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Abstract: Al-based predictive battery health monitoring system to address challenges associated with lithium-ion battery
failures and degradation in electric vehicles and renewable energy systems. By employing machine learning and deep
learning algorithms, including CNNs, LSTMs, Logistic Regression, KNN, and SVM, the system accurately predicts key
parameters such as State of Health, State of Charge, and Remaining Useful Life. Comparative analysis using datasets
like NASA’s highlights the superior performance of CNN and LSTM models over traditional rule-based methods.
MATLAB Simulink simulations enhance data quality for training and testing, while novel feature extraction techniques
ensure robust model performance across diverse conditions. The system achieves a high accuracy of 0.986 in predicting
battery metrics, demonstrating strong noise resilience and dynamic adaptability. These results emphasize the potential of
Al-driven battery management systems to improve maintenance strategies, reduce operational costs, and promote the
sustainable use of lithium-ion batteries.

Keywords: State of Health, State of Charge, Remaining Useful Life, CNN, LSTM, MATLAB, Logistic Regression,
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. INTRODUCTION

With the rapid global adoption of electric vehicles, ensuring the reliability and longevity of lithium-ion batteries has
become a critical challenge. EV battery health directly influences vehicle performance, operational safety, and total cost
of ownership. Traditional approaches to battery monitoring rely on periodic inspections and basic metrics such as state
of charge and temperature. However, these methods fail to provide the nuanced, predictive insights required to pre-
emptively address battery degradation or failure. By leveraging data-driven techniques such as support vector machines
and deep learning models like long short-term memory networks, an Al-based predictive batter health monitoring system.

The global push for sustainable transportation, coupled with the critical role of battery health in EV adoption,
underscoresthe urgency of this project. A robust predictive battery health monitoring system can transform the EV
ecosystem by minimizing downtime, reducing maintenance costs, and ensuring safer operations. By incorporating models
like SVMs and LSTMs, alongside MATLAB Simulink for high-fidelity data simulation, this project aims to provide
accurate, adaptive, and practical solutions for real- world applications.

Il. LITERATURE SURVEY

The adoption of electric vehicles and renewable energy solutions has accelerated the need for advanced battery
management systems. Lithium-ion batteries, being the backbone of modern energy storage, demand accurate and reliable
methods for monitoring their health to ensure longevity and efficiency. Al-based predictive models have emerged as a
promising solution to address these challenges, leveraging data-driven techniques to estimate key battery parameters like
State of Charge and State of Health. This document provides a comprehensive literature review of recent advancements
in this domain, focusing on methodologies and findings from key research papers.

Al-Based predictive battery health monitoring system
Artificial intelligence (Al) advancements have introduced challenges in detecting the health of the battery for their long
li fe for the battery, like predicting their state of charge, state of health and their remaining battery life of the battery.
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By identifying effective approaches, their work contributes to optimizing energy storage systems, improving operational
efficiency, and extending battery life. This study highlights the importance of advanced machine learning techniques in
addressing traditional methods limitations and provides a framework for more precise and practical battery health
management [1]. The work emphasizes its application in automotive systems, focusing on preserving the structural and
electrochemical integrity of batteries under diverse operating condition [2].

The advancements and the versatility of CNNs for feature extraction and predictive analytics and their review identifies
future research directions and highlights the potential of deep learning to improve battery health monitoring systems [3].
The study provides a valuable foundation for leveraging Al-driven approaches to enhance the reliability and accuracy of
energy storage technologies [4]. It emphasize the system’s ability to ensure proactive battery maintenance and operational
efficiency [5]. This research addresses the challenges of monitoring dynamic battery behaviours and provides a
significant contribution to real-time, data-driven battery health monitoring systems [6].

Their approach captures localized features and degradation patterns, enabling precise diagnostics and improving
predictive accuracy [7]. By addressing the complexity of degradation trends, their work supports advanced battery health
monitoring systems [8]. This research highlights the importance of segmentation techniques in understanding battery
aging processes and improving the reliability of diagnostic systems [9].

A CNN-based system for accurate State of Health (SOH) estimation of lithium-ion batteries [10]. Their research
highlights CNNs' ability to process large datasets and identify critical patterns in battery performance [11]. The system
delivers accurate predictions, enhancing battery health management and overall reliability [12]. By demonstrating CNNs’
practical application in energy storage solutions, this study provides a framework for developing efficient and scalable
battery monitoring systems [13].

Instance Segmentation and Battery Health Estimation

By emphasizing scalable and robust deep learning architectures, the study contributes significantly to battery health
monitoring [14]. It offers practical solutions for efficient energy storage system management, showcasing the relevance
of modern Al techniques in improving battery performance. A battery health monitoring system that integrates real-time
diagnostics with cloud connectivity [15]. This approach ensures accessibility and scalability by enabling remote
monitoring of battery systems. The study demonstrates the value of web platforms in modern battery management,
offering cost-effective solutions for real-world energy storage applications. Their work highlights the potential of web-
enabled diagnostics to enhance efficiency in energy management systems [16].

By addressing critical challenges in energy storage reliability, the study highlights the potential of Al for improving
advanced battery management systems [17]. A hybrid Al approaches, the study contributes to the development of reliable
and efficient energy storage systems, ensuring optimized battery performance in various operational settings [18].

loT-integrated Al systems for lithium-ion battery management, highlighting the synergy between loT and Al in enabling
real-time data collection, monitoring, and diagnostics. Their research emphasizes decentralized and scalable solutions,
offering smart diagnostic systems for modern applications [19].

This survey highlights the advancements in recent Al advancements in battery health monitoring use CNNs, RNNs, and
hybrid models for accurate SOH/SOC predictions, enabling real-time diagnostics, resource-efficient monitoring, and
sustainable energy management.

I11. MATERIALS AND METHODS

A Problem statement
° Manual battery health assessments are time-consuming and unsuitable for large-scale applications.
° Absence of real-time predictive analytics results in delayed detection of battery degradation or failures.
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° Need for an Al-driven system offering continuous monitoring, predictive insights, and automated diagnostics
for optimized battery performance and extended lifecycle.

° Existing SOC and SOH estimation methods lack accuracy under dynamic conditions (e.g., temperature, charging
patterns).

B. Obijectives

° To develop robust machine learning models, including SVMs and LSTMs, trained on high-quality battery data
generated via MATLAB Simulink.

. To integrate sensors and simulation tools to capture and analyze critical battery parameters, including
temperature, voltage, and current.

° To create a web-based dashboard for visualizing predictive analytics and enabling data-driven decision-making
for manufacturers and EV operators.

° To assess the system’s performance under varying environmental and operational conditions, ensuring reliability

and scalability.
C. Methodology
Training Phase

Features Analyze with Save the

Load Dataset Preprocessing ot et CNN Model

Testing Phase

Load the
. Features .
- T Nadel

1. Training Phase

Load Dataset: Collect the NASA dataset for training and testing.

Preprocessing: Normalize datasets and apply data augmentation to enhance generalization.
Feature Extraction: Use CNN layers to extract the charging, discharging and capacity.
Analyze with CNN: Train the model on extracted features.

Save the Model: Store the trained model for testing and validation.

N

Testing Phase

Collecting the parameter: Obtain the parameter like temperature, current and voltage.
Preprocessing: Apply normalization and resizing to match training data.

Feature Extraction: Extract relevant parameter like charging and discharging using the MATLAB.
Load the Trained Model: Use the pre-trained model to classify the metrics.

Validation: Separate validation set used to monitor performance during training.
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D. CNN architecture

° The CNN model comprises multiple convolutional and pooling layers followed by fully connected layers. Key
parameters includes :

Layer (Type) Output Shape Param # ‘
convld (98, 64) 1,024
batch_norm (98, 64) 256 |
convld_1 (96, 128) 24,704
batch_norm_1 (96, 128) 512 ‘
max_poolingld (48, 128) 0
convld_2 (46, 256) 98,560 |
batch_norm_2 (46, 256) 1,024
max_poolingld_1 (23, 256) 0 |
flatten (5888) 0
dense (256) 1,507,584 \
dropout (256) 0
dense_1 (128) 32,896 \
dropout_1 (128) 0
dense_2 (2) 258 |

;?;?rlnapl:!algagsr:ams: %ggg%g Hgg% ME{

Non-trainable params: 1,280 (0.00 B)
° Feature Extraction: To optimized for extracting meaningful patterns from battery sensor data (e.g., voltage,
current, temperature).
° Handling Temporal Data with 1D Convolutions: It involves time-series data, 1D CNN layers process sequential
data.
° Efficient Parameter Utilization: It balance of convolutional, batch normalization, pooling, and dense layers, and
it ensure effective learning without over lifting, making it suitable for deployment in real time monitoring systems.
° Scalability for Edge Devices: It enable real-time predictions on embedded hardware, improving battery lifespan
reliability.
E. Tools Used
° MATLAB/Simulink — Used for simulating battery models to generate synthetic data for training and validating
the CNN model.
° Python (TensorFlow/Keras) — Used for developing and training the CNN architecture to predict battery SOC
and SOH.
° NASA Battery Dataset — Used as the primary dataset, providing real-world battery degradation data for model
training.
° Jupyter Notebook — Used for coding, debugging, and visualizing results during model experimentation and
evaluation.
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IV. RESULTS

A. SVM Algorithm:

C:\BatteryDatasetImplementation-master>python batterysvml.py
Total data in dataset: 616
[1, 24, datetime.datetime(2008, 4, 2, 15, 25, 41), 1.8564874208181574, 4.191491807505295, -0.80U4901589207462691, 24.330033885570543, -0.6006, 0.0, 0.6]
cycle ambient_temperature datetime capacity voltage_measured \
24 2008-6U-02 15:25:41 1.856uU87 .191492
24 2008-64-02 15:25:41 1.856uU87 .190749
24 2008-64-02 15:25:41 1.856487 3.97u871
24 2008-64-02 15:25:41 1.856u487 .951717
24 2008-04-02 15:25:41 1.856487 .93u352

current_measured temperature_measured current_load voltage_load time
-0.804982 24.330034 -0.8086 0.000 8.000
-0.8e1478 24.325993 -0.80086 4.206 16.781
-2.012528 24.389085 -1.9982 3.862 35.783

013979 24544752 -1.9982 3.030 53.781

-2.011144 24.731385 -1.9982 3.011 71.922

Confusion Matrix:
[[4634 706]
[ 879 3838]]1

Accuracy Score For SVM: ©.8423983295217261

Classification Report For SVM:
precision recall fl-score support

[} .84 0.8 9. 5S3ue

1 e. 0. e 4717

accuracy 10057
macro avg 0.8 8. 10057
weighted avg 0.84 6.8 10657

The SVM model performs strongly in classifying battery health, with precision and recall values of 84% and 87% for
healthy states, and 80% for unhealthy states. The F1-scores are 85% (healthy) and 82% (harmful), with weighted
averages at 84%, indicating balanced and stable performance.

Despite solid accuracy, misclassifications suggest scope for improvement. Enhancing input features, tuning
hyperparameters, and addressing class imbalance, especially for underrepresented unhealthy states, can improve
robustness. Techniques like oversampling or data augmentation could also enhance generalization.

B. Logistic Regression Algoritm:

C:\BatteryDatasetImplementation-master>python batteryLR2.py
Total data in dataset: 616
[1, 24, datetime.datetime(2008, 4, 2, 15,6 25,6 41), 1.8564874208181574, 4.191491807505295, -0.004901589207462691, 24.330033885570543, -0.0006, 0.0, 0.0]
cycle ambient_temperature datetime capacity voltage_measured \
1 6 15 .856U87 -191492
0 2 15:25: . 856487 .190749
15 . 856487 .97U871
2008-04-02 15:25:41 .856487 .951717
2008-04-02 15:25:41 .856487 BELEL Y]

current_measured temperature_measured current_load voltage_load time
- 4962 24.330034 0.680  ©.000
-0.001478 24.325993 0.000 .206 16.781
-2.912528 20.389085 . .062 35.703
913979 24.544752 : .30 53.781
-2.911144 24.731385 . .911 922
Confusion Matrix:
[[u652 688]
[ 967 3758]]

Accuracy Score For Logistic Regression: ©.8354330033807298

Classification Report For Logistic Regression:
precision recall fl-score support

0.87 - S3ue
e. .8 4717

a .83
1 .84

accuracy .8 10057
macro avg .8 9.83 0. 10057
weighted avg 0.8 0. .8 10057

The Logistic Regression (LR) model achieved an accuracy of 83.5% on a dataset of 616 records, effectively classifying
battery health states. It correctly predicted 4645 healthy (TP) and 3750 unhealthy states (TN), while misclassifying 688
unhealthy as healthy (FP) and 967 healthy as unhealthy (FN).

The classification report shows precision of 83%, recall of 87%, and F1-score of 85% for healthy states, and precision

of 84%, recall of 79%, and F1-score of 81% for unhealthy states. Weighted averages for all metrics are around 83%,
indicating balanced performance.
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C. CNN Algorithm:

C:\BatteryDatasetImplementation-master>python batteryCNNY.py

Total data in dataset: 616

[1, 20, datetime.datetine(2008, 4, 2, 15, 25,6 41), 1.856487U20818157t, 4.191491807505295, -0.00U901589207U62691, 24,330033885570543, -0.0006, 0.0, ©.0]

cycle ambient_temperature datetime capacity voltage_measured \
1 24 2008-04-82 15:25:41 1.856487 4.191492

24 2008-04-82 15:25:41 1.856487 4.190749
24 2008-04-02 15:25:41 1.856487 3.974871
24 2008-04-62 15:25:41 1.856u487 3.951717
24 2008-04-02 15:25:41 1.856487 KRCELELY)

current_measured temperature_measured current_load voltage_load time
-0.004982 24.330034 -0.0006 0.000 0.000
-0.001478 24.325993 -0.0006 4.206 16.781
-2.012528 24,389085 -1.9982 3.062 35.763
-2.013979 24, 544752 -1.9982 3.030 53.781
-2.011144 24.731385 -1.9982 3.011 71.922

cycle datetime capacity

1 2008-64-02 15:25:41 1.856487

2 2008-04-02 19:43:48 1.846327

3 2008-6u-03 00:01:06 1.835349

4 2008-04-03 04:16:37 1.835263
[ 5

2008-04-03 08:33:25 1.833U646
(50285, T)
(50285, 1)

The Convolutional Neural Network (CNN) model was applied to a dataset of 616 samples containing battery cycle data,
ambient temperature, voltage, current load, and capacity. The CNN effectively captured State of Health (SOH) trends,
showing a gradual decline from 1.0 across cycles, accurately reflecting battery degradation.

CNN's strength lies in modeling temporal and spatial dependencies, enabling it to identify complex interactions among
features like current, temperature, and voltage over time. This allows for reliable SOH prediction and supports proactive
maintenance by forecasting battery wear before failure.

D. Capacity vs. Cycle:

Discharge BO0O0S

w

cycle

The graph illustrates battery capacity degradation across discharge cycles, as predicted by the CNN model. The blue
curve shows the decreasing capacity, while the orange horizontal line marks the end-of-life (EOL) threshold (~1.4 Ah).

At around cycle 125, the capacity drops below the EOL threshold, indicating the battery's critical degradation point. The
CNN model effectively captures this trend, demonstrating its ability to predict remaining useful life and enabling timely,
predictive maintenance. This validates the model's capability to detect nonlinear degradation patterns and support optimal
battery management.
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E. SOH vs. Cycle (B0005):

Discharge BO00S

070 ~—

The graph shows the State of Health (SOH) of battery BO005 over discharge cycles, as predicted by the CNN model. The
blue curve indicates the SOH trend, while the orange line marks the 70% end-of-life (EOL) threshold. Initially near
100%, the SOH declines with increasing cycles, reflecting natural battery degradation. Minor fluctuations occur due to
environmental or operational variability. Around cycle 150, the SOH crosses the EOL threshold, signaling the battery’s
critical degradation point.

F. SOC vs. Cycle:

State of Charge (SoC) vs Cycle - PREDICTED

920

3

State of Charge (%)

o

o 25 50 75 100 125 150 175
Cycle

The graph presents the predicted State of Charge (SOC) over discharge cycles using a CNN model. The x-axis represents
cycle count, and the y-axis shows SOC (%). A general downward trend is observed, indicating battery degradation over
time. However, the SOC decline is nonlinear, with visible fluctuations such as periodic spikes and dips.

These variations reflect real-world factors—temperature, load, and charging patterns, that influence battery behavior.

The CNN model effectively captures these nonlinear dynamics, outperforming traditional linear approaches. Its ability
to detect subtle patterns highlights its strength in modeling complex battery degradation behavior.
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G. SOH vs. Cycle (B0006):

Discharge BOO06

SN

The graph compares actual and CNN-predicted SOH values over discharge cycles using the BO006 battery dataset. The
x-axis shows cycle count; the y-axis indicates SOH (1.0 to ~0.6).

The blue line (actual SOH) shows a nonlinear decline with fluctuations, reflecting real-world effects like temperature,
usage, and resistance. The orange line (predicted SOH) closely follows the degradation trend but appears smoother and
slightly overestimates SOH, especially during sharp transitions.

The CNN model effectively captures the overall degradation pattern but may require further tuning to better handle
transient behaviors and reduce prediction bias.

V. CONCLUSION AND FUTURE SCOPE

The Al-based predictive battery management system developed in this project represents a significant advancement in
ensuring the health and longevity of lithium-ion batteries in electric vehicles. By utilizing MATLAB Simulink for battery
modelling and testing with Al algorithms such as CNN, KNN ,LSTM ,LR, and SVM, the system achieves precise
predictions of SOH, SOC and RUL. These predictive capabilities enable proactive maintenance, reducing the likelihood
of unexpected battery failures, minimizing maintenance costs, and improving overall system reliability.

The Future scope of this project includes several potential enhancements and expansions to further improve the system’s
capabilities and applicability. One direction for future work is the integration of more advanced Al models, such as
reinforcement learning, to optimize prediction accuracy and adapt to dynamic battery behaviors. Additionally,
incorporating Internet of Things connectivity would allow for real-time updates and remote monitoring, enabling users
to receive alerts and predictions from anywhere, making the system even more responsive. The scalability of the system
can also be extended to manage large-scale battery networks, such as those used in grid energy storage or electric vehicle
fleets.
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