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1. Introduction

The transportation sector is currently undergoing a major paradigm shift with the rapid growth of Electric Vehicles (EVS), driven
by global commitments to reduce greenhouse gas emissions, rising concerns over fossil fuel depletion, and the push towards
cleaner and more sustainable mobility. At the heart of EV technology lies the lithium-ion battery, which serves as the primary
energy storage unit responsible for driving range, performance, and vehicle safety. While the advantages of EVs in terms of
sustainability and operational efficiency are undeniable, one of the greatest challenges faced by this technology is the gradual
degradation of battery health over time. The ability to accurately predict battery health, often quantified through parameters such
as State of Health (SOH), Remaining Useful Life (RUL), and degradation rate, is of paramount importance for ensuring
reliability, optimizing performance, and reducing costs associated with battery replacement.

Battery health prediction has traditionally relied on physics-based models, which utilize electrochemical principles to simulate
the internal behavior of batteries. Although these models provide valuable insights into degradation mechanisms, they are often
computationally expensive, require domain-specific expertise, and struggle to adapt effectively to real-world variability
encountered in operational EVs. To overcome these limitations, data-driven methods have gained significant momentum in
recent years. The availability of large-scale datasets, coupled with advancements in computational power and the evolution of
artificial intelligence, has accelerated the adoption of Machine Learning (ML) approaches in the battery health prediction
domain.
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Machine Learning techniques, including algorithms such as
Support Vector Machines (SVM), Random Forests (RF), and
Gradient Boosting, have been extensively applied to battery
diagnostics. These methods excel at identifying non-linear
patterns in data, providing robust predictions without
requiring explicit domain knowledge. However, their
performance is often constrained by the necessity for optimal
feature selection and robust preprocessing techniques.

This comprehensive review aims to evaluate and compare the
roles of ML approaches in battery health prediction for
Electric Vehicles. It examines their methodological strengths,
limitations, and practical applications, while also identifying
critical gaps in current research. The study underscores the
potential of hybrid approaches that integrate various data-
driven and physics-based paradigms, offering a more reliable
and scalable framework for predictive battery management
systems. By providing a critical analysis of existing literature,
this work contributes to advancing sustainable EV
technology and lays the groundwork for future innovations in
the field.

2. Literature Survey

Machine learning (ML) has become central to modern battery
health prediction, including State of Health (SOH) estimation
and Remaining Useful Life (RUL) forecasting for electric
vehicles (EVs). Recent literature highlights significant
progress in probabilistic modeling, classical ML
comparisons, deep-learning architectures, and large-scale
digital twin integration. This section reviews key
contributions relevant to developing accurate and reliable
battery prognostics.

Rajpurkar et al. M introduced the MURA dataset, one of the
largest publicly available collections of musculoskeletal
radiographs designed specifically for abnormality detection.
The dataset contains over 40,000 images across seven
anatomical regions, with expert-labeled normal and abnormal
classes. The authors trained a convolutional neural network
model and reported radiologist-level performance for certain
abnormality categories. This dataset has since become a
benchmark for fracture and musculoskeletal abnormality
research, enabling the development and validation of more
robust deep learning models.

Lindsey et al. @ demonstrated the practical benefits of deep
learning systems in clinical fracture detection. Their study
evaluated how a trained neural network could assist
clinicians, particularly in emergency settings. The results
showed that the model significantly improved clinician
accuracy and reduced diagnostic errors, especially for subtle
fractures often missed in busy clinical workflows. This work
highlights the potential of Al not only for image
interpretation but also as a clinical decision support tool to
enhance human performance.

Jones et al. Bl conducted one of the first large-scale, multi-
site evaluations of deep learning for fracture detection across
the adult musculoskeletal system. Their study validated a
deep-learning-based system on multiple hospitals and
imaging devices, demonstrating strong generalization
capability. The model achieved high sensitivity and
specificity across different fracture types and anatomical
locations. This multi-center validation provided strong
evidence of the feasibility of deploying Al-based fracture
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detection systems in real-world radiology environments.

Su et al. ™ presented a comprehensive review of deep
learning techniques applied to skeletal fracture detection. The
authors examined methodological advances, datasets,
evaluation metrics, and current challenges in the domain. The
review concluded that CNN-based architectures, attention
mechanisms, and hybrid models dominate recent research.
However, issues such as dataset imbalance, annotation
quality, model explainability, and clinical integration remain
major barriers. Their work positions deep learning as a
promising, rapidly evolving field with significant
translational potential.

Ruhiat Sultana et al P, cloud computing emerges as a viable
solution for seamlessly integrating vehicles into the cloud
infrastructure. Nevertheless, challenges related to multimedia
content processing, encompassing resource costs, swift
service response times, and optimized user experiences, can
significantly influence vehicular communication
performance.

Hardalag, Uysal, Peker et al. ! focused specifically on wrist
fracture detection using state-of-the-art object detection
models, including YOLO and Faster R-CNN. Their system
localized fracture regions in wrist radiographs and achieved
high detection accuracy, outperforming several baseline
methods. By combining localization and classification, the
approach improved interpretability and facilitated radiologist
verification. Their results support the use of deep-learning-
based object detection frameworks for precise and reliable
fracture identification.

Overall, the literature demonstrates that battery health
prediction has evolved from feature-engineering—driven
classical ML to more sophisticated deep-learning and
probabilistic frameworks. Key challenges persist in the form
of dataset scarcity, inconsistent evaluation protocols, limited
uncertainty modeling, and real-world integration
complexities. Insights from these studies collectively guide
the development of robust, interpretable, and scalable ML
frameworks for EV battery SOH and RUL estimation.

3. Proposed Work

The proposed methodology advocates a synergistic approach
that integrates multiple Machine Learning (ML) and Deep
Learning (DL) methodologies with Digital Twin (DT)
technology to significantly enhance the accuracy and
reliability of battery health prediction in Electric Vehicles
(EVs). This integrated system is specifically designed to
leverage the strengths of each paradigm while addressing the
limitations inherent in single-model approaches.

The foundation of the methodology involves using traditional
Machine Learning (ML) methods to efficiently handle
structured datasets. Algorithms such as regression, Support
Vector Machines (SVM), and Random Forests are employed
for fast model development and the capture of conventional
degradation patterns. Complementing this, Deep Learning
(DL) models are integrated to provide enhanced feature
extraction capabilities. Architectures like Convolutional
Neural Networks (CNNs) and Recurrent Neural Networks
(RNNs) are utilized to capture complex temporal and spatial
dependencies directly from raw sensor signals, leading to
higher-dimensional modeling and improved prediction
accuracy.
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Fig 1: System Architecture Diagram

This data-driven core is then integrated with Digital Twin
(DT) technology. The DT establishes a real-time, adaptive,
and interpretable virtual representation of the physical battery
system. By combining the predictive power of the ML/DL
models with the structural integrity of a physical model, the
system enables real-time monitoring and forecasting of
battery health. This synergistic integration allows the system
to achieve higher prediction accuracy and adaptability than
any single technique could alone. Furthermore, the combined
approach improves scalability for large-scale EV fleets
through advanced predictive maintenance scheduling, and
enhances interpretability by merging physical insights with
data-driven learning.

While highly beneficial, this synergistic approach does
present certain implementation challenges that are managed
within the methodology. These include the increased system
complexity due to the integration of multiple distinct
techniques, which necessitates robust software engineering
practices. Furthermore, the reliance on DL and DT models
results in higher computational demands, requiring optimized
infrastructure. Finally, the methodology requires large
volumes of high-quality, real-world data for initial model
training, validation, and continuous adaptation. Despite the
higher implementation cost for industrial deployment, the
resulting increase in predictive reliability and operational
efficiency justifies the complexity.

4. Algorithm

The predictive system utilizes a set of robust Machine
Learning (ML) algorithms for State of Health (SOH) and
Remaining Useful Life (RUL) prediction, alongside essential
preprocessing and evaluation algorithms. The methodology
relies on establishing a reliable baseline and then employing
ensemble and non-linear models to capture complex battery
degradation dynamics.

Step 1: Linear Regression: A statistical method that assumes
a linear relationship between the input features (e.g.,
temperature, charge cycles) and the continuous output (e.g.,
battery health).

www.ComputationalEngineeringJournal.com

Step 2: Random Forest Regressor: An ensemble technique
that builds decision trees sequentially, where each new tree is
trained specifically to correct the residual errors made by the
previous ensemble members.

Step 3: Gradient Boosting Regressor: An ensemble technique
that builds decision trees sequentially, where each new tree is
trained specifically to correct the residual errors made by the
previous ensemble members.

Step 4: Support Vector Regression (SVR): A regression
algorithm that seeks to find the best-fit hyperplane (curve)
within a defined maximum margin of tolerance, allowing for
a few acceptable errors.

Step 5: Model Architecture Selection: Select the base deep
learning architecture, choosing either a standard
Convolutional Neural Network (CNN) or the MobileNet
architecture, based on the trade-off between performance and
computational efficiency.

Start

l

Build model for bone fracture prediction

l

Upload image to detect fracture of
elbow, shoulder or hand

l

Display the probability of identified body part and
fracture

l

Stop

Fig 2: Proposed flow chart diagram of algorithm

Step 6: Preprocessing Algorithms:

1. StandardScaler(): A normalization technique that
scales numerical features so they have a mean of zero
and a standard deviation of one (Z-score normalization).

2. OneHotEncoder(): Converts categorical columns (e.g.,
battery type, manufacturer) into a machine-readable
numeric format (binary columns).

Step 7: Pickle / Joblib Algorithm: A Python library functions
are used to serialize and save the trained model object to a
file.

Step 8: Performance Evaluation Algorithms:

1. Mean Absolute Error (MAE): The average of the
absolute differences between the actual and predicted
continuous values.
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2. Root Mean Square Error (RMSE): The square root of
the average of the squared prediction errors.

3. R2 Score (Coefficient of Determination): A statistical
measure that represents the proportion of the variance in
the dependent variable that is predictable from the
independent variables.

5. Results
Results and System Implementation:
The results section provides the quantitative performance
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comparison of the evaluated Machine Learning (ML) models
and showecases the practical implementation of the predictive
system through a web-based dashboard, which validates the
system's operational capability in a simulated environment.
The project successfully culminates in the development of a
functional, web-based dashboard, which demonstrates the
practical deploy ability of the trained ML models. The
interface is designed for user-friendliness, ensuring
accessibility for technicians or end-users assessing battery
condition.
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The system workflow is validated through distinct stages:

Input Data Interface: The dashboard allows users to input
relevant operational and environmental data, such as driving

parameters, temperature, and charging cycles. These inputs
serve as the features for the deployed ML model, reflecting
the critical factors that influence State of Health (SOH) in
real-world vehicle operation.
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Model Selection and Prediction: Users can select a specific
trained model (e.g., Random Forest or Linear Regression)
and generate an estimated battery health score. This confirms
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the successful integration of the saved models into the back-
end (via Joblib/Pickle).
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Output: The system instantly calculates and displays the
Predicted Battery Health Percentage, providing a quick and

accurate assessment of the battery's current condition.
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Fig 6: Output stage in dashboard

6. Conclusion and Future Work

Conclusion

The use of Machine Learning (ML) provides a powerful and
modern approach for predicting battery health in Electric
Vehicles (EVs), enabling the accurate estimation of key
indicators like State of Health (SOH) and Remaining Useful
Life (RUL). This is essential for improving performance,
reliability, and overall battery safety.

ML models, including regression, Support Vector Machines
(SVM), Random Forests, and Gradient Boosting, effectively
learn from historical operational data to identify complex,

nonlinear degradation patterns and forecast future battery
behavior with high precision. These algorithms offer strong
predictive  capabilities  without  requiring deep
electrochemical knowledge and can generalize across
variations in usage and temperature.

The accurate predictions enabled by ML support predictive
maintenance strategies and optimized energy management,
leading directly to extended battery lifespan, reduced
operational costs, and improved user satisfaction.

However, challenges such as data inconsistency, the need for
larger, high-quality datasets, and computational requirements
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for large models still persist. Future research should prioritize
developing hybrid models that combine ML with physics-
based understanding of battery behavior to create more
transparent, interpretable, and scientifically robust predictive
systems. Overall, ML plays a highly impactful role in
building a smarter, safer, and more sustainable EV battery
management ecosystem.

Future Work

The field of Electric Vehicle (EV) battery health prediction
offers multiple opportunities to expand and integrate the
current Machine Learning (ML) system into real-world
applications. Future work should focus on Integration with
Real-Time Vehicle Data, collecting live battery usage data
that includes charging/discharging patterns, temperature
variations, driving habits, and environmental conditions. This
influx of data will allow for the development of more
accurate and personalized battery health predictions.
Furthermore, the system must pursue Expansion to Multiple
Battery Chemistries, including less common types like LFP,
NCA, and solid-state batteries, focusing on transferable ML
models to increase applicability across diverse EV
manufacturers.

A key technical direction is the Development of Hybrid ML
Models. This involves enhancing prediction accuracy by
exploring advanced ensemble ML methods, hybrid
regressors, and sophisticated feature engineering, which can
incorporate physics-inspired features while maintaining low
computational complexity. To improve safety and reliability,
future versions will focus on Improved Uncertainty
Estimation by implementing probabilistic ML models,
quantile regression, and Bayesian-inspired confidence
scoring. Finally, the ultimate goal is the full Integration into
Battery Management Systems (BMS), embedding the ML
model into onboard EV BMS units, cloud-based fleet
monitoring systems, or mobile applications. This crucial step
enables real-time decision-making related to charging
strategy, battery usage optimization, and preventative
maintenance.
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