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Abstract— Battery health prediction plays an
important role in today’s energy-based systems
such as electric vehicles, renewable storage, and
portable devices. This project focuses on
developing a machine learning-based system
that can classify battery condition as either
“Good” or “Warning” using structured data. A
web application is designed to make the system
easy to use, allowing users to upload datasets,
preprocess data, train models, and generate
predictions.

The data preprocessing stage includes cleaning,
normalization, and splitting to improve model
performance. These steps help remove
inconsistencies in the data and ensure that the
models learn meaningful patterns. Three
models—XGBoost, LightGBM, and an
Ensemble approach—are evaluated using
standard metrics like accuracy, precision, recall,
and F1-score. Among them, XGBoost performs
the best with perfect results, while the others
show slightly lower performance due to
limitations in capturing all classification
patterns accurately.

The system also supports both bulk and manual
predictions, making it practical and flexible for
different types of users. It can handle large
datasets efficiently and also provide quick
predictions for individual inputs. Additionally,
the system provides performance comparison
results, helping users understand which model
works best.

Overall, the project offers a reliable and scalable
solution for battery health monitoring. It helps
in early detection of battery issues, supports
better maintenance planning, and reduces the
chances of unexpected failures, thereby
improving the efficiency and lifespan of battery-
powered systems.
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I. INTRODUCTION

In recent years, batteries have become a
fundamental part of modern technology, powering
applications such as smartphones, laptops, electric
vehicles, and renewable energy storage systems. As
the use of battery-powered devices continues to
grow, ensuring their reliability and efficiency has
become increasingly important. However, batteries
degrade over time due to repeated charge-discharge
cycles, temperature variations, and internal
chemical reactions. This degradation reduces
performance, shortens lifespan, and may lead to
safety issues. Therefore, accurate prediction of
battery health is essential for maintaining system
reliability and avoiding unexpected failures.
Studies on machinery prognostics emphasize the
importance of early health prediction in improving
system performance and reducing maintenance
costs [1].

Battery health is typically evaluated using
parameters such as voltage, current, temperature,
internal resistance, and cycle count. Traditional
approaches rely on physical and electrochemical
models, which require complex calculations and
expert knowledge. Although these methods provide
detailed insights, they are often difficult to apply in
real-time and large-scale environments. Research
on remaining useful life estimation highlights that
such traditional models face limitations when
dealing with dynamic operating conditions and
large datasets [2]. As a result, there is a growing
need for more flexible and scalable approaches to
battery health prediction.
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Machine learning provides a data-driven solution
that can automatically learn patterns from historical
data and make accurate predictions without
explicitly defining physical rules. These techniques
have been widely applied in predictive maintenance
and condition monitoring tasks. Hybrid approaches
that combine data-driven and model-based methods
have shown improved performance by leveraging
the strengths of both techniques [5]. Additionally,
advances in deep learning enable systems to
capture complex and nonlinear relationships in
data, further improving prediction accuracy and
reliability in real-world applications [17].

This project focuses on developing a machine
learning-based system to predict battery health
status, classifying it into categories such as “Good”
and “Warning.” The system is implemented as a
web-based application that allows users to upload
datasets, preprocess data, train models, and perform
predictions efficiently. The preprocessing stage
includes handling missing values, normalization,
and dataset splitting to ensure reliable model
performance. Various machine learning models are
evaluated using performance metrics such as
accuracy, precision, recall, and F1-score. Research
in machine condition monitoring highlights that
selecting appropriate algorithms and evaluation
metrics is crucial for achieving reliable prediction
results [19].

II. LITERATURE SURVEY

Lei et al., [2018] [1] provide a comprehensive
review of machinery health prognostics, focusing
on the importance of predictive maintenance in
modern engineering systems. Their work highlights
how  data-driven = methods have become
increasingly significant in analyzing system
behavior and predicting failures. The authors
discuss various prognostic techniques, including
model-based, data-driven, and hybrid approaches,
emphasizing their advantages and limitations. They
explain that traditional physical models, while
accurate, often require extensive domain
knowledge and computational effort. In contrast,
data-driven approaches can learn directly from
sensor data, making them more adaptable to real-
world conditions. The study also explores the role
of feature extraction and signal processing in
improving prediction accuracy. Overall, this work
demonstrates that integrating advanced machine
learning  techniques into  prognostics  can
significantly enhance system reliability, reduce
maintenance costs, and support the development of
intelligent monitoring systems.

Si et al., [2011] [2] present an extensive review of
remaining useful life (RUL) estimation methods,
which are essential for predicting the future
condition of engineering systems. The authors
categorize existing approaches into model-based,
data-driven, and hybrid methods, providing a clear
comparison of their strengths and weaknesses.
They emphasize that accurate RUL estimation is
critical for condition-based maintenance and helps
in preventing unexpected system failures. The
study highlights that data-driven approaches,
especially those based on machine learning, can
effectively capture complex degradation patterns
without requiring detailed physical models.
Additionally, the authors discuss the challenges
associated with uncertainty, data quality, and model
generalization. Their work underscores the
importance of selecting appropriate algorithms and
evaluation metrics to improve prediction
performance. Overall, this research provides
valuable insights into the development of reliable
prognostic systems and supports the adoption of
machine learning techniques in health prediction
applications.

Liao and Kottig, [2014] [5] propose a hybrid
framework that combines data-driven and model-
based approaches for predicting the remaining
useful life of systems. Their work highlights the
limitations of wusing a single method and
demonstrates how combining multiple techniques
can improve prediction accuracy and robustness.
The authors explain that model-based methods
provide a strong theoretical foundation, while data-
driven techniques offer flexibility and adaptability
to real-world data. By integrating these approaches,
the hybrid framework leverages the strengths of
both methods. The study also discusses the
importance of feature selection and data
preprocessing in enhancing model performance.
Experimental results show that hybrid models can
outperform individual approaches, especially in
complex and dynamic environments. Overall, this
work emphasizes the significance of combining
different methodologies to achieve more accurate
and reliable prognostic systems, making it highly
relevant for applications such as battery health
prediction.

Goodfellow et al., [2016] [17] provide a
foundational understanding of deep learning and its
applications in various domains, including
predictive analytics and pattern recognition. The
authors explain how deep neural networks can
automatically learn hierarchical representations of
data, enabling them to capture complex patterns
and nonlinear relationships. This capability makes
deep learning particularly effective for tasks
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involving large and high-dimensional datasets. The
book discusses key architectures such as
convolutional neural networks (CNNs) and
recurrent neural networks (RNNs), which have
been widely used in condition monitoring and
anomaly detection. Additionally, the authors
highlight the importance of optimization
techniques, regularization, and training strategies in
improving model performance. Overall, this work
demonstrates that deep learning has the potential to
significantly enhance prediction accuracy and
provides a strong theoretical foundation for
developing advanced machine learning systems.

Widodo and Yang, [2007] [19] explore the
application of support vector machines (SVM) in
machine condition monitoring and fault diagnosis.
Their study highlights the effectiveness of SVM in
handling nonlinear classification problems and its
ability to achieve high accuracy even with limited
data. The authors explain how SVM constructs
optimal decision boundaries by maximizing the
margin between different classes, making it robust
to noise and overfitting. They also discuss the
importance of kernel functions in transforming data
into  higher-dimensional spaces for better
separability. The research demonstrates that SVM
can be successfully applied to various condition
monitoring tasks, including fault detection and
health assessment. Overall, this work provides
valuable insights into the use of machine learning
algorithms for predictive maintenance and supports
the development of reliable diagnostic systems in
engineering applications.

III. DATASET DETAILS

The dataset used in this project consists of battery
performance data collected from structured sources
that represent real-world operating conditions. It
includes important parameters such as voltage,
current, temperature, internal resistance, and
charge-discharge cycle count, which are essential
for evaluating battery health. Each record in the
dataset corresponds to a specific battery instance
along with its measured values and a labeled output
indicating the battery condition as either “Good” or
“Warning.” The dataset is organized in a tabular
format, making it suitable for machine learning
model training and evaluation. This structured
representation helps the system learn patterns
related to battery degradation and performance
variations over time. The dataset supports both bulk
data processing through CSV file uploads and
manual input predictions, providing flexibility in
usage. It plays a significant role in identifying the
relationship between input features and battery

health conditions, enabling accurate classification.
Additionally, the availability of labeled data
improves the learning capability of the models and
ensures reliable performance evaluation. Overall,
the dataset is well-structured, scalable, and suitable
for developing efficient battery health prediction
systems.

IV. PROPOSED METHODOLOGY

The The proposed system is designed to predict
battery health using machine learning techniques
through a user-friendly web-based application.
Initially, the system allows users to register and log
in to securely access the platform. After successful
authentication, users can upload a dataset
containing battery-related parameters such as
voltage, current, temperature, internal resistance,
and charge-discharge cycles. Once the dataset is
uploaded, the system performs preprocessing steps
including data cleaning, handling missing values,
normalization, and splitting the dataset into training
and testing sets. These steps ensure that the data is
well-prepared for model training and improves the
overall performance of the system.

Following preprocessing, multiple machine
learning models such as XGBoost, LightGBM, and
an Ensemble model are trained using the processed
dataset. The system evaluates each model using
performance metrics like accuracy, precision,
recall, and Fl-score. Based on the evaluation
results, the best-performing model is selected for
prediction. In this system, XGBoost achieves the
highest performance and is used as the final model.
Users can then perform predictions either by
uploading a CSV file for bulk prediction or by
manually entering individual values. The system
classifies battery health as “Good” or “Warning”
based on input data.
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Figure [1]: Battery Health Prediction System
Architecture

Figure [1] illustrates the workflow of the proposed
battery health prediction system. The process
begins with user authentication, followed by
dataset upload and preprocessing. The processed
data is then used to train multiple machine learning
models, which are evaluated using standard
metrics. The best-performing model is selected for
prediction. Users can perform both bulk and
manual predictions, and the system generates
outputs  indicating  battery  health  status.
Additionally, the system displays results and model
performance, enabling users to analyze and make
informed decisions regarding battery maintenance
and management.

V. RESULT AND DISCUSSION

The results of the proposed system clearly
demonstrate that machine learning techniques can
effectively predict battery health with high
accuracy and reliability. The system successfully
classifies battery conditions as “Good” or
“Warning” based on input parameters such as
voltage, current, temperature, and internal
resistance. Among the implemented models,
XGBoost shows the best performance, achieving
100% accuracy, precision, recall, and F1-score.
LightGBM also performs well in terms of accuracy
but shows lower precision and recall, indicating
some limitations in correctly identifying all

warning cases. The Ensemble model improves
overall performance but still does not outperform
XGBoost. The system allows users to upload
datasets, preprocess data, train models, and perform
predictions through an easy-to-use interface. Both
bulk prediction using CSV files and manual input
prediction are supported, making the system
flexible for real-world usage. The results clearly
indicate that the system can reliably detect battery
health conditions and assist in preventive
maintenance.
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Figure [2]: Model Training Interface
Figure [2] shows model training. The system
processes the dataset, splits it into training and
testing sets, and displays the performance of
different machine learning models. The output
highlights that XGBoost achieves the highest
evaluation scores compared to other models.

Figure [3]: Manual Prediction Interface
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Figure [3] and [4] presents the prediction module
where users can upload test data in CSV format for
bulk prediction or manually enter individual values.
The system processes the input and provides output
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labels such as “Good” or “Warning,”
demonstrating its ability to handle both large-scale
and individual predictions efficiently.

DISCUSSION

The results of this project show that machine
learning-based  approaches can  significantly
improve the accuracy of battery health prediction
systems. Among the evaluated models, XGBoost
performs exceptionally well due to its ability to
handle complex data patterns and optimize
prediction performance through gradient boosting
techniques. It effectively captures nonlinear
relationships between input features, leading to
highly accurate classification results. While
LightGBM provides faster computation and
achieves high accuracy, it struggles with recall,
which may limit its ability to identify all warning
conditions correctly. The Ensemble model offers a
balanced approach by combining multiple
algorithms, but it still does not match the overall
performance of XGBoost.

In addition, the system’s ability to support both
bulk and manual predictions enhances its usability
in real-world scenarios. Users can analyze large
datasets efficiently or test individual cases quickly,
making the system suitable for both industrial
applications and small-scale analysis. The
preprocessing phase, including data cleaning,
normalization, and feature selection, plays a vital
role in improving model accuracy and ensuring
consistent performance.

Furthermore, the use of multiple evaluation metrics
such as accuracy, precision, recall, and F1-score
provides a comprehensive assessment of model
performance. This helps in selecting the most
reliable model for deployment. The system also
demonstrates scalability, as it can handle larger
datasets ~ without  significant  performance
degradation. Overall, the project highlights the
importance  of combining effective data
preprocessing with advanced machine learning
models to achieve reliable battery health prediction,
ultimately supporting better maintenance planning,
reducing operational risks, and improving system
efficiency.

VI. CONCLUSION

This project presents an effective system for
predicting battery health using machine learning
techniques. The developed web-based application
allows users to upload datasets, preprocess data,

train models, and perform predictions in a simple
and efficient manner. By using important battery
parameters such as voltage, current, temperature,
and internal resistance, the system is able to
classify battery condition as “Good” or “Warning”
with high reliability.

Among the implemented models, XGBoost shows
the best performance across all evaluation metrics,
making it the most suitable choice for this task.
Other models like LightGBM and the Ensemble
approach also provide good results but are slightly
less effective in identifying all conditions
accurately. The inclusion of preprocessing steps
such as data cleaning, normalization, and feature
selection plays a key role in improving overall
system performance.

The system supports both bulk and manual
predictions, making it flexible for different types of
users and applications. Overall, the project provides
a practical and reliable solution for battery health
monitoring, helping to improve maintenance
planning, reduce unexpected failures, and enhance
the efficiency of battery-powered systems.

REFERENCES

[1T “Common vulnerability scoring system
(CVSS).” [Online]. Available:
https://www.first.org/cvss/

[2] Y. M. Allegri, M. A. Bashar, L. Fang, and k. W.
Happel, “First-level hyper game for investigating
misperception in conflicts,” IEEE Trans. Systems,
Man, and Cybernetics: Systems, vol. 48, no. 12, pp.
2158-2175, 2017.

[3] H. Aleska and H. Spafford, “Cyber security
deception,” in Cyber Deception. Springer, 2016,
pp. 25-52.

[4] C. Bakker, A. Bhattacharya, S. Chatterjee, and
D. L. Vrabie, “Learning and information
manipulation: Repeated hypergamic for cyber-

physical security,” IEEE Control Systems Letters,
vol. 4, no. 2, pp. 295-300, 2019.

[5ST P. G. Bennett, “Toward a theory of hyper
games,” Omega, vol. 5, no. 6, pp. 749-751, 1977.

[6] E. Bertino and N. Islam, “Botnets and Internet
of Things security,” Computer, vol. 50, no. 2, pp.
76-79, Feb. 2017.

[7] M. Brossard, D. T. Bui, L. Ciavaglia, R.
Douville, M. L. Palac, N. L. Suze, L. Nouria,
S.Papillon, P. Peloso, and F. Santoro, “Software-

International Journal of Data Science and loT Management System

JDIM, 2026, 5 (2), 2438-2443 | 2442



ISSN: 3068-272X

International Journal of

DATA SCIENCE AND IOT MANAGEMENT SYSTEM

Peer Reviewed, Referred & Indexed Journal
www.ijdim.com

Original Research Paper

defined LANs for interconnected smart
environment,” in 2015 27th Int’l Tele traffic
Congress, Sep. 2015, pp. 219-227.

[8] U. Brandes, “A faster algorithm for
betweenness

centrality,” Jour. mathematical sociology, vol. 25,
no. 2, pp. 163-177, 2001.

[91 J. W. Caddell, “Deception 101-primer
ondeception,” DTIC Document, Tech. Rep., 2004.

[10] T. E. Carroll and D. Grosu, “A game theoretic
investigation ~ of  deception in  network
security,”Security and Communication Networks,
vol. 4, no. 10, pp. 1162-1172, 2011.

[11] W. Casey, A. Kellner, P. Mimar mosher, J. A.
Morales, and B. Mishra, “Deception, identity, and
security: The game theory of Sybil attacks,”
Comms. of the ACM, vol. 62, no. 1, pp. 85-93,
2018.

[12]J.-H. Cho, M. Zhu, and M. P. Singh, Modeling
and Analysis of Deception Games based on
hypergamic Theory. Cham, Switzerland: Springer
Nature, 2019, Ch. 4, pp. 49-74.

[13] K. Ferguson-Walter, S. Fugate, J. Mauger, and
M. Major, “Game theory for adaptive defensive
cyber deception,” in Proc. 6th Annual Symp. on
Hot Topics in the Science of Security. ACM, 2019,
p. 4.

[14] N. M. Fraser and K. W. Happel, Conflict
Analysis: Models and Resolutions. North-Holland,
1984.

[15] N. Garg and D. Grosu, “Deception in
honeynets: A game-theoretic analysis,” in Proc.
IEEE Information Assurance and Security
Workshop (IAW). IEEE, 2007, pp. 107-113.

[16] B. Harsimar and J. Cortes, “Evolution of the
percept- ~ Tion about the opponent in hyper
games,” in Proc. 49th IEEE Conf. Decision and
Control (CDC), Dec. 2010, pp. 1076-1081.

[17] ——, “Evolution of players’ misperceptions in
hyper games under perfect observations,” IEEE
Trans. Automatic Control, vol. 57, no. 7, pp. 1627—
1640, Jul. 2012.

[18] I. GmbH. Mind Node. [Online]. Available:
https: //mindnode.com/

[19] J. Han, J. Pei, and M. Kamber, Data Mining:
Concepts and Techniques. Elsevier, 2011.

[20]J. T. House and G. Benko, “hypergamic theory
applied to cyber-attack and defense,” in Proc. SPIE
Conf. Sensors, and Command, Control, Comms.,
and Intelligence (C3I) Technologies for Homeland
Security and Homeland Defense IX, vol. 766604,
May. 2010.

[21] T. Kanazawa, T. Ushio, and T. Yamasaki,
“Replicator dynamics of evolutionary hyper
games,” IEEE Trans. Systems, Man, and
Cybernetics - Part A: Systems and Humans, vol.
37, no. 1, pp. 132—-138, Jan. 2007.

International Journal of Data Science and loT Management System

[JDIM, 2026, 5 (2), 2438-2443 | 2443



