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Abstract—Electric  Vehicles (EVs) are becoming
increasingly important due to growing environmental
concerns and the demand for sustainable transportation.
Conventional Battery Management Systems (BMS) often
struggle with nonlinear battery characteristics,
temperature variations, and dynamic operating
conditions. This paper presents an Al-based Battery
Energy Management System (BEMS) using three
machine learning algorithms—Linear Regression,
Random Forest, and XGBoost—trained on a publicly
available 5-year EV battery dataset covering voltage,
current, temperature, State of Charge (SOC), and State
of Health (SOH) parameters. After rigorous
preprocessing (data cleaning, feature selection,
normalization, 80/20 train-test split), all three models
were evaluated using RMSE, MAE, and R2 metrics. The
trained model was deployed in a Python-based GUI
testbench for real-time battery parameter prediction
with live SOC and SOH. The results confirm that
XGBoost-based ML significantly improves intelligent
battery monitoring and operational efficiency in EV
Battery Management Systems.

Index Terms—Battery energy management system, electric
vehicles, machine learning, random forest, state of charge,
state of health, XGBoost, GUI-based testbench, lithium-ion
battery

I. INTRODUCTION

Electric Vehicles (EVs) are rapidly gaining
importance due to increasing environmental concerns,
depletion of fossil fuels, and the growing demand for
sustainable transportation systems [1]. Batteries play
a critical role in EV performance, directly
influencing vehicle efficiency, reliability, driving
range, and safety. Lithium-ion batteries are widely
used in EV applications because of their high energy
density, lightweight structure, and long operational
life.
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However, battery performance degrades over time due
to charging and discharging cycles, temperature
variations, aging effects, and operating conditions [2],
[3]. These challenges increase the importance of
efficient Battery Management Systems (BMS) for
monitoring and controlling battery performance.
Conventional BMS techniques mainly rely on
mathematical models such as Coulomb counting,
Kalman filtering, and equivalent circuit models.
Although these perform adequately under controlled
conditions, they often struggle with nonlinear battery
behavior and dynamic real-time operating conditions

[4], [5]
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Fig. 1. Basic block diagram of the Electric Vehicle
Battery Management System [2].

Recent advancements in Artificial Intelligence (Al),
Machine Learning (ML), and Deep Learning (DL)
have significantly improved battery monitoring and
prediction capabilities [6]- [10]. Machine learning
algorithms can analyze large amounts of battery
operational data and identify complex relationships
between battery parameters, improving prediction
accuracy and system reliability [11]- [15].

This paper presents an Al-based BEMS using Linear
Regression, Random Forest, and XGBoost for battery
prediction analysis. A comparative evaluation is
performed using RMSE, MAE, and R? metrics. Based
on results, XGBoost—identified as the best
performer—is deployed in a Python-based GUI
testbench for real-time battery prediction.
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Il. LITRATURE REVIEW

Lipu et al. [1] reviewed battery management
technologies and future trends in EV applications.
Ranjith Kumar et al. [2] discussed advancements in
battery modeling, thermal management, SOC, and
SOH. Hu et al. [3] reviewed battery lifetime
prognostic techniques and discussed degradation
mechanisms under different operating conditions.

Haraz et al. [4] presented a survey on ML approaches
for SOH and SOC estimation. Padder et al. [5]
reviewed data-driven approaches for EV battery
estimation using ML algorithms. Kumar and
Prabhansu [6] highlighted that Al techniques improve
SOC and SOH estimation accuracy while enabling
predictive diagnostics. Fig. 2 summarizes the
taxonomy of SOC and SOH estimation methods from
the literature.
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Fig. 2. Taxonomy of SOC and SOH estimation
methods [4].
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Kulkarni and Teodorescu [7] proposed a
computationally efficient ML-based online battery
SOH estimation technique. Zhang et al. [8] reviewed
DL applications in PHM, showing improved fault
detection and battery health prediction. Massaoudi et
al. [9] investigated DL techniques for lithium-ion
battery PHM. Zhao et al. [10] discussed Al-driven
real-world battery diagnostics.

Yusufzai et al. [11] proposed an LSTM network for
efficient SOC estimation. Khatri et al. [12] utilized
Random Forest and Linear Regression for precise
SOC prediction. Swain et al. [13] developed a RUL
prediction model using Random Forest and SVM.
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Karnehm et al. [14] proposed a cloud-based BMS
architecture. Yamini et al. [15] discussed Al-powered
BMS with predictive maintenance capabilities.

From the survey, Al- and ML-based approaches
significantly improve battery monitoring, prediction
accuracy, and system efficiency. Challenges in
computational complexity, real-time implementation,
and integrated intelligent monitoring frameworks
motivate the development of an efficient Al-based
BEMS.

I1l. BATTERY MANAGEMENT SYSTEM

A. EV Battery System

The battery system is one of the most critical
components of an Electric Vehicle. Lithium-ion
batteries offer high energy density, low self-discharge
rates, high charging efficiency, longer cycle life, and
lightweight construction [2]. A lithium-ion cell
contains a positive electrode, negative electrode,
separator, and electrolyte. Fig. 3 shows the structure of
a complete EV Battery Management System.

Fig. 3. Structure of the Electric Vehicle Battery
Management System showing sensor interface,
estimation modules, and output channels [1].

Despite their advantages, lithium-ion batteries face
operational challenges: degradation from repeated
cycling, thermal runaway at high temperatures, and
capacity loss from deep discharging and overcharging
[3]. Continuous monitoring and control of battery
parameters are therefore essential.

B. Battery Management System (BMS)

A BMS is an electronic monitoring and control system
designed to ensure the safe, reliable, and efficient
operation of battery packs. The primary function of a
BMS is to monitor voltage, current, temperature,
charging status, and discharging status. It also
performs SOC estimation, SOH estimation, thermal
management, cell balancing, and fault detection [1].
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Traditional BMS techniques rely on electrochemical

models (Coulomb counting, Kalman filtering,
equivalent circuit models) that struggle under dynamic
real-time conditions due to the nonlinear

characteristics of lithium-ion batteries [4]. Al and ML
techniques have significantly improved BMS by
learning battery behavior from historical data and
generating accurate predictions under varying
conditions [5], [6].

C. Important Battery Parameters

SOC: State of Charge represents the remaining charge
as a percentage (0-100%). Accurate SOC estimation
directly affects driving range and energy availability.
SOH: State of Health indicates battery degradation
level. As cycles accumulate, internal resistance
increases and storage capacity decreases.

Voltage, Current, Temperature: These measurable
parameters are essential for monitoring abnormal
conditions, calculating energy, and preventing
thermal runaway.

IV. SYSTEM METHODOLOGY

Use The proposed system methodology follows a nine-
step pipeline as shown in Fig. 4. dataset collection,
data preprocessing, feature selection, train-test split,
model training, model evaluation, best model
selection, and GUI deployment.

A. Dataset Collection

The dataset was obtained from Kaggle: “5-Year EV
Battery Dataset for SOH, SOC & Faults” by Darshan
Kumar Govindaraju. It contains large-scale time-

timestamglambient_t battery_te current_A voltage V soc_%  soh_%
sunuusEe 20,9343 20.66868 -3.50725 3.771202 50 100 2.5 0.05 0

series battery operational data over a simulated five-
year period, including voltage, current, power, SOC,
SOH, temperature, charging/discharging
characteristics, battery aging information, and fault
indicators. Fig. 5 shows a sample of the dataset
structure.
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Fig. 4. Complete methodology flow diagram from
dataset collection to GUI deployment.
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Fig. 5. Sample of the 5-Year EV Battery Dataset (Kaggle) showing key battery operational parameters.
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B. Data Preprocessing
Since the collected dataset contained raw battery
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operational data, preprocessing was required before
training. Fig. 6 shows the complete preprocessing
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pipeline.
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Fig. 6. Data preprocessing pipeline: raw data —
cleaning — missing value handling — feature
selection — normalization — train-test split.

Data cleaning removed duplicate entries, inconsistent
records, and noisy sensor readings. Missing values
were handled using statistical imputation. Feature
selection  identified key parameters—voltage,
current, temperature, and SOC-related features. Min-
Max normalization was applied to bring all parameters
into a common range, improving model convergence.
The dataset was divided 80% training and 20% testing.

V. MACHINE LEARNING MODELS

A. Linear Regression

Linear Regression establishes a linear relationship
between input features and output values:
Y=mX+c (1)

where Y is the predicted output, X the input variable,
m the slope, and c the intercept. The model minimizes
sum-of-squared  errors using least  squares
optimization. Fig. 7 shows the Linear Regression
workflow for battery SOC/SOH prediction.

1JIRT 205214

Input Processed Data

.

Train Linear Regression Model

,

Learn Relationship
(X —y)

.

Model Evaluation
(MAE, MSE, R?)

.

Prediction (SOC / SOH)

}

Output Results

Fig. 7. Linear Regression workflow for battery
SOC/SOH prediction.

B. Random Forest

Random Forest combines multiple decision trees using
bootstrap sampling to improve accuracy and reduce
overfitting. Each tree independently learns patterns,
and outputs are averaged for the final prediction. Fig.
8 shows the Random Forest architecture.
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Fig. 8. Random Forest architecture showing multiple
bootstrapped samples and aggregated prediction.

C. XGBoost (Extreme Gradient Boosting)

XGBoost builds decision trees sequentially—each
new tree minimizes the prediction error of the previous
through gradient descent optimization:
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Fi(x) = Fra(x) + 51+ h(x) (2)

where Fi(x) is the model at iteration t, 1) is the learning
rate, and h(x) is the new tree minimizing residual
errors. XGBoost also uses regularization and parallel
processing. Fig. 9 shows its working architecture.
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‘ K\ Tree n
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Final Prediction
Output Results : s
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Fig. 9. XGBoost working architecture showing
sequential tree building on residual errors.

VI. PERFORMANCE EVALUATION MATRIX

Three standard metrics were used to evaluate all
models:
RMSE = \[Z(y — §)*/ n] ©)
MAE =S|y —|/n 4

=1 - [y -9 /Xy -9 )
Lower RMSE and MAE values indicate better
prediction accuracy; higher R2 (closer to 1.0) indicates
better variance explanation.

VII. EXPERIMENTAL RESULTS AND
DISCUSSION

The implementation was carried out in Python using
VS Code with Scikit-learn, Pandas, NumPy,
Matplotlib, and XGBoost libraries. The Kaggle dataset
was preprocessed before model training and testing.

A. XGBoost SOC Training Convergence

Fig. 10 shows the XGBoost SOC training vs.
validation loss (RMSE) over epochs. Both train and
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test curves converge closely within approximately 20
epochs, demonstrating stable generalization without
overfitting.

XGBoost SOC Training vs Validation Loss
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Fig. 10. XGBoost SOC training vs. validation RMSE
loss over epochs showing stable convergence.

B. XGBoost SOH Training Convergence

Fig. 11 shows the XGBoost SOH training vs.
validation loss. The test loss stabilizes at RMSE =~
0.05 after approximately 500 epochs while the training
loss continues to decrease, confirming the final test R2
of 0.9651.

XGBoost SOH Training vs Validation Loss

—
g
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Fig. 11. XGBoost SOH training vs. validation RMSE
loss over 2500 epochs.

C. Comparative Performance — SOC Prediction

Table I presents the comparative performance for SOC
prediction. All three models achieve high R2 for SOC,
confirming relatively linear SOC behavior. XGBoost
achieves the best overall balance of RMSE and MAE.

TABLE | Comparative Performance — SOC
Prediction
Model RMSE MAE R2 Score
Linear Regression [0.0117  |0.0056 |0.9978
Random Forest 0.0358 0.0286 0.9800
XGBoost 0.0313  |0.0227 |0.9840

D. Comparative Performance — SOH Prediction
Table 1l shows SOH prediction results. Linear
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Regression performs poorly (R? = 0.4540) due to
highly nonlinear SOH degradation patterns. XGBoost
achieves R2? = 0.9651, outperforming Random Forest
(R?=0.9564).

TABLE Il Comparative Performance — SOH

Prediction
Model RMSE |MAE R2 Score
Linear Regression  |0.1583 [0.1174  |0.4540
Random Forest 0.0447 10.0115 0.9564
XGBoost 0.0502 [0.0163 0.9651

E. R2 Score Comparison

Fig. 12 presents side-by-side bar charts comparing R2
scores for SOH and SOC prediction across all three
models. XGBoost achieves the highest scores in both
metrics, confirming its superiority for battery
prediction tasks.

prediction (left) and SOC prediction (right) for all
three models.

F. Discussion

o Linear Regression: Efficient and good for SOC (R?2
=0.9978) but fails for SOH (R2=0.4540) due to
nonlinear degradation.

e Random Forest: Improved accuracy for both SOC
(R2=0.9800) and SOH (R2=0.9564) through
ensemble learning, at higher computational cost.

o XGBoost: Best overall performance (SOC R? =
0.9840, SOH R2 =0.9651) combining gradient
boosting, regularization, and efficient computation.

VIII. GUI-BASED TESTBENCH
IMPLEMENTATION

The GUI development followed the workflow shown
in Fig. 13: dataset collection — model training —
XGBoost model serialization (joblib) — model
integration — Python GUI development — prediction
interface.
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Fig. 13. GUI development workflow from model
training to prediction interface.

The trained model was saved using Python
serialization: xgb_soc.pkl, xgb_soh.pkl, xgb_rul.pkl,
xgb_ir.pkl, xgb_temp.pkl, and xgb_anomaly.pkl. Fig.
14 shows the model loading code in VS Code.

. (variable) xgb soh: unknown ,;
xgb_soh .load(

xgb rul t .load(

xgb_ir t .Joad(

xgb_temp b.load(
xgb_anomaly b.load(

scaler_core .load(

scaler thermal t .Joad(

print(“Err

Fig. 14. Python code for loading serialized XGBoost
BEMS models using joblib in VS Code.

B. GUI Dashboard and Real-Time Performance

Fig. 15 shows the “Advanced EV Engineering
Dashboard” with the Live Al Model Verification &
BEMS Telemetry panel. The dashboard features: (1)
real-time SOC, SOH, RUL, and internal resistance
prediction with true vs. predicted comparison; (2) real-
time SOC and SOH line plots; (3) BEMS telemetry
charts (voltage and current); (4) thermal forecasting;
and (5) predictive maintenance Al anomaly detection.
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Future work will explore: (1) LSTM and GRU deep
learning models for improved sequential prediction;
(2) real-time hardware integration with embedded
systems and loT sensors; (3) cloud-based remote
monitoring and predictive maintenance; (4) advanced
fault diagnosis and automatic battery balancing
mechanisms.

Fig. 15. Advanced EV Engineering Dashboard
showing live Al model verification, BEMS telemetry,
and real-time prediction charts for SOC, SOH,
voltage/current, and temperature.

Fig. 16. Advanced EV Engineering Dashboard
showing live Al model verification, BEMS telemetry,
and real-time prediction charts for SOC, SOH,
voltage/current, and temperature with hardware

implementation using Raspberry Pi.

Live testing results: SOC True =70.12%, Pred =
72.83% (Err =2.71); SOH True = 99.97%, Pred =
98.24% (Err=1.74); RUL True =0.9991, Pred =
0.9410; Internal Resistance True =0.0500Q, Pred =
0.0503Q. These results validate the practical
deployment capability of the proposed system.

IX. CONCLUSION

This paper presented an Al-based Battery Energy
Management System using three machine learning
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algorithms for EV battery prediction analysis. A 5-
year EV battery dataset was preprocessed and used to
train Linear Regression, Random Forest, and
XGBoost models. Comparative evaluation confirmed
XGBoost as the best performer: SOC R2=0.9840 and
SOH R2 = 0.9651.

The trained XGBoost model was successfully
deployed in a Python-based GUI testbench providing
real-time prediction with live SOC accuracy of
98.24% and SOH of 98.74%. The system
demonstrates that ML techniques can significantly
improve intelligent battery monitoring, prediction
accuracy, and operational efficiency in EV Battery
Management Systems.
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