facilitate the development
of more cost-effective vehicles that deliver similar functional-
ity with a reduced number of sensors and lower computational
demands.

H. ADVANCED BMS WITH RECONFIGURABLE CELL
FEATURES

Advanced BMS with reconfigurable cell technology rep-
resent a promising future trend to enhance the efficiency
of EMS. These systems allow dynamic reconfiguration
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TABLE 14. Comparison of Rule-based, Optimization-based, and ITS-based EMS.

Aspect Rule-based EMS Optimization-based EMS ITS-based EMS
Uses predefined rules based on expert Employs mathematical optimization Leverages real-time traffic and infras-
Definition knowledge or empirical results to con-  techniques to determine optimal energy  tructure data for dynamic energy opti-
trol energy flow. distribution. mization.
Energy Effic  Moderate; focuses on operational sim- High; capable of achieving r?ear—optime.ll High; impr.oves efﬁ.ciency through reval—
. . Lo energy management under ideal condi- time decision-making and cooperative
ciency plicity rather than optimality. .
tions. systems.
. . . . Very High; requires advanced commu-
. . . . High; requires extensive modeling, tun- ST . .
Complexity Low; easy to design and implement. . . nication infrastructure and integration
ing, and computational resources. .
with external systems.
. . L . . . . High; reli 1-ti -
Computational Low; suitable for real-time implementa-  High; often computationally intensive, Ver}{ 1gh; relies on real-time data pro
. . e . . T cessing and communication technolo-
Demand tion with minimal hardware. especially for real-time applications.

gies.

Real-Time Feasi-
bility

Excellent; well-suited for real-time con-
trol.

Variable; online methods like ECMS and
MPC are feasible, but offline methods
are not.

Good; real-time implementation relies
heavily on robust communication sys-
tems.

Limited; lacks flexibility to adapt to dy-

Moderate to High; can adapt to vary-
ing conditions but depends on computa-
tional resources.

High; dynamically adjusts based on real-
time traffic and environmental data.

Moderate; depends on the availability of
computational power and accurate mod-

Moderate to Low; constrained by the
availability of smart infrastructure and
data reliability.

Adaptability namic or unexpected conditions.
Scalabilit High; simple to deploy across diverse
y applications.
els.
Low; minimal hardware and computa-
Cost

tional requirements.

High; requires advanced computational
tools and resources.

Very High; involves significant invest-
ment in infrastructure and communica-

tion systems.

Main Advantage Simplicity and ease of use.

Provides optimal or near-optimal energy
management solutions.

Enables system-wide efficiency through
integrated, cooperative  decision-
making.

Limited performance in dynamic and

Main Limitation .
complex scenarios.

Computationally expensive; may strug-
gle with real-time applications.

Dependence on smart infrastructure and
potential cybersecurity vulnerabilities.

of battery cell connections to adapt to changing energy
demands, optimize power delivery, and maintain balanced
SOC across cells. By redistributing load and isolating under
performing or degraded cells, reconfigurable BMS can sig-
nificantly improve battery performance, extend lifespan, and
reduce overall degradation. Furthermore, the integration of
reconfigurable BMS with EMS can provide better real-time
control over energy resources, enabling higher energy utiliza-
tion and improved reliability in electric vehicles [378], [379],
[380], [381], [382]. This innovation aligns with the ongo-
ing advancements in smart energy systems and underscores
the importance of adaptive solutions in modern electrified
transportation.

VI. CONCLUSION

This paper presents a comprehensive review of state-of-
the-art EMS applied to various architectures of EVs and
HEVs, as summarized in Table 14 highlighting their roles in
improving energy efficiency, reducing greenhouse gas emis-
sions, and enhancing battery lifespan. A broad spectrum
of EMS technologies, including rule-based, optimization-
based, and ITS-based approaches, as well as advancements
in multi-objective optimization and machine learning were
explored. The findings underscore the critical role of EMS
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in addressing challenges associated with power distribution,
battery thermal management, and integration of renewable
energy sources. While conventional EMS methods, such
as rule-based strategies, offer simplicity and computational
efficiency, their limited adaptability to dynamic condi-
tions underscores the need for more advanced approaches.
Optimization-based strategies, such as GA, DP, and MPC,
demonstrate superior energy efficiency and adaptability
but generally require significant computational resources.
Learning-based methods, like RL and NN, emerge as promis-
ing solutions for real-time adaptability and dynamic scenario
management, albeit with higher design complexity. Look-
ing ahead, the integration of Al, V2X communication, and
wireless charging technologies is set to revolutionize EMS
design. These advancements will facilitate predictive ana-
lytics, enhance system adaptability, and enable seamless
interaction between vehicles, infrastructure, and renew-
able energy grids. However, achieving widespread adoption
requires overcoming challenges such as cybersecurity risks,
the need for standardized protocols, and the scalability of
charging infrastructure. Table 14 offers a concise comparison
of the rule-based, optimization-based, and ITS-based EMS
approaches by highlighting their strengths, weaknesses, and
suitability for various applications. The continued evolution
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of EMS will be pivotal in supporting the global transi-
tion to sustainable and efficient transportation systems. This
will require collaborative efforts among researchers, policy-
makers, and industry stakeholders to address technological,
economic, and environmental challenges, ensuring the devel-
opment of robust, adaptable, and scalable EMS solutions.
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