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Abstract 

Artificial Intelligence (AI) is increasingly being integrated into Electric Vehicle Battery 

Management Systems (BMS) to overcome the limitations of conventional rule-based methods. 

AI techniques enable accurate estimation of key battery parameters such as State of Charge 

(SoC), State of Health (SOH), and Remaining Useful Life (RUL), while improving fault 

detection, thermal management, and charging optimization. This approach enhances battery 

safety, efficiency, and lifespan under dynamic operating conditions. Despite challenges related 

to data availability and real-time implementation, AI-enhanced BMS offers a promising 

pathway for improving electric vehicle performance and accelerating sustainable 

transportation. 

Introduction 

The transportation sector is one of the largest contributors to greenhouse gas emissions 

worldwide. With increasing environmental concerns and regulatory pressure, Electric Vehicles 

(EVs) have emerged as a sustainable alternative to internal combustion engine vehicles. The 

performance, safety, and longevity of EVs are largely determined by battery technology—

especially lithium-ion batteries, which offer high energy density but are susceptible to 

degradation, thermal runaway, and capacity fade. 

Battery Management Systems (BMS) play a pivotal role in monitoring, controlling, and 

optimizing battery operation. Traditional BMS architectures use physics-based models and 

rule-based strategies that rely on predefined thresholds and empirical calibrations [1]. 

However, these approaches are limited in capturing battery complexities under varying 

conditions. With the rise of Artificial Intelligence (AI), new paradigms in battery management 

have emerged, enabling data-driven insights and adaptive control strategies. 

This paper aims to provide a detailed exploration of AI-enabled BMS for EVs, focusing 

on how AI methods improve state estimation accuracy, fault prediction, thermal management, 

and control strategies, ultimately enhancing system performance and safety. 
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Comparative Analysis of AI-Enabled Battery Management Systems for EVs 
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The reviewed studies show that AI-enabled Battery Management Systems (BMS) 

greatly improve the safety, reliability, and performance of electric vehicle batteries, with most 

research focused on lithium-ion batteries and limited attention to NiMH systems, highlighting 

a research gap. Techniques such as DNN, LSTM, SVM, Random Forest, Fuzzy Logic, and 

Reinforcement Learning are widely used for SOC, SOH, RUL estimation, fault diagnosis, 

thermal control, and energy management [12]. LSTM models perform well in degradation 

prediction, while ML classifiers enhance fault detection and reinforcement learning supports 

adaptive control. Despite high accuracy and improved safety, challenges like computational 

complexity, data dependency, and real-time implementation issues persist. Overall, AI-based 

BMS outperform traditional methods, and future work should emphasize lightweight, real-

time, and scalable AI solutions, especially for NiMH and emerging battery technologies. 

Background of battery management System 

The increasing adoption of electric vehicles (EVs) has intensified the demand for 

advanced energy storage technologies that ensure high efficiency, safety, and long service life. 

Lithium-ion batteries have emerged as the dominant energy storage solution for EVs due to 

their high energy density, favourable power characteristics, and extended cycle life.  

A Battery Management System is responsible for continuously monitoring key battery 

parameters, including cell voltage, current, and temperature, to ensure safe and optimal 

operation. Based on these measurements, the BMS estimates internal battery states such as 

State of Charge (SOC), State of Health (SOH), and State of Power (SOP), which are essential 

for energy management, range prediction, and vehicle safety [4]. In addition, the BMS 

implements protection mechanisms to prevent unsafe conditions such as overcharging, over-

discharging, short circuits, and thermal runaway. Cell balancing functions are also integrated 

to mitigate performance degradation caused by cell-to-cell inconsistencies within battery 

packs. 

 
Conventional BMS architectures primarily rely on physics-based models and rule-

based algorithms. Equivalent circuit models (ECMs) are widely used due to their simplicity 
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and computational efficiency, making them suitable for real-time implementation [5]. More 

detailed electrochemical models provide higher accuracy by capturing internal battery 

dynamics, but their computational complexity often limits their practical use in onboard 

systems. Estimation techniques such as Coulomb counting, Kalman filters, and observer-based 

methods are commonly employed to determine SOC and SOH under these modelling 

frameworks. 

Despite their widespread adoption, traditional BMS approaches face significant 

limitations. Battery behaviour is inherently nonlinear and varies with temperature, aging, and 

dynamic load conditions, making accurate modelling difficult over the entire battery lifecycle. 

Model parameters often require recalibration, and fixed rule-based strategies lack adaptability 

to changing operating environments. As a result, estimation errors can accumulate over time, 

leading to reduced usable capacity, accelerated degradation, and increased safety risks. 

Furthermore, conventional fault detection methods typically rely on threshold-based logic, 

which may fail to detect early-stage internal faults or abnormal conditions. 

Safety remains a paramount concern in EV battery systems, particularly with respect to 

thermal management and thermal runaway prevention [6]. Traditional protection strategies 

operate using predefined safety limits, which can be overly conservative or insufficient under 

extreme or unforeseen conditions. As EV battery packs grow in size and complexity, these 

limitations become more pronounced, highlighting the need for more intelligent and adaptive 

management solutions. 

Traditional BMS Architecture 

A typical BMS includes modules that: 

• Monitor voltage, current, and temperature of battery cells. 

• Estimate internal states such as State of Charge (SOC) and State of Health 

(SOH). 

• Protect against overcharge, over-discharge, and over-temperature conditions. 

• Balance cells to ensure uniform performance. 

These functions are traditionally implemented using equivalent circuit models (ECM), 

electrochemical models, and rule-based algorithms. 

Limitations of Conventional BMS 

Physics-based and threshold-based BMS approaches face challenges: 

• Model Inaccuracies: Battery behaviours is nonlinear and varies with age, 

temperature, and load conditions. 

• Limited Real-time Adaptation: Predefined rules do not adapt dynamically to 

unexpected conditions. 

• Computational Load: High-fidelity electrochemical models are computationally 

intensive and unsuitable for real-time control. 

AI Techniques for battery management system 

AI algorithms used in BMS broadly fall into three categories: 

Machine Learning (ML) 
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• ML models such as Support Vector Machines (SVM), Random Forests, and 

Gradient Boosting are used for classification and regression tasks including fault detection and 

state estimation. 

Deep Learning (DL) 

• Neural networks—especially deep architectures like Long Short-Term Memory 

(LSTM), Convolutional Neural Networks (CNN), and Autoencoders—have demonstrated 

strong performance in temporal pattern recognition and nonlinear mapping. 

Hybrid Models 

• Hybrid approaches combine physics-based models with AI to benefit from 

domain knowledge and data-driven adaptability. Examples include physics-assisted neural 

networks and model residual learning. 

State Estimation Using AI 

Accurate estimation of internal battery states is crucial for battery performance and 

safety. 

State of Charge (SOC) Estimation 

SOC estimation determines the remaining capacity relative to full charge. AI methods 

provide robust performance when faced with noise and varying load conditions[10]. 

• ML Approaches: Random Forests and SVMs train on historical current, voltage, 

and temperature data to regress SOC. 

• DL Methods: LSTM networks capture temporal dependencies, outperforming 

traditional filter-based estimators (e.g., Kalman Filters) under dynamic driving profiles. 

State of Health (SOH) Estimation 

SOH indicates the battery’s degradation level compared to its nominal capacity. 

• Neural Networks: Predict SOH from cycling data patterns. 

• Autoencoders: Unsupervised learning for detecting subtle deviations in cell 

behaviour indicative of aging. 

Methodology 

• AI Model Selection and Justification: Which specific AI models (e.g., neural 

networks, machine learning algorithms like SVMs or Random Forests, deep learning 

architectures) you plan to use and why they are suitable for your research questions. 

• Data Acquisition and Preprocessing: How you will obtain your battery data 

(e.g., real-world EV data, laboratory test data, simulation data), what sensors will be involved, 

the parameters you will collect (voltage, current, temperature, etc.), and the steps you will take 

to clean, transform, and prepare this data for your AI models. 

• Model Training and Validation: The experimental setup for training your AI 

models, including details about data splitting (training, validation, testing sets), hyperparameter 

tuning, and cross-validation strategies. 

• Performance Metrics: The specific quantitative measures you will use to 

evaluate the effectiveness and accuracy of your AI models (e.g., Mean Absolute Error, Root 

Mean Squared Error for regression tasks; accuracy, precision, recall, F1-score for classification 

tasks). 
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Fault Diagnosis and Battery Health Prediction 

Fault diagnosis and battery health prediction are critical functions of modern Battery 

Management Systems in electric vehicles. Conventional rule-based methods often fail to detect 

early-stage faults due to nonlinear battery behaviour and parameter uncertainties. Artificial 

Intelligence–based techniques enable data-driven fault detection by learning complex patterns 

from voltage, current, and temperature data [14]. Machine learning and deep learning models 

accurately identify anomalies, internal faults, and sensor failures. Additionally, AI-based 

approaches effectively estimate State of Health and predict Remaining Useful Life by 

analysing long-term degradation trends. These capabilities support early warning, predictive 

maintenance, enhanced safety, and extended battery lifespan in electric vehicle applications. 

AI-Enabled Thermal Management and Safety 

AI-enabled thermal management plays a vital role in ensuring the safety and reliability 

of electric vehicle battery systems. Traditional thermal control strategies rely on fixed 

thresholds and simplified models, which are often inadequate under dynamic operating 

conditions. Artificial Intelligence techniques utilize real-time temperature, current, and voltage 

data to predict thermal behaviour and identify abnormal heating patterns. Machine learning and 

deep learning models enable adaptive cooling and heating control, reducing the risk of thermal 

runaway. By accurately forecasting temperature evolution and optimizing thermal responses, 

AI-based systems enhance battery safety, improve efficiency, and significantly extend battery 

life in electric vehicle applications. 

AI-Driven Energy Management and Control 

AI-driven energy management and control enhance the efficiency and performance of 

electric vehicle battery systems by enabling intelligent decision-making under dynamic 

operating conditions. Conventional control strategies rely on predefined rules and limited 

models, restricting adaptability. Artificial Intelligence techniques, including machine learning 

and reinforcement learning, optimize charging and discharging processes by analysing real-
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time battery states, driving patterns, and load demands. These methods enable optimal power 

distribution, reduce energy losses, and minimize battery stress. AI-based control strategies also 

improve regenerative braking efficiency and extend battery lifespan while ensuring safe 

operation, thereby supporting reliable and energy-efficient electric vehicle performance. 

Future Work 

Future research on Artificial Intelligence–based Electric Vehicle Battery Management 

Systems (BMS) can be extended in several promising directions to further enhance system 

performance, reliability, and practical applicability. First, the development of hybrid BMS 

frameworks that combine physics-based battery models with data-driven AI techniques should 

be explored. Such hybrid approaches can improve prediction accuracy while maintaining 

model interpretability and robustness under unseen operating conditions. This will be 

particularly useful for precise estimation of State of Charge (SoC), State of Health (SOH), and 

Remaining Useful Life (RUL). 

Second, future work should focus on real-time implementation and hardware-in-the-

loop (HIL) validation of AI-based BMS algorithms. Testing these methods on embedded 

platforms under real driving and environmental conditions will help bridge the gap between 

simulation-based studies and commercial deployment. Third, adaptive and online learning 

techniques can be investigated to address battery aging and parameter variations over time. By 

enabling continuous model updating, the BMS can maintain high estimation accuracy 

throughout the battery lifecycle without frequent manual retraining. 

Additionally, the application of explainable AI (XAI) methods represents an important 

research direction. Improving model transparency will enhance trust, support fault diagnosis, 

and facilitate compliance with automotive safety and regulatory standards. Future studies may 

also explore the integration of AI-enabled BMS with smart charging infrastructure, vehicle-to-

grid (V2G) systems, and renewable energy sources. This would enable intelligent energy 

management, grid support, and optimized charging strategies at the system level. 

Finally, addressing cybersecurity and data privacy issues in AI-driven BMS is essential. 

Developing secure communication protocols and robust anomaly detection mechanisms will 

ensure safe and reliable operation in connected EV ecosystems. 

Conclusion 

The integration of Artificial Intelligence (AI) into Electric Vehicle Battery 

Management Systems (BMS) represents a significant advancement toward improving the 

safety, efficiency, and reliability of electric vehicles. Conventional BMS approaches, which 

rely primarily on rule-based logic and fixed thresholds, are often inadequate for addressing the 

nonlinear, time-varying, and uncertain behaviour of modern battery systems under real-world 

operating conditions. AI-based techniques overcome these limitations by enabling data-driven, 

adaptive, and predictive decision-making capabilities. 

In conclusion, Artificial Intelligence has emerged as a transformative enabler for next-

generation Battery Management Systems in electric vehicles. Its ability to enhance battery 

performance, ensure operational safety, and support sustainable mobility makes AI-based BMS 

a critical component for the future of electric transportation. Continued research and 
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development in this domain will further accelerate EV adoption and contribute to the 

realization of intelligent, efficient, and resilient energy storage systems. 
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