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ABSTRACT The second-generation hybrid and Electric Vehicles are currently leading the paradigm shift in 

the automobile industry, replacing conventional diesel and gasoline-powered vehicles. The Battery 

Management System is crucial in these electric vehicles and also essential for renewable energy storage 

systems.  This review paper focuses on batteries and addresses concerns, difficulties, and solutions associated 

with them. It explores key technologies of Battery Management System, including battery modeling, state 

estimation, and battery charging. A thorough analysis of numerous battery models, including electric, 

thermal, and electro-thermal models, is provided in the article. Additionally, it surveys battery state 

estimations for a charge and health. Furthermore, the different battery charging approaches and optimization 

methods are discussed. The Battery Management System performs a wide range of tasks, including as 

monitoring voltage and current, estimating charge and discharge, equalizing and protecting the battery, 

managing temperature conditions, and managing battery data. It also looks at various cell balancing circuit 

types, current and voltage stressors, control reliability, power loss, efficiency, as well as their advantages and 

disadvantages. The paper also discusses research gaps in battery management systems. 

INDEX TERMS Electric vehicle, Battery Management, Battery Modelling, State of Charge, State of Health, 

Cell Balancing, Battery thermal management system 

I. INTRODUCTION 

The effects of fossil fuel depletion on the ecosystem 

have increased the urgency to transition to renewable energy 

sources and alternative transportation technologies. The 

excessive extraction and utilization of fossil fuels result in 

the generation of significant quantities of CO2 and other 

greenhouse gas emissions (GHGE). Utilizing renewable 

energy sources and electrifying the transportation sector, as 

shown in Fig.1, can reduce the GHGE by up to 40%. 

Renewable energy, such as solar, wind, wave, and tidal 

power provides a greener, more sustainable alternative to 

fossil fuels [1]. However, the intermittent nature of these 

energy sources poses a challenge to maintaining a consistent 

and reliable power supply. To tackle this challenge, energy 

storage systems (ESSs) are utilized to store surplus energy 

generated from renewable sources during peak production 

periods and release it to the grid during high demand or when 

renewable energy generation is low.  
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FIGURE 1. Vehicle CO2 emission levels. 
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The ESSs play a crucial part in boosting the viability and 

stabilizing the power grid of the widespread adoption of 

renewable energy sources. EV (shown in Fig.2) and hybrid 

electric vehicles (HEVs) have gained popularity as potential 

replacements for automobiles powered by internal 

combustion engines, offering numerous benefits such as 

reduced greenhouse gas emissions, decreased air pollution, 

and improved energy efficiency. 
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FIGURE 2. A Standard Electric vehicle 

EVs and HEVs are powered by batteries, which offer 

features include high energy density, low environmental 

impact, and durable performance. The wider adoption of 

EVs depends on advancements in battery technology. Efforts 

are being made to enhance energy storage capacity, reduce 

charging times, and lower costs. Currently, Lithium-ion (Li-

ion) batteries are the most prevalent type used in EVs due to 

their favorable characteristics, but researchers are also 

exploring other battery chemistries as shown in Fig.3.  
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FIGURE 3. Schematic diagram of Li-ion cell 

This concept allows EVs not only to consume energy but also 

to function as energy storage systems, actively engaging with 

the electrical grid. During periods of low demand or high 

renewable energy generation, EVs can supply stored 

electricity back to the grid, thereby assisting in balancing 

supply and demand and promoting grid stability. Fig. 4 

demonstrates the worldwide battery industry's explosive 

expansion, projecting a surpass of 2500 GWh within the next 

decade [122]. Fig. 4 (b) showcases the increasing demand for 

batteries across different applications and regions, with 

electric mobility being a major driving force behind the 

growth of the modern battery industry. The popularity of 

electric and alternative fuel vehicles is accelerating the 

research and development of battery materials and 

automotive technology, which supports smart mobility. 

China has made plans to meet its peak emissions before 

2030, in keeping with the global goal of achieving carbon 

neutrality. To make electric vehicles comparable to fossil 

fuel vehicles, Li-ion Batteries (LIBs) are expected to come 

to an energy density goal of approximately 500 Wh kg−1 for 

EV applications. Numerous electric car models have made 

extensive use of both Li-ion batteries and nickel-metal 

hydride (Ni-MH) batteries [3]. The popularity of Li-ion 

batteries stems from their improved reliability, power 

density, energy density, and efficiency [4]. Additionally, the 

decreasing manufacturing costs of Li-ion batteries have 

contributed significantly to their widespread 

commercialization, enabling their adoption across multiple 

industries. Efficient battery management is crucial to ensure 

safe use, increase driving range, improve power management 

techniques, lengthen battery life, and lower costs. Batteries 

require specific attention in electric vehicle applications. 

Overcharging, over discharging, or other improper activities 

can pose serious safety threats to the batteries, hasten their 

ageing process, and potentially result in fire or explosion 

accidents [5]. Battery systems in electric vehicles not only 

power the electric motor but also different electrical 

components. These vehicles often operate under complex 

conditions characterized by frequent acceleration and 

deceleration, and human charging behavior can be 

unpredictable. Additionally, because the battery is an 

electrochemical system, state determination is quite 

challenging due to the battery high nonlinearity and time-

varying characteristics [6]. Therefore, creating precise and 

dependable BMS technologies is still a challenging effort to 

guarantee that batteries and the associated energy systems 

operate in a secure manner and function to the best of their 

abilities. This paper aims to give detailed review is Focuses 

on a Battery management system and key technologies for 

BMS in Section.II. The typical batteries used in EV are 

reviewed in Section.III. Discussed Various types of Battery 

Modelling the typical batteries used in EV in Section.IV. 

Various SOC estimation Techniques are discussed for 

Battery Cell and Battery Pack in Section V. Comprehensive 

review of Various Battery SOH estimation in Section.VI. 

Several Important and Conventional battery charging 

Strategies are covered, along with the related optimization 

techniques in Section VII. Focuses on various cell balancing 

topologies has been recommended in recent years in Section 

VIII. It provides and overview of the most recent advance in 

LIB thermal management for high charge/ discharge cycles 

in Section IX. The problems with BMS are discussed. the 

viewpoint of BMS improvement is examined in Section X. 

A summary of the viewpoints of the current study and the 

Suggested future research activity of BMS is Provided in 

Section.X1. Finally, the conclusion of the paper is 

summarized in Section XII. 
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(b) 

FIGURE 4. Global battery industry. (a) Growth. (b) Demands by applications 

(a)  
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FIGURE 5. Organization of the review article
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TABLE 1 
NOMENCLATURE 

°C Degree celsius 

AC Alternating current 
AEKF Adaptive Extended Kalman Filter 

Ah Ampere hour 

AI Artificial Intelligence 
ANN Artificial Neural Network 

AUKF Adaptive Unscented Kalman Filter 

BC Boost Charging 
BESS Battery energy Storage systems 

BMS Battery Management System 

BTMS Battery thermal management system 

C0,C1, C2 Equivalent Capacitance of the Cell 

CAN Controller Area Network 

CB, Ce Plate capacitance 

CC Constant Current Charging 
CCCV Constant Current Constant voltage charging 

Cn Battery Nominal Capacity 

CO2 Carbon Di-oxide 

CP Equivalent to the impedance received upon transport 

between li-ion electrode 

CTC Constant Tickle Charging 
CV Constant Voltage 

DC Direct current 

DDM Data Driven Model 
DNN Deep Neural Network 

DOD Depth of Discharge 
E Open circuit voltage 

ECM Equivalent Circuit Model 

EIS Electrochemical Impedance Spectroscopy  
EKF Extended Kalman Filter 

EM Electro chemical Model 

EMI Electromagnetic interference 
EoL End of Life 

ESSs Energy Storage Systems 

EVs Electric Vehicles 
FKF Fading Kalman Filter 

GHCE Green House Gas Emission 

GNL General Non-Linear 
GWh Giga watt-hour 

HEVs Hybrid Electric Vehicles 

IBatt Battery current 

IL Output current of the battery 

IoT Internet of things 

Ipulse Current Pulse 

IR Internal Resistance 

KF Kalman Filter 
LIBs Lithium-ion Batteries 

Li-ion Lithium ion 

MCC Multi-step C harging 
NA/MCL2 Sodium/Metal Chloride 

NiCd Nickel Cadmium 

Ni-MH Nickel Metal Hydride 
OCV Open Circuit Voltage 

PC Pulse Charging 

PCM Phase-change material 
PLL Phased-locked loop 

PNGV Partnership for a New Generation of Vehicles 

PWM Pulse width modulation 
Q Quantity of electricity delivered by or supplied to the 

battery 

Q0 Battery initial charge 

Qc Battery Actual capacity of a current battery 

Qmax Maximum charge that can be stored in the battery 

Qn Battery Nominal capacity of a fresh battery 

R0,R1, R2, 

R3 
Equivalent Ohmic Resistance of the Cell 

RC Resistance-Capacitance 

RP, Re Equivalent internal resistance generated by the 
electrochemical polarization and concentration 

polarization of the cell 

RUL  Remaining useful life 
SEI Solid Electrolyte interface 

SOA Safe Operating Area 

SOC State of Charge 
SOE State of Energy 

SOF State of Function 

SOH State of Health 
SOL State of Life 

SOP State of Power 

SVM Support Vector Machine 
TLBO Teaching-learning-based optimization 

UKF Unscented Kalman Filter 

UL External voltage of the battery 

V2H Vehicle to home 

VBatt Battery voltage 

VIEI vehicular information and energy internet 

W kg-1 Watt per kilo gram 

Wh kg-1 Watt-hour per kilo gram 

Wh L-1 Watt per kilo gram 

II. BATTERY MANAGEMENT SYSTEM 

The state of charge (SOC), state of health (SOH), state of 

energy (SOE), state of power (SOP), and state of life (SOL) 

are just a few examples of estimations covered by battery 

management technologies (SOL).  Among these, SOC and 

SOH monitoring are particularly crucial as they serve as the 

foundation for enhancing reliability and ensuring safety. A 

software and hardware device called a BMS is intended to 

control batteries and optimize their performance [7], as 

depicted in Fig. 6.  

 

FIGURE 6. Overview of the BMS hardware and software components 

The BMS software serves as the central component of the 

system, responsible for controlling hardware operations and 

analyzing sensor data to make informed decisions. Online 

data processing plays a critical role in detecting most faults, 

and intelligent data analysis is necessary to provide timely 

battery malfunction warnings. Data collection is of 

paramount importance to identify potential issues before 

they manifest as faults. Hardware components within the 

BMS, such as sensors, make it easier to measure battery 

voltage and current. The general block diagram of a BMS is 
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illustrated in Fig. 7.A BMS comprises various functional 

units, including cell voltage balancing, temperature 

monitoring, current sensing, and communication interfaces. 

Cell voltage balancing guarantees that each battery pack's 

individual cells are are maintained at consistent voltage 

levels, maximizing the overall pack performance and 

extending its lifespan. Temperature monitoring is crucial for 

preventing overheating and managing thermal conditions 

within the battery. Current sensing enables accurate 

measurement and monitoring of the battery electric current 

is going in and out. Communication interfaces facilitate the 

information transfer between external devices and the BMS 

such as the vehicle's control system or a battery management 

network. To protect the battery from potentially harmful 

circumstances, the BMS also includes safety functions 

including over-current protection, over-voltage protection, 

and under-voltage protection. Furthermore, The BMS is in 

charge of managing the charging and discharging 

procedures, ensuring they are carried out within safe and 

optimal parameters.
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FIGURE 7. Battery management system functional block diagram 

In the market, there exist various types of integrated BMS 

chips that offer different functionalities. These chips are 

designed to perform specific tasks within the BMS 

architecture. Some of the common functional components 

found in BMS chips are a fuel gauge monitor, a cut-off field 

effect transistor, a cell voltage monitor, a state machine, 

temperature monitors, and a real-time clock [8]. The 

organization and integration of these components can vary 

depending on the specific BMS chip. BMS chips can range 

from simpler analog front ends with microcontrollers 

capable of monitoring and balancing to fully integrated 

solutions that can operate autonomously. The level of 

integration and complexity depending on the applications 

needs the desired functionality of the BMS. In EVs, Different 

types of actuators, controllers, and sensors can be included 

in BMS. These components work together to ensure the safe 

and wide range of actuators, controllers, and sensors can be 

used with BMS. The BMS also performs accurate 

monitoring of battery parameters, providing valuable 

information for battery health assessment, state of charge 

estimation, and overall battery performance optimization [9]. 

In terms of hardware architecture, there are three basic types 

of topologies that are frequently employed in BMS: modular 

architectures, centralized systems, and distributed systems. 

BMS can also be categorized according to the particular 

features they have [10]. These ideas offer a comprehensive 

framework with fundamental functionality for BMS design. 

Within the battery pack, various sensors are strategically 

placed to collect data at the monitoring layer [11]. All of the 

battery pack's elements and the vehicle control processor are 

connected to the BMS. Safety has always been a top priority 

for BMS. The suggested BMS designs, however, use more 

sensors than the safety circuits now in use, allowing for 

improvements like accurate warnings and controls to prevent 

overcharging, over discharging, and overheating. A system 

of sensors is necessary to track and quantify battery 

properties such cell voltage, current, and temperature. 

However, the practical viability of these measurements is 

hindered by space limitations and the cost of devices.  As a 

result, accurate measurements of current, temperature, and 

voltage are crucial to improving state tracking capabilities in 

practical applications. Based on these data, SOC, SOH, State 

estimations were been obtained. Also the surface 

temperature is measured to attain the thermal characteristic 

and the impact of temperature with the battery SOC and SOH 

were obtained. Along with this the battery joint state 

estimation has been measured using the above two data. This 

joint state estimation is a important measure for the battery 

to effectively manage and operate the battery and increases 

the battery life span in different types of applications such as 
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electric vehicles, renewable energy storage, and so on. These 

attained parameters has been used for defining the charging 

behavior, fault monitoring, fault/abnormal detection, 

predictive control and fault diagnosis. The various steps like, 

obtaining the appropriate data, modeling, data collection, 

and data storage as shown as a block diagram in Fig.8. 

 
FIGURE 8. Key Technologies of BMS 

One part of the system that controls the charge-discharge 

cycle is the charge controller.  A variable resistor could be 

needed to maintain cell balance or check internal resistance. 

Cell balancing management, which aims to balance the 

battery pack's cells and accurately gauge the battery health, 

is one of the most crucial design factors. BMS subsystems 

must communicate internally because they are independent 

modules. A Controller Area Network (CAN) bus is used as 

the main means of communication within the BMS for the 

transfer of data. . By implementing intelligent batteries with 

embedded microchips that can communicate with users and 

chargers, more information can be obtained. In order to 

increase connection between the battery and charger, radio 

and communication technologies are also being rapidly 

included into charging systems. Because temperature 

variations can have an impact on cell imbalance, 

dependability, and performance, a thermal management 

module is required. Reduced temperature differences 

between cells are critical, ensuring they operate under 

appropriate temperature conditions to maintain optimal 

performance and longevity. Different sensors, actuators, 

controllers, and signal lines are all included in BMS. Its main 

job is to make sure that the battery stored energy is used 

safely and optimally while giving the car's energy 

management system reliable information about the battery 

condition.  In the sample circuit depicted in Fig.6 [115], 

Using the gating signal that is received from the control 

circuit as a starting point, the primary goal is to measure 

current, voltage, and temperature.  The control circuit utilizes 

advanced algorithms to estimate the SOC, SOH, SOP, and 

SOL of the batteries. These estimates are obtained from 

measurements of battery current, voltage, and temperature, 

which are converted from analog signals. The resulting 

information is then sent to the vehicle controller, giving key 

deciding elements for the management and distribution of 

power in vehicles [12-14]. The functionality of a BMS can 

be categorized as follows [15]: 

1. Protection: This entails preventing the battery from being 

damaged by high temperatures, overcharging, 

overcurrent, and short circuits. 

2. In the field of "high-voltage control and sensing," tasks 

including measuring temperature, voltage, current, 

thermal management, contactor control, pre-charge 

functionality, and ground-fault detection are included.  

3. Diagnostics: The SOL estimate, SOH estimation, and 

abuse detection functions of the BMS are used to assess 

the battery overall health and condition. 

4. Performance Management: This encompasses tasks such 

as power-limit computation, cell balancing or 

equalization, and SOC estimation, which is crucial for 

optimizing battery performance. 

5. Interface: The BMS facilitates data recording, reporting, 

communications, and range estimation, allowing for 
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effective communication and integration with other 

vehicle systems. 

By fulfilling these functions, the BMS ensures the battery 

system's effectiveness, dependability, and safety while 

providing essential information for the management and 

utilization of vehicular energy 

 
FIGURE 9. Classification of electrochemical energy storage sources 

TABLE 2. 
KEY DETAILS OF BATTERIES USED IN EV [1] 

Battery 

Type 

Nominal 
Voltage 

(V) 

Power 
Density 

(W.kg-1) 

Energy 
Density 

(W.h.kg-1) 

Charging 
Efficiency 

(%) 

life cycle 
Self-Discharge 

rate (%.month-1) 

Charging 
Temperature 

(°C) 

Discharging 

Temperature (°C) 

Li-ion 3.2-3.7 250-680 100-270 80-90 600-3000 3-10 0 to 45 -20 to 60 

NiCd 1.2 150 50-80 70-90 1000 20 0 to 45 -20 to 65 

Lead 

Acid 
2.0 180 30-50 50-95 200-300 5 -20 to 50 -20 to 50 

NiMH 1.2 250-1000 60-120 65 300-600 30 0 to 45 -20 to 65 

III. BATTERY TYPES IN EV 

Various types of batteries can be utilized as the power EV 

applications as given in Fig. 9. The BMS consists of multiple 

functional modules. In this study, popular battery types and 

key BMS technologies are analysed and condensed. 

According to their capacity for charging, batteries can be 

divided into two general categories: primary batteries and 

secondary batteries. Secondary batteries can be recharged 

following the discharge process, however primary batteries 

can only be used once after being entirely depleted. 

Secondary batteries with a high cycle life, a low power 

density, a low energy loss, and sufficient safety levels are 

required for EV and HEV applications. Some commonly 

used battery types in EVs include Li-ion, lead acid, nickel-

cadmium (NiCd), and NiMH, among others and the 

evolution of the batteries with respect to its timeline is shown 

in Fig. 10. Key details for these well-liked battery types are 

presented in Table 2. This clearly demonstrates that Li-ion 

batteries exhibit significant advantages over other types, in 

terms of their longer cycle life, which is essential for 

ensuring long service life in EVs (typically 6-10 years)[3]. 

Additionally, Li-ion batteries are made of environmentally 

acceptable components, don't emit any hazardous gases, and 

provide a high level of safety. As a result, Li-ion batteries are 

now the most widely used kind of EV power. Lithium-based 
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batteries have the highest cell potential and the lowest 

reduction potential when compared to other elements as 

given Table 3. Lithium is one of the single-charged ions with 

one of the smallest ionic radii, making it the third-lightest 

element in terms of mass. These qualities allow Li-based 

batteries to attain high power density, gravimetric capacity, 

and volumetric capacity [16]. The Li-ion battery exhibits an 

energy density range of 200-250 Wh/kg and boasts a high 

columbic efficiency of nearly 100% [17]. It is also free from 

memory effect. Due to its superior energy and power density 

compared to lead-acid and Ni-Cd batteries, lithium-ion 

batteries are now the preferred choice. It is widely utilised in 

many different products, such as electric automobiles, power 

equipment, and portable gadgets [18-20]. Li-ion battery 

development is ongoing with the goal of increasing their 

cycle life and safety in both normal and abusive situations 

[21], and overall performance characteristics. In the pursuit 

of higher energy density for electric vehicles, researchers 

have explored alternative electrochemical energy storage 

systems. One such technology is the lithium-sulfur (Li-S) 

battery, which offers advantages for instance, increased 

energy density, enhanced security, a larger operational 

temperature range, and maybe lower prices due to the 

abundance of sulfur. These factors make Li-S batteries a 

promising option for EV applications [22]. Energy density 

and specific energy of various batteries at cell level is shown 

in Fig. 11. However, widespread commercialization of 

lithium-sulfur technology has not yet been achieved due to 

certain limitations. These excessive discharge current, self-

discharge, poor cycle life and capacity decline brought on by 

cycling, low columbic efficiency, uncontrolled dendrite 

development, and other factors 
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FIGURE 10. Milestones and foresight of battery Technologies 

TABLE 3. 
LI-ION BATTERY TYPES [67] 

Battery Types 
Cathode 

Material 

Anode 

Material 

Nominal 

Voltage 

(V) 

Life 

Cycle 

Energy 

Density 

(Wh.L-1) 

Cost Safety 

Lithium Iron Phosphate 

(LiFePo4) 
LiFePo4 Graphite 3.2 High Low High Safest Li-ion cell Chemistry 

Lithium Cobalt oxide 

(LiCoO2) 
LiCoO2 Graphite 3.6 Medium High Low Highest safety concern 

Lithium Nickel Manganese 

Cobalt oxide (LiNiMnCoO2) 
LiNiMnCoO2 Graphite 3.6 Medium High Medium Good Safety 

Lithium Manganese oxide 

(LiMnO2) 
LiMnO2 Graphite 3.7 Low Low Medium Good Safety 
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Lithium Nickel Cobalt 

Aluminum oxide 

(LiNiCoAlO2) 

LiNiCoAlO2 Graphite 3.6 Medium High Medium Safety Concern Required 

A. Battery Technologies beyond Lithium 

Extensive research has been done on battery technologies 

other than lithium as LIBs get close to their natural limits in 

terms of specific energy and energy density. Three different 

battery types have developed as alternative technologies in 

recent decades: 

1) 3.1.1 METAL/AIR BATTERIES 
Anodes made of metal and cathodes made of air are used in 

metal/air batteries. The energy capacities of these batteries 

are primarily determined by the anode capacity and the 

handling process. Despite this limitation, they offer 

exceptionally high energy density and specific energy, with 

maximum values of 400 and 600 Wh/L, respectively. 

Zinc/air, aluminum/air, iron/air, magnesium/air, calcium/air, 

and lithium/air batteries are only a few examples of the 

several kinds of metal/air batteries that are available.  These 

batteries can be classified as primary (non-rechargeable), 

electrically rechargeable, or mechanically rechargeable. 

Among them, mechanically rechargeable batteries provide 

the convenience of refueling and recycling. 

2) SODIUM-BETA BATTERIES  

High energy density is a well-known characteristic of 

sodium-beta batteries, although researchers have 

successfully developed only two technologies in this field. 

These include sodium/sulfur (Na/S) batteries and 

sodium/metal chloride (Na/MCl2) batteries. These batteries 

must function at high temperatures between 270 and 350 °C 

in order to achieve the necessary ionic conductivity.  
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FIGURE 11. Energy density and specific energy of various batteries at 
cell level 

3) SODIUM/METAL CHLORIDE (NA/MCL2) BATTERY  

Na/MCl2 batteries use transition metal chloride as the 

cathode material. In particular, Na/FeCl2 and Na/NiCl2 

batteries are made using iron chloride and nickel chloride, 

respectively. Among these, the Na/FeCl2 battery has 

undergone more significant development compared to the 

Na/NiCl2 battery. The Na/NiCl2 battery offers several 

advantages, including increased power density, a wider 

working temperature range, and less corrosion of metallic 

elements.  

4) SODIUM/SULFUR BATTERY  

The Na/S battery uses beta-alumina ceramic electrolyte, 

sodium anode, and sulphur cathode. However, the 

performance of Na/S batteries tends to decline as the internal 

resistance increases, which is further exacerbated by deeper 

discharges. In recent research, there has been exploration 

into room-temperature Na/S batteries that demonstrate 

robust and consistent cycling performance [118-119]. 

IV. BATTERY MODELLING 

The core of BMS design is building an accurate battery 

model, which is essential for estimating the battery status. 

Battery models vary in terms of accuracy and complexity, 

with three primary categories: battery electric models, 

battery thermal models, and battery coupled models, as 

illustrated in Fig. 12. 

A. Battery Electric Model 

The models that need batteries include electrochemical 

models [23-27], equivalent circuit models [28-42], and data-

driven models [43-65]. 

1) ELECTROCHEMICAL MODEL (EM)  

Electrochemical models describe battery behavior by 

utilizing partial differential equations that consider 

electrolyte concentration, electrode size, and electrochemical 

processes within the battery. While electrochemical models 

provide precise battery parameters, they require significant 

computational power and time to solve multiple equations 

pertaining to the battery current, temperature, electrolyte 

concentration, solid concentration, open circuit potential, 

over potential, and electrolyte potential, and more. 

Implementing them in real-time applications is challenging. 

Researchers have proposed various approaches to address 

these challenges. Doyle et al. [24] introduced a Pseudo-2-D 

(P2D) electrochemical model, however because there are so 

many nonlinear equations, it takes longer to simulate and It 

reduces the effectiveness of its computation for BMS 

applications. Domenico et al. [25] developed a reduced-order 

electrochemical model by instead of taking into account its 

dispersion throughout the electrodes, averaging the solid 

electrolyte concentration, enabling real-time implementation 

on board buses. However, parameter identification remains a 

difficult task. Ahmed et al. [26, 27] employed a SOC 

estimation and genetic algorithms are used to identify 
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parameters, but the model's accuracy is compromised due to 

assumptions made to reduce its order. Han et al. [28] 

provided a rough model that keeps track of the diffusion 

process and how electrolyte concentration is distributed 

inside the battery. Zou et al. [29] A reduced-order model 

based on singular perturbation and averaging theory was 

presented for Li-ion battery SOC estimation and discharging 

capacity forecasting. This model simplification approach is 

applicable to all battery types. However, building a high-

fidelity model that takes into account age, capacity fading, 

and temperature increases complexity while also improving 

accuracy. Table 4 compares various electrochemical battery 

model types in a brief manner. 

 
FIGURE 12. Types of Battery modelling 

2) EQUIVALENT CIRCUIT MODEL (ECM)  

The electrical activity of the battery is modeled by the ECM 

using electrical elements including voltage sources, resistors, 

and capacitors. A high-value capacitor [25] or a regulated 

voltage source serves as ECM representation of the battery 

Open Circuit Voltage (OCV), a vital metric for state 

estimation approaches [26]. The Rint model, Thevenin 

model, PNGV model, and GNL-model are examples of 

analogous circuit models that are frequently employed, as 

illustrated in Fig. 13. The Rint model, which represents the 

battery as a voltage source with series resistance, is the 

simplest basic ECM [28]. However, this simple model is not 

capable of accurately capturing the specific characteristics of 

batteries used in EVs. To enhance the representation of 

battery dynamics, the Rint model is extended by 

incorporating a single Resistance-Capacitance (RC) parallel 

network, resulting in the widely used Thevenin model [29]. 

The dynamic behavior of batteries is well captured by the 

Thevenin model. The Partnership for a New Generation of 

Vehicles (PNGV) model, or FreedomCar model a modified 

variation of the Thevenin model, includes a fictive capacitor 

to account for variations in OCV [31-32]. The PNGV model 

consists of OCV, polarization resistance, a capacitor, an 

imaginary capacitor, and an ohmic resistance [33]. While the 

PNGV model is suitable for low SOC areas, it may not 

accurately represent high SOC regions. Resistance-

Capacitance (RC) network-based models are among the 

several ECM models explored in the literature that have 

found widespread use for online applications. 
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FIGURE 13. The following Li-ion battery models are: (a) Rint model (b) 
Thevenin model (c) PNGV model (d) GNL-model 

TABLE 4. 
COMPARISON OF VARIOUS ELECTROCHEMICAL MODELS OF BATTERY 

 

S.No Model Merits Demerits 

1 Extended Single Particle (ESP) Model. 

The electrode is reduced to a single active 

particle. PDEs are solved using the 

approximate solution method or curve fitting. 

Increases the effectiveness of computation. 

The complexity of the model rises  

2 
Reduced order model or Single particle 

(SP) model 

Simple model that reduces the electrode to a 

single particle and ignores the liquid phase.  

The solid-phase Li-ion concentration 

in the SP model still requires the 

solution of radial-domain PDEs. 

Precision at high C rates is lacking.  
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3 
P2D electrochemical model or Doyle-Fuller- 

Newman (DFN) Electrochemical battery model. 
High accuracy High Computational Complexity 

TABLE 5. 
MODELS OF VARIOUS RC NETWORK-BASED EQUIVALENT CIRCUITS [23] 

Circuit Diagram Equations for Respective models Specifiers  

One RC Network 

R0

Load
+

-
OCV (SOC)

C1

R1

VBat

t

IBatt

 

 

VBatt = OCV (SOC) − IBatt ∗ R0 − V1 

 

V1 = (
Q

C1

+ IBatt ∗ R1) exp (
−1

R1 ∗ C1

) − IBatt ∗ R1 

OCV, R0, R1, C1 

Two RC Network 

R0

Load
+

-
OCV (SOC)

C1

R1

VBat

IBatt

C2

R2

 

VBatt = OCV (SOC) − IBatt ∗ R0 − V1 −  V2 

 

V1 = (
Q

C1

+ IBatt ∗ R1) exp (
−1

R1 ∗ C1

) − IBatt ∗ R1 

 

V2 = (
Q

C2

+ IBatt ∗ R2) exp (
−1

R2 ∗ C2

) − IBatt ∗ R2 

OCV, R0, R1,  

C1, R2, C2 

Three RC Network 

R0

Load
+

-
OCV (SOC)

C1

R1

VBat

IBatt

C2

R2

C3

R3

 

VBatt = OCV (SOC) − IBatt ∗ R0 − V1 −  V2 − V3 

 

V1 = (
Q

C1

+ IBatt ∗ R1) exp (
−1

R1 ∗ C1

) − IBatt ∗ R1 

 

V2 = (
Q

C2

+ IBatt ∗ R2) exp (
−1

R2 ∗ C2

) − IBatt ∗ R2 

V3 = (
Q

C3

+ IBatt ∗ R3) exp (
−1

R3 ∗ C3

) − IBatt ∗ R3 

OCV, R0, R1, C1, 

 R2, C2, R3, C3  

 
 
 

These models include the one RC network ECM [34,35], two 

RC network ECM [36-38], and three RC network ECM [39-

40]. Table 5 lists the model equations and parameters in 

accordance with circuit theory. The two RC network model 

is one of them. It is particularly notable for its high accuracy 

in predicting the relationship between input current and 

output voltage (I-V), as well as the charging and discharging 

times of the battery. Since batteries are nonlinear systems, 

their dynamics vary under different operating conditions 

such as SOC, temperature, and charging/discharging rates. 

Therefore, parameterizing the model becomes an 

"identification problem" or "optimization problem" to fit the 

model to measured data [41-42]. The SOC, temperature, and 

charge-discharge rate of the battery must all be taken into 

account when updating the model parameters because the 

ECM circuit parts do not accurately reflect batteries 

physically. 

3)  DATA DRIVEN MODEL (DDM)  

Data-driven models (DDMs) offer a more efficient 

alternative to ECM and EM models, with the ability to 

approximate highly nonlinear battery characteristics. DDMs 

rely on data and computational intelligence to describe 

battery behavior, without the need for prior understanding of 

the battery internal structure. Various types of DDMs, such 

as Artificial Neural Network (ANN) [43], Adaptive Neuro-

Fuzzy Inference Systems (ANFIS) [44], Deep Neural 

Network (DNN) [45], and Support Vector Machine (SVM) 

[46-48], have been employed for battery modeling, as shown 

in Fig. 20. DDMs have several advantages, particularly in 

situations where: [49]  

1. The controlled system has no known global 

mathematical model.  

2. Unknown is the controlled system entire global 

mathematical model. 
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3. Building a mathematical model to depict the controlled 

system with an undetermined structure while it is in 

operation is not practical. 

4. The Regulated System’s Mechanism model has too 

many parameters, is overly complicated, or is difficult 

to study and create using conventional methods. 

In these cases, a data-driven control approach, facilitated by 

DDMs, can provide significant benefits by accurately 

capturing the behavior of the system without relying on a 

known mathematical model as given in Table 6. Modeling 

batteries accurately is challenging using traditional methods 

like ECM and EIM internal chemical processes and hazy 

environmental operating conditions. Black-box models, on 

the other hand, offer benefits like parallel distributed 

processing, high computation rates, fault tolerance, and the 

capacity to adapt to deal with this complexity by utilizing the 

nonlinear connection of input data for training. Fuzzy 

systems' subjectivity and flexibility are combined with 

neural networks' capacity for learning in ANFIS [45]. The 

inherent multiple-model structure of the T-S fuzzy model 

allows it to manage the nonlinear dynamics of batteries. 

Black-box models, on the other hand, produce accurate 

results. Rule-based modeling, however, has accuracy that 

varies with the number of rules at the cost of increased 

computational complexity and limited interpretability. SVM, 

on the other hand, uses a small number of samples with the 

kernel trick to describe system dynamics [46]. 

TABLE 6. 
COMPARISON OF DDM OF BATTERY 

Ref Model Parameters 

Training 

Algorithm / 

Optimizer 

Activation 

Function 
Merits Demerits 

Ben sassi 

et al., [52] 

Feed Forward 

Neural Network 

(FFNN) 

Hidden 

Neurons 
Gradient descent 

Hyperbolic 

tangent 

sigmoid 

activation 

function 

It is easy to implement 

and doesn't require a lot 

of computational power 

or a protracted learning 

process.  

The FFNN output is solely 

dependent on the input at hand, 

and because it is unable to 

accurately model temporal 

information, it cannot be used to 

solve time sequence problems 

like SOC estimate.  

Hannan et 

al., [53] 

Back 

Propagation 

Neural Network 

(BPNN) 

Learning Rate, 

No. of Hidden 

Layers, No. of 

Neurons 

Levenberg– 

Marquardt (LM) 

algorithm and 

back tracking 

Search algorithm 

(BSA) 

Sigmoid easy to use and adaptable  

The universality and robustness 

are insufficient. Data overfitting, 

slow convergence, and 

vulnerability to local minima 

trapping.  

Du et al., 

[59], 

Hossain 

Lipu et al., 

[60] 

Extreme 

Learning 

Machine (ELM) 

Hidden 

Neurons 

Moore-Penrose 

generalized 

inverse 

operation 

Sigmoid 

function 

Good. Generalization 

Performance, and fast 

learning. The model's 

parameters don't need to 

be adjusted during 

training.  

Performance highly depends on 

training Accuracy. 

Cui et al., 

[55] 

Wavelet Neural 

Network 

(WNN) 

Hidden 

neurons, 

Wavelet 

translation and 

dilation 

parameter 

Levenberg 

Marquardt 

Weights 

Morlet wavelet 

function 
Easy learning 

To improve accuracy, it is need 

to add more layers and neurons.  

Nagulapati 

et al., [56], 

Deng et 

al., [57], 

Babaeiyaz

di et al.,  

[58] 

Gaussian 

Process 

Regression 

(GPR) 

Amplitude of 

Kernel 

function, 

length scale of 

the distance 

measure 

Kernel Function 

Squared 

exponential 

kernel function 

(RBF kernel) 

Ability to adjust 

hyperparameter values 

using nonparametric 

modelling and 

probabilistic prediction  

The size and diversity of the 

dataset have an impact on the 

model's accuracy.  

Weng et 

al., [48] 

Support Vector 

Regression 

(SVR) 

Kernel function 

& 

regularization 

parameter 

Logistic 

regression 

Gaussian 

radial RBF 

kernel 

Simple structure, 

computationally 

efficient prognostic 

algorithm 

Less precise than GPR The 

training model is dependent on 

the relationship between the 
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features in the training data and 

the target data.  

Khumpro

m et 

al.,[45] 

DNN 
Learning rate 

and momentum, 

dropout rate 

Back-

propagation 

stochastic 

gradient 

Descent 

Relu 

Activation 

Function 

Simple to execute, a 

respectable degree of 

generalisation, and 

precise outcomes for 

intricate Applications.  

High computational time and 

more resources are required 

Zhang et 

al., [54] 

Radial Basis 

Function Neural 

Network 

(RBFNN) 

Gauss Function 

Centre, Weights 

Stochastic 

gradient 

Radiated 

Gaussian 

kernel 

function 

Global approximation, 

quick learning and 

training, and 

interpolation mastery 

Slow-paced training  

Wu et 

al.,[61] 

Recurrent 

Neural Network 

(RNN) 
      - 

Grid search and 

the adaptive 

moment 

estimation 

method 

- 

It can learn 

characteristics and time 

dependencies from 

sequential data using its 

internal state (memory). 

Limitation in capturing the 

length of the data; Not suitable 

for long-term sequences due to 

exploding gradient  

Hasan et 

al.,[62] 
NARX 

Hidden  

neurons 

and delay for 

input and 

Feedback. 

Levenberg 

Marquardt 
Sigmoid 

Can model the temporal 

information (changes in 

input/output over time) 

in a given time series 

Accuracy depends on no. of 

previous inputs and feedback 

outputs 

Li et 

al.,[63] 
GRU-RNN 

Time step, 

sampling 

interval, batch 

size, iteration, 

Weights and 

biases of 

network 

Back 

propagation 

through time 

(BPTT) 

Sigmoid  

Overcomes the issue of 

the short-term 

dependency of the 

simple RNN, more 

robust to Vanishing 

gradients,  

The performance of GRU-RNN 

Increases with the hyper 

parameters such as time step 

and iteration as well as the 

training data size 

Zhang et 

al.,[64] 

Yang et 

al.,[65] 

LSTM-RNN 

Mini batch size, 

Learning rate, 

gradient 

Threshold, no. 

of nodes in the 

layer. 

BPTT and 

Adaptive 

moment 

(ADAM) 

method. 

Hyperbolic 

Tangent 

Function 

Capture longer 

sequences of 

information without 

Gradients vanishing. 

More training time and 

complex training process 

  

 Although SVM has a simpler design than ANN, it requires 

solving a Costly optimization in terms of computing problem 

to determine kernel parameters. The RBF kernel is 

commonly used due to its strong generalization capability 

[50]. However, SVM struggles with handling large amounts 

of data, making SOC estimation and It might be difficult to 

estimate SOH for battery packs. SVM, ANN, DNN 

techniques use machine learning algorithms to forecast 

nonlinear parameters and estimate battery SOC based on 

statistical data. Among these, DNN outperforms ANN and 

SVM [45]. DDM necessitates intensive calculations for real-

time understanding of battery properties by means of training 

and data-acquisition procedures. In all the aforementioned 

methods, data preprocessing and noise removal are essential. 

The computational complexity associated with DDMs can 

pose obstacles in economic applications. Data collection is 

vital for developing accurate DDMs, as these models require 

a large amount of training data. As batteries are increasingly 

deployed across various applications, their degradation rates 

vary under different operating conditions, necessitating 

application-specific data for accurate battery modeling [51].  

To mitigate the time and cost associated with data collection, 

researchers can utilize publicly available data instead of 

conducting extensive experiments. To increase accuracy 

while lowering complexity, care should be taken when 

choosing the right model, model parameter type, and 

parameter identification procedure. Table 7 provides a 

performance comparison of different battery models, 

highlighting their strengths and weaknesses. Overall, both 

accuracy and simplicity are critical considerations when 

selecting a battery model for BMS design. 

 
TABLE 7. 

COMPARISON OF VARIOUS BATTERY MODELS 
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S.No Model Merits Demerits 

1  EM High accuracy, fully explains the battery 

electrochemical reaction  

Model complexity, high computational power requirements, and 

unsuitability for online control tasks  

2 ECM 
Simple model, real-time implementation  

Lacking information about a battery intrinsic features, inferior to other 

models in accuracy  

3 DDM High nonlinear prediction capability, simplicity of 

implementation, and applicability for online applications  

Large computational complexity, accuracy completely dependent on 

training data quality, and high storage requirements  

  

B. Battery Thermal Model 

Due to its large impact on battery performance and lifespan, 

thermal behavior, in particular temperature, is a vital 

component of EV BMS [68]. To accurately represent the 

thermal behavior of batteries, a variety of models have been 

created, including heat transfer models, heat generation 

models, reduced-order thermal models, and data-driven 

models. The distribution of elements including activation, 

concentration, and ohmic losses, which vary within the 

battery, are taken into consideration by different 

methodologies used by heat production models to 

characterise heat generation in batteries. Abada et al. [69] 

presented a thermal model for the thermal management 

system of a Li-ion battery pack, based on the energy balance 

between heat generation and heat dissipation. The thermal 

model can be represented by the following equation: 

𝑑

𝑑𝑡 
 𝑄𝑎𝑐𝑐𝑢 =  𝜌𝐶𝑝  

𝜕𝑇

𝜕𝑡
=  

𝑑

𝑑𝑡 
 𝑄𝑔𝑒𝑛 − 

𝑑

𝑑𝑡 
 𝑄𝑑𝑖𝑠                       (1) 

In this equation 𝜌, 𝐶𝑝, t, and T are the cell density, heat 

capacity, time and cell temperature respectively. In addition, 

𝑄𝑔𝑒𝑛 , 𝑄𝑎𝑐𝑐𝑢 , and 𝑄𝑑𝑖𝑠 are the accumulated heat, generated 

heat, and dissipated heat, respectively. 𝑄𝑔𝑒𝑛 encompasses 

the heat produced by chemical reactions that is both 

reversible and irreversible. 𝑄𝑑𝑖𝑠 includes heat-transferring 

processes like conduction, convection, and radiation, The 

electrochemical-thermal model and the electro-thermal 

model were developed on the basis of this thermal model as 

summarized in Table 8. [70, 71]. They take into account 

things like chemical processes, ion mobility in the solid 

electrolyte interphase (SEI), over potentiation at the reaction 

surface, Ohmic loss in electrodes, and entropy during 

charging and discharging when analyzing the thermal 

behaviour of batteries. Table 9 lists the symbols and 

characteristics related to the electrochemical-thermal model. 

The electrochemical-thermal model provides a 

comprehensive understanding of battery operation by 

considering both electrochemical and thermal aspects. 

However, one drawback of this model is its high 

computational burden, which arises from the large number 

of equations required to accurately predict battery 

temperature 

TABLE 8. 
COMPARISON OF ELECTROCHEMICAL-THERMAL MODEL AND THE ELECTRO-THERMAL MODEL 

Item Electrochemical-thermal model [70] Electro-thermal model [71] 

Heat 

Generation  

Over-potentiation at the reaction surface: 𝑞𝑟𝑥𝑛 =  
𝑉𝑐𝑎

𝑉𝑏𝑎𝑡𝑡
 

𝑅𝑇

𝜀𝑐𝑎
2  𝐹2 √𝑘𝑐𝑘𝑎 (𝐶𝑠,𝑚𝑎𝑥− 𝐶𝑠 )𝐶𝑠 

𝐼2 

Reversible heat: 𝑞𝑟𝑒𝑣 = 𝐼𝑇
𝜕𝑈

𝜕𝑇
 

Ohmic loss in the electrode: 𝑞𝑜ℎ𝑚 =  
𝜀𝑒𝑙𝑒𝑐 𝑉𝑒𝑙𝑒𝑐

𝑉𝑏𝑎𝑡𝑡
 

1

𝐴2𝜎𝑒𝑓𝑓
 𝐼2 

Ion transport in the SEI and electrolyte: 𝑞𝑡𝑟𝑎𝑛𝑠 =  
𝐼2

𝜎𝑆𝐸𝐼𝐴2 +  
𝜀𝑠𝑝 𝑉𝑠𝑝

𝑉𝑏𝑎𝑡𝑡

𝐼2

𝐴2 𝐾(2+𝑡)
 

Irreversible heat: 𝑞𝑖𝑟𝑟𝑒𝑣 = 𝐼(𝑈 − 𝑉) =  𝐼2 𝑅 

Entropy: 𝑞𝑟𝑒𝑣 =  
𝑉𝑐𝑎

𝑉𝑏𝑎𝑡𝑡
 𝑎𝑖 . 𝑇 

𝜕𝑈

𝜕𝑇
 

Irreversible heat: 𝑞𝑖𝑟𝑟𝑒𝑣 =  
𝐼2

𝜎𝑒𝑞𝐴2 +  
𝐼

𝜀𝑐𝑎 𝑉𝑏𝑎𝑡𝑡
 𝑇 

𝜕𝑈

𝜕𝑇
  

Total heat generation:𝑞𝑔𝑒𝑛 = 𝐼(𝑈 − 𝑉)–IT 
𝜕𝑈

𝜕𝑇
  

Total heat generation: 𝑞𝑔𝑒𝑛 = 𝑞𝑟𝑥𝑛 +  𝑞𝑜ℎ𝑚 +  𝑞𝑡𝑟𝑎𝑛 + 𝑞𝑟𝑒𝑣 

Heat 

Dissipation 

Conduction: 𝑄𝑐𝑜𝑛𝑑 =  −𝑘𝐴 
𝑑𝑇

𝑑𝑥,𝑦,𝑧
  

 

Convection: 𝑄𝑐𝑜𝑛𝑣 = ℎ𝐴 (𝑇𝑠𝑢𝑟𝑓𝑎𝑐𝑒 −  𝑇𝑒𝑛𝑣𝑖𝑟𝑜𝑛𝑚𝑒𝑛𝑡  ) 

Radiation: 𝑄𝑟𝑎𝑑 =  휀𝐴𝜎 (𝑇ℎ𝑜𝑡
4 − 𝑇𝑐𝑜𝑙𝑑

4 ) (neglect in common temperature regions for 

commercial battery) 
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C. Battery coupled electro-thermal model 

There have been several coupled electro-thermal models 

established to capture the strong coupling between battery 

electric and thermal behaviors. These models allow for the 

simultaneous consideration of battery electric parameters 

(e.g., voltage, current, SOC) and thermal parameters and 

behaviours Shown in Fig.14. (e.g., surface and internal 

temperature). There have been several developed linked 

electro-thermal models have been proposed in the literature 

to achieve this coupling [70–72]. For instance, Goutam et al. 

[73] established a three-dimensional electro-thermal model 

that determines heat generation and calculates battery SOC. 

A three-dimensional temperature distribution model plus a 

two-dimensional potential distribution model make up this 

model. By utilizing this coupled model, battery SOC and 

temperature distribution can be effectively determined under 

both constant and dynamic currents. 
TABLE 9. 

ELECTROCHEMICAL THERMAL MODEL PARAMETERS AND SYMBOLS 

Symbol Parameter 

𝑉𝑐𝑎 Volume of cathode 

𝑉𝑏𝑎𝑡𝑡 Volume of battery 

𝑉𝑒𝑙𝑒𝑐 Volume of anode 

𝑉𝑠𝑝 Volume of separator 

휀𝑐𝑎 Porosity of cathode 

휀𝑒𝑙𝑒𝑐 Porosity of anode 

휀𝑠𝑝 Porosity of separator 

𝑘𝑐 Kinetic constant of cathode 

𝑘𝑎 Kinetic constant of anode 

A Area 

𝜎𝑒𝑓𝑓 Effective electrical conductivity 

𝜎𝑆𝐸𝐼  Solid phase conductivity 

𝜎𝑒𝑞 Equivalent conductivity 

𝐶𝑠  Concentration of intercalated Li 

k Ionic conductivity 

a Specific area 

i Current density 

F Faraday constant 

 

In another study [74], a Batteries with three distinct cathode 

materials were used to validate a simplified low-temperature 

electro-thermal model. This reduced model demonstrates 

sufficient accuracy and enables the development on Under 

low-temperature circumstances, quick heating and optimal 

charging techniques. Basu et al. [75] used a linked three-

dimensional electro-thermal model to investigate the impacts 

of various battery operations, such as coolant flow rate and 

discharge current, on battery temperature.  Through the 

analysis of this coupled model, it was observed that contact 

resistance plays a vital role in determining battery 

temperature. 
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FIGURE 14. Schematic view of Li-ion battery pack 

In another study [74], a Batteries with three distinct cathode 

materials were used to validate a simplified low-temperature 

electro-thermal model. This reduced model demonstrates 

sufficient accuracy and enables the development on Under 

low-temperature circumstances, quick heating and optimal 

charging techniques. Basu et al. [75] used a linked three-

dimensional electro-thermal model to investigate the impacts 

of various battery operations, such as coolant flow rate and 

discharge current, on battery temperature.  Through the 

analysis of this coupled model, it was observed that contact 

resistance plays a vital role in determining battery 

temperature. 

V. STATE OF CHARGE 

Battery charging requires careful consideration and effective 

measures to ensure a smooth and efficient process. The SOC 

is a crucial factor in battery operation, representing the level 

of charge relative to the battery capacity as shown in Fig. 15. 

comparable to a fuel gauge in a gasoline-powered car, SOC 

indicates the remaining amount of energy in a battery to 

power an EVs. Various critical performance aspects, such as 

range and fuel economy, heavily depend on SOC. SOC is 

typically expressed as a percentage (0% = empty; 100% = 

full) and is commonly used to define a battery current status 

while it is in operation.  

0

max

( )
 % = 100

Q Q
SOC

Q


     (2) 

The SOC calculation can be performed using Equation (2), 

where 𝑄0 (mAh) is the battery initial charge. Q (mAh) is the 

quantity of electricity delivered by or supplied to the battery. 

it is negative during the discharge and positive during the 

charge. 𝑄𝑚𝑎𝑥 (mAh) is the maximum charge that can be 

stored in the battery. The determination of battery SOC is a 

fundamental aspect of BMS. Accurate and reliable SOC 
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estimation is crucial for vehicle energy management and the 

optimal design of control systems. To achieve real-time SOC 

estimation, numerous methods have been proposed. To 

provide a more detailed comparison of these methods, they 

can be categorized into four groups, as illustrated in Fig. 16. 

Charge Discharge

SOC = 80% SOC = 25%

 

FIGURE 15. Charging and Discharging Process of Battery 

Battery SOC estimate is an essential component of battery 

management systems, and fusion models and algorithms 

may greatly improve SOC prediction accuracy by merging 

data from many sources. Here are a few fusion models and 

methods that are frequently employed for estimating battery 

SOC: 

 Extended Kalman Filter (EKF): The EKF is a Kalman 

filter modification created to handle nonlinear 

systems. By integrating voltage and current data with 

a battery model that accounts for the nonlinear 

relationship between SOC and battery voltage, it is 

frequently used to estimate battery SOC. 

 Particle Filter (PF): Both nonlinearities and 

uncertainties are handled by PFs. They operate by 

converting the SOC into particles and changing their 

weights in accordance with voltage and current 

readings. When dealing with complicated battery 

behavior and shifting operating circumstances, PFs 

are very helpful. 

 Recursive Least Squares (RLS) with Adaptive Gain: 

RLS algorithms can use voltage and current 

observations to estimate battery characteristics and 

SOC in an adaptive manner. RLS is capable of coping 

with fluctuations in battery behavior by gradually 

modifying the estimate gain. 

 Model-Based Adaptive Filters: These filters use 

adaptive algorithms to combine a battery model with 

in-the-moment data, modifying the model's 

parameters to reflect actual battery performance. The 

accuracy of the long-term SOC estimate is improved 

by this method. 

 Neural Networks and Deep Learning: Current and 

voltage data can be combined over time using 

recurrent neural networks (RNNs) and long short-

term memory (LSTM) networks to calculate SOC. 

These networks are capable of complicated 

connection learning and battery condition adaptation. 

 Multiple Model Estimation (MME): Each battery 

model or estimating technique that MME combines is 

suited for a particular set of operating conditions. 

Based on the present operational condition, the most 

suitable model is chosen. 

 
FIGURE 16. Classification of the SOC estimation methods 

 Unscented Kalman Filter (UKF): The UKF is an EKF 

substitute that employs a deterministic sampling 

method to capture the real statistical moments of the 

battery model's nonlinearities. Compared to the EKF, 

it can offer a more precise SOC estimation. 

 Fuzzy Logic: Fuzzy logic enables nonlinearity and 

uncertainty to be included into SOC estimate. In order 

to provide an accurate SOC estimate, it can integrate 
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voltage, current, temperature, and other sensor 

information. 

 Ensemble Methods: Ensemble approaches can deliver 

a more reliable and accurate SOC calculation by 

merging different estimating techniques, such as EKF, 

UKF, and neural networks, especially when dealing 

with shifting operating circumstances. 

 Hybrid Approaches: In order to accurately estimate 

SOC, hybrid models integrate physics-based and data-

driven methodologies, utilizing both battery models 

and real-time observations. 
The selection of a fusion model or algorithm is influenced by 

a number of variables, including the precision of the 

available measurements, the complexity of the battery's 

behavior, available computing power, and the required level 

of accuracy. Battery SOC estimate may be made more 

accurate and trustworthy by information fusion, which is 

crucial for the dependable and safe functioning of battery 

systems. 

A. Lookup Table Based Method 

The SOC of batteries has a direct correlation with their 

extrinsic identifying characteristics, such as impedance and 

OCV. The relationship between SOC and OCV has been 

plotted in Fig. 17. Therefore, by measuring these parameters 

and utilizing a look-up table that establishes the relationships 

between SOC and one or more parameters, to estimate the 

SOC of batteries [76-77]. For example, the SOC of the 

battery can be determined by the knowledge of OCV. This 

approach is commonly used in battery management 

technologies for SOC estimation. However, obtaining 

precise real-time measurements of OCV is challenging 

because it requires disconnecting the power source and 

allowing the battery to rest for an extended period. 

Additionally, measurement relying on battery impedance on 

specific measurement devices, making it impractical for use 

in operating EVs. Instead, impedance measurement is more 

suitable for laboratory environments where accurate and 

controlled testing can be conducted. 

B. Ampere-Hour Integral Method  

By directly measuring the battery voltage and current, the 

SOC can be determined. One commonly used method is the 

Ampere-hour (Ah) method, which estimates the battery state 

by integrating the charging and discharging currents. This 

method is straightforward and computationally efficient 

[78]. However, there are some challenges associated with the 

Ah method in Dynamic applications. Accurately measuring 

the initial SOC is challenging, because SOC estimation is 

constrained by things like the battery unknown beginning 

capacity, its self-discharge rate, and the reduction in battery 

capacity. Typically, Peukert's impact and coulombic 

efficiency are taken into consideration in the estimation 

performed using the Ah technique. The equation to calculate 

battery SOC using the Ampere-hour method is presented in 

Eq. (3) 

0

0

( )
( ) ( )

k

K

n

I t dt
SOC k SOC K

C


 


   (3) 

Where, η stands for the efficiency of battery charging or 

discharging, SOC (k0) is known initial SOC, I(t) is the current 

value which is positive for charging and negative for 

discharging, Cn stands for the battery nominal capacity. The 

Ah method has several drawbacks that need to be addressed. 
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FIGURE 17. LiFePo4 OCV-SOC relationship 

Firstly, it has to be aware of the battery initial SOC, which 

may not always be readily available. Secondly, there are 

inherent measurement errors in the battery current because 

to sporadic disruptions like noise and temperature drift, 

which can affect the accuracy of the SOC estimation. Lastly, 

the value of Q, which represents the capacity of the battery, 

may need to be recalibrated due to variations in the battery 

age and operating circumstances. When all of these 

conditions are present, the Ah method's accuracy may suffer.  

Therefore, it is more suitable to use the Ah method in 

conjunction with other supporting techniques, such as 

model-based methods, to increase the SOC estimation's 

precision and dependability. 

C. Model Based Estimation Methods 

The Model-Based Estimation methods for SOC can be 

broadly classified into three types: Electrochemical method 

(EM), Equivalent Circuit Model (ECM), and 

Electrochemical Impedance Model (EIM). These methods 

involve expressing battery models as nonlinear state 

equations and utilizing state estimation algorithms and 

adaptive filters to infer the internal state of the batteries. 

Various algorithms, such as Kalman Filter (KF) [79-81], 

Extended Kalman Filter (EKF) [82-85], Unscented Kalman 
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Filter (UKF) [86-90], Fading Kalman Filter (FKF) [91-92], 

Cubature Kalman Filter [93-95], Particle Filter [96], H∞ 

observer method [97-98], Adaptive Extended Kalman Filter 

(AEKF) [99-101], and Adaptive Unscented Kalman Filter 

(AUKF) [102-105], are commonly employed in these 

methods. The general block diagram of the model based SOC 

estimation method is shown in Fig. 18. 
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FIGURE 18. A general Block Diagram of model based SOC estimation 
method 

Kalman Filter is an optimal estimator widely used for linear 

systems. KF for nonlinear systems necessitates intricate 

computations. Plett developed the EKF approach specifically 

for nonlinear battery model SOC estimation. Although EKF 

addresses nonlinearities, it suffers from linearization errors 

and increased computational effort and the flowchart of EKF 

method is shown in Fig.19. UKF, on the other hand, can 

provide accurate results for highly nonlinear models by 

eliminating linearization errors. However, it involves 

Cholesky factorizations and sigma point selection, which 

impact performance. EKF incorporates a fading concept to 

correct modeling errors but demands more computational 

power. Filter parameters like noise covariance matrices 

significantly influence estimation accuracy and convergence 

rate. KF algorithms struggle with non-Gaussian noises. 

Accurate estimate is achieved by the development of AUKF 

algorithms, which automatically update noise covariance 

matrices.  However, they come with increased computational 

time and complexity. The H∞ observer method is another 

suitable approach but shares similar issues as KF-based 

methods, including dependence on gain for accuracy and 

convergence rate. KF algorithms possess self-correcting 

capabilities, making them suitable for estimating the 

situation of quickly shifting systems with accurate models. 

However, challenges persist, such as handling initial SOC 

errors. Therefore, KF algorithms should be employed 

alongside other techniques to enhance estimation accuracy 

and reliability in practical applications. 

 

 
FIGURE 19. Flow diagram of EKF 

  
D. Data-Driven Based Estimation Methods The black-box model method is an effective approach for 

solving nonlinear problems in battery modeling and state 

estimation, providing high prediction accuracy. The Data-
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Driven Model, explained in detail in Section. IV , utilizes 

methods for modeling nonlinear statistical data that are 

practical for capturing complex relationships and patterns in 

the data [94]. For instance, neural networks have been 

employed to develop SOC estimators, with inputs including 

current, temperature, battery SOC, and voltage as the output 

layer. This method has demonstrated high computational 

accuracy. Various algorithms can be utilized for black-box 

modeling, such as fuzzy controllers [95-96], support vector 

machines [97-98], neural networks [99-109], and 

combinations thereof [114]. These algorithms, however, are 

quite sensitive to the parameters, and incorrect parameter 

selection may lead to non-convergence if the training data 

does not adequately cover the operating conditions. ANNs 

[102-107] have gained popularity for validating complex 

nonlinear models due to their self-learning capabilities. 

Although ANNs heavily rely on training with collective 

information, they offer computational efficiency at a lower 

cost. However, overlearning poses a challenge with ANN 

models. A summary of SOC estimation using different 

combinations of methods is provided in Table 10 and Table 

11. It is clear from the table that the Ah method is Simple 

and It is clear from the table that inexpensive, but unsuited 

to real-time applications. Adaptive filter and observer 

methods offer high accuracy and are suitable for real-time 

applications, but they suffer from computational complexity, 

configuration effort, and implementation challenges. Data-

Driven Model (DDM) complexity, making them suitable for 

real-time applications with lower computational complexity. 

The block diagram of the DDM is shown in Fig.20. 

However, successful implementation of DDM methods 

requires appropriate model selection, hyper parameter tuning 

algorithms, proper training algorithms, and extensive data 

collection and normalization. 

 
FIGURE 20. Data-Driven Model [240-241] 

TABLE 10. 

SOC ESTIMATION USING NEURAL NETWORK 

Author Algorithm Execution Remarks Challenges 

Xu et al. 

[108] 

Fractional order ECM + Dual KF, 

Dual EKF, Adaptive dual KF + 
Recursive Least Square (RLS), Mixed 

swarm based Cooperative Particle 

Swarm Optimization (MCPSO)  

Reduces current measurement error and 

battery model error using DEKF  

To estimate the single-cell SOC, three techniques are 
used: EKF, KF, and Ah. Initial Parameters are 

determined by MCPSO in offline mode, and then RLS 

updates them. A method that is too difficult to 
implement at the pack level and is extremely complex 

. 

Yang et al. 

[109] 

2RC-ECM-split battery model + 

AEKF 

Cross interference between RC voltages 
and SOC is minimised by separating the 

model. As a result, convergence rate is 

raised.  

The only consideration for model parameters is as an 

invariant function of SOC. ignoring the impact of 
ageing and temperature. 

Ben Sassi et 

al. [52] 

1RC-ECM + Non-linear Recursive LS 

+ UKF 

There has been comparison. UKF 
provides adequate accuracy and is 

appropriate for online estimate.  

A complicated process, In order to select noisy 

covariance matrices, parameters are not changed, 

specified sample locations are necessary, and 

statistical knowledge is required.  

Xie et al. 

[110] 

1RC-ECM  + EKF, Multi Model EKF 

(MMEKF), Adaptive fading EKF 

(AFEKF) + Multiple linear regression 
(MLR) 

battery packs' estimated SOC. Different 

noise starting values are utilised in 
MMEKF for various models. The 

forgetting factor is added to AFEKF to 

limit EKF's use of memory.  

Only offline parameters are recognised, and those 

related to SOC, age, and temperature are not updated. 
Choosing noisy covariance matrices requires statistical 

expertise. With switching approach, three algorithms 

are employed.  
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Xue et al. 

[111] 

1RC-ECM + linear Interpolation + H∞ 

observer 

Handle the parameters' uncertainty. 

Analysis is done on the impact of 
parameter correction. . 

The OCV-SOC curve controls accuracy and 
convergence speed, and an optimization process is 

required to adjustment coefficient that establishes the 

observer gain matrix.  

Samadi et al. 

[101] 

EM + state-space +  T-S Luenberger 

and H∞ observer + T-S fuzzy model + 

Recursive LS 

The observer's stability and robustness 

are discussed. Better than H's observer is 

T-S Luenberger. 

Making rules requires more expertise.  

Fotouhi et al. 

[34] 

1RC-ECM + ANFIS + Prediction- 

Error Minimization (PEM) algorithm  

At each time step, parameters are 

recognised and modified. To determine 

the connection between OCV and SOC, 
ANFIS is used.  

Need additional time for the open-loop approach. 

Boujoudar et 

al. [43] 
DDM (NARX) + BPNN + FFNN 

Model developed without understanding 
battery chemistry  

Training and data collecting are essential for accuracy. 

An optimization strategy is required when deciding on 
the number of hidden layers and neurons per layer. 

Error results from ANN overlearning.  

Yang et al. 

[65] 
DDM (LSTM-RNN) + UKF 

primarily concentrates on the 

relationship between temperature and 

OCV SOC and its effect on estimating 

battery SOC.  

More memory and high complexity are needed. require 

pre-determined sampling locations.  

 

TABLE 11. 
SOC ESTIMATION AT DIFFERENT COMBINATIONS 

Author Technique Outcomes Challenges 

Electric vehicle Li-ion battery 

SOC Estimations [102] ANN 
 Utilizing nonlinearity  

 Close outcomes are attained.  
Temperature variations affect training data 

State of charge estimation [103] ANN 

 Accurate state of charge estimation is 

possible with ANN.  

 Battery dynamics can be self-learned by 

ANN  

 the price of purchasing battery-powered systems.  

 pricier components  

SOC estimation of Li-ion 

battery using convolutional 

neural network with U-Net 

architecture [104] 

U-Net 

 Online real-time implementation.  

 Accurate SOC values  

 Relative SOC prediction is dropped  

To fit any particular application, a trade-off between 

accuracy and computation time is required.  

A New Lithium Polymer Battery 

Dataset with Different 

Discharge Levels: SOC 

Estimation of Lithium Polymer 

Batteries with Different 

Convolutional Neural Network 

Models [105] 

CNN 

 accurate convergence that happens 

quickly  

 may be used with a variety of 

rechargeable batteries.  

 It is necessary to measure each cell's current and 

voltage.  

 The trained NN might no longer offer good results 

when the battery ages. . 

Estimating State of Charge for 

xEV Batteries Using 1D 

Convolutional Neural Networks 

and Transfer Learning [106] 

1D CNN  

 a mean squared error under 1e-6  

 The precision of the proposed model is 

quite important.  

 utilises cutting-edge machine learning 

tools  

 limited range  

 The car is not in a regulated environment, nor is its 

traction battery.  

A probabilistic neural network 

(PNN) is used to estimate the 

SOH of Li-ion batteries [107] 

PNN 

 easy to use  

 For medium-sized datasets, extremely 

quick  

 This technique can help with battery SOC 

estimation. . 

 Multilayer perceptron networks outperform them in 

the classification of fresh cases.  

 For the purpose of storing the model, PNNs require 

additional memory.  

E. SOC Estimation For Battery Pack 

The use of battery packs, consisting of multiple connected 

cells, introduces challenges in accurately estimating the SOC 

due to variations in individual cell performance and non-

uniform characteristics within the pack [112]. While the 

capacity and SOC of a single cell can be measured through 

discharge testing, these measurements are not directly 

applicable to battery packs. The complexity, time-varying, 

nonlinear, and non-uniform properties of battery packs make 

it challenging to assess capacity and SOC accurately. By 

calculating the SOC of a battery pack, one can determine the 

internal condition of a complicated hybrid-connected battery 

system. Accurate SOC estimates for battery packs have been 

sought after, and these efforts can be categorized into three 

types: 

4) CELL CALCULATION BASED METHODS  
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The "Big cell" method determines the SOC by treating the 

battery pack as a single cell and using the voltage and current 

of the pack. However, this method overlooks the 

inconsistencies in cell performance, compromising the safety 

of the battery pack. The "Short board effect" method uses the 

extreme cell (with the lowest or highest voltage) to estimate 

the SOC of the battery pack. While this method improves 

safety, it reduces energy utilization within the desired 

operating range of the battery pack (30% - 80% SOC). The 

"One by one" calculation approach determines the SOC for 

each individual cell before calculating the battery pack's total 

SOC. Although this method offers accurate estimations, it 

incurs high computational costs and is unfit for real-time 

applications in electric cars. The flowchart of the cell 

filtering method is shown in Fig. 21.  
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FIGURE 21. Cell filtering approach Procedure 

5) SCREENING PROCESS BASED METHODS  

These methods involve selecting battery cells with similar 

characteristics (capacity, resistance, etc.) building a battery 

pack. Due to the pack's good consistency, the SOC of a single 

cell is then utilized to represent the SOC of the complete 

battery pack. A second-level screening process can be 

employed to select suitable cells for packaging the battery 

pack, ensuring better consistency among the cells. 

6) BIAS CORRECTION METHODS  

In this procedure, a notional model of the battery pack is 

constructed before a bias-correction technique is used to 

determine the discrepancies between the nominal model and 

the actual battery cells. The revised model is used to do the 

SOC estimation, which determines the SOC of the battery 

pack by calculating the SOC of each individual cell. [113]. 

Cell SOC, discharge/charge rate, and the maximum 

achievable capacity differential between the cell and the 

average value of the battery pack are all functions of the 

uncertainty factor in the equation.  

Ut
j

= Uoc −  UD1−. . . − UDn − iLRi + δ(Crate
j

, zj, ∆Qj) (4) 

Where  ∆𝑄𝑗  between cell j and average value of battery pack, 

uncertainty 𝛿 is the function of cell, -𝑧𝑗,maximum available 

capacity difference, discharge/charge rate -𝐶𝑟𝑎𝑡𝑒
𝑗

, cell SOC. 

the j is denote the cell number in battery pack. This method 

reduces computational costs and improves real-time 

performance. It shows promise for SOC estimation in With 

their time-varying, nonlinear, and uneven features, battery 

packs. However, if the number of battery cells in an electric 

vehicle is large, Costs associated with computing must be 

significantly reduced.  In summary, accurately estimating the 

SOC of battery packs is challenging due to variations in cell 

performance and non-uniform characteristics within the 

pack. Different methods, such as cell calculation, screening 

processes, and bias correction, have been proposed to 

address this issue, each with its own advantages and 

considerations in terms of computational cost, accuracy, and 

real-time applicability. 
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FIGURE 22. Lithium-ion battery aging 

VI. STATE OF HEALTH 

It is crucial to distinguish between two ideas: battery health 

state and remaining useful life prediction. The battery cycle 

life is the maximum number of cycles a battery can withstand 

given its kind, construction, and the manufacturer's 

recommended usage. The SOH compares the health and 

performance of a used battery to a brand new battery of the 

same type [212]. SOH is determined by calculating the ratio 

of the current actual capacity 
CQ  of the battery to its nominal 

capacity 
nQ , as shown in Equation 5. 

C

n

Q
SOH

Q
      (5)      

SOH is a subjective metric that has been defined differently 

by many studies by taking into account various quantitative 

battery performance metrics, including current, resistance, 

voltage, self-discharge rate, temperature, stress, and strain. 

Although SOH depends on these parameters, it is a compares 

a used battery performance and health to those of a brand-

new battery of the same type. Temperature also plays a 

significant role in battery performance as shown in Fig. 23, 

where the cycle life of a cell is optimal when The operating 

temperature is kept between 15°C and 45°C. When the 

temperature falls below a certain level, the cycle life 

gradually goes below 15°C or exceeds 45°C. Further 

temperature increase leads to a sharp decrease in cycle life 

due to thermal runaway [213-215]. 
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FIGURE 23. Li-ion battery lifecycle vs °C diagram 

 SOH estimation does not have a fixed definition, and each 

battery manufacturer establishes their own criteria. A 

number of battery properties, including capacity and internal 

resistance, can be used to compute SOH. However, rather 

than being a precise measurement, it is an evaluation and 

judgement. Some factors that determine how well Li-ion 

batteries perform over time include the phase shift of the 

electrode material, electrode dynamic performance, 

electrolyte breakdown state, and the creation of SEI films 

[213-215]. Battery aging is characterized by irreversible 

changes in electrolyte characteristics, anode and cathode 

properties, and alterations in battery component structures as 

shown in Fig. 22. Aging can be categorized as cycle aging, 

due to periods of battery use and calendar aging that take 

place while batteries are stored. Changes in capacity, internal 

resistance, and power fade are indicators of aging and are 

closely related to the estimation of SOH [217]. The choice of 

the most suitable parameter for SOH estimation depends on 

the specific circumstances and the changes observed in the 

external actions of the battery, such as a reduction in rated 

capacity or an increase in temperature brought on by internal 

modifications like corrosion the relationship between cycle 

life and cell operating temperature, highlighting the optimal 

range between 15°C and 45°C. Operating below 15°C or 

above 45°C gradually decreases cycle life, while further 

temperature increases lead to a sharp decline due to thermal 

runaway as shown in Fig. 23.  Fig. 24 illustrates the Li-ion 

batteries typically function within a certain current and 

voltage range. According to the battery nominal capacity, the 

x-axis shows the current (C-rate), while the y-axis represents 

the voltage (V). Positive current values indicate the 

discharge process, while negative current values correspond 

to charging or regenerative processes.  
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FIGURE 24. Li-ion battery lifecycle vs temperature diagram 

Critical thresholds, depicted as gray zones, are defined based 

on the specific Li-ion battery type [218]. When the voltage 

rises over the maximum defined charging voltage or falls 

below the stated cut-off discharge voltage, these thresholds 

prohibit overcharging and over-discharging, respectively.  

Operating within the acceptable voltage range is crucial for 

battery longevity, as any overcharge or Overcharging can 

hasten deterioration and reduce battery life. The battery 

degradation rate, nevertheless, varies depending on the rate 

of charge or discharge, which is impacted by stress factors, 

and it is not constant within the permissible range.  The 

discharge rate is dynamic and directly influenced by 

operating conditions such as route slope, vehicle weight, 
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speed, and acceleration. A threshold is frequently established 

by EV designers to restrict the maximum discharge current 

rate. The charge rate is fairly stable during the charging 

procedure. Though it can speed up battery charging, a higher 

pace may also shorten battery life [219]. Therefore, 

designers strive to strike a balance between the charging rate 

and its impact on battery life, which influences the available 

charging rate in charging stations (e.g., level 1 and level 2) 

[220]. The BMS regulates the charging rate to ensure optimal 

charging. The process of charging batteries is further 

temperature-sensitive. Operate within the safe operating area 

(SOA) advised by the manufacturer to ensure battery safety 

[221]. 

The SOA may need to be adjusted based on battery aging and 

environmental conditions, as battery function deteriorates 

due to factors like resistance and capacity degradation, as 

shown in Fig. 25.  
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FIGURE 25. (a) Current-temperature SOA zone,  (b) voltage temperature 

SOA zone 

Furthermore, predicting the highest possible instantaneous 

power capacity becomes important as ESSs are utilized to 

meet higher power demands. As a battery state indicator, 

State of Function (SOF) is utilized to determine the maximal 

instantaneous output capability and guarantee operating 

within the SOA [222]. Causes, impacts, and outcomes of the 

drop in li-ion batteries with respect to health and battery life 

is given in Table 12 Various approaches are employed for 

battery state estimation, which can be categorized into three 

main methods, as shown in Fig. 26. Internal resistance, 

impedance, and capacity are the three basic parameters used 

to estimate battery SOH. While internal resistance and 

impedance show the battery ability to deliver power, 

capacity displays how much energy it can hold. In contrast 

to EVs, where battery energy is more important, power 

capability is of higher significance in hybrid applications. 

Due to ageing factors, these signs vary over the battery 

lifespan. By comparing the actual indicator value (capacity, 

impedance, or resistance) with its original value, SOH can be 

computed. Two different approaches, experimental and 

adaptive methods, can be used to predict these changes. 

Experimental methods involve storing the using battery 

cycling data history and newly acquired knowledge to 

determine SOH. By considering the impact of key 

parameters on battery lifespan, it becomes possible to 

estimate the SOH of the battery. This estimation process 

necessitates a thorough understanding of the relationship 

between battery cell operation and degradation, which can be 

obtained through physical analysis or by evaluating 

extensive datasets that combine operation history and SOH 

testing of the battery cell. Such insights enable a more 

accurate estimation of SOH and contribute to the overall 

understanding of battery performance and longevity. Various 

SOH estimation methods are given in Figure 26. 

A. Estimation Experimental Methods 

1) MEASUREMENT OF BATTERY INTERNAL 
RESISTANCE 

A battery internal resistance, which controls the voltage drop 

during current flow, is a key factor in determining its SOH.  

This parameter is significantly affected by aging and 

degradation, with an increase in value indicating a decrease 

in battery SOH. Consequently, the internal resistance is 

frequently utilized as a robust indicator for estimating battery 

SOH. Several researchers have investigated techniques to 

measure this internal resistance, with the most prevalent 

method known as current pulse [223-224]. This method 

applies Ohm's Law by measuring the voltage drop across the 

battery for a specified current and then employs the 

following formula [225]: 

 Rb(SOC, T) = 
OCV(SOC,T)−Vbat(SOC,T)

Ipulse
                          (6) 

where Rb represents the internal resistance of the battery, 

OCV the open circuit voltage, Vbat the voltage, and Ipulse the 

current applied. This technique is frequently used in 

laboratories to accurately describe the internal resistance 

behaviour of batteries under various operating situations. 

This method is better suited for stationary and laboratory 

applications due to its time-consuming nature, which 

necessitates allowing the battery to relax and attain 

equilibrium first, which takes around an hour. 
2) BATTERY INTERNAL IMPEDANCE MEASUREMENT 

An indication of battery SOH is known to be a battery 

internal impedance, which includes both internal resistance 

and reactance. It has been observed and substantiated that a 

battery internal impedance tends to rise with time, making it 

a valuable SOH indicator. The most commonly employed 

method for measuring impedance is Electrochemical 

Impedance Spectroscopy (EIS) [226-227]. EIS is a non-
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destructive method that determines an electrical system's 

impedance by running a sinusoidal AC current through it and 

gauging the voltage response. The impedance is measured 

across a range of frequencies. One notable advantage of this 

method is its ability to accurately identify the aging 

phenomena occurring within the battery. In a specific study 

[228], the author employed EIS to investigate two key aging 

phenomena in batteries: the movement of lithium ions 

through the Charge transport at the positive electrode and the 

SEI layer.
TABLE 12. 

CAUSES, IMPACTS, AND OUTCOMES OF THE DROP IN LI-ION BATTERIES 

 Recession Reason Influence Consequence 

Changing phases of electrode materials  Changes in internal stress and crystal distortion.  The capacity decreases 

Recession's electrode kinetics 

performance  

It was challenging to carry out the reactions of 

inactivation and disembodiment.  
Internal resistance rises, decreasing capacity  

The electrolyte's breakdown  Gas overflow and a reduction reaction  The capacity decreases 

SEI film Generation Deactivation and lithium-ion battery depletion  There is a drop in power and capacity.  
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FIGURE 26. Various SOH Estimation Methods 

3) BATTERY ENERGY LEVEL  

The fundamental aspect of capacity shows the total energy 

storage capacity of a battery. With aging, this capacity is 

known to decrease. Therefore, one of the most reliable 

techniques for calculating the battery SOH is by 

experimentally measuring the fading capacity over time. In a 

study conducted by the author [229], multiple 

charging/discharging cycles were performed on a Li-ion 

battery until it reached its End of Life (EoL). The objective 

was to examine the relationship between the battery charging 

capacity and its voltage at different levels of degradation 

(cycle numbers). Another study [230] focused on estimating 

battery capacity through experimental testing conducted 

under varying temperature conditions, ranging from 25°C to 

40°C, with the battery subjected to 800 cycles. The offline 

data obtained from The development of an online SOH 

estimate method was then done through experimentation. 

The battery is tested up to its EoL using these experimental 

procedures, but it should be emphasized that they can only 

be used offline in lab circumstances.  

B. Model Based Methods 

1) DATA FITTING  

Resistance measurement is a valuable data acquisition 

method for estimating the SOH of a battery. To achieve a 

detailed fitting of internal resistance (IR), a characteristic 

map is proposed, which calculates the IR at various SOC 

levels and temperatures. The utilization of a data map is 

necessary for accurate long-term predictions and because the 

calculation of a reliable IR value may require some time. 

However, a drawback of this approach is that each map needs 

to be parameterized for individual cell references. In [40], 

Using the idea of a severity factor map, a strategy based on 

a weighted ampere-hour throughput model of the battery is 

introduced. Within this framework, the investigation focuses 
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on two primary factors that contribute to battery life 

reduction: DOD and temperature. 

2) COULOMB COUNTING  

Another commonly used technique for estimating SOH  is 

Ah method. This method entails keeping note of the number 

of Ah that are charged or discharged as the battery is being 

charged or discharged. The battery's remaining capacity can 

be calculated by tracking the transferred Ah [232]. The 

estimation of SOH is calculated using Equation (7), the 

measured capacity 𝑄𝑛𝑜𝑚and the maximum available 

capacity 𝑄𝑚𝑎𝑥. 

SOH =  
𝑄𝑚𝑎𝑥

𝑄𝑛𝑜𝑚
                                                                    (7) 

However, the Ah counting method has some drawbacks. It 

requires a high capacity for storing the counted Ah, which 

can be time-consuming. Additionally, the method is sensitive 

to precision due to the accumulation of errors over time. The 

coulomb counting method is still popular due to its 

simplicity, despite these drawbacks and its minimal 

dependency on other parameters such as Depth of Discharge 

(DOD), temperature or C-rate which often have a stronger 

impact on other estimation methods. 

3) PARITY-RELATION METHOD  

This method is used to assess and compare the effectiveness 

of batteries, allowing for the assessment of their desired 

functionality, as demonstrated in [233]. This method 

involves analyzing the battery dynamics during cranking 

using a battery model. The analysis reveals that the residual 

integrates information about the State of Health (SOH) 

provided by both battery resistance and voltage loss, thus 

improving diagnostic and prognostic capabilities. To observe 

the battery ohmic behaviour and voltage loss during engine 

cranking, significant real-world car cranking data was 

analysed. , which serves as the basis for developing the 

battery model. Subsequently, The development of an 

integrated battery SOH monitoring technique based on parity 

relations. The parity relation is intended to describe how 

well-functioning batteries behave during engine cranking, 

allowing for a comprehensive evaluation of the battery 

performance and its SOH. 

4) PROBABILISTIC METHOD  

Probabilistic algorithms are utilized in certain methods to 

estimate the SOH of batteries. In [234], An integrated battery 

SOH monitoring technique based on parity relations is 

created. The parity relation is intended to describe the 

behaviour of batteries that are in good condition. This 

technique, which is based on classical probability theory, 

works by estimating the likelihood that the same voltage 

value would be observed more than once along the discharge 

curves of fresh and used batteries. Two peaks can be seen by 

calculating this likelihood, which shows the battery's 

propensity to age. The peak's elevation reflects the frequency 

of measurements with the same voltage value in a row. An 

algorithm is then employed to estimate the capacity by 

contrasting the volume of data with an identical voltage 

value.  Using a generated look-up table, the algorithm can 

estimate the capacity of the battery cell based on partial 

charge or discharge tests. One significant Benefit of this 

method is the time saved through the use of partial charge 

and discharge tests. Additionally, the algorithm is designed 

to be straightforward and can be implemented within a BMS, 

making it easily applicable in practical scenarios. 

C. Adaptive Model Based Methods 

1) KALMAN FILTERS  

An adaptive filtering approach commonly used for 

estimating battery SOH is the application of Kalman filters. 

As discussed in detail in Section. V, Kalman filters have been 

employed in [235] for battery state and parameter estimation. 

Specifically, the battery internal resistance is estimated, 

allowing for accurate prediction of the SOH.  

2) OBSERVER  

In order to estimate SOH, observers have also been used as 

an adaptive identification technique. A sliding mode 

observer is used in [236] to calculate the SOH and SOC of a 

Li-ion battery. The technique exhibits good accuracy and 

resistance to modelling error and temperature changes. 

3) LEAST SQUARE-BASED FILTERS  

Another widely used approach in adaptive filtering is the use 

of Least Square-based algorithms, as discussed in [237-238]. 

RLS algorithms, in particular, have gained attention due to 

their simple implementation and accuracy. These algorithms 

allow accurate estimation of battery metrics that are directly 

related to battery states, like the internal resistance for SOH 

and the OCV for SOC. The identification process and state 

estimation are investigated in [239], emphasizing the 

importance of the battery model. Furthermore, an improved 

RLS-based algorithm called Multi Adaptive Forgetting 

Factors RLS (MAFFRLS) is presented in [238], which 

optimizes the forgetting factor through Particle Swarm 

Optimization (PSO) for enhanced parameter estimation 

accuracy. 

4) DATA DRIVEN MODEL  

As discussed in Section.V, data-driven models are also 

utilized for battery SOH estimation. In [240], Support Vector 

Regression (SVR) is employed to estimate the Remaining 

RUL of the battery. The estimated RUL is then considered in 

the energy management strategy of a Fuel Cell Hybrid EVs. 
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The prognostic process is conducted on-board the vehicle 

using laboratory-measured data. Additionally, an improved 

Neural Network algorithm based on an innovative single-

layer feed-forward Neural Network is presented in [241,260-

261]. This algorithm outperforms traditional Back-

Propagation Neural Network (BPNN) in terms of operational 

speed and estimation accuracy. However, it requires a 

substantial amount of training data under various operating 

conditions. The merits and demerits of these methods are 

given in Table 13, Table 14, Table 15 and Table 16. 
TABLE 13. 

Experimental Based Methods 

Methods Merits Demerits 

 KF methods 

 Error bounds 

 Accurate 

 Commonly used in the literature 

 For nonlinear system, only the enhanced variants (EKF, UKF) of this filter 

are valid. 

 The more advanced versions need a lot of computational work and are rather 

sophisticated. 

 High-performance controller is necessary  

Least square-based methods 

 Precise 

 Simple Structure 

 Robust 

 depends on the model used in terms of accuracy  

 Require a high performances controller 

Observers  
 Accurate 

 Robust 

 need a controller with good performance  

 Greater computational expense compared to adaptive filters   

TABLE 14. 
ADAPTIVE MODEL BASED METHODS 

Methods Merits Demerits 

Support Vector Regression  

 Non Parametric 

 Robust 

 Accurate. 

Strongly rely on the standard, variety, and volume of training data 

used  

Fuzzy Logic 
 Accurate 

 Robust 

 Applicable to Non Linear system 

Depend significantly on the calibre, variety, and volume of the 

training data used  

Neural Networks 
 Accurate 

 Less data is needed than with fuzzy. 

Depend significantly on the calibre, variety, and volume of the 

training data used  

TABLE 15. 
DATA-DRIVEN MODEL BASED METHODS METHODS 

Methods Merits Demerits 

Experimental-Based Methods 
 High Accuracy 

 High computational efficiency  

 Requiring particular equipment to be used  

 The measurements typically take a long time.  

Model-Based Methods 

 Not need of Complex structure. 

 Give a reliable estimate that is largely 

accurate. . 

 Fast processing and simple 
implementation are provided.  

 In the process development phase, demand experimental 

pre-validation. . 

 rely greatly on the model's precision and computational 

efficiency.  

Machine Learning Methods 

 Give a really accurate estimate. . 

 Make the implementation procedure 
simple.  

 substantially on the accuracy of the training data utilised, 
as well as the battery kinds and operation environments 

taken into account.  

 Rely on the model's accuracy and computational 
efficiency  

TABLE 16. 
QUALITATIVE COMPARISON OF THE SOH ESTIMATION METHODS 

Approach Benifits Drawback 

CTC Simple method and Low cost Charging Too long charging time 

CC Fast Charging Increased capacity loss reduces battery life. 

CV Simple Charging High internal temperature is produced in the cell battery deteriorates 

CCCV Computationally efficient and easy to implement Slower charging in CV mode results in longer charging times. 
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MCC Cuts down on charging time increases a battery lifespan Difficult to find charging points at each step 

BC-CCCV Fast Charging Charge first, then discharge Not appropriate for EV 

PC Fast and efficient charging Picking the right charging pulses is challenging 

S-PC Medium level charging 
Only low impedance can reach optimal frequency, which raises current, 

causes high temperatures, and reduces battery life. 

VII. CHARGING AND DISCHARGING OF A BATTERY 

When a battery's energy is depleted, its terminal voltage falls 

below the cut-off voltage, or its SOC reaches 20% or less the 

process of discharging it should end. At that point, the battery 

needs to be recharged. The charging performance of different 

battery types is provided in Table 17. It is crucial to avoid 

incorrect operations such as excessive-discharging, 

excessive-charging, or improper charging, as these can 

significantly accelerate battery degradation. While Li-ion 

batteries generally exhibit stable performance, they have a 

limited cycle life under high-temperature conditions and 

should not be charged below freezing temperatures. By 

accurately estimating battery SOC, SOH appropriate 

charging strategies can be developed to effectively charge 

the battery from its initial state to the desired SOC target. 

These charging techniques also help to prevent overheating, 

lengthen battery life, and increase overall capacity use. 

Various types of batteries and its charging methods are given 

in Table 18. 
TABLE 17. 

CHARGING PERFORMANCE OF VARIOUS BATTERIES 

Approach Benifits Drawback 

CTC 
Simple method and 

Low cost Charging 
Too long charging time 

CC Fast Charging 
Increased capacity loss reduces 
battery life. 

CV Simple Charging 

High internal temperature is 

produced in the cell battery 
deteriorates 

CCCV 

Computationally 

efficient and easy to 
implement 

Slower charging in CV mode 

results in longer charging times. 

MCC 

Cuts down on 

charging time 
increases a battery 

lifespan 

Difficult to find charging points 
at each step 

BC-
CCCV 

Fast Charging 
Charge first, then discharge Not 
appropriate for EV 

PC 
Fast and efficient 

charging 

Picking the right charging pulses 

is challenging 

S-PC 
Medium level 

charging 

Only low impedance can reach 

optimal frequency, which raises 

current, causes high 
temperatures, and reduces 

battery life. 

 

TABLE 18. 
VARIOUS BATTERY TYPES AND ITS CHARGING PERFORMANCE 

Battery 

Type 
Charging Performance 

Li-ion 

 However, harm to battery lifetime can occur 

while charging at very low temperatures, much 

below zero. 

 High temperatures can accelerate charging.  

Lead acid 

 Higher temperature results in a 3 mV/°C  

 Reduction in the V-threshold while charging at 
or below –0.3 °C.  

NiMH, 

NiCd 

 At 60 °C, charging acceptance falls from 70 
percent to 45 percent.  

 charging at a rate of 0.1 C between -17 and 0 °C  

 charging at 0.3 C between 0 and 6 °C  

A. Traditional battery charging approach 

Various battery charging methods have been employed, 

including Constant Current Charging (CC), Multi-Step 

Constant Current Charging (MCC), Constant Voltage 

Charging (CV), Boost Charging (BC), Constant Current 

Constant Voltage Charging (CCCV), Constant Trickle 

Charging (CTC) and Pulse Charging (PC) as shown in Fig. 

27. The constant trickle charging method is a straightforward 

and affordable approach, ensuring safety during the charging 

process. However, it has the drawback of being time-

consuming, requiring over 10 hours to fully charge the 

battery, which has led to it being referred to as an ‘Overnight 

Charger’ [120]. 

CC 

Charging

CC-CV 

Charging
MCC 

Charging

CV 

Charging

Traditional Charging 

Approaches

 

FIGURE 27. Traditional charging approaches for battery 

In order to minimize charging duration, the Constant CC 

method has been implemented. By increasing the charging 

current, faster charging times can be achieved. However, this 

approach requires additional control circuitry to accurately 
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identify the charging status, and when the battery is fully 

charged, stop the charging process. It's important to note that 

higher charging currents can lead to capacity loss and 

reduced battery lifespan because they have a detrimental 

impact on the ion concentration between the electrodes. On 

the other hand, CV charging involves initially providing 

current to the battery to reach its nominal voltage, followed 

by supplying the necessary current to maintain a constant 

voltage at that level. The accuracy of setting this voltage is 

crucial, as high voltage levels can decrease the battery 

lifespan, while low voltage settings may result in incomplete 

charging. Additionally, rapid changes in current during CV 

charging can lead to increased temperature. To address these 

considerations, the CCCV charging method has been 

introduced, combining elements of both CC and CV 

charging. It has become the preferred and widely used 

method for fast charging Li-ion batteries [121]. Under the 

CCCV method, the charging process begins in the CC mode, 

when the battery is fed a continuous current until the terminal 

voltage approaches the nominal value as shown in Fig. 28. 
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FIGURE 28. CC-CV charging approach 

 Then, the charging mode switches to CV, where a constant 

voltage is applied until the battery current reaches its lower 

limit. However, it's worth noting that the CV mode prolongs 

the overall charging time, typically taking approximately 

three times longer than the CC mode. This extended duration 

is a trade-off for ensuring proper charging and avoiding 

potential issues. To reduce charging time and manage 

temperature rise, the MCC method has been developed. 

However, one challenge with this approach is determining 

the appropriate constant current value for each charging step, 

which can be problematic. 

To address the challenges associated with the MCC charging 

method, various soft computing algorithms have been 

employed as shown in Fig. 29 to determine optimal values 

for each charging step. Algorithms such as the ant-colony 

algorithm [122], Taguchi method [123], genetic algorithm 

[127-128],  particle swarm optimization [124-126], dynamic 

programming algorithm [129], and multi-objective 

biogeography-based optimization [130-131] have been 

utilized for this purpose. These algorithms help optimize the 

charging process and minimize capacity loss caused by 

electrolyte decomposition during switching at different 

current rates. To further improve charging efficiency and 

reduce charging time, the MCCCV method [132-133] has 

been introduced. To prevent capacity loss and guarantee full 

charge, it combines brief intervals of constant voltage 

charging with the MCC technique. BC is another 

recommended method for reducing charging time. It 

involves applying a high voltage to the battery for a short 

duration (5 to 10 minutes) known as the boost period. The 

battery receives a substantial quantity of charge quickly 

during this boost time. Afterward, the standard CCCV 

approach is employed with a lower constant current value. 

However, it's important to note that BC requires the battery 

to be fully discharged before starting the charging process, 

making it less suitable for real-time applications in electric 

vehicles. PC is a validated method for fast and efficient 

charging. However, one drawback of PC is the challenge of 

selecting the correct charge pulse [134,135]. Instead of using 

a square wave, a modified version of PC makes use of a 

sinusoidal wave. In order to maximize the charging current, 

both types of PC techniques require a charging frequency 

that is optimal. Table.16 provides a summary of the 

advantages and disadvantages of these charging methods. 
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FIGURE 29. MCC charging approach 

B. Optimization of battery charging approach 

Fast charging of Li-ion batteries presents a challenge for 

electric vehicle manufacturers, as it leads to rapid 

temperature increases and accelerated battery degradation. 

Therefore, the development of optimal charging strategies 

has become crucial in addressing these issues in EV 

applications. The initial state of charge, charge and discharge 

current rates, temperature rise, depth of discharge, cycle 

times, charging strategy, overcharge, over-discharge, and 

more have a significant impact on the Li-ion battery charge 

curve. Consequently, there are multiple constraints to 

consider when developing an optimal charging strategy, such 

as charging duration, temperature increase, current flow, 

energy loss, charging effectiveness, level of charge, 
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condition of health, charging voltage threshold, capacity and 

power fade, ageing impacts, capacity utilisation, and 

impedance increase. Fig. 30 provides an illustration of some 

constraints involved in developing an optimal charging 

strategy. 
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FIGURE 30. Limitations for creating the best charging plan 

1) CCCV CHARGING OPTIMIZATION   

One approach to optimize Li-ion battery charging is the 

CCCV method. Numerous studies have focused on 

improving the CC-CV charging approach. For instance, in 

[136], an optimised using a cycle control algorithm with a 

zero computational approach, producing precise and smooth 

charging. [137] presents a closed-form approach that utilizes 

a cost function considering charging time, energy loss, and 

temperature rise to search for the optimal charging strategy 

for Li-ion batteries. [138] introduces a controller that 

enhances Li-ion battery performance by replacing the 

general CV mode with two modes: Sense and charge, 

enabling faster charging trajectories. [139] introduces a 

battery charging cost function that considers temperature 

increase, particularly inside the battery, energy loss, and 

charging time. These competing goals are balanced using the 

teaching-learning-based optimization (TLBO) method to get 

the ideal CC-CV pattern. In [130], a model-based strategy 

using multi-objective biogeography-based optimization (M-

BBO) is proposed to optimize the CC-CV charging pattern 

for Li-ion battery management. With specified current 

regions to effectively balance these goals, this method 

enables appropriate trade-offs between charging speed, 

energy conversion efficiency, and temperature variance. 

[141] demonstrates a user-cell aware charging method that 

increases the capacity of a charged Li-ion battery. This 

strategy extends the standard CC-CV approach, starting with 

CC charging until a predefined voltage is reached, followed 

by charging, until the current reaches the cutoff threshold, a 

different predetermined voltage will be used. The use of 

phase-locked loop (PLL) control [142] improves the 

performance of CC-CV charging. Additionally, [143] 

introduces a current-pumped battery charger (CPBC) based 

on PLL CC-CV to enhance Li-ion battery charging 

performance, resulting in improved battery capacity and 

efficiency. Overall, these research efforts aim to develop 

optimized CC-CV charging strategies for Li-ion batteries, 

taking into account elements like battery capacity use, 

charging time, energy efficiency, and temperature rise.  

2) MCC CHARGING OPTIMIZATION  

The optimization of Multi-Step Constant Current (MCC) 

charging poses a significant challenge, particularly in 

determining the number of current stages and their 

corresponding rates in the MCC profile. Fuzzy logic 

technology has emerged as a popular approach for improving 

MCC charging performance. In [143, 144], a Charging 

quality variables, such as charging time and normalized 

discharged capacity, are transformed using fuzzy logic 

controller into a single fuzzy dual-response performance 

index. This approach enables the optimization of a five-stage 

MCC charging pattern, resulting in improved charging 

efficiency. Similarly, [145, 146] employ fuzzy logic control 

to manage the weights within the Li-ion charging process' 

fitness function, allowing for the optimization of optimal 

MCC charging patterns using the PSO algorithm.. Fig 31 

provides a summary of the improvements made to the CC- 

CV/MCC charging approach based on the designed fuzzy-

logic fitness function.  
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FIGURE 31. Enhanced Strategy to the CC-CV/MCC charging 

Another successful way for locating the ideal MCC charge 

pattern is the Taguchi-based method. In [147], a Taguchi-

based approach is presented to accelerate charging speed and 

prolong cycle life for Li-ion batteries. Using the consecutive 
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orthogonal array technique, It is optimized to use a five-stage 

MCC charging pattern.  Additionally, [148] combines the 

Taguchi approach To manage battery temperature variance, 

charging speed, and energy conversion efficiency, a four-

stage MCC charging strategy is suggested using SOC 

estimates. To improve MCC charging performance, other 

technologies such ant colony systems, function-based 

approaches, and model-based approaches have also been 

used. For instance, [149] introduces an MCC charging 

approach with varying weights based on an internal-DC-

resistance model for each level,  aiming to balance the 

conflicts between charging speed and energy loss. [150] 

presents a unique approach that utilizes an equivalent circuit 

model for Li-ion batteries to search for the optimal MCC 

charging pattern. This approach considers both three and five 

CC stages to improve charging speed and efficiency. In 

summary, The total number of CC stages and the current 

values assigned to each stage establish the charging goals of 

the whole MCC charging process, including charging speed, 

energy loss, and capacity utilisation. Since MCC charging 

does not require voltage regulation, its implementation costs 

are lower. Fig. 31 illustrates how the CC-CV/MCC charging 

strategy has been enhanced [3]. 
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FIGURE 32. Various Cell Balancing Topologies 

C. Smart Charging 

Concurrent EV charging can raise the overall demand for 

electricity. Without the installation of a smart charging 

system, there is a high risk that demand will increase when 

all owners of vehicles connect their EVs at the same time, 

usually after their final journey of the day upon coming 

home. This abrupt rise in demand may cause a huge peak 

load, which would impose a great deal of strain on the grid 

at both medium and low voltage levels. Within the 

distributed infrastructure, the right charging strategies must 

be used in order to guarantee a balanced and consistent load 

profile[251]. The interplay between the smart grid and EVs 

is depicted in Fig. 32, demonstrating how these two systems 

can cooperate to overcome the problems caused by 

simultaneous EV charging. The grid may optimise and 

control the charging process based on variables including 

energy consumption, grid stability, and user preferences by 

implementing smart charging and Wireless Charging 

strategies [252-255].  

With the help of this dynamic strategy, the grid can manage 

EV charging more effectively and equally distribute the load, 

reducing stress on the system during peak usage. An easier 

integration of EV charging with the current power grid is 

made possible by the deployment of smart charging solutions 

within the context of a distributed infrastructure. In order to 

prevent problems with peak loads and grid stress, the smart 

grid and EVs work together to manage charging demand 

intelligently. Includes a comparison of smart charging, rapid 

charging, and traditional charging in Table 19. Smart 

charging is more suited for routine daily charging scenarios 

and long-term battery preservation since it places a greater 

emphasis on optimization, grid stability, and battery health. 

On the other side, quick charging, while it may be more 

convenient and extend range when travelling or in an 

emergency, may be more expensive and strain the battery.  

VIII. CELL BALANCING 

Battery Energy Storage Systems (BESS) are increasingly 

being utilized in EVs applications due to their numerous 

advantageous characteristics. These include rapid demand 

response, installation flexibility, and short construction time 

[151]. Consequently, BESS supports the management of 

voltage and frequency, black-start capability, standing 

reserve, integration of renewable energy, peak shaving, load 

levelling, and improvement of power quality in the electrical 

power system. To achieve the required power, BESS cells 

are integrated in series or parallel configurations. As a result, 

SOC imbalance among the cells is a common occurrence in 

BESS, which can be caused by internal or external factors. 

Cell imbalances are caused by manufacturing flaws, self-

discharge rates, internal impedance, and changes in charge 

storage volume. Additionally, unequal distribution of 

charging and discharging cycles in an unequal cell string can 

lead to temperature increases in a BESS [152-155]. Over the 

This article has been accepted for publication in IEEE Access. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/ACCESS.2023.3318121

This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License. For more information, see https://creativecommons.org/licenses/by-nc-nd/4.0/



 

VOLUME XX, 2017 9 

past few decades, numerous cell-balancing topologies have 

been developed, which can be broadly divided into two 

categories: active balancing and passive balancing. These 

categories are determined by the utilization of energy storage 

elements (ES elements) and the methods employed for 

energy balancing, as depicted in Fig. 33. 

TABLE 19. 

SMART CHARGE COMPARISON WITH FAST CHARGING AND TRADITIONAL CHARGING 

Aspect Smart Charging Fast Charging Traditional Charging 

Charging Speed 

Based on parameters including grid 

demand and user preferences, optimizes 

charging speed to ensure a balanced and 

controlled charging process.  

It provides speedy charging, frequently 

at a substantially higher power output, to 

quickly recharge the battery. . 

Fixed charging schedules may not be 

the best for long-term battery health 

preservation.  

Battery Health 
Prioritizes battery health by steering clear 

of rapid charging rates that can cause the 
battery to lose power over time.. 

If used regularly, quick charging may put 

the battery under extra strain and perhaps 

hasten degeneration.  

Fixed charging patterns might not be 

the best for long-term battery health 

preservation.  

Grid Impact 
by planning charging sessions to take place 

when demand is at its lowest, grid stress is 
reduced.  

Fast charging may result in increased 
peak demand and significant grid 

infrastructure modifications. . 

If multiple vehicles charge at once, it 
can add to peak demand, putting 

potential grid strain.  

Energy Cost 
Benefit from cheaper electricity during off-

peak hours, possibly lowering charging 
expenses.  

Higher charging expenses may result 

from fast charging being more expensive 
per kWh.  

Charges the same amount throughout 
the day, which could lead to higher 

charging fees during peak hours.  

Charging Flexibility 
Flexible scheduling of charging sessions 

based on grid and vehicle owner optimal 
times. 

Less flexible scheduling, typically 

utilised for quick top-ups or when drivers 
require a speedy charge. 

Fixed charging sessions depending on 

a predetermined schedule or user input. 

Convenience 

Even though it might not offer the fastest 

charging speed, it guarantees a full battery 
at the scheduled departure times.  

It provides high-speed charging, which 
is perfect for on-the-go charging and 

long-distance trips.  

Requires manual charging start and 
stop, which may not be as handy for the 

user. 

VIII. CELL BALANCING 

Battery Energy Storage Systems (BESS) are increasingly 

being utilized in EVs applications due to their numerous 

advantageous characteristics. These include rapid demand 

response, installation flexibility, and short construction time 

[151]. Consequently, BESS supports the management of 

voltage and frequency, black-start capability, standing 

reserve, integration of renewable energy, peak shaving, load 

levelling, and improvement of power quality in the electrical 

power system. To achieve the required power, BESS cells 

are integrated in series or parallel configurations. As a result, 

SOC imbalance among the cells is a common occurrence in 

BESS, which can be caused by internal or external factors. 

Cell imbalances are caused by manufacturing flaws, self-

discharge rates, internal impedance, and changes in charge 

storage volume. Additionally, unequal distribution of 

charging and discharging cycles in an unequal cell string can 

lead to temperature increases in a BESS [152-155]. Over the 

past few decades, numerous cell-balancing topologies have 

been developed, which can be broadly divided into two 

categories: active balancing and passive balancing. These 

categories are determined by the utilization of energy storage 

elements (ES elements) and the methods employed for 

energy balancing, as depicted in Fig. 33. 

A. Passive Cell Balancing 

Shunt resistors are used during passive cell balancing to 

release surplus energy as heat. , thereby equalizing the power 

among cells. In this dissipative cell balancing topology, the 

excess power of higher cells is reduced until their power 

matches that of the lower cells. This approach offers 

advantages such as cost-effectiveness, simplicity, and 

compactness. However, it also has some drawbacks, 

including heat dissipation, energy losses, and a longer cell 

balancing process. Shunting resistors are commonly 

employed for passive cell balancing [156-157]. 

B. Active Cell Balancing 

Comparing active cell balancing to passive cell balancing 

techniques, active cell balancing has shown to perform 

better. It involves the transfer of excess energy between 

BESS cells using components such as capacitors, converters, 

transformers, and inductors, rather than relying on shunt 

resistors. Through this approach, cells with excessive energy 

transfer their surplus to cells with lower energy levels, 

effectively achieving cell balance without wasting energy. 

This active balancing topology is not limited by the specific 

chemical properties of the cells, making it applicable to 

various battery technologies. Major advantages of active cell 

balancing include high efficiency and fast balancing speed. 

However, it should be noted that the implementation of 

active cell balancing can be complex and costly. Active cell 

balancing is further classified into three categories based on 

the active elements utilized: capacitors, converters, or 

inductors and transformers [158-159]. 

1) CELL BALANCING BASED ON CAPACITOR  
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It transferring energy between adjacent cells. This process 

involves shifting energy from cells with higher energy levels 

to cells with lower energy levels. However, there are some 

drawbacks associated with capacitor-based balancing. One 

disadvantage is the energy loss that occurs during the 

charging of the capacitors. Additionally, there may be a 

delay in achieving cell balance due to the time required for 

the energy transfer process. Switched capacitors are 

commonly employed in various configurations, including 

single tiered, double-tiered, and multiple capacitors [160], to 

facilitate the cell balancing process.  

2) CELL BALANCING BASED ON A TRANSFORMER OR 

INDUCTOR  

Transformers or inductors are utilized in achieving cell 

balance by transferring energy between cell modules or 

individual cells. This transfer of energy allows for rapid 

attainment of cell equilibrium. However, this method has a 

drawback that requires the inclusion of filter capacitors 

across each cell. This requirement adds to the overall cost 

and frequency considerations associated with the 

transformer. Different variations of this approach include 

single-winding transformers, multi-winding transformers, 

multiple inductors, and single/multi-inductor configurations 

[161-162]. 

3) CELL BALANCING BASED ON A CONVERTER  

Convertor-based cell balancing has gained significant 

traction due to its ability to effectively control the entire 

balancing process. However, cost and complexity are still 

significant challenges associated with this approach. In this 

method, a standard or modified DC-DC converter, such as a 

buck converter, boost converter, buck-boost converter, 

flyback converter, resonant converter, full-bridge converter, 

cuk converter, or PWM converter, is employed for the 

balancing operation [163-164]. 

4) COMPARATIVE ANALYSIS   

Table 20 provides a comparison of balancing speed, 

charge/discharge capabilities, and primary components 

required for balancing and cell application. Passive cell 

balancing is suitable for applications with low power 

consumption as it involves minimal resistance for continuous 

operation. Additionally, passive cell balancing is cost-

effective. On the other hand, active cell balancing offers 

greater energy savings and can handle higher power loads 

compared to passive cell balancing. Full-bridge converters, 

if used appropriately, can address two key challenges faced 

by BESS, namely DC/AC power conversion and cell 

balancing. They also offer the advantage of fast balancing 

speed. During the charging or discharging process, the cell 

with lower energy is prioritized over the cell with higher 

energy, ensuring efficient energy management [165]. 
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FIGURE 33. Various Cell Balancing Topologies 

TABLE 20. 

COMPARISON OF VARIOUS CELL-BALANCING TOPOLOGIES [155-165] 

Technique 

No. of 

Elements for 

Balancing (n 

cells) 

Time, 

Complicity 

Voltage 

and 

Current 

Stress 

Power 

Loss, 

Efficiency 

Size and 

Cost 
Advantages Disadvantages 

PWM Controller, 

Active and 

Charge/ 

Discharge 

n switches, 

2 resistors 

2 diodes, 

n - 1 

inductors 

Medium, 

Complex 
High/High 

Low, 

Better 
Large, 

Costly 

Bidirectional, medium 

balancing efficiency, 

Several switches and 

components are 

required for balance, 

and stress from high 

current and voltage, and 

the control system  

Complete 

Shunting 

Balancing, Active 

and Charge 

2n switches, 

n diodes 
Medium, 

Complex 
Low/Low 

Minor, 

Good 

Small, 

Cheap 

Average balancing 

effectiveness , small 

size, and cheap 

Work only in charging 

mode 

Resonant 

Converter, Active 

And Charge/ 

Discharge 

2n - 2 

switches, 

n - 1 

indicators, 

n - 1 

capacitors 

High, 

Complex 
Low/Low 

Very Low, 

Better 

Medium, 

Costly 

Bidirectional, high 

Balancing efficiency, 

less power loss, ideal for 

HEV and EV due to 

reduced current and 

voltage stress  

Requires intelligent 

and appropriate voltage 

sensing, complex 

control system 
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Multi-winding 

Transformer, 

Active and 

Charge/Discharge 

2 switches, 

n diode, 

1 winding 

transformer, 

n + 1 

inductors 

Medium, 

Complex 

Medium 

/Low 

Low, 

Better 
Large, 

Costly 

Bidirectional, ideal for 

use in HEV and EV 

applications, medium 

balancing speed  

For balance, a complex 

control system, as well 

as a high magnetic loss 

and high dimension, 

many switches and 

components are needed. 

. 

Fly-Back 

Converter, Active 

and Charge/ 

Discharge 

2n switches, 

2n inductors, 

n winding 

transformers 

Medium, 

Medium 
Low/Low 

Low, Good Large, 

Costly 

Low power loss, current, 

and voltage stress, 

medium balancing 

speed, and bidirectional  

A complex control 

system, huge size, and 

expensive are needed 

for balancing, as well as 

a number of switches 

and components.  

Boost Converter, 

Active, and 

Charge/Discharge 

n + 1 

switches, 

1 diode, 

n + 1 

indicators 

1 capacitor 

High, 

Complex 
Low/Low Minor, 

Better 

Medium, 

Medium 

High balancing speed, 

bidirectional, low 

current and voltage 

stress, minimal power 

loss  

requires a sophisticated 

control system, 

adequate and clever 

voltage sensing, and 

high cost.  

Ramp Converter, 

Active and 

Charge/Discharge 

n switches, 

n diodes, 

n/2 inductors, 

n capacitors 

Medium, 
Complex 

Medium/ 

Medium Low, Good 
Large, 

Costly 

Bidirectional, soft 

switching, low power 

loss, and high efficiency  

For balance, a complex 

control system with 

pricey switches and 

components is needed.  

Full-Bridge 

Converter, Active 

And Charge/ 

Discharge 

2n + 

2switches, 

2 capacitors 

Medium, 
Complex 

High/High Low, 
Better 

Large, 

Costly 

Bidirectional, high 

Balancing efficiency , 

power loss is negligible 

Complex control 

system, costly 

Fixed Shunt, 

Passive and Fixed 
n resistors 

Slow, 

Very simple 
Zero/Zero 

Very High, 

Poor 

Very 

Small, 

Very 

Cheap 

tiny size, inexpensive, 

and a very basic control 

system  

Inefficient balancing, 

excessive power loss, 

need for thermal control  

Analog Shunt, 

Passive, and Only 

Charging 

n switches, 

n Op-Amps, 

3n resistors, 

n Capacitors 

Slow, 

simple 
High/High High, Low 

Very 

Small, 

Cheap 

simple, compact, and 

affordable control 

system  

Poor efficiency, high 

power loss, and a need for 

thermal control  

Switch Shunt, 

Passive and Only 

Charging 

n resistors 

n switches 

Slow, 

simple 
High/High 

Very High, 

Low 

Very 

Small, 

Very 

Cheap 

Simple control system, 

inexpensive and 

compact, appropriate 

for use in HEV but 

with some restrictions 

when used in EV  

Inefficient balancing, 

excessive power loss, 

need for thermal control  

Single-Switch 

Capacitor, Active 

and Charge/ 

Discharge 

n+5 

switches, 1 

capacitors 

Medium, 

Complex 
Low/Low 

Minor, 

Better 

Small, 

Medium 

Bidirectional, Easy to 

use, effective, and ideal 

for HEV and EV 

applications  

Complex control system, 

slight power loss  

Double-Tiered  

Switch capacitor, 

Active and 

Charge/Discharge 

2n switches, 

2n-3 

capacitor 

Medium, 

Complex 
Low/Low 

Minor, 

Better 

Medium, 

Medium 

Compared to switch 

capacitors, it is 

bidirectional, efficient, 

and quick to balance.  

Need for many switches, 

medium equalisation 

speed  

Switch Capacitor, 

Active and 

Charge/Discharge 

2n switches,  

n-1 

capacitor 

Medium, 

Medium 
Low/Low 

Minor, 

Better 

Medium, 

Medium 

simple control, 

minimal current and 

voltage stress, and 

bidirectional  

Need for many switches, 

medium equalisation 

speed  

Single Inductor, 

Active and  Charge/ 

Discharge 

2n-2 

switches, 

1 inductor, 

2n-2 diodes 

High, 

complex 
Low/Low Low, high 

Medium, 

Medium 

Low voltage, low 

stress, low current, and 

bidirectional  

sophisticated control, 

several switches and 

diodes required  

Modularized 

Switch Capacitor, 

Active and 

Charge/Discharge 

M(n+2) 

switches, 

M(n-3) 

capacitor 

Medium, 

Complex 
Low/Low 

Minor, 

Better 

Medium, 

Medium 

Bidirectional high 

power application 

under low current and 

voltage stress  

requires a huge number 

of switches, a 

sophisticated control 

system, and is expensive.  
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Multi Inductor, 

Active, and 

Charge/Discharge 

n + 1 

switches, 

n - 1 

inductors 

High, 

Complex 
Low/Low 

Low, High Large, 

Medium 

Bidirectional, minimal 

power loss, low current 

and voltage stress, and 

quick balancing are all 

advantages over a 

single inductor and 

switch capacitor.  

sophisticated control 

system, several switches, 

and current filter 

capacitor required  

Single Winding 

Transformer, 

Active and 

Charge/Discharge 

n + 6 

switches, 

1 diode, 

2 indicators, 

1 

transformer 

Medium, 

Complex 

Medium/ 

Medium 

Low, 

Better 
Large, 

Costly 

Low magnetising loss, 

medium balancing 

speed, and 

bidirectional  

requires a complicated 

control system that 

balances various switches 

and components.  

Modularized 

Winding 

Transformer, 

Active and 

Charge/Discharge 

M(n + 2) 

switches, 

Mn diodes, 

M(n + 2) 

indicators, 

M - 1 

transformers 

Medium, 

Complex 
Low/Low 

Very Low, 

Better 
Large, 

Costly 

suited for usage in 

HEV and EV systems 

as well as high-power 

ES systems  

For balance, a complex 

control system, enormous 

size, and expensive 

switches and components 

are needed.  

 

Buck–Boost 

Converter, Active 

And Charge/ 

Discharge 

2n - 2 

switches, 

n - 1 

inductors 

Very High, 

Complex 
Low/Low Minor, 

Better 

Medium, 

Medium 

High balancing speed, 

bidirectional, low 

current and voltage 

stress, minimal power 

loss  

requires a sophisticated 

control system, 

intelligence, and 

adequate voltage 

sensing.  

Cuk Converter, 

Active and 

Charge/Discharge 

2n - 2 

switches, 

2n–2 

inductors, 

N - 1 

capacitors 

High, 

Complex 
Low/Low 

Low, 

Better 

Medium, 

Medium 

High-efficiency 

bidirectional 

balancing, low current 

and voltage stress, and 

suitability for HEV 

and EV  

A complex control 

system, huge size, and 

expensive are needed 

for balancing, as well as 

a number of switches 

and components.  

IX. BATTERY THERMAL MANAGEMENT SYSTEM (BTMS) 

To keep batteries in a battery pack from overheating, a 

number of pieces of hardware, software, and other elements 

collaborate effectively. Among these, the BTMS plays a 

crucial role in maintaining a constant temperature for 

batteries and battery modules. The effectiveness of the 

BTMS directly affects the lifespan of batteries and ensures 

their thermal safety. Since batteries are used in diverse 

applications and environments, the BTMS must be designed 

to adapt to different working and ambient conditions. 

Extreme temperatures, whether high or low, can negatively 

impact battery performance, and thus, appropriate cooling or 

heating methods should be implemented. However, 

improper design of heating/cooling techniques may lead to 

temperature variations and non-uniformity within the battery 

pack, compromising temperature stability,  safety, and 

battery life. Therefore, the development of an efficient 

BTMS is essential to address these challenges and maintain 

temperature uniformity in the battery pack. A well-designed 

BTMS also facilitates the distribution of temperature 

throughout the battery pack, while ensuring factors such as 

weight, compactness, reliability, cost-effectiveness, and 

feasibility for automotive applications. External BTMS 

solutions utilize air or liquid to cool the battery cells, without 

modifying the materials of the batteries themselves. These 

external BTMS options include active BTMS (such as 

thermoelectric, liquid, and air-based BTMS) that use energy 

to cool the batteries while in use, as well as passive BTMS 

that employ phase change materials (PCMs) and heat pipes 

to cool the batteries without power consumption. PCMs can 

be categorized into composite-PCM BTMS and pure-PCM 

BTMS. Numerous research organizations have reported on 

various BTMS for batteries. It is significant to note that more 

aggressive thermal control is necessary due to the fast 

charging's growing charge rates. However, existing external 

battery management systems often struggle to perform well 

under fast-charging conditions. In some electric vehicles, the 

heat-transfer coefficient of forced convection is relatively 

low, hindering the achievement of extreme fast-charging 

(XFC). Additionally, the radiator may not be sufficient in 

warmer climates where ethylene glycol is used as a coolant, 

hence some EVs have a separate vapour compression 

refrigerant (VCR) system to lower the coolant temperature 

below ambient and increase cooling. However, this design 

may lead to increased pumping power consumption. To 

address these challenges and achieve rapid heat dissipation, 

future advancements may involve an integrated two-phase 

cooling system for the battery pack. Although installing such 

a system would be expensive and time-consuming, its 
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promise for efficient cooling makes it a worthwhile 

endeavor. Consequently, to meet the demands of fast 

charging and XFC, a comprehensive and adaptive advanced 

BTMS is necessary to ensure temperature uniformity and 

efficient heat management. Fig. 34 illustrates several thermal 

management methods. 

 
FIGURE 34. Classification of BTMS 

 
FIGURE 35. Sequence of events during thermal runaway 
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A. Thermal Runaway (TR)  

Thermal runaway in batteries is typically characterized by 

the progression of temperature and peak heat release. It 

involves three steps: abnormal heat generation, initiation of 

fire and explosion, which correspond to specific temperature 

thresholds. The events leading to thermal runaway can be 

categorized into two paths: internal and external. The 

internal path relates to thermal failures occurring inside the 

cells due to chemical reactions, while the external path 

involves the smoke, and eruption/fire observed outside the 

cells [176]. The complete sequence of thermal runaway 

events is illustrated in Fig. 35.  In the internal pathway, the 

SEI's breakdown causes the cells' temperature to rise, which 

causes aberrant heat generation (step 1).  The temperature 

continues to rise until it reaches the triggering level due to 

ongoing degradation and regeneration of the SEI (step 2). 

This can be primarily caused by three factors: internal short-

circuits due to separator damage, Release of oxygen from the 

cathode and the development of active lithium on the anode 

surface, particularly while charging quickly. These elements 

may cause the cell temperature to increase to 280°C from 

60°C. At higher temperatures (beyond 660°C), redox 

reactions intensify, leading to gas formation and rupture of 

active elements in the current collector [177]. This, in turn, 

increases temperature and pressure, initiating venting. As the 

temperature and pressure continue to rise (exceeding 

1200°C), electrolyte components undergo continuous 

combustion and venting, ultimately resulting in a severe 

explosion. The sequences in the exterior path begin with 

swelling and progress through venting initiation, forceful 

venting, and explosion. Solvents inside the cell gasify when 

temperatures rise over their boiling points as a result of 

abnormal temperature rise brought on by short circuits, 

oxygen escape, or lithium plating, which causes battery 

swelling. When the pressure exceeds its limit, the high 

temperature causes a variety of compounds inside the cell to 

boil, starting the first step of venting. Dark smoke and a small 

amount of fire are produced as a result. Continuous solvent 

boiling causes re-combustion inside the cell and ferocious 

gaseous electrolyte venting [178]. The temperature and 

pressure continue to rise unabated, culminating in an 

explosion. Exothermic reactions occur successively during 

thermal runaway, and the heat and gas generated during this 

process can cause the battery to catch fire or explode. Several 

factors can contribute to thermal runaway, excessive 

temperatures, overcharging, short circuits, and battery 

damage caused by physical forces. The SOC of the battery 

also affects its susceptibility to overheating and thermal 

runaway. Research indicates that higher SOC levels increase 

the likelihood of thermal runaway, particularly for new 

batteries [179]. However, the SOC has the temperature at 

which thermal runaway occurs is unaffected significantly in 

older batteries. Preventing thermal runaway currently relies 

on a limited number of technologies, such as incorporating 

inhibitors into battery materials. Nevertheless, there is There 

is no quick and easy way to stop battery deterioration in hot 

environments. The development of an efficient BTMS is 

considered the most effective approach to prevent thermal 

runaway [180]. A well-designed BTMS enables better 

control of battery thermal behavior by operating the batteries 

within safe temperature ranges and ensuring uniform heat 

distribution throughout the battery pack. This helps to slow 

down the occurrence of thermal runaway.  

LiFePo4 and NCM (Lithium Nickel, Cobalt, and 

Manganese) batteries were studied at various SOCs in a 

study by Wang et al [181]. The results indicated that batteries 

with a higher SOC are more susceptible to overheating and 

thermal runaway. Specifically, For fresh batteries, the SOC 

increases as the temperature at which thermal runaway starts 

to occur falls. However, with older batteries, the SOC has 

little to no impact on the temperature at which thermal 

runaway occurs [182]. Currently, there are limited 

technologies available to prevent thermal runaway. One 

approach is to incorporate inhibitors into battery materials 

[183]. However, there is no straightforward and effective 

way to avoid battery damage in hot environments. The 

development of an efficient BTMS emerges as the most 

effective solution for preventing thermal runaway. By 

implementing a well-designed BTMS, it becomes feasible to 

exercise more control over the thermal behaviour of the 

battery. Keeping batteries at a safe temperature and making 

sure the battery pack is evenly heated  can help slow down 

the occurrence of thermal runaway [184]. 
B. Low-Temperature heating Methods in EV Thermal 

Management  

In regions with cold climates, maintaining optimal battery 

performance and efficiency becomes even more critical for 

electric vehicles. Cold temperatures can have a negative 

impact on battery capacity, internal resistance, and overall 

energy output. To address these challenges, EV 

manufacturers and researchers have explored various low-

temperature heating methods as part of their thermal 

management strategies: 
1) BATTERY PRE-HEATING  
Pre-heating the battery before driving helps improve its 

efficiency and performance in cold conditions. By using 

resistive heating elements integrated into the battery pack, 

manufacturers can raise the battery's temperature to an 

optimal range before the vehicle starts moving. 
2) CABIN AND BATTERY THERMAL COUPLING:  

Some EVs utilize waste heat generated by the powertrain or 

battery to warm the cabin and battery pack. This approach is 

energy-efficient as it uses existing heat sources to maintain 

suitable temperatures. 
3) THERMAL INSULATION  

Implementing better thermal insulation for the battery pack 

and critical components helps reduce heat loss to the 

environment. This can prevent the battery from getting too 

cold during extended periods of inactivity. 

4) ACTIVE THERMAL MANAGEMENT 
equipped with active thermal management systems use 

dedicated heating circuits that circulate a warm coolant 
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through the battery pack, power electronics, and cabin 

heaters. This method ensures a consistent and controlled 

temperature across key components. 
5) HEAT PUMP SYSTEMS BATTERY PRE-HEATING  

Some EVs incorporate heat pump systems that can extract 

heat from the external environment, even in very cold 

conditions, and transfer it to the cabin and battery. This 

method is energy-efficient and effective in maintaining 

suitable temperatures. 
6) INTELLIGENT ENERGY MANAGEMENT BATTERY 
PRE-HEATING  

By analyzing weather forecasts and trip plans, EVs can 

intelligently adjust their thermal management strategies. For 

example, the vehicle can initiate battery pre-heating before a 

trip in cold weather. 
7) CHALLENGES AND CONSIDERATIONS 

While low-temperature heating methods offer several 

benefits for EVs in cold climates, there are challenges to 

consider: 

Energy Consumption: Some heating methods can consume a 

significant amount of energy, which might impact the 

vehicle's driving range. Balancing heating needs with energy 

efficiency is crucial. 

System Integration: Implementing these methods requires 

close integration with the vehicle's electrical and thermal 

systems, which can be complex and require advanced control 

algorithms. 

Component Durability: Heating elements and systems 

should be designed for long-term reliability and durability, 

considering the stress of temperature cycling. 

Incorporating low-temperature heating methods into EV 

thermal management is vital for ensuring optimal battery 

performance, extending battery life, and providing a 

comfortable driving experience in cold climates. 

Manufacturers continue to research and develop innovative 

solutions to strike the right balance between energy 

efficiency and effective thermal management. 

X.  ISSUES, CHALLENGES AND ITS ECOMMENDATION 

A. Issues and Challenges 

1) ISSUES WITH DATA VARIETY, ABUNDANCE, AND 
INTEGRITY  

The amount and variety of data that are accessible have a 

significant impact on how well advanced algorithms perform 

in battery models. However, acquiring a substantial and 

diverse dataset can be a time-consuming process, leading to 

increased computational complexity and the potential risk of 

overfitting [43,65]. To maintain data integrity, fixed 

charge/discharge patterns and controlled temperature 

settings are employed in the data bank. Nevertheless, 

laboratory battery test benches are prone to issues such as 

limited accuracy, high levels of noise, and electromagnetic 

interference (EMI). As a result, it is crucial to evaluate the 

BMS under various real-world scenarios to ensure its 

reliability and performance. 

2) SELECTION AND OPTIMIZATION OF PARAMETERS 
FOR INTELLIGENT ALGORITHMS  

The framework, input features, training approaches and 

hyperparameter choice all affect how well intelligent 

algorithms function. Achieving optimal performance 

through proper design and hyperparameter tuning can be 

challenging, often leading to issues such as data underfitting 

or overfitting [65,96]. Selecting the right structure and 

hyperparameters for intelligent algorithms typically involves 

time-consuming trial-and-error methods, which can be tiring 

for people. Both intelligent approaches and various control 

methods require optimization. However, the convergence 

rates and execution times of optimization methods differ, and 

success rates of achieving desired outcomes. 

3) BATTERY CHARGER AND DISCHARGING ISSUE  

The absence of universal battery chargers poses a challenge 

for BMS. Existing custom battery chargers are often 

designed for specific purposes and tend to be bulkier, 

resulting in more electrical clutter and waste for the 

environment. Dealing with the diverse range of batteries in 

use becomes a concern for battery charger designers. 

Additionally, handling damaged or aged batteries requires 

the use of safe-discharge methods to mitigate potential risks. 

Batteries immersed in electrolytes can generate hydrogen 

and oxygen gases, necessitating proper ventilation to prevent 

explosions. The use of resistors for discharging batteries 

requires careful regulation of current to prevent overheating 

[8]. 

4) EARLY DISCHARGE TERMINATION AND CELLS 
DEGRADATION  

The existence of a lower-capacity cell among the series-

connected cells can cause cell imbalance when all of the 

battery cells in a pack have the same SOC at the beginning. 

While the overall voltage of the pack may reach a desired 

level, individual cell voltages will vary. The lower cell's 

voltage may increase to a dangerous level if its capacity is 

less than 10%, increasing the chance of cell breakage and 

raising safety issues. This auto-accelerating process of cell 

breakdown presents challenges in managing the BMS. In 

order to prevent further capacity reduction, the BMS may 

terminate discharge early when a lower voltage threshold 

than the pack's designated threshold is reached by the cells 

in the pack. The battery discharge duration can be improved 

by avoiding the low-capacity cells, but the BMS must be 

more sophisticated and expensive as a result. Additionally, 

overcharging can also lead to potential hazards such as 

detonation [8]. 

5) AGING AND MEMORY EFFECT 

Battery aging occurs as a result of internal resistance and 

capacitance degradation, which is further accelerated by high 

temperatures. Unfortunately, it is difficult to determine when 

a battery is approaching the end of its lifespan until it 
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abruptly fails. To address this issue, a battery model that 

takes into account aging factors is necessary. One particular 

effect of repeated charge-discharge cycles is the memory 

effect, which manifests as reduced memory capacity and 

potential cell imbalances [198]. 

6) SECURITY AND POSSIBLE RISKS  

During the cycling process, each individual cell within a 

battery may exhibit different responses, leading to potential 

safety concerns. The performance of LIBs can also be 

harmed by variables like temperature changes and outside 

environmental factors. Leakage, insulation cracks, and short 

circuits are a few problems that might result from battery 

deterioration. Additional dangers can be introduced by 

opening LIBs to the air or submerging them in water, such 

as explosions, spontaneous combustion, and exothermic 

reactions involving lithium ions and oxygen. These reactions 

can be extremely dangerous and even fatal. The proximity of 

highly reactive substances in batteries also poses risks. 

Overheating or overcharging can lead to fires or explosions, 

while exceeding the maximum voltage can result in the 

dissolution of the cathode, increasing the risks of heat 

generation and short circuits. Excessively high voltages can 

also cause decomposition of the electrolyte, posing 

significant harm [199,200]. 

7) SAFE AND EFFICIENT OPERATION  

Loss of capacity in LIBs can result in extended operations. 

To prevent overloading, a charging interruption is triggered 

when a serially connected battery goes over the maximum 

voltage of 4.35 V. Undercharged batteries, on the other hand, 

tend to have a shorter lifespan. One of the challenges with 

batteries is the absence of a well-defined safe working range, 

as internal and external factors continually fluctuate. This 

lack of a stable working range raises concerns regarding the 

reliability and stability of individual battery cells. 

Additionally, maintaining an optimal operational condition 

becomes challenging, particularly requiring peripheral 

control units inside the BMS, as a variety of events can 

greatly affect the battery electrochemical characteristics 

[201]. 

8) BATTERY RECYCLING AND REUSE  

The recycling of batteries is a pressing issue that requires 

attention in order to manage the increasing volume of spent 

LIBs effectively. Establishing a system for the collection and 

recycling of batteries is crucial to mitigate environmental 

concerns and enhance recycling possibilities. However, there 

is a lack of a well-defined procedure that minimizes negative 

environmental consequences. Another challenge for BMS 

pertains to the reuse of batteries. BMS algorithms heavily 

rely on battery characterizations conducted in laboratories, 

which are only valid for a single instance. As batteries are 

used and exposed to varying environmental conditions, their 

electrochemical properties change over time. Therefore, 

assuming that old batteries possess the same characteristics 

as new ones can be unsafe. Additionally, batteries contain 

metals such as copper, aluminum, and cobalt. Given It would 

be unfortunate if the mining for these battery-useful metals 

increased due to their rising costs beneficial to explore 

options for reusing these batteries. Currently, retired 

batteries in bulk are being utilized for applications such as 

renewing ESS worldwide. The BMS is essential for 

guaranteeing  the safe operation of second-life cycle batteries 

[201]. 

9) BATTERY DISPOSAL ISSUES  

Proper disposal of certain types of spent batteries is crucial 

due to their classification as hazardous waste. Incorrect 

disposal of these LIBs can lead to explosions, environmental 

issues, and safety hazards. Moreover, there is a potential for 

incurring cleanup expenses. The process of disposing of 

batteries is intricate and includes fees for treatment, 

transportation, and disposal as well as regulatory constraints. 

10) MISCELLANEOUS ISSUES  

Building a database of driving patterns and other relevant 

information for EVs depends heavily on data logging 

functionalities, however the BMS confronts many 

difficulties in this area. However, the complexity, cost, 

weight, power consumption, and difficulty in pressure 

regulation are inherent drawbacks of BMS circuitry. A BMS 

has a constrained number of data logging features available. 

The advancement of EV technology necessitates a 

sophisticated BMS that can effectively handle energy 

computation and ensure safety in the presence of SOC 

imbalances in the Li-ion battery pack. The evaluation and 

comparison of different prognostic techniques have received 

less attention, resulting in lower efficiency compared to 

diagnostics. A portable battery testing equipment is also 

required when employing battery modules made by different 

manufacturers to assess these batteries. There are variety of 

solutions to these problems and challenges are presented in 

the following sections.   

B. Recommendations 

1) COMBINING WITH BIG DATA   

The use of big data platforms, cloud computing, and cloud 

storage platforms offers a chance to improve the precision of 

intelligent algorithms. Implementing digital twins and cloud-

based BMS systems can solve data recording and 

computational problems.  These advancements enable real-

time training with improved precision and accuracy. 

2) REUSE AND RECYCLING  

Efforts should be directed towards researching battery reuse 

as a means to conserve surplus energy while prioritizing 
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environmental sustainability. This approach also contributes 

to the preservation of the Earth's supply of Li-ion batteries is 

constrained. Recycled batteries retain valuable energy, and 

with Tesla Roadster's battery alone consisting of 6831 cells, 

proper recycling is essential to prevent significant waste. 

Collaboration between governmental and non-governmental 

organizations is crucial to develop cost-effective and 

environmentally friendly technologies for recovering energy 

and resources from old batteries. It is important to establish 

universal and consistent regulations for the disposal of used 

LIBs, enabling the work of science and industry while 

encouraging environmental protection.  

3) IMPROVING LIBS CAPACITY AND CHARGING 
QUICKLY  

The capacity of LIBs is influenced by various hidden factors 

such as vibrations, environmental conditions, operational 

parameters, and technical variations, making accurate 

degradation predictions challenging. To prolong the LIBs' 

usable lifetime, it becomes required to design new 

technologies. Innovative abnormality detecting techniques 

and a variety of driving types are required to enhance battery 

efficiency and prediction accuracy. The widespread adoption 

of electric vehicles has necessitated the need for an advanced 

battery management system capable of preventing 

overcharging and overheating during fast-charging 

processes. The BMS charging system's objective should be 

to implement an efficient, safe, and optimized charging 

strategy Wireless Charging strategies [255-259].  

4) LIFE CYCLE ANALYSIS AND THE IMPACT OF AGING  

Additional study is required to determine how new materials 

affect battery lifespan trends. LIBs should be designed using 

materials that are abundant, cost-effective, non-toxic, and 

easily recyclable. Through model simulations, it is possible 

to improve the lifespan of battery packs by incorporating 

new materials without compromising their steady-state 

performance. This approach will garner greater interest from 

battery manufacturers while reducing the recycling burden 

and disposal infrastructure. Understanding how ageing 

affects LIB parameters is essential for accurately predicting 

the SOH of batteries.  The complex and interconnected 

dynamics of battery aging necessitate the development of 

novel approaches. 

5) INSTALLATION RECOMMENDATIONS  

Observing equipment ratings and labelling guidelines should 

be strictly followed. When replacing equipment, 

compatibility with the existing setup must be ensured, 

preferably verified by a third party to ensure product safety 

and avoid any mistakes made by manufacturers or designers. 

In cases where battery replacement is required, it is advisable 

to replace the entire battery bank rather than a few individual 

batteries. It's crucial to keep a safety logbook and do routine 

BMS safety checks in order to comply with new standards 

and make the necessary adjustments. A tamper-proof BMS 

requires meticulous attention to hardware and software 

manipulation, whereby the BMS notices unusual behaviour 

or readings, the load or charger should be immediately 

disconnected and reset.  

6) NEW SENSOR-ON-CHIP  

State estimate, defect forecasting, and health diagnostics all 

largely rely on different battery characteristics, regardless of 

the model or approach employed. Hence, it is important to 

incorporate diverse sensors capable of capturing the required 

parameters. The integration of different sensors into a single 

chip, known as sensor-on-chip, represents a promising 

direction to compact the BMS. Specifically, on-chip thermal 

sensors can be mounted on or inside the battery, creating a 

wireless sensor network for controlling surface and inside 

temperatures. A more intelligent BMS for EV batteries is 

anticipated to result from the advancement of sensor-on-chip 

technology.  

XI. RESEARCH GAPS 

A. Joint Estimation Technique 

Traditionally, battery states are treated independently, with a 

majority of studies focusing on single-state estimation. 

However, limited research has been conducted on joint 

estimation, where multiple states are considered 

simultaneously. While joint estimation can yield satisfactory 

outcomes under particular circumstances, it has certain 

limitations, particularly when dealing with the strong 

interdependencies among three or more states in real-time 

applications [23]. Therefore, The creation of an efficient 

BMS capable of accurately calculating all the vital battery 

states is crucial, including the SOC, SOH, SOP and SOE. 

B. Battery Pack Equalization, Uniformity and Reuse 
Criteria 

The homogeneity criterion, which is normally taken into 

account at the pre-manufacturing stage, was the main 

consideration in the design of battery packs in this study. 

However, it is crucial to recognize that the performance of 

designed battery packs cannot be guaranteed solely based on 

this criterion when they are in operation. Battery packs are 

used in electric vehicle operations. often face challenges 

related to cell imbalances, referred to as the equalization 

problem [202-203]. Additionally, after the lifespan of battery 

packs, they are often left unused due to neglecting recycling 

and reuse methods or a lack of awareness among potential 

buyers. One potential solution is to gather these battery 

packs, recognise and group cells that have remaining life, 

and then create fresh battery packs from these clusters. 

Otherwise, the buildup of wasted batteries can cause major 

disposal problems and have a detrimental effect on the 

environment [204]. As a future direction, the authors could 
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consider creating a complete design technique that 

incorporates the reuse, equalisation, and uniformity criteria. 

Such an approach would be valuable for creating robust 

battery pack designs capable of functioning effectively 

during the operation of vehicles. 

C. Redesign, Setup, Location and Components of 
Battery Pack.  

A promising research avenue would involve redesigning 

battery packs and their components to optimize space 

utilization within vehicles, minimize vulnerability to 

crashes, and facilitate easy dismantling, disassembly, and 

replacement for efficient and user-friendly recycling [205-

206]. The detailed exploration and study of topology design 

optimization for electric vehicles, including integrated 

components such as battery packs, could be of significant 

interest. Another emerging area focuses on photovoltaic 

systems and batteries working together and supercapacitors 

to enhance vehicle efficiency, range, and energy storage, 

particularly in situations where excess energy is generated 

from hybrid systems. For instance, a microgrid EV charging 

station with a solar system, wind power, and Li-ion battery 

storage can enable power export when generation in the 

microgrid outpaces demand and offer backup power during 

grid disruptions [207]. 

D. Reduced Safety-Related Issues 

Special attention should be given to environmental 

considerations, particularly regarding safety concerns such 

cathode failure, electrolyte failure, overcurrent, overvoltage, 

low current, low voltage, and others, to prevent irreversible 

damage to battery cells. To mitigate such problems, the 

integration and improvement of features like pressure vent 

controllers, circuit interrupters, The BMS may benefit from 

sophisticated switching methods and a dependable thermal 

management module. Furthermore, it is crucial to address the 

environmental impact of materials like cobalt, nickel, and 

others that are utilised in Li-ion batteries [208]. Extensive 

research has demonstrated their contribution to global 

warming and environmental toxicity. 

E. Information and energy internet for Vehicles 

EVs can share knowledge and energy to lessen their 

dependency on local batteries and BMS. Vehicle-to-vehicle 

(V2V) operations can be developed to establish a network 

for transportation energy, which can be integrated into a 

vehicular Internet of Things (IoT) to support collaborative 

autonomous driving and advance transportation systems 

[209]. Operations allowing the sharing of private data and 

energy packets from EV batteries with energy routers are 

known as vehicle-to-home (V2H), vehicle-to-grid (V2G) and 

V2V. This concept of a vehicular information and energy 

internet (VIEI) for energy and data sharing. This 

infrastructure also makes it easier for several EVs and the 

larger internet to share processing resources. EVs will be 

used for more than just transportation because to the fusion 

of artificial intelligence (AI) and cloud computing (CC) 

technology. In order to embrace the integration of 

information, energy, and humanity, both EV batteries and 

their BMS will develop with new functionalities [210-211]. 

However, Keeping vehicle data and energy secure and 

private in the VIEI presents new hurdles in fending off 

hostile attackers. As a result, experts have looked into 

potential strategies to increase the system's security and 

privacy, including blockchain technology, CC, and AI.  

[243]. These brand-new technologies will greatly contribute 

to building a smarter VIEI. 

F. Vehicle-cloud collaborative fault diagnosis 

Vehicle-cloud collaborative fault diagnosis in the realm of 

electric vehicles refers to the fusion of on-board vehicle 

diagnostics with cloud-based analysis and support. This 

strategy exploits EVs' internet connectivity and cloud 

computing resources to boost fault identification, issue 

resolution, and maintenance strategies. It offers benefits to 

both users and manufacturers: Real-Time Monitoring and 

Data Collection: EVs employ a range of sensors to monitor 

diverse systems, like batteries, motors, and power 

electronics. These sensors continually gather performance 

and health data. Remote Analysis and Predictive 

Maintenance: Vehicle data is sent to the cloud, where 

advanced algorithms and machine learning decipher it. This 

analysis can pre-emptively identify issues, leading to 

proactive maintenance and reduced downtime. Enhanced 

User Experience: Vehicle owners receive early alerts about 

potential problems or upkeep needs, enabling efficient 

scheduling of maintenance visits and preventing unexpected 

breakdowns. Efficient Service and Support: Service centers 

remotely access real-time diagnostics from the cloud, 

enabling accurate solutions without the vehicle's physical 

presence. Data-Driven Improvements: Aggregated data from 

multiple vehicles yield insights that aid manufacturers in 

refining their products through informed design and 

manufacturing enhancements. Challenges and 

Considerations: Data Privacy and Security: Transferring 

vehicle data to the cloud necessitates robust encryption and 

authentication mechanisms to safeguard sensitive data. 

Connectivity Reliability: Poor network coverage can 

undermine internet-dependent functionalities, urging 

manufacturers to ensure essential operations remain 

unaffected. System Complexity: Integrating cloud analysis 

and remote diagnostics requires intricate software and 

communication protocols, demanding reliability and 

compatibility with varied vehicle models. In essence, 

vehicle-cloud collaborative fault diagnosis innovatively 

augments EV maintenance, reliability, and user experiences. 

By capitalizing on cloud computing and data analysis, 

manufacturers and vehicle owners collaboratively guarantee 

optimal EV performance while curtailing maintenance costs 

and downtime. 
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FIGURE 36. Sequence of events during thermal runaway 

XII. CONCLUSION 

The BMS plays a pivotal role in the efficient operation of 

BESS within EVs. This paper offers a comprehensive review 

of critical BMS aspects, with a primary focus on battery 

modeling, state estimation, and battery charging. The 

significance of accurate battery modeling and precise 

internal state estimation cannot be overstated, as they 

provide invaluable insights into operational conditions and 

enable the optimization of charging strategies. Nevertheless, 

the road to fully realizing the potential of BMS technology 

is not without its challenges, particularly in terms of 

validating these systems under real-world conditions. This 

paper identifies these challenges and underscores the 

importance of addressing them to facilitate the seamless 

integration of BMS into EVs. In light of this, the paper 

outlines promising future directions for BMS advancement. 

Foremost among these is the conception of a universal BMS, 

a concept that holds the potential to standardize BMS 

technology across various platforms and manufacturers. 

Furthermore, the integration of improved predictive 

techniques and hybridized intelligent algorithms emerges as 

a pathway to enhance the accuracy of BMS operations. 

Concurrently, the paper advocates for the development of 

effective prototype designs, an essential step toward 

translating theoretical advancements into practical, reliable 

solutions. Another intriguing avenue for BMS innovation 

lies in its virtualization. By creating virtual BMS 

frameworks, researchers and engineers can simulate a range 

of scenarios, facilitating more thorough testing and 

validation. As the paper points out, such virtualization could 

significantly expedite the refinement of BMS technologies, 

thereby accelerating their adoption within the EV industry. It 

is abundantly clear that surmounting the current obstacles is 

imperative for the successful mainstream integration of EVs. 

The insights and recommendations presented in this research 

are of immense value to vehicle engineers and EV 

manufacturers, guiding them towards the development of 

safer, more efficient, and more reliable BMS systems. 

Looking to the future, the paper underscores the need for a 

dynamic, data-driven electro-thermal model. This innovative 

model holds promise for real-time status prediction, health 

diagnosis, and precise charging control. By harnessing the 

power of such a model, the EV industry can move closer to 

achieving its goals of enhanced operational efficiency, 

prolonged battery lifespan, and widespread EV adoption. In 

essence, this paper not only encapsulates the current state of 

BMS technology but also sets the stage for its evolution. By 

addressing challenges, suggesting forward-looking 

strategies, and highlighting the potential of novel 

approaches, the research serves as a guiding light for the 

ongoing development of BMS in the context of EVs. 
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