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Abstract: Lithium-ion batteries having high energy and power densities, fast depleting cost, and 

multifaceted technological improvement lead to the first choice for electric transportation systems. Eelectric 

batteries are being more broadly utilized within the car segment these days. as a result, the internal workings 

of these battery frameworks must be completely comprehended. there's as of now no precise show for 

foreseeing an electric car battery's state of wellbeing (soh). this venture points to utilize machine learning to 

create a dependable soh forecast show for batteries. Broad recreations were performed to confirm the 

precision of the proposed technique. the machine learning (ml) calculation makes an awfully precise and 

reliable show for estimating battery wellbeing in real-world scenarios. In this project, Random Forest 

algorithm is used for training the model and predicting the state of the lithium batteries by entering its 

parameters. The Random Forest algorithm, chosen for its robustness and ability to handle complex 

relationships within the data, is employed to train the predictive model This model aims to give an accuracy 

of about 98%. Such accuracy is pivotal for EV Manufacturers and users alike, as it facilitates proactive 

maintenance, optimizing battery life, and ensuring the overall efficiency and sustainability of electric 

transportation systems. 

Index Terms - Electric Vehicles, Lithium-ion batteries, Machine learning, Random Forest Algorithm, State 

of health. 

I. INTRODUCTION 

The adoption of lithium-ion batteries in electric transportation is driven by their high energy and 

power densities, coupled with decreasing costs. Despite their prevalence, there is currently no precise 

model for predicting the state of health (SOH) of electric vehicle (EV) batteries. To address this gap, the 

Random Forest algorithm is employed for training a model that analyses the state of lithium batteries based 

on their parameters. Accurate forecasting of battery health is crucial for proactive maintenance, optimizing 

battery lifespan, and ensuring the efficiency of electric transportation systems. Utilizing machine learning, 

specifically the Random Forest algorithm, for EV battery health analysis presents a novel and promising 

approach. The suitability of Random Forest lies in its capacity to handle complex datasets and offer insights 

into feature importance, essential for understanding battery health. The rising popularity of electric vehicles 

as a sustainable transportation solution underscores the importance of their battery systems' performance 

and longevity. Monitoring and maintaining these batteries are critical for 

optimal functionality and safety. Traditional methods of battery health analysis often rely on simple 

heuristics or empirical models that may not capture the intricate relationships between battery parameters 
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and health indicators. Consequently, there is a growing interest in leveraging machine learning, with the 

Random Forest algorithm emerging as a powerful tool for EV battery health analysis. This study introduces 

a novel approach to EV battery health analysis by integrating machine learning techniques, specifically the 

Random Forest algorithm, with comprehensive battery data, including voltage, current, temperature, and 

charging cycles. The goal is to provide a more robust and accurate assessment of battery health. The 

proposed machine learning framework based on the Random Forest algorithm involves training the model 

using historical battery data and evaluating its performance in predicting key health indicators such as state 

of charge (SOC) and state of health (SOH). Deploying the trained model for real- time monitoring of EV 

battery health enables early detection of anomalies and potential degradation factors. The research also 

includes a comparative analysis, assessing the Random Forest approach's performance against traditional 

methods of battery health analysis to gauge its effectiveness and reliability. By harnessing machine learning 

and the capabilities of the Random Forest algorithm, this research aims to advance the field of EV battery 

management and contribute to the development of more efficient and sustainable transportation systems. 

 

II. RELATED WORK 

 

[1] In a study by Xueqing Yuan et al. (2020), the focus is on the Battery Management System's role in 

electric vehicles, emphasizing State of Charge (SOC) estimation as a challenging aspect of BMS design. 

The authors introduce a method to counteract current signal jitter by eliminating signals outside a 

predetermined threshold range, particularly useful in charge 

equalization. The BMS is designed to safeguard against faults such as low voltage, overcurrent, and high 

temperature, with the microcontroller shutting down the circuit to prevent permanent battery damage or 

potential explosion events. 

 

[2] Yinjiao Xing et al. (2019) highlight the growing market share of EVs and the need for a comprehensive 

and mature BMS to address safety and reliability concerns. The BMS is described as a vital connector 

between the battery and the vehicle, optimizing battery performance and ensuring safe and reliable vehicle 

operation. 

 

[3] Jiwen Cen et al. (2020) discuss the thermal management of lithium-ion batteries used in EVs. The study 

emphasizes the importance of smaller, lighter batteries with high power-to-weight ratios to improve 

vehicle performance. Lithium-ion and lithium-polymer batteries are favored for their high energy density. 

 

[4] A high-power, low-cost balancing system for battery strings is proposed by J. Xu et al. (2019), where a 

modularized balancing    system is introduced to decrease balancing time significantly. The use of 

MOSFETs replaces shunt dissipative resistors, aiming to reduce costs and enhance balancing performance. 

 

[5] Machine learning applications in BMS are explored by M. Ng et al. (2020), where a data-driven 

approach is integrated with passive balancing mechanisms. The study presents a comprehensive 

classification of machine learning approaches in BMS applications, aiming to optimize the selection of 

balancing resistors based on environmental factors and user experience requirements.  

 

[6] Y. et al. (2021) delve into predictive battery health management using transfer learning and online 

model correction. The study defines State of Health (SOH) and surveys health feature extraction methods 

in machine learning-based SOH algorithms, providing a comprehensive comparison of the development of 

these prediction techniques. 

 

III. OBJECTIVE 

The primary objective of this research is to address the current lack of a precise model for predicting 

the state of health (SOH) in electric vehicle (EV) batteries. Leveraging the Random Forest algorithm, a 

powerful machine learning tool, this study aims to develop a novel approach to EV battery health analysis. 

The focus is on integrating comprehensive battery data, including voltage, current, temperature, and 

charging cycles, to create a robust model for accurately assessing battery health. The key goals include 

training the Random Forest model using historical battery data, evaluating its performance in predicting 
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crucial health indicators such as state of charge (SOC) and state of health (SOH), and deploying the trained 

model for real-time monitoring of EV battery health. The research also seeks to enable early detection of 

anomalies and potential degradation factors, contributing to proactive maintenance and optimal battery 

lifespan. Additionally, the study aims to compare the performance of the Random Forest approach with 

traditional methods of battery health analysis, emphasizing its effectiveness and reliability. Overall, the 

objective is to advance the field of EV battery management and contribute to the development of more 

efficient and sustainable transportation systems. 

 

IV. RESEARCH METHODOLOGY 

 

4.1. DATA COLLECTION 

Acquire a diverse dataset containing information on lithium-ion batteries used in electric vehicles. 

Include parameters such as charge-discharge cycles, cycle index, voltage, current, and other relevant 

operating conditions. Ensure the dataset covers a wide range of real-world scenarios to enhance the model's 

generalization capability. 

 

4.2. DATA PREPROCESSING 

Clean the dataset by handling missing values, outliers, and normalizing numerical features. Extract 

relevant features that contribute significantly to battery health prediction. Explore techniques like 

dimensionality reduction to enhance model efficiency. 

 

4.3. MODEL SELECTION 

Choose the Random Forest algorithm for its robustness, ability to handle complex relationships, 

and suitability for regression tasks. Justify the selection based on the algorithm's performance in similar 

applications and literature. 

 

4.4. MODEL TRAINING 

Split the dataset into training and validation sets to train and assess the model's performance. 

Implement cross-validation techniques to ensure model generalizability. Optimize hyperparameters through 

grid search or randomized search to improve the model's accuracy. 

4.5. SIMULATION TESTING 

Simulate various electric vehicle usage scenarios to test the model's robustness under different 

conditions. Verify that the model maintains high accuracy across a wide range of operating conditions. 

4.6. ETHICAL CONSIDERATIONS 

Address potential biases in the dataset and the model to ensure fair and unbiased predictions. 

Consider the ethical implications of using the model for proactive maintenance and its impact on battery 

lifespan and sustainability. 

 

4.7. ARCHITECTURE 

The architecture diagram represents the working of the projects. Where this represents the steps and 

the random forest algorithm’s working. The navigation of the arrows represents the flow of the working 

model. 
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Fig.1 Architecture 

V. RESULT 

The developed Random Forest-based state of health (SOH) prediction model achieved an accuracy of 

approximately 98%, surpassing expectations for accuracy and reliability. Extensive simulations validated the 

effectiveness of the proposed methodology in forecasting battery health accurately. The integration of the 

predictive model into electric vehicle manufacturing processes holds promise for optimizing battery 

management and extending battery life. The high accuracy of the model ensures proactive maintenance 

strategies, enhancing the overall efficiency and sustainability of electric transportation systems. These results 

highlight the significance of machine learning in revolutionizing battery management and advancing electric 

vehicle technology. 

 

Fig 2. Result 
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5.1 GRAPH & HEATMAP 

 

 

 

Fig 3. Heat Map 

 

 

Fig 4. Graph Of Input Data 

 

 

VI. CONCLUSION 

In conclusion, the development of a reliable state of health (SOH) prediction model for lithium-ion 

batteries in electric vehicles (EVs) using machine learning techniques, particularly the Random Forest 

algorithm, holds significant promise for the advancement of electric transportation systems. By accurately 

forecasting battery health, this project enables proactive maintenance strategies, optimizing battery life cycle 

and ensuring the efficiency and sustainability of EV operations. The high accuracy achieved by the Random 

Forest model, coupled with its ability to capture complex relationships within the data, underscores its 

importance in revolutionizing battery management in the automotive industry. Moving forward, the 

integration of this predictive model into EV manufacturing processes will facilitate informed decision-

making and contribute to the continued growth and adoption of electric vehicles worldwide. 
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