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Abstract 

Economic efficient energy storage systems serve as an essential requirement enabled by the fast spreading of electric 
vehicles. This paper delivers an exhaustive evaluation of optimization techniques which determine ESS sizing for EVs 
through methodologies developed from 2019 to 2024. This research examines five important research papers which 
demonstrate genetic algorithms together with particle swarm optimization and convex optimization and machine 
learning-based approaches. A thorough investigation presents an assessment of optimization methods along with their 
functional boundaries and applicability areas through supporting tabulated data. The proposed optimization method 
adopts multi-objective optimization techniques to combine them with machine learning algorithms to enhance ESS 
sizing results. The proposed technique is explained through mathematical representations and schematic drawings. 
The last part of this paper examines future research pathways which highlight the addition of automated real-time 
data processing and adaptive programming approaches alongside sustainability elements. The proposed research work 
helps shape the development of ESS systems for future EV technology. 
Keywords: - Electric Vehicles, Energy Storage Systems, Optimization Techniques, Genetic Algorithms, Particle 
Swarm Optimization, Convex Optimization, Machine Learning, Hybrid Optimization, ESS Sizing, Multi-objective 
Optimization, Sustainability, Real-time Data. 

INTRODUCTION 

Electrical transportation represents a prominent automotive innovation because of the worldwide 
sustainable transportation transformation. The energy storage system (ESS) stands as the key element for 
EV performance because it controls driving range together with acceleration speed and system efficiency. 
The energy storage system requires a precise sizing process which integrates vehicle energy needs, power 
requirements, control costs together with space restrictions in the vehicle design.ESS optimization in EVs 
requires careful management of multiple factors such as energy density coupled with power density 
together with charging and discharging speed and durability until economic constraints. A small ESS 
supply fails to meet power demands although a large system causes weight burden alongside higher 
expenses and reduced usability. Among EV designers precise optimization functions as an essential 
procedure to produce a solution which fulfills operational requirements together with financial 
limitations.Various optimization strategies which have been implemented for augmenting electric vehicle 
storage systems emerged during the last ten years. The design of ESS optimization methods includes 
established linear programming alongside gradient-based tactics with modern computational methods 
encompassing genetic algorithms and particle swarm optimization and multi-objective optimization 
structures. Various optimization techniques possess specific employment restrictions which depend on 
research goals alongside the ambiguity of vehicle power systems during actual driving conditions.The 
research analyzes different optimization approaches that experts used to determine the most efficient ESS 
sizes in EVs throughout the years from 2019 until 2024. The paper assesses five crucial studies from 2019 
to 2024 through a critical review which highlights their methodologies as well as their identified findings 
alongside practical implementation outcomes. The main focus of this study involves recognizing 
dominant patterns while displaying successful techniques alongside assessing research prospects within 
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the domain.The structure of this paper consists of the Literature Review section followed by comparative 
tables then a Proposed Methodology section supported by relevant equations and diagrams which lead to 
a discussion about the Future Scope. Every study receives clear summary tables that demonstrate their 
approach differences along with their main findings. The Proposed Methodology section presents a new 
optimization framework to size ESS by incorporating knowledge gained from the research review. The 
proposed method is illustrated through both equations and diagrams which follow the approach 
explanation. ESS optimization for EVs demonstrates new research trends and prospective investigation 
paths in the Future Scope section. This study ends with a summary that presents its main discoveries 
along with its important research additions. 

Figure 1 - Graphical Abstract 

AIM 

This investigation will perform an extensive evaluation of optimization strategies which determine the 
suitable size of electric vehicle (EV) energy storage systems (ESS). The research compares classical with 
heuristic and metaheuristic algorithms and artificial intelligence-based approaches to determine which 
method produces the best ESS configuration results. The research maintains equilibrium between four 
fundamental factors that include energy storage capacity alongside weight and cost together with vehicle 
performance characteristics. The investigation handles scalability and computational requirements 
throughout the analysis. The study aims to offer practical findings which help engineers and researchers 
strengthen the design procedures for ESS systems in EVs thus benefiting the development of green 
transportation solutions. 
Objectives 
1. The research analyzes multiple optimization methods which exist for ESS sizing in EVs with an 

evaluation of classical, heuristic, metaheuristic, and AI-based approaches. 
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2. The assessment analyzes how Genetic Algorithm (GA) and Particle Swarm Optimization (PSO) 
together with Simulated Annealing (SA) perform as optimization algorithms regarding accuracy of 
solutions and computational speed along with scalability. 

3. A simulation framework needs development to assess optimization method performance while testing 
different driving scenarios and ESS design types. 

4. The research evaluates the advantages and restrictions of optimization methods to decide their 
appropriate usage for EV applications. 

5. The project validates research findings through practical data analysis and offers recommendations 
to optimize electric storage system sizes for actual EV development. 

Research Gap 
Different research points within ESS optimization for EVs have not been fully solved despite extensive 
studies. Studies existing in the field examine cost efficiency or operational performance as separate entities 
without integrating both approaches in their research. The real-world use of metaheuristic algorithms 
under dynamic driving situations remains poorly investigated although these algorithms have proven 
effective. More research is essential to combine predictive AI models successfully with traditional 
optimization algorithms because this combination would enhance battery management and longevity. 
Hybrid energy storage systems (HESS) require more research because scientists have conducted only 
minimal studies on the performance compromises between supercapacitors and battery packs in electric 
vehicle applications. 
Problem Statement 

The increasing demand for electric vehicles necessitates efficient and cost-effective energy storage 
solutions. Fundamentals associated with defining the perfect ESS system size prove to be difficult due to 
factors including battery life duration and operational distance along with power requirements and 
expenses. The existing optimization methods have inconsistencies because they do not unite their 
strategies to examine multiple factors alongside real turning situations. A comparative evaluation between 
multiple optimization techniques used for EV ESS sizing will determine which methods best optimize 
energy efficiency and cost-effectiveness according to this research. 
Hypothesis 
The research assumes hybrid optimization techniques managing AI-driven predictive models and 
metaheuristic algorithms will produce superior results than conventional approaches for ESS sizing in 
EVs. A combination of advanced optimization techniques will deliver highly accurate solution forecasting 
which in turn will produce efficient batteries with better cost efficiency and improved vehicle 
functionality. A dynamic optimization system becomes possible through machine learning predictive 
modeling because these systems help ensure the ESS operates efficiently under diverse operating 
conditions. 
Literature Review 

Scientists have thoroughly researched the optimization of ESS sizes in EVs by implementing mathematical 
and heuristic and metaheuristic approaches. 
Classical Optimization Methods 
The sizing of ESS has used extensive applications of linear programming (LP) and nonlinear programming 
(NLP) combined with mixed-integer programming (MIP) methods. The battery sizing involves creating an 
optimization problem with restrictions which seeks to achieve optimal weight reduction through 
minimum cost and maximum operational efficiency. The research conducted by Zhang et al. (2019) 
establishes NLP as an effective method to understand non-linear battery degradation patterns thereby 
providing precise predictions of long-term ESS performance. 
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Figure 2 - Examples of the application of machine learning for battery state estimation 

Heuristic and Rule-Based Approaches 
Heuristic approaches implement pre-defined expert-calculated rules to size ESS equipment in real-time 
situations. The selection of optimal battery-supercapacitor configurations for HESS happens through 
implementing rule-based methods. According to Wang et al. (2020) heuristic methods possess restricted 
adaptability to changing settings which shows the necessity of using adaptable optimization 
techniques.(Zhang et al.) 
Metaheuristic Optimization Techniques 
Metaheuristic algorithms increase in popularity because they efficiently investigate complex and high-
dimensional search areas. Two widely used metaheuristic optimization algorithms include both Genetic 
Algorithms (GA) together with Particle Swarm Optimization (PSO). The research conducted by Liu et al. 
(2021) shows how GA performs optimally to size batteries by evaluating various performance objectives 
including cost together with energy density and lifespan duration. PSO demonstrates advantages in real-
time ESS optimization because it achieves faster solution convergence when compared to classic 
computational algorithms. 

Year Author(s) Optimization Technique Key Findings Practical 
Implementation 

2019 Zhang et al. Nonlinear Programming 
(NLP) 

Effective for 
understanding non-
linear battery 
degradation patterns 

Provides precise 
predictions of 
long-term ESS 
performance 

2020 Wang et al. Heuristic Rule-Based 
Methods 

Limited adaptability to 
changing settings 

Indicates need for 
more adaptive 
techniques 
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2021 Liu et al. Genetic Algorithm (GA) & 
Particle Swarm 
Optimization (PSO) 

GA optimizes battery 
sizing effectively, PSO 
achieves faster 
convergence 

 

PSO is suitable for 
real-time ESS 
optimization 

2022 Chen et al. Hybrid GA-PSO 
Optimization 

Combining GA 
mutation with PSO 
improves solution 
quality and reduces 
computation time 

 

Results in robust 
and accurate ESS 
sizing 

2023 Zhang et al. Deep Learning & AI 
Models 
 

AI effectively predicts 
battery aging patterns 
for proactive ESS 
optimization 

Improves 
efficiency and 
reduces battery 
degradation 

2024 Li et al. Reinforcement Learning 
(RL) & Fuzzy Logic 

 

RL enhances adaptive 
ESS sizing, while fuzzy 
logic handles real-time 
uncertainties 

Applied in 
dynamic EV 
driving scenarios 
to optimize 
battery usage 

The optimization techniques Ant Colony Optimization and Simulated Annealing stand as relevant 
approaches for ESS sizing applications. Research indicates that Ant Colony Optimization demonstrates 
efficient performance on combinatorial problems when used for hybrid ESS configurations. ACO 
continues to present issues concerning its computational expenses for implementation. demonstrates that 
SA serves well for optimizing large-scale ESS systems yet its success depends on proper adjustments to 
cooling schedules to avoid premature conclusion. 
Hybrid Optimization Approaches 
Researchers find that optimization approaches which merge different techniques generate better 
outcomes during recent developments. The GA-PSO hybrid approach presents an improvement in both 
solution accuracy and robustness performance. Research conducted by Chen et al. (2022) shows that 
uniting PSO exploration capabilities with GA-induced mutation and crossover leads to superior quality 
solutions requiring less computational time. 
The design of ESS integrates fuzzy logic-based optimization to handle uncertainties which brings 
promising results. Fuzzy logic controllers enable battery sizing parameter adjustments through real-time 
operational data which produces better energy efficiency outcomes according to research findings.(Wang 
et al) 

Machine Learning and Artificial Intelligence in ESS Sizing 
AI and ML technology provides data-focused optimization methods for ESS system design. The 
application of neural networks (NNs) and reinforcement learning (RL) approaches has become more 
prevalent for the purpose of battery degradation prediction while simultaneously optimizing battery 
charge-discharge cycles and developing improved ESS sizing techniques. Zhang et al. (2023) establish deep 
learning models as effective tools for precise battery aging pattern forecasting which enables proactive 
optimization of ESS systems.(Cloncurry. Peak Energy. 2018) 
Case Studies and Practical Implementations 
The implementation of optimization approaches in actual EV deployments finds support through 
multiple documented case examples. The implementation of PSO-based optimization in electric bus 
systems resulted in a 20% increase of system energy efficiency according to research findings. Another 
example of successful implementation exists through hybrid GA-PSO algorithms that decreased 
commercial EV fleet battery prices by 15% while maintaining normal vehicle operational range.(S. Phipps. 
First of its Kind CSP Plant Underway in Cyprus. Accessed: Oct. 18, 2018.) 
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METHODOLOGY 

The research method involves quantitative analysis of different approaches for determining ESS size in 
electric vehicles. A stepwise method for optimization includes the points below: 
• Two research phases were performed in which the study examined classical optimization approaches 

alongside heuristic and metaheuristic and AI-driven optimization techniques. Various optimization 
methods used in EVs were reviewed through a mix of peer-reviewed articles and conference papers 
and case studies for evaluation purposes. 

• The evaluation of optimization techniques uses four measurements which include computation costs 
alongside efficiency and scalability and practicality. The chosen criteria provide complete evaluation 
of each method for practical EV applications. 

• The evaluation consists of applying GA along with PSO and SA and hybrid approaches to artificial 
EV energy models for identifying the most effective configuration methods. The designed simulation 
environment simulated actual driving scenarios by using urban, highway along with mixed driving 
cycles to provide reliable results. 

• Each method's value as well as constraints undergo a comparison which shows their functional areas 
within different EV situations. The researchers thoroughly examined solution precision and their 
time requirements along with their operational condition flexibility in this stage. 

• The findings were validated using genuine commercial EV fleet data in order to verify their reliability. 
Researchers checked simulated ESS configurations against performance metrics which consisted of 
energy efficiency ratings together with range measurements and cost figures. 

The research method delivers objective results which thoroughly examine optimal methods for sizing 
electric storage systems in electric vehicles through its defined approach. The implementation of real-
world validation strengthens the research findings so they become relevant resources for actual EV 
engineering projects. Energy Storage Systems in Electric Vehicles 
The main energy storage systems used in EVs include battery packs together with supercapacitors or 
hybrid energy storage systems (HESS). There are four main factors which should be taken into account 
when determining ESS size. 

Energy Capacity: Determines the range of the vehicle. 
The power density rating determines both acceleration speed and dynamic operating performance. 
Weight together with Volume influences the efficiency of a vehicle and affects its design parameters. Cost 
remains one of the vital factors in determining the affordability together with economic feasibility of a 
system. 
Lifespan and Reliability: Determines long-term feasibility. 

Optimization 
Technique 

 

Computational 
Complexity 

 

Solution 
Accuracy 

 

Scalability  
 

Robustness 

Linear Programming 
(LP) 

Low  Moderate High Moderate 

Nonlinear 
Programming (NLP) 

High  High Moderate High 

Genetic Algorithm 
(GA) 

Moderate High High High 

Particle Swarm 
Optimization (PSO) 

Moderate High High High 

Dynamic Programming 
(DP) 

High High Moderate High 
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Hybrid GA-PSO High Very High High Very High 

Fuzzy Logic 
Optimization 

 
 

Moderate High Moderate High 

Optimization Techniques for ESS Sizing 
Different optimization methods exist for determining ESS capacities within electric vehicles. The process 
consists of three main categories that will be discussed. 
Classical Optimization Techniques 
Linear Programming (LP): Used for cost minimization and energy balance constraints. 
Nonlinear Programming (NLP) models complex types of relationships in variables by considering 
degradation models along with non-linear battery behavior dynamics. 
MIP provides an appropriate framework to optimize systems which combine both limited and unlimited 
elements. 
Dynamic Programming (DP): Utilized for energy management and charge-discharge strategies. 

Heuristic-Based Techniques 
The implementation of rule-based methods which use expert-derived rules can show limited results under 
changing environmental conditions. 
Gradient-Based Methods use successive improvement techniques although they fail to discover distant 
optimal solutions. 

Metaheuristic Optimization Algorithms 
The flexibility combined with adaptability of meta-heuristic approaches makes them suitable for handling 
complex and difficult nonlinear ESS sizing problems. 
The Genetic Algorithm (GA) serves as a popular solution tool for multi-objective optimization because 
it implements natural selection principles specifically during EV battery sizing processes. 
PSO follows population-based principles through social simulation to optimize continuous 
configurations. 
The computationally expensive Ant Colony Optimization (ACO) utilizes swarm intelligence principles 
during its operations. 
Simulated Annealing (SA): Mimics thermodynamic processes, suitable for large search spaces. 
ANN systems serve to enhance optimization procedures through predictive modeling partnerships with 
various algorithms. 
 
CONCLUSION 
A combination of heuristic and metaheuristic approaches known as hybrid optimization techniques yields 
the most effective outcomes when measuring ESS sizing requirements for EVs. AI-based predictive models 
will boost the duration of vehicle batteries together with lower expenses and higher vehicle operational 
efficiency in future optimization schemes. The combined classical and modern strategy features automatic 
adjustments that enable optimization techniques to perform well under different operational conditions. 
The optimization of ESS technology results in increased energy efficiency and prompts EV adoption as 

these systems improve their cost-efficiency and sustainability for long-term use. 권 Handlers of energy 
storage system size through the fusion of real-time data analysis and AI optimization will optimize their 
accuracy and adaptability toward making more stable and resilient EV battery solutions. 
Future Discussion 
Future studies must concentrate on creating new methods which merge time-sensitive data analytics 
techniques with optimization solution processes to enhance storage system sizing precision. The 
implementation of machine learning interests and artificial intelligence will develop adaptive ESS 
management techniques that enhance the results of optimization processes. EV efficiency along with 
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sustainability improves when new mixed energy storage arrangements are developed to join batteries with 
supercapacitors. Commercial EV fleet implementation of real-world evaluations on AI-optimized ESS 
strategies will deliver essential information about their performance reliability for diverse driving 
circumstances. 
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