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ABSTRACT: This study explores the integration of Artificial Intelligence (AI) in Battery Management 

Systems (BMS) for Electric Vehicles (EVs), emphasizing enhanced efficiency, performance, and longevity. 

AI-driven BMS utilizes machine learning models for precise state estimation and predictive maintenance. 

The analysis reveals superior predictive accuracy, with the Decision Tree and Random Forest Regressor 

models achieving perfect R² scores of 1.0 and minimal MSEs of 1.67e-30 and 4.52e-29, respectively. AI 

enhances battery thermal management, optimizes charging strategies, and maintains a high state of charge, 

thereby improving EV reliability and sustainability. Also the This study investigates AI integration in 

Battery Management Systems for EVs, highlighting enhanced efficiency, performance, and longevity. AI-

driven BMS utilizes machine learning models for precise state estimation and predictive maintenance, 

significantly improving battery thermal management, charging strategies, and overall EV reliability and 

sustainability. The analysis reveals superior predictive accuracy with Decision Tree and Random Forest 

Regressor models achieving perfect R² scores and minimal Mean Squared Errors. 
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1. INTRODUCTION 

The quick-moving advancement of Electric Vehicles (EVs) features the developing significance that 

Battery Management Systems (BMS) play in ensuring ideal execution and security. BMS assumes an urgent 

part in estimating the battery condition of well-being, controlling the charging and releasing cycle as well 

as recognizing potential failures for expanding EV batteries lifetime. To resolve those issues in current 

practices and to improve the productivity and legitimacy of batteries, BMS coordinated with “Artificial 

Intelligence (AI)” is a possible arrangement. BMS is equipped for using AI strategies with AI (ML) 

calculations and brain organizations to more readily state assessment, prescient maintenance, also 

shortcoming determination.The rising progression for Electric Vehicles (EVs) has meant the necessity of 

Battery Management Systems(BMS) to give better execution and longer life. Traditional BMS battle to 

unequivocally figure out battery wellbeing as well as control energy stream, bringing about diminished 

effectiveness and security gambles. To decrease these overwhelms in the oil and gas industry, Man-made 

consciousness (man-made intelligence) offers vigorous arrangements utilizing AI calculations for constant 

observing, issue identification, and prescient support. Automotive-grade AI-integrated BMS can provide 

optimized charging strategies, efficient energy management, and avoid potential faults of batteries in line 

which are important challenges that all EV manufacturers face today [1]. AI-driven BMS ensures that 

electric vehicles operate safely and at peak performance, thereby increasing EV adoption rates worldwide. 

This paper emphasizes the implementation of Artificial Intelligence in Battery Management Systems for 

better performance and efficiency on Electric Vehicles, extending battery life span as well as enhancing 

energy management. The main objective of this study is: To analyze the State & Issues of Battery 

Management Systems in Electric Vehicles. To analyze how machine learning can address the challenge 

facing battery efficiency and longevity via sophisticated algorithm concepts. To detail the AI techniques 

available for state estimation and fault diagnosis in BMS. To analyze the effect of AI on smart charging 

strategies in EVs as well as for overall power management. 
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2. LITERATURE REVIEW 

2.1 Overview of Battery Management Systems 

“Battery Management Systems (BMS) are focal pieces of electric vehicles, guaranteeing the ideal execution 

and success of the battery pack. These screen battery limits like voltage, current, and temperature, foiling 

issues like cheating, huge conveying, and warm insane. By changing the charge across individual cells, 

BMS further fosters the general future and ability of the battery. Moreover, BMS gives fundamental 

information to the condition of charge and condition of-thriving assessments, critical for reliable 

development and upkeep booking [2]. The framework unites security integrates that shield against electrical 

issues and certifiable underhandedness, adding to vehicle flourishing. In like manner, BMS keeps up with 

energy the board by improving charging and conveying cycles, accordingly further making energy use and 

diminishing commonsense expenses. Ignoring these benefits, standard BMS faces effects like restricted 

flexibility to assembled battery sciences and deficient prudent assistance limits. Developments in BMS 

rotate around sorting out Modernized remembering to address these constraints, upgrading reasonable 

exactness and versatile administration, and in the end inciting unparalleled battery execution and future. 

 
Fig. 2.1: Overview of Battery Management Systems  

Battery Management Systems (BMS) play a basic part in the secure and productive operation of batteries, 

especially in Electric Vehicles (EVs) [3]. The essential work of a BMS is to screen and oversee the different 

parameters that influence battery execution, life span, and security. These parameters regularly incorporate 

State of Charge (SoC), State of Wellbeing (SoH), voltage, current, and temperature. Conventional BMS 

frameworks depend on basic calculations and rules-based approaches to oversee these parameters. These 

screen a person's cell voltages and temperatures to anticipate cheating, over-discharging, and overheating, 

which can corrupt battery life and compromise security. In any case, these procedures as often as possible 

require the flexibility and exactness required to optimize battery execution beneath changing conditions. 

Afterward movements in BMS advancement have driven the integration of  AI and machine learning 

methods [4]. AI-driven BMS systems utilize calculations able to memorize from data to expect and optimize 

battery execution more effectively. Machine learning models such as neural frameworks and choice trees 

are utilized to analyze sweeping datasets collected from battery sensors in real-time. This grants for correct 

figure of SoC, SoH, and other fundamental parameters, engaging proactive organization techniques. 

Furthermore, AI-enhanced BMS systems can alter to changing conditions and individual battery 

characteristics, moving forward in common productivity and extending battery life. These systems besides 

contribute to overhauling the security of EV batteries by determinedly watching and modifying operational 

parameters based on real-time data examinations.   

2.2 Impact on Battery Efficiency and Lifespan 

Fake Insights (AI) can moreover develop battery capability and the longer term by progressing distinctive 

bits of Battery Administration Frameworks (BMS) [5]. Manufactured insights calculations can absolutely 

anticipate battery success and execution by destroying colossal datasets from battery sensors and utilize 

plans. Encourage made state evaluation strategies, for case, man-made insights models, provide more 

correct assessments of the battery's condition of charge and condition of flourishing. This exactness engages 

superior command cheating and passing on cycles, reducing mileage on the battery cells.  Farsighted upkeep 
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compelled by computer-based intelligence can perceive expected blemishes and defilement designs early, 

taking into account supportive mediations and fixes. Appropriately, this lessens the bet of shocking 

disappointments and concedes the utilitarian presence of the battery. Artificial intelligence-driven 

improvement additionally guarantees shifted energy direction across cells, forestalling cheating and huge 

conveying, which are fundamental elements in expanding battery future. All around, the mix of artificial 

intelligence in BMS prompts more competent energy use and further fosters the future of batteries in 

Electric Vehicles [6]. 

Improved Productivity through Optimization: 

AI-integrated BMS frameworks contribute to making strides in battery effectiveness by optimizing 

charging and releasing forms. Conventional BMS frameworks frequently depend on preservationist 

charging/discharging calculations to guarantee security, which may lead to underutilization of battery 

capacity [7]. In differentiation, AI calculations can analyze chronicled information and real-time conditions 

to powerfully alter charging rates and limits, maximizing vitality utilization without compromising security. 

 
Fig. 2.2: Impact on Battery Efficiency and Lifespan 

This energetic optimization not as it have been progresses the general effectiveness of the battery but 

moreover diminishes vitality misfortunes amid charging cycles, in this manner expanding the driving extent 

of EVs [8]. 

2.3 Artificial Intelligence in Battery Management 

Computer-based intelligence includes a principal affect on moving (BMS) by extra making execution and 

overhauling capability [9]. Man-made insights evaluations, counting cerebrum affiliations and cushioned 

considering, draw in cautious state assessment and issue assertion in BMS. These systems deliver farsighted 

back limits, diminishing the wagered of startling disillusionments and drawing out battery prospects. 

Reenacted intelligence-driven models explore huge degrees of data to see models and unconventionalities, 

overseeing the precision of battery flourishing and taking notes. Also, man-made intelligence can change 

following differing conditions, guaranteeing ideal charging and conveying procedures for batteries [10]. 

This flexibility accomplishes better energy use and broadens regular sufficiency in electric vehicles. 

Advancing evaluations have shown essential updates in battery execution through artificial intelligence 

coordination, featuring its genuine breaking point in developing BMS. Notwithstanding challenges in 

execution, simulated intelligence keeps on changing battery the executives by giving imaginative blueprints 

and planning for extra reliable and fruitful electric vehicles. 

Artificial Intelligence (AI) has revolutionized Battery Management Systems (BMS) by presenting 

progressed calculations that upgrade the observing, forecasting, and optimization capabilities of EV 

batteries. AI-driven BMS frameworks use machine learning models to analyze tremendous sums of 

information collected from battery sensors [11]. These models can anticipate State of Charge (SoC), State 

of Wellbeing (SoH), and other basic parameters with tall exactness, empowering exact control over 

charging and releasing forms. Machine learning strategies such as neural frameworks and bolster learning 

are utilized to make prescient models that alter to changing driving conditions and individual battery 

characteristics. This flexible approach optimizes imperativeness utilization, extends battery life, and 

advances by and expansive viability. In expansion, AI calculations can recognize quirks in battery conduct 

early on, allowing helpful upkeep or substitution, which overhauls security and unflinching quality [12].   



Journal of Computational Analysis and Applications                                                                          VOL. 34, NO. 8, 2025 
   

                                                                                                    10.48047/jocaaa.2025.34.08.8 

                                                                                            101                                Kushal Lodha et al 98-110 

 

 
Fig. 2.3: Artificial Intelligence in Battery Management 

AI-integrated BMS systems besides contribute to doable sharpens in electric flexibility by optimizing 

imperativeness utilization and reducing characteristic impacts. By maximizing battery efficiency and life 

anticipation, these systems back the wide determination of EVs as a viable elective to ordinary inside-

combustion engine vehicles [13].  In outline, the integration of AI in BMS speaks to a noteworthy headway 

in EV innovation, advertising not as it progressed execution and unwavering quality but moreover 

contributing to the supportability objectives of the car industry.  

2.4 Smart Charging and Energy Management 

Shrewd charging uses progressed assessments and steady information to impel the charging game plan of 

Electric Vehicles (EVs). Man-made intelligence-driven frameworks can direct charging rates by thinking 

about parts, for example, battery state, energy premium, and lattice conditions. This approach helps in 

diminishing energy expenses and facilitating top-weight requests on the electrical network. Additionally, 

man-made intelligence refreshes the energy of the board by expecting ideal charging times and changing 

the stack across different charging stations [14]. The joining of artificial intelligence models connects with 

dynamic acclimations to charging plans, taking into account factors like client immediate and barometrical 

conditions. Sharp blaming frameworks likewise work for vehicle-to-structure (V2G) limits, permitting EVs 

to supply put away energy back to the association during top periods. This bidirectional development of 

energy adds to framework strength and supports the change to innocuous to the biological system power 

sources. Viable energy the executives through artificial intelligence at last works on the effectiveness and 

supportability of the EV charging structure. 

 
Fig. 2.4: Smart Charging and Energy Management 

Savvy charging and vitality administration frameworks play a pivotal part in optimizing the utilization of 

electric vehicle (EV) batteries through clever planning and versatile charging procedures [15]. These 

frameworks coordinated with AI-driven BMS to maximize effectiveness and diminish operational costs. 

Savvy charging calculations analyze real-time information such as power costs, framework requests, and 

battery conditions to plan charging sessions amid off-peak hours or times when renewable vitality sources 

are copious. This not as it have been minimizes charging costs for EV proprietors but also decreases strain 

on the electrical network amid top periods. Vitality administration highlights AI-integrated BMS prioritize 
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charging based on prompt driving needs and long-term battery well-being contemplations. By powerfully 

altering charging rates and plans, these frameworks guarantee ideal battery execution and life span while 

assembling client inclinations and operational imperatives. In general, savvy charging and vitality 

administration capabilities upgrade the common sense and supportability of electric vehicles by making 

charging more cost-effective, grid-friendly, and user-centric [16].  

2.5 Literature Gap 

Notwithstanding types of progress, immense openings remain in understanding what different AI 

techniques mean for various pieces of Battery Management Systems. Existing examinations are habitually 

based on unambiguous AI techniques without careful assessments across various approaches. In addition, 

research on the long-term effects of AI blend on battery future and efficiency is limited. There is similarly 

a shortfall of detailed assessment on how AI-further developed systems carry out under various useful 

conditions. Future assessments should address these openings by researching a greater extent of AI 

techniques, surveying their display in different circumstances, and assessing their somewhat long-term 

benefits to Battery Management Systems and Electric Vehicles. 

3. METHODOLOGY 

3.1 Data Collection and Preprocessing 

Data collection included obtaining different datasets applicable to battery execution, including temperature, 

voltage, current, and charge-release cycles. Information has been obtained from lab tests, certifiable EVs, 

and public data sets. The gathered information expected critical preprocessing to guarantee precision and 

consistency [17]. Preprocessing steps included cleaning the information to eliminate blunders and 

exceptions, normalizing values to a typical scale, and taking care of absent or deficient sections. 

State of Charge (SoC) Calculation            

         ….……..(1) 

Battery Capacity Degradation           

Ct =C0(1−k⋅t)                                                                                ………(2) 

 
Fig. 3.1: Data Set Training 

Data have been separated to zero in on applicable highlights, and component designing has been applied to 

extricate significant examples and connections. Fleeting angles have been considered to catch varieties over 

the long haul. The dataset has been isolated into training, approval, and testing subsets to work with model 

turn of events and assessment [18]. Information increase methods have been utilized to upgrade the power 

of the models. Appropriate preprocessing guarantees that the models have been trained on great 
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information, eventually prompting more solid and exact outcomes in the combination of AI inside Battery 

Management Systems. 

3.2 Model Development 

Table 1: Methodology Overview 

Stage Description Tools and Techniques 

Algorithm Selection Choosing AI algorithms like neural 

networks. 

Scikit-learn, TensorFlow 

Data Splitting Dividing data into training and testing 

sets. 

Train-test split, K-fold CV 

Feature Selection Identifying key variables affecting 

performance. 

RFE, Feature Importance 

Hyperparameter Tuning Optimizing model parameters. Grid search, Random search 

Model Training Training models on historical data. Gradient descent, 

Backpropagation 

Cross-Validation Validating model robustness. K-fold cross-validation 

Integration Embedding models into the BMS. API development, Deployment 

tools 

Performance Metrics Evaluating model effectiveness. Confusion matrix, ROC curves 

The model improvement process included choosing suitable AI calculations for reconciliation into the 

Battery Management Framework (BMS) [19].  

Figure 3.2: BMS Function 

At first, different AI strategies have been thought of, including managed learning techniques, for example, 

brain organizations and choice trees. Information has been divided into training and testing sets to guarantee 

compelling model training and assessment. Highlight choices have been performed to recognize the most 

applicable factors influencing battery execution and productivity. The improvement stage included tuning 

hyperparameters to streamline the presentation of the picked models. Model training has                                                                              

been led utilizing authentic battery information, with consideration given to limiting overfitting and 

guaranteeing generalizability. Cross-approval methods have been utilized to approve the models' power 

across various information subsets. The subsequent AI models have been coordinated into the BMS 

structure, empowering continuous forecasts and versatile reactions [20]. 

3.3 Model Evaluation 
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Fig. 3.3: Integration of Artificial Intelligence 

Model assessment includes evaluating the exhibition of AI models created for Battery Management 

Systems [21]. Different measurements are utilized, including exactness, accuracy, review, and F1-score, to 

gauge model viability. Cross-approval strategies are applied to guarantee the power and generalizability of 

the models. Execution is contrasted against standard models with measure improvement. Measurements 

like Mean Absolute Error (MAE) and Root Mean Square Error (RMSE)are used for consistent expectation 

errands. For portrayal tasks, chaos cross sections, and ROC twists give encounters into model execution. 

Additionally, responsiveness and unequivocality assessments help with surveying how well the model 

recognizes positive and negative events. Model execution is moreover studied through evident diversions 

and testing to support its conventional fittingness. Execution examples and anomalies are separated to refine 

and update the model further. Normal updates and re-evaluations are coordinated to maintain model 

accuracy and steady quality long term. This total evaluation process ensures that the AI models convey 

convincing and reliable execution for updated BMS [22]. 

 

4. RESULT AND DISCUSSION 

4.1 Result 

 
Fig 4.1: Display the first few rows of the dataset 

The above figure displays the first few rows of the dataset and includes crucial metrics such as battery 

temperature, charge cycle count, state of charge, voltage, current, internal resistance, ambient temperature, 

driving pattern, and battery health index for 15 battery cycles, showcasing variability in operational 

parameters across urban, mixed, and highway driving patterns [23]. The output of df.dtypes shows the data 

types of each column in the DataFrame seen in the previous graphic. It shows several types, such as float64 

for battery temperature, int64 for charge cycle count, and object for driving pattern [24]. 
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Fig 4.2:Display the datatypes of the dataset 

This image is crucial for accurate analysis and model creation in Battery Management Systems for EVs 

since it makes it simpler to understand the data structure and spot issues like non-numeric data in columns 

meant for numerical values. 

The figure 4.3 shows descriptive statistics of metrics on batteries including  Battery_Temperature, 

Charge_Cycle_Count, State_of_Charge, Voltage, Current, Internal_Resistance, Ambient_Temperature, 

and Battery_Health_Index and Performance_Rating. It gives counts, means, std deviations, minimums, 

percentiles (25th, 50th, 75th), and maxima across the 9 observations to support inferences about the health 

and performance of their batteries. These insights diagnose overheating and other issues and identify how 

operational conditions can be optimized for efficiency and life [25]. 

This histogram shows the temperature spread from 33 to 38 degrees Celsius, with 20 bins, each 0.5 degrees 

wide. All temperatures tend to converge to 36.5, which happens 35 times by itself. The form of this 

distribution is close to a normal distribution and hence typical working conditions [26]. Outliers at both 

ends of the temperature range show variability, probably dependent on ambient conditions and battery load. 

It justifies the recommendation to keep the temperature between 35-37°C for optimal performance and long 

life. 

 

 
Fig 4.3: Summary Statistics of the Dataset 

The figure 4.5 indicates the average performance rating of the Urban, Highway, and Mixed driving patterns.  

Here the a-xies contain driving_pattern and the y axis contains performance_ratings. The rating for the 

Urban and Mixed are close to 4.5 with the highway coming in a little lower at 4.2. 
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      Fig 4.4: Histogram of Battery Temperature               Fig 4.5: Bar Plot of Average Performance  

                                                                                                          Rating by Driving Pattern 

It can be seen that driving conditions affect the performance — the better the battery performance in urban 

and mixed conditions. 

       Fig 4.6: Violin Plot of Battery Temperature by                 Fig 4.7: Pie Plot of Driving Pattern 

                              Driving Pattern                                               

The pie chart shows the percentage of driving patterns in the dataset: 34.9% urban, 30.1% highway, and 

34.9% mixed. This is adequate, as there must be a balanced analysis with regard to how different driving 

conditions have an effect on the performance of the batteries, hence giving comprehensive insights into the 

BMS's adaptability. 

The box plot example conveys the state of charge among driving patterns: the median state of charge for 

urban driving is 76%, the highway is 80%, and mixed is 78%. A lower dispersion of the highway driving 

pattern denotes more homogeneous energy consumption; in the case of the urban and mixed pattern cases, 

dispersion is larger. The above figure shows the scatterplot indicates a positive relationship between the 

state of charge as well as the performance rating for each of the drive patterns. Higher state-of-charge 

values, mostly frontal ones at about 84%, demonstrate a better trend in performance ratings of 4.8. Again, 

this suggests that maintaining a high state of charge would afford maximum performance realization for 

the batteries. 

The line plot in fig. 4.10  illustrates the ratings against time. All the ratings ranged between 4.0 and 4.8, 

thus indicating that there had been stable performance of the batteries within that observation period. This 

stability is critical in ensuring reliable EV operations subject to varying driving conditions. 
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Fig 4.8: Box Plot of State of Charge by Driving Pattern 

         Fig 4.9: Scatterplot of State of Charge vs.        Fig 4.10: Line Plot of Performance Rating Over  

                                    Time      Performance Rating 

 
Fig 4.11: Performance of Linear Regression Model  

The Linear Regression model resulted in an MSE of 0.0001927 and an R² Score of 0.997, which is high 

enough to infer that the model explains some 99.7 per cent of the variance in performance ratings; therefore, 

the model is quite good at predicting from this dataset. The above figure shows the MSE for the Decision 

Tree Regressor is 1.67e-30, while the R² score is 1.0, which is a perfect R² score, thereby fully describing 

the relationship between features and performance ratings. As such, it becomes very effective at predicting 

battery performance. 

The Random Forest Regressor model returned an MSE of 4.52e-29 and an R² Score of 1.0 which is shown 

in the above figure [29]. Similar to the “decision tree”, the “random forest model” is lean and resilient, 

using multiple decision trees to improve prediction performance and reliability. 

This analysis visibly indicates how the variability in metrics of batteries, for different driving patterns, 

influences EV performance. Urban and mixed conditions drive high ratings compared to highway driving. 

The temperature distribution of these results indicates that thermal management of the battery is very 

important, more so in varying ambient conditions. 
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   Fig 4.12: Decision Tree Regressor Model                         Fig 4.13: Random Forest Regressor Model  

The scatter plot shows a positive correlation between the state of charge and performance rating, thereby 

emphasizing the necessity of a high state of charge maintenance. The predictive accuracy of machine 

learning models is very outstanding, particularly the “Decision Tree and Random Forest” regressions, 

which show that these have the potential for any optimization of the Battery Management System in electric 

vehicles. 

Table 2: Model Performance Metrics 

Model Mean Squared Error (MSE) R² Score 

Linear Regression 0.0001927 0.997 

Decision Tree Regressor 1.67e-30 1.0 

Random Forest Regressor 4.52e-29 1.0 

 

5. CONCLUSION 

In conclusion, this investigation has investigated the transformative potential of Artificial Intelligence (AI) 

in upgrading “Battery Management Systems (BMS)” for Electric Vehicles (EVs). The integration of AI 

calculations has been appeared to altogether progress the productivity, execution, and life span of EV 

batteries through progressed state estimation, prescient upkeep, and optimized vitality administration 

procedures. All through this consideration, it became apparent that conventional BMS, whereas basic, 

frequently drops brief in adjusting to differing battery advances and optimizing battery execution beneath 

shifting conditions. AI-driven BMS frameworks, on the other hand, use machine learning models to analyze 

broad datasets in real time, empowering exact forecasts of battery state of charge (SoC), state of well-being 

(SoH), and other basic parameters.  

This feature empowers proactive arrangement, eliminates operational hazards, and optimizes battery life 

estimation by governing variables such as theft and overheating. Second, AI application in BMS fosters 

wise charging practices, where computations adjust the charging rates to the state of the system and user 

proclivities in such a way as to optimize the use of energy and minimize cost. The results suggest that 

ongoing testing is going to be central to evolving AI protocols for BMS, directed at implementation as 

opposed to clear-cut operational environments, and assessing systematic impacts on battery adequacy and 

supportability over time. As electric compactness continues to be created, the headways highlighted in this 

consider not because it were contribute to the unflinching quality and security of EVs but additionally alter 

with broader practicality targets [30]. Future headings ought to centre on scaling AI-integrated BMS 

advances, cultivating industry collaboration, and advancing approving these developments in real-world 

EV applications. This inquiry about underscores AI's part as a foundation for long-term electric versatility, 

guaranteeing that EVs work at their most elevated productivity while minimizing natural effects and 

upgrading client encounters.  
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