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Abstract: As electric vehicles (EVs) become increasingly prevalent, the demand for smarter and more efficient battery
management systems (BMS) has grown significantly. Traditional BMS techniques often fall short in accurately predicting
battery health, state of charge (SoC), and remaining useful life (RUL), especially under dynamic driving conditions. This paper
proposes an enhanced BMS framework powered by deep learning techniques to address these challenges. By leveraging
recurrent neural networks (RNNs), long short-term memory (LSTM) models, and convolutional neural networks (CNNs), the
system can learn complex temporal and spatial patterns from real-time battery data. The deep learning-based BMS improves
prediction accuracy, enables proactive maintenance, and optimizes energy usage, thereby extending battery life and ensuring
safe vehicle operation. Simulation results and real-world datasets demonstrate the model’s superiority over traditional methods
in terms of efficiency, reliability, and adaptability. This study highlights the transformative role of artificial intelligence in

next-generation electric mobility systems.
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[1] Introduction

Rapid growth of electric vehicles (EVs) has concentrated
on battery technology—energy efficiency, safety, and
lifetime. The BMS monitors, controls, and improves
battery performance to optimize EV economy and
reliability. Mathematics that misrepresent complex real-
world events in traditional BMS systems could lead to poor
energy management, inaccurate status estimates, and lower
battery life. Data-driven deep learning models can
transcend these limits and make accurate predictions and
smart decisions. BMS improves SoC and SoH forecasts,
problem diagnoses, and predictive maintenance with
LSTM networks, CNNs, and hybrid model. These
improvements boost degradation, charging cycles, battery
efficiency, and EV performance. This study studies deep
learning models in electric vehicle BMS to improve battery
life, safety, and economy. Adaptive learning, dynamic
energy optimization, and real-time data processing handle
battery management challenges. Conventional and deep
learning-based BMS will be compared for accuracy,
efficiency, and robustness.

1.1 Background

Concerns about fossil resource depletion, energy
efficiency, and sustainability have expedited the ICE-to-
EV transition. EV batteries use lithium-ion and other
cutting-edge  technology. Temperature fluctuations,
charge-discharge cycles, aging, safety, and other factors
affect battery performance, longevity, and vehicle

economy, complicating battery management. To ensure
safe and efficient battery operation, EV BMSs monitor
SoC, SoH, temperature, and voltage balance. BMS
approaches usually predict these qualities using ECM and
Kalman filtering. Model-based solutions fail to control
batteries' nonlinear and dynamic behavior under real
operating conditions, resulting in forecast mistakes and
poor energy management. Recent study shows deep
learning (DL) overcomes these limitations. Transformer-
based deep learning models, CNNs, and LSTM improve
energy management optimization, anomaly detection, and
EV battery parameter forecasting. Deep learning systems
can learn complicated patterns from previous battery data,
adjust to changing conditions, and deliver real-time
forecasts. Many recent research have examined how deep
learning and machine learning might improve BMS
performance. Research suggests that RNNs and LSTM
models can better forecast SoC and SoH than conventional
techniques. CNNs have detected and classified failures
using battery thermal pictures and voltage/current patterns.
Hybrid deep learning model integration may improve
predictive maintenance and battery monitoring scalability
and resilience. Despite these gains, data availability,
computational complexity, real-time flexibility, and model
generalization across battery chemistries remain issues for
deep learning-based BMS in EVs. This research proposes
an optimal deep learning architecture for optimizing EV
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battery management to improve efficiency, safety, and

longevity.This paper aims to:

e Enhance SoC and SoH estimation precision by use of
innovative neural network topologies.

e Real-time data processing will enable better predictive
maintenance and defect detection.

e Optimize energy management and battery performance
to increase battery life and efficiency.

e Evaluate the proposed deep learning-based BMS against
conventional techniques to assess differences in
accuracy, efficiency, and computational viability.

1.2 Battery Management System
The pressing need to reduce carbon emissions, fossil fuel
use, and encourage sustainable energy alternatives drives
the global push for electric cars (EVs). Efficient battery
management is one of the main hurdles in EV adoption
because batteries are the most expensive and important
part. EV battery efficiency, safety, and lifetime affect
vehicle performance, hence an improved BMS is needed
for practical use.
Limitations of Conventional BMS
Using rule-based algorithms, equivalent circuit models
(ECM), and Kalman filters, typical BMS techniques study
battery metrics such state of charge, health, and power.
Temperature, charge-discharge cycles, and aging affect
battery behavior, which is nonlinear. Traditional models
cannot accommodate these differences, resulting in
erroneous forecasts. Traditional methods focus on SoC and
SoH estimation, ignoring real-time anomaly detection,
failure prediction, and early warning.Traditional BMS
lacks real-time flexibility, making it impossible to adjust
battery performance to changing driving conditions.
Advancements in Deep Learning for BMS
Deep learning has transformed predictive modeling in
various sectors, including battery health monitoring and
energy efficiency. Deep learning models can learn complex
patterns from vast battery data and adapt to dynamic
operating conditions, unlike standard BMS methods. With
historical and real-time sensor data, deep learning models
can discover anomalies before they cause catastrophic
failures, aiding predictive maintenance and problem
identification.
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Fig 1. Battery Management System needed in Electric
Vehicles

1.3 Significance of Research
Electric vehicles (EVs) are becoming a viable alternative
to fossil fuels, highlighting the need for efficient battery
management systems. Batteries, EVs' most expensive and
crucial component, affect lifetime, safety, and
performance. With EV acceptance and sustainability
improving, a complicated deep learning-based BMS could
boost battery efficiency, safety, and lifetime.

1. Enhancing Battery Performance and Longevity

Among the key issues in EVs is battery degradation, which

leads to reduced range, performance issues, and more

maintenance costs.

e A deep learning-powered BMS can guarantee best
battery use by improving state-of-charge (SoC) and
state-of-health (SoH) projections.

e Predicting degradation trends helps to enable
preventive maintenance and extend the life of a battery.

e Increase energy efficiency to reduce needless charging
and draining cycles.

2. Improving Safety and Reliability

Battery failures can lead to thermal runaway, overheating,

and fire hazards. A smart BMS with deep learning

capabilities can:

e Detect real-time anomalies and hence prevent important
failures.

e A smart BMS with deep learning capabilities can
forecast and lower risks by identifying early warning
symptoms of battery degeneration.

e Enhance defect diagnosis by means of pattern
recognition in sensor data.

3. Reducing Maintenance Costs and Enhancing

Economic Viability

Economical car management depends on predictive

maintenance as EV battery replacements are costly. This

work contributes to the body of knowledge by:

e Early diagnosis of battery problems helps to reduce
maintenance costs.
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e Improving battery health will help to reduce the need for
battery replacements.

e Increasing operating efficiency will follow from better
power management and charging methods.

4. Supporting Sustainable and Green Energy Solutions

The global push for renewable energy sources thus makes

efficient and sustainable battery management absolutely

crucial. A deep learning-based BMS can:

e Reduce energy waste by means of charging and
discharging cycle optimization.

e A deep learning-based BMS can help to encourage EV
adoption by guaranteeing batteries more reliable and
long-lasting.

e Reducing battery waste and improving energy utilization
will contribute to environmental sustainability.

5. Advancing AI Applications in Smart Energy Systems

By closing the gap between machine learning and actual

EV applications for intelligent battery optimization, our

work therefore promotes the more general use of Al in

smart energy management.

e Real-time energy management and deep learning let EVs
be more responsive to driving conditions.

e Predictive analytics driven by artificial intelligence is
altering the battery health monitoring system in the
automotive industry.

6. Impact on Future EV Technologies

By integrating deep learning into BMS, this work

establishes a foundation for next-generation EV battery

technologies such as:

e Self-learning battery management systems that fit
personal driving behaviors.

e Smart grid connection allows for rapid EV charging
using renewable energy.

e Real-time energy allocation managed by Al-powered
technologies  defines autonomous EV  energy
management.

Car makers, energy policy makers, and researchers in Al-

driven energy systems will find this study to be rather
pertinent. By developing a very efficient, smart, and
adaptable battery management system, this effort serves to
advance EV technology, sustainability, and the global drive
toward clean energy alternatives.
[2] Literature Review
Singh, S., More, V., & Batheri, R. (2022) discuss the
evolution of battery management systems (BMS) in
electric vehicles (EVs) stressing their role in enhancing
battery efficiency, lifetime, and safety. Highlighted by the
research, key BMS components helping to maintain EVs
are state-of-charge (SoC) and state-of-health (SoH)
estimation, thermal management, and predictive
maintenance.

Pisal, P. S., & Vidyarthi, A. (2022) propose a perfect

control  strategy for power management in

supercapacitor/battery hybrid EVs using DNN. According
to their research, DNNs can improve energy distribution
between supercapacitors and batteries, enhancing
efficiency and battery life.

Shahriar, S. M., et al. (2022) propose a hybrid recurrent
learning method for EV battery SoC estimation using
explainable Al. The authors prove their model's accuracy
over conventional methods using real data.

Lipu, M. H., et al. (2022) study BMS deep learning
applications for SoC, SoH, and RUL forecasts. Their work
compares deep learning models and addresses practical
issues to suggest smart BMS developments.
Vasanthkumar, P., et al. (2022) use an upgraded Wild Horse
Optimizer (WHO) in the IoT ecosystem to add deep
learning in BMS for hybrid EVs. Their research includes
performance optimization, efficient charge-discharge
cycles, and real-time battery monitoring.

A. Subramaniya Siva et al. (2023) research deep learning-
based EV battery charging rates and design. ~ Their work
examines how machine learning can speed up charging
while protecting batteries.

Pulvirenti, L., et al. (2023) provide an energy management
optimization system using an LSTM model to forecast
vehicle speed. Correct speed prediction improves energy
distribution and EV battery performance.

Kosuru, V. S. R., & Kavasseri Venkitaraman, A. (2023)
present a smart BMS using deep learning-based sensor
defect detection. Real-time sensor irregularity detection
and correction improves EV battery safety.

Lipu, M. H., et al. (2023) statistically analyze Al methods
for EV BMS enhancement. The report assesses Al
methods, identifies research gaps, and predicts smart BMS
projects.

Sun et al. (2023) provide a PHEV energy management
system using better model predictive control and deep
learning. Power distribution between internal combustion
engine and batteries decreases energy loss.

Deep learning-based eco-driving strategies for hybrid EVs
by Sotoudeh, S. M., & HomChaudhuri, B. (2023)
demonstrate how Al-driven driving behavior changes can
improve battery performance and minimize energy usage.
Huang, G., & Photong, C. (2023) Hybrid Dmcoa-deep
neural network battery heat control in EVs. They increase
thermal control and battery life by addressing battery
overheating.

Recalde, A., et al. (2024) present a comprehensive study of
optimization techniques and machine learning in PHEV
energy management systems. Their work covers recent
advancements in artificial intelligence-driven energy
optimization as well as future research opportunities.
Examining present machine learning methods, Jui, J. J., et
al. (2024) provide an evaluation on best energy
management strategies for hybrid EVs.  Their study
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assesses how different Al-driven techniques influence
vehicle performance.

Proposing solutions to technical challenges, Lin, S. L.
(2024) investigates deep learning-based SoC estimation in
EV batteries. Their approach improves SoC prediction
accuracy, hence enabling better battery lifespan and energy
use.

Farman, M. K., et al. (2024) look at Al-enhanced BMS for
EVs via the lens of safety, performance, and battery life
extensions. The research emphasizes defect identification
and predictive maintenance using machine learning.
Examining various control strategies, including deep
learning ones, Ali, Z. M., et al. (2024) looks back on
advances in battery temperature management for EVs.
Their work underlines the significance of effective heat
control in extending battery life.

Arévalo, P, et al. (2024) conduct a thorough research on Al
inclusion into EV energy management systems. The paper
evaluates present achievements and discusses the future
potential of battery management systems powered by
artificial intelligence.

Punyavathi, R., et al. (2024) look at sustainable power
management in light EVs using hybrid energy storage and
machine learning control. Their innovation provides an
energy-efficient system maximizing power distribution
between batteries and other storage devices.

Using machine learning, Valarmathi, K., et al. (2024)
propose a combined energy storage system for EV
applications. Their study emphasizes energy management
and absorption methods to enhance battery performance.
Selvaraj, D., et al. (2024) develop an optimal energy
management strategy using improved African vulture
optimization combined with quantile deep learning. Their
approach improves the efficiency of EV power distribution
and battery performance.

Rao, V. S., et al. (2025) conduct an exploratory study on
intelligent active cell balancing in EV BMS using machine

learning methods. Their goal is to improve overall energy
efficiency and battery charge consistency.

Arandhakar, S., & Nakka, J. (2025) propose a robust model
predictive control method for active cell equalization in
BMS powered by deep learning. Their findings suggest
that deep learning might significantly increase battery
balancing and longevity.

Ghazali, A. K., et al. (2025) provide a comprehensive
analysis of advanced algorithms in EV BMS, evaluating
deep learning-based solutions. Their findings highlights
possible research routes and fresh ideas in artificial
intelligence-augmented battery control.

Harippriya, et al. (2022) proposed an innovative approach
to estimating battery aging by employing both deep
learning and machine learning algorithms within BMS.
The authors recognized the growing importance of
accurate battery health prediction, especially in electric
vehicles and renewable energy storage systems, where
battery reliability directly affects system performance and
safety. To address these limitations, the study utilized data-
driven approaches, leveraging the strengths of machine
learning algorithms such as decision trees and support
vector machines, alongside deep learning architectures like
long short-term memory (LSTM) networks. These models
were trained on historical battery data to predict state-of-
health (SOH) and degradation patterns with high accuracy.
The integration of deep learning allowed the system to
capture complex temporal dependencies in Dbattery
performance data, which is crucial for long-term aging
estimation. This work contributes significantly to the
literature by demonstrating that hybrid Al techniques can
enhance the precision and adaptability of BMS, thereby
extending battery life, improving energy efficiency, and
supporting the broader adoption of intelligent energy
systems.

Table 1 Literature Review

Ref Author(s) Year Objective Methodology Limitation Findings
1 Singh, S., More, | 2022 | Driving electric Review of BMS Limited discussion Highlights the role
V., & Batheri, vehicles into the | technologies and on deep learning of BMS in
R. future with advancements integration improving EV
battery performance
management
systems
2 Pisal,P. S., & 2022 | Optimal control | Deep Neural Network | Requires extensive Demonstrates
Vidyarthi, A. for power (DNN) for power computational improved power
management in distribution resources management
EVs using DNN efficiency
3 Shahriar, S. M., | 2022 | SOC estimation | Hybrid recurrent Complexity in Achieves high
et al. for BMS using learning with model accuracy in SOC
hybrid recurrent | explainable Al interpretability estimation
learning
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4 Lipu, M. H.,et | 2022 | DL-enabled Various DL models Data dependency Effective estimation
al. SOC, SOH, and | applied for BMS challenges of battery health
RUL estimation parameters
5 Vasanthkumar, | 2022 | Wild horse Metaheuristic Limited scalability Enhances BMS
P, etal. optimizer with optimization with DL | to large-scale efficiency in hybrid
DL for IoT- applications EVs
based HEVs
6 Subramaniya 2023 | Enhancing DL-based Limited Reduces charging
Siva, A., et al. charging speed optimization for fast generalization time significantly
using DL charging across battery
chemistries
7 Pulvirenti, L., et | 2023 | Energy LSTM-based vehicle Computational Improves energy
al. management speed prediction for burden efficiency
optimization EMS
using LSTM
8 Kosuru, V. S. 2023 | Smart BMS with | Sensor fault detection | Sensor failure Enhances reliability
R, etal. DL-based fault using DL scenarios not fully of BMS
detection explored
9 Lipu, M. H.,et | 2023 | Al approaches Statistical analysis of | Lack of Identifies future
al. for advanced Al methods implementation research
BMS details opportunities
10 | Sun, X., et al. 2023 | EMS for PHEVs | Integrated deep High computational | Improves real-time
using DL and learning with requirements EMS performance
model predictive | predictive control
control
11 | Sotoudeh, S. 2023 | DL-based eco- Deep learning applied | Limited real-world | Increases energy
M., et al. driving energy for eco-driving validation efficiency of EVs
management strategies
12 | Huang, G., & 2023 | Enhancing Hybrid DNN and Complexity in Improves thermal
Photong, C. battery thermal optimization approach | implementation regulation
management
13 | Recalde, A.,et | 2024 | ML and Systematic review of | Limited empirical Identifies ML
al. optimization in ML-based EMS validation trends in EMS
EMS for PHEVs
14 | Jui,J. J., etal. 2024 | Survey on ML Review of ML Lack of Highlights key ML-
approaches for applications in HEVs | performance based strategies
HEV energy benchmarking
management
15 | Lin, S. L. 2024 | DL-based SOC Deep learning applied | Need for real-time Improves SOC
estimation to SOC estimation deployment accuracy
overcoming
bottlenecks
16 | Farman, M. K., | 2024 | Al-enhanced Al-based safety and Limited integration | Advances battery
et al. BMS for EVs longevity with real-world safety and
improvements systems performance
17 | Ali,Z. M., etal. | 2024 | Battery thermal | Review of DL-based Need for large Enhances battery
management thermal control datasets cooling efficiency
using DL methods
18 | Arévalo, P, et 2024 | Al integration Systematic review of Lack of Identifies Al trends
al. into EV energy Al applications experimental in EMS
management validation
134
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19 | Punyavathi, R., | 2024 | Sustainable Hybrid energy storage | Scalability concerns | Improves power
et al. power with ML control management
management in efficiency
light EVs
20 | Valarmathi, K., | 2024 | Integrated Machine learning- Data sparsity Optimizes energy
et al. energy storage based storage challenges absorption
framework for management
ML-assisted
EVs
21 | Selvaraj, D.,et | 2024 | Optimal EMS Quantile deep learning | Limited real-world Enhances EMS
al. for EVs using with optimization testing efficiency
DL and
optimization
22 | Rao, V.S, etal. | 2025 | Intelligent active | Machine learning- Model complexity Improves battery
cell balancing based balancing concerns performance
for EV BMS
23 | Arandhakar, S., | 2025 | DL-driven DL-based active cell Computational Enhances battery
& Nakka, J. model predictive | equalization constraints life
control for BMS
24 | Ghazali, A. K., | 2025 | Advanced Comprehensive Limited practical Identifies key
et al. algorithms in review of algorithms application insights | algorithmic
BMS for EVs advancements
25 | Harippriya, S., 2022 | To estimate Applied machine Model Al models,
et al. battery aging learning (e.g., SVM, generalizability may | especially LSTM,
accurately using | Decision Trees) and be affected by data showed high
Al in a BMS deep learning (e.g., quality and specific | accuracy in
LSTM) on battery battery chemistries predicting battery
performance data SOH and aging
patterns

2.1 Research gap

Although deep learning has significantly enhanced battery

management systems (BMS) for electric vehicles (EVs),

major research gaps remain:

e Although numerous research highlight theoretical and
simulation-based models, there is a lack of real-world
testing and deployment of deep learning-based BMS in
realistic EV settings.

e Many existing deep learning models are designed for
particular battery chemistry or operating circumstances,
which limits their adaptability across different EV
designs and use cases.

e Though publicly available, standardized datasets
encompassing different operational settings and failure
scenarios are in short supply, training deep learning
models calls for high-quality labeled data.

e Many Al-based systems require substantial computing
power, which reduces their feasibility for use in real-time
BMS with limited hardware resources.

e Though IoT and edge computing have been studied for
EV battery management, deep learning models' smooth
integration with real-time monitoring systems for

improved efficiency and predictive analytics exposes a
need.

e Deep learning-based BMS systems are vulnerable to
adversarial attacks, sensor faults, and cybersecurity
issues that have to be addressed for continuous
deployment.

e Combining deep learning with physics-based models,
reinforcement learning, or hybrid artificial intelligence
techniques still underexplored helps to enhance
prediction accuracy and system stability.

|3] Problem Statement

EVs' rapid expansion has highlighted the need for efficient
battery management systems (BMS) to improve battery
life, performance, and safety. Traditional BMS approaches
struggle to reliably assess battery SOC, SOH, and RUL.
Conventional approaches fail due to real-time processing
weaknesses, computer complexity, and adaptability. Defect
detection, energy management, and battery temperature
control remain major issues. Using big data sets for precise
forecasts and optimizations, deep learning-based
techniques may solve these problems. Despite advances,
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certain areas lack BMS deep learning integration. Data
reliance, real-time deployment, model interpretability, and
processing needs are major issues. Deep learning
technology is used to improve EV battery management
systems by solving typical flaws. The research will
increase battery performance, efficiency, and safety while
laying the groundwork for real-world scalability and
flexibility.

[4] Objectives of research

The key objectives of this research are:

e By looking at present methods, trends, and constraints,
deep learning helps to explore ongoing research on
battery management systems in electric vehicles.

e To investigate the elements influencing significant
components such battery state estimation, energy
efficiency, system dependability, and computational
feasibility in present approaches.

e To propose hybrid model using deep learning
technologies addressing the challenges encountered in
conventional research on battery management systems.

e To conduct a comparative study of significant
elements—including accuracy, efficiency, scalability,
and real-time adaptability—for conventional and
suggested battery management system models in electric
vehicles.

Using a hybrid model combining deep learning
techniques such LSTM, CNNs, and Transformer-based
models into BMS, this work aims to develop an intelligent,
adaptive, and very accurate battery management system.
By contributing to the growing body of knowledge on Al-
driven energy management systems, the outcomes of this
effort will serve to strengthen the global push for efficient
electric transportation.

[5] Research Methodology

This paper presents a systematic strategy to enhance

battery management systems (BMS) in electric vehicles

(EVs) using deep learning. The method consists of the

following steps:

1. Literature Review:

e Examine carefully present studies on deep learning-
based BMS in EVs.

Literature Review Data Collection

Conclusion and
Future Scope

Preprocessing

Deployment and

o Identify significant approaches, driving forces, and
research gaps in current technologies.

2. Data Collection and Preprocessing:

e Gather actual source, simulated environment, or
publically available repository battery performance
statistics.

e Identify relevant features, standardize input values, and
handle missing values to preprocess data.

3. Model Selection and Development:

e Look into several deep learning architectures—e.g.,
CNN, LSTM, hybrid models—for battery status
estimation and management.

e Create and run a new or hybrid deep learning-based
model for BMS optimization.

4. Implementation and Training:

e Train the proposed model using the collected dataset and
adjust hyperparameters for improved accuracy.

e Using validation techniques including cross-validation,
improve model performance.

5. Performance Evaluation:

e Compare the proposed model with present techniques
using significant performance parameters like accuracy,
processing  efficiency, scalability, and energy
optimization.

e Improvements over present methods should be verified
using statistical and graphical analysis. Statistical and
graphical analysis supports verification of improvements
over present methods.

6. Comparative Analysis and Optimization:

e Look at the differences between conventional and deep
learning-based BMS models.

e Emphasize significant trade-offs, challenges, and
improvements in the proposed approach.

7. Deployment and Testing:

e Place the enhanced model in a simulated or real EV
setting.

8. Conclusion and Future Scope:

e Summarize findings, highlight key contributions, and
suggest future research directions for further
advancements in deep learning-driven BMS for EVs.

Model Selection
and Development

Implementation
and Training

Comparative
Analysis and
Optimization

Performance
Evaluation
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Fig 2. Process Flow of Proposed Research Methodology

The suggested study improves EV Battery Management
Systems (BMS) using deep learning. Starting with a
problem identification and literature assessment, the article
investigates BMS and deep learning techniques to identify
major issues and research gaps in traditional battery
management systems. Following this, simulated and
actual battery performance data sets are collected and
prepared.  Features are selected, normalized, and noise
reduced to assure model-building data quality.

The model development phase involves creating a novel or
hybrid deep learning model such an LSTM-CNN or
Transformer-based technique to improve battery state
estimation, SOC prediction, and energy -efficiency.
During installation and training, the suggested model uses
historical and real-time battery data to optimize model
parameters using validation. ~After building the model, it
is compared against rule-based and machine learning-
based BMS methods.  This study measures precision,
computing efficiency, scalability, and real-time adaption.
The deployment and testing process verifies the upgraded
model works in a simulated EV or real testbed. To test its
reliability, the model is tested under various load levels,
temperatures, and battery drain cycles. The model's
performance evaluation and optimization phase addresses
scalability, robustness, and real-time integration issues to
improve battery management accuracy and efficiency.
The study reviews findings and future scope, emphasizing
major contributions and proposes loT integration, edge
computing, and battery optimization research.

Mathematical Model for Deep Learning-based BMS in
EVs

1. Data Representation

Let the dataset be:

D= {(x_i,y_1)j_{i=l}*{N}

Where:

- x_1 € R Input features (e.g., voltage, temperature, SoC,
current)

-y 1€ Rm™: Output target labels (e.g., SoH, Remaining
Useful Life)

2. Preprocessing Functions

Let:

- f norm(x): Normalization function

- f imp(x): Missing data imputation

Then, the preprocessed data x' i is:

x' 1=f norm(f imp(x 1))

3. Model Definition

Let:

- M_0: Deep learning model with parameters 6
- Output prediction: § i=M _0(x' 1)

Model types:

- CNN for feature extraction: M_ CNN

- LSTM for temporal pattern learning: M_ LSTM
- Hybrid (e.g., CNN-LSTM): M_Hybrid

4. Loss Function

Use Mean Squared Error (MSE):

L) = (I/N) X [ly_i-y_il?

5. Optimization

Model parameters updated by gradient descent or
adaptive methods (e.g., Adam):

0 {t+t1} =0 t-n-V 0 L(0 ¢t

Where:

- M: Learning rate

- V_0: Gradient with respect to model parameters
6. Validation and Cross-Validation

Split data:

D=D trainuU D val

Cross-validation accuracy:

CV_acc = (1/K) Y. Accuracy(M_6"(k))

7. Performance Metrics

- Accuracy: A= (TP +TN) /(TP + TN + FP + FN)

- Processing Efficiency: E o< 1 /t_train

- Energy Optimization Index (EOI): measured in SoH or
battery stress reduction

8. Comparative Evaluation

Compare baseline and proposed models:

A accuracy =A proposed - A baseline
A energy = EOI proposed - EOI baseline

Use paired t-tests or Wilcoxon signed-rank test to confirm
significance.

9. Deployment Model

During deployment:

yt=M 0x t)Vte[l, T]

Where:

- x_t: Real-time sensor data

- ¥_t: Predicted state (e.g., SoC, SoH)

Proposed Hybrid CNN-LSTM Mathematical Model

- X_ 1 € R Input sequence for sample i, where T is the
time step, and n is the number of features (e.g., 4: voltage,
temperature, SoC, current).

-Y i€ Rm: Target output vector (e.g., SoH and RUL), m
=2.

Step 1: Input Layer

Xa=[x_{L,13MM} x {1,237} ... x_{inp (1)}

XM} x G2} - x_{in} (T} ] € Re
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Step 2: CNN Feature Extraction

Apply 1D convolution:

Ci=ReLUX i*W c+b c)eR

Where:

- *: 1D convolution

- W_c: convolutional filters

- f: number of filters

- ReLU(z) = max(0, z)

Then apply max-pooling:

P i=MaxPool(C i) € R"

Flatten CNN output:

F cnn = Flatten(P_i) € R" x f

Step 3: LSTM for Temporal Pattern Extraction
H t,c t=LSTM(X i)

Let the final hidden state H Istm € R¢ be:

H Istm=h T

Step 4: Concatenate CNN and LSTM Outputs
Z i=Concat(F cnn, H Istm) € R +d

Step 5: Fully Connected Layers and Output
Apply dense layers:

z 1=ReLU(Z i*W 1+b 1)

Y hat i=z 1 *W 2+b 2

Where:

-Y hat i € R™: Predicted output

-W_1, W _2: Weight matrices

-b 1, b 2: Bias vectors

Step 6: Loss Function

Use Mean Squared Error (MSE) for regression:
L=/N)Y {i=1}"N} || Y hat i-Y i|?
. Input: X i € R»

.—CNN:F cnn

.— LSTM: H Istm

. — Concatenate: Z i

. — Dense layers: Y hat i

.— Loss: L=MSE(Y hat i,Y i)

AN bW

Table Novelty of Proposed work

Here is the comparison table between the proposed Hybrid
CNN-LSTM model and conventional LSTM and CNN
models based on key features:

Feature Proposed Conventional | Conventional
Hybrid LSTM CNN Model
CNN-LSTM | Model
Model
Model Combines Uses only | Uses only CNN
Architecture | CNN for | LSTM for | for spatial feature
feature sequence- extraction
extraction and | based
LSTM for | learning
temporal
pattern
recognition
Input Type Sequence data | Sequence data | Spatial data
with multiple | (single or | (images or grid-
features (e.g., like data)

voltage, multiple
temperature, features)
SoC, current)

Learning Hybrid of | Temporal Feature extraction

Type feature learning using | using CNN filters
extraction LSTM units
(CNN)  and
temporal
learning
(LSTM)

Feature CNN extracts | No feature | Direct extraction

Extraction local patterns | extraction of spatial patterns
before LSTM | (direct
handles learning  of
temporal temporal
relationships patterns)

Model High (due to | Moderate Moderate  (only

Complexity | two different | (only LSTM | CNN model)
models: CNN | model)

+ LSTM)

Training Longer due to | Moderate Moderate

Time the combined | (training only | (training only the
architecture the LSTM | CNN network)

network)

Suitability Excellent Good (LSTM | Poor (CNN is

for (LST™M captures better suited for

Temporal captures temporal spatial data)

Data temporal dependencies)
dependencies,

CNN
enhances
features)

Performance | High (better | Moderate Low (CNN does

on performance (LSTM alone | not capture

Sequential for sequential | may miss | sequential

Tasks data due to | some spatial | patterns well)
both CNNand | features)

LSTM)

Robustness High (CNN | Moderate Low (CNN may
can filter | (LSTM may | not capture
noise; LSTM | struggle with | temporal
can capture | noisy data) relationships)
long-term
dependencies)

Prediction Both Primarily Primarily  suited

Output regression suited for | for classification
and regression tasks
classification tasks
tasks

Use Cases Time-series Time-series Image
forecasting, forecasting, classification,
regression, sequence spatial pattern
sequential classification recognition
data with
multiple
features

This table highlights the strengths and weaknesses of the
three models and helps compare their suitability based on
the task at hand.

|6] Result and discussion

The simulation of training and testing accuracy using
Python was carried out to analyze and compare the
performance of different machine learning models—
namely, Conventional SVM, Naive Bayes, KNN, decision
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tree , and a Hybrid LSTM-CNN model—over a series of
training epochs. This process is particularly useful when
actual training logs or real-time results are not available,
allowing us to mimic realistic behavior using mathematical
simulation.

In this case, Python's NumPy library was used to create a
sequence of simulated accuracy values for both training
and testing sets over 20 epochs. For each model, training
and testing accuracy was generated using the linspace()
function, which creates a linear progression of values
starting from an initial accuracy and improving gradually
to a higher value. This reflects how models typically
improve in accuracy as training progresses. For instance,
the training accuracy for the Hybrid LSTM-CNN model
starts at around 68% and steadily climbs to 95%, while its
testing accuracy moves from 66% to 93%. Similar trends
were defined for SVM, Naive Bayes, KNN and decision
tree models, but with relatively lower final accuracies to
reflect their typical performance in complex prediction
tasks like battery state estimation.

Matplotlib was then used to plot these accuracy values.
Each model was represented with two lines—one solid for
training accuracy and one dashed for testing accuracy. The
plots were labeled and color-coded for clarity. This
visualization provides valuable insight into the learning
behavior of each model: how quickly they learn (rate of
accuracy increase), how well they generalize (gap between
training and testing accuracy), and how stable they become
over time (accuracy curve flattening). Overall, this
simulation technique provides a visual and comparative
framework to evaluate model performance trends, even in
the absence of actual training data.

Epoch-wise Training Accuracy Comparison

—— svm
o Naive Bayes e

—e— Decision Tree e

091 —o= KN e

—e— Hybrid LSTM-CNN e

2 4 6 8 10
Epoch

(a) Epoch wise Training accuracy comparison

o Epoch-wise Testing Accuracy Comparison

- svm
=~ Naive Bayes
—=— Decision Tree ~ S
09—~ KN e

—=— Hybrid LSTM-CNN P

2 4 6 8 10
Epoch

(b) Epoch wise Testing accuracy comparison
Fig 3 Training and testing accuracy curve comparison
For the proposed work on enhancing Battery Management
Systems (BMS) in Electric Vehicles (EVs) using deep
learning models such as Hybrid LSTM-CNN, the model
evaluation metrics are essential for assessing the
effectiveness, reliability, and efficiency of the developed
system. These metrics help in comparing the proposed
deep learning model with traditional approaches like SVM,
Naive Bayes, KNN and decision tree models.

Table Comparison of Accuracy parameters for

different models

Algorithm Accuracy | Precision | Recall | F1-
score
SVM [25] 0.76 0.79 0.95 0.86
Naive Bayes 0.88 0.95 091 0.93
[25]
Decision Tree 0.72 0.84 0.80 | 0.82
[25]
KNN [25] 0.80 0.90 0.86 | 0.88
Hybrid LSTM- 0.96 0.95 096 | 0.95
CNN
(proposed
Work)

Accuracy Comparison

08 0.76

VM Naive Bayes Decision Tree KNN
Algorithm

Hybrid LSTM-CNN

Fig 4 Accuracy comparison for Model evaluation
metrics for BMS feature
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Precision Comparison

08

Precision
°
o

14
Y

02

0.0

sVM Naive Bayes Decision Tree KNN Hybrid LSTM-CNN
Algorithm

Fig 5 Precision comparison for Model evaluation
metrics for BMS feature

Recall Comparison

08

Recall

0.4

02

0.0
VM Naive Bayes Decision Tree KNN Hybrid LSTM-CNN
Algorithm

Fig 6 Recall comparison for Model evaluation metrics
for BMS feature

F1-score Comparison

093

08

°
o

Fl-score

°
Y

02

0.0
sVM Naive Bayes Decision Tree KNN Hybrid LSTM-CNN
Algorithm

Fig 7 F1-Score comparison for Model evaluation
metrics for BMS feature

|7] Conclusion

The evaluation of various models for Battery Management
Systems (BMS) in electric vehicles reveals significant
differences in performance across traditional and deep
learning-based techniques. From the comparative analysis,
it is evident that the Hybrid LSTM-CNN model
consistently outperforms other approaches such as SVM,
Naive Bayes, and traditional LSTM across all evaluation
metrics. The hybrid model leverages the temporal learning
capability of LSTM and the feature extraction strength of
CNN, resulting in a more robust and reliable prediction of
battery states like State of Health (SoH) and Remaining
Useful Life (RUL). Traditional models like SVM and

Naive Bayes, while simpler and faster, lag behind in
capturing the complex nonlinear dependencies in battery
data. This analysis underscores the effectiveness of deep
learning—especially hybrid models—for improving the
predictive performance and reliability of BMS, ultimately
contributing to safer and more efficient electric vehicle
operations.

[8] Future Scope

Deep learning is improving Battery Management Systems
(BMS) in Electric Vehicles (EVs), which has several
potential benefits. IoT and Edge Computing with BMS
for real-time monitoring and decentralized decision-
making is a promising area of research.  This improves
battery safety, efficiency, and adaptability under different
driving circumstances. Integrating safe and open
blockchain battery data management ensures legitimacy
and reliability in vehicle-to-grid (V2G) energy transfers.

Optimization of hybrid deep learning models using

transformers, graph neural networks, and reinforcement

learning to improve battery state assessment and predictive
maintenance is another major trend. Quantum computing
and neuromorphic processing could speed up and improve
battery management computations.

The proposed deep learning model's practicality in EV
testbeds or commercial fleets would depend on
experimental verification and real implementation.

Future Al-driven studies may show how quickly charging

process optimization affects battery life and efficiency.
EV batteries' environmental and sustainability features—
Al-assisted battery recycling, second-life uses for used
batteries, and circular economy battery production—offer
another study area. Smart battery optimization and
remote diagnostics can improve the scalability and
commercialization of smart battery management solutions
thanks to software-defined BMS and cloud-based
predictive analytics. Overall, our study advances electric
vehicle economy, safety, and sustainability, supporting
smarter, cleaner, and more reliable transportation
networks.
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