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ABSTRACT

Estimating electric vehicle (EV) battery lifetime using Random Forest is a promising approach that
leverages machine learning to predict the degradation of battery cells over time. Random Forest is a popular
ensemble learning algorithm capable of handling complex, nonlinear relationships between input features and
target variables. Here's how you can use Random Forest for EV battery lifetime estimation, By employing
Random Forest for EV battery lifetime estimation, you can leverage the power of data-driven analytics to
optimize battery management strategies, enhance vehicle performance, and prolong battery lifespan,
ultimately contributing to the widespread adoption of electric vehicles and sustainable transportation
solutionsElectric vehicles (EVs) play a significant role in mitigating environmental concerns and reducing
dependency on fossil fuels. However, ensuring the longevity and reliability of EV batteries is crucial for the
widespread adoption and acceptance of this technology. In this study, we propose a novel approach for
estimating EV battery lifetime using the Random Forest algorithm, a powerful machine learning technique
capable of capturing complex relationships in data. We collected a comprehensive dataset containing
historical information on EV battery usage, charging cycles, driving patterns, and environmental factors. After
preprocessing the data and selecting relevant features, we trained a Random Forest regression model to predict

battery degradation over time.
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CHAPTER- 1
INTRODUCTION

1.1 INTRODUCTION

Climate change is a hot topic and the world is facing huge challenges. Petroleum based fuels dominate
the transportation sector which is a substantial contributor to the release of carbon dioxide and other pollutants
to the atmosphere. Electrification of vehicles and machines on land, water and in the air is a growing trend
and a measure of reducing our environmental impact. Renewable electric energy stored in batteries is a greener
substitute to petrol and diesel and the lithium-ion battery (LIB) market is growing rapidly Since
commercialized in 1991, LIBs have increased in popularity thanks to their high energy density, low discharge
rate and low maintenance. The battery packs in vehicular applications however need a sophisticated control
system in order to function properly. The available energy of a battery, known as state of charge (SOC), is
comparable to the fuel gauge of a vehicle powered by a combustion engine. SOC is not directly measurable
and therefore require some type of method to be estimated, often by utilizing a mathematical model. The

deterioration of battery cells leading to decreased performance is an issue that limits battery lifetime.

With the rapid growth of the practicability and diversity of electric vehicles (EVSs) in recent years, the
industry and market share of this new transportation tool entered into a prosperous era of rapid development.
And it's likely to maintain the trend of high-speed growth due to the more stringent emission policies and
more investment around With the advantages of high energy density and low self-discharge rate, lithium-ion
power battery pack can achieve longer endurance time and driving mileage . Thus, lithium-ion batteries are
widely used as power source and energy storage device of electric vehicles However, one of the problems
that lithium-ion batteries still face is the degradation of battery performance, which is characterized by

capacity fade or power attenuation An accurate SOH of lithium-ion batteries is of vital importance.

As the advent of information age, the development of big data technologies brings opportunities to
realize the unified monitoring of battery packs health status. SOH monitoring at big data level not only benefits
the security supervision of public transportation, but also facilitate the disposal of the batteries retired from
EVsorinlongtermidle. Supposing every battery pack is effectively calibrated for its SOH and residual value,
these information can be shared on cloud servers, and the application of secondary use and vehicle-to-grid
(V2G) technology will become more convenient [6,7]. In some cities and countries, the big data collection

and monitoring platform has been applied to collect and analyze the real-time operating data of floating EVs.

The large-capacity data acquisition system will generate and store massive data. How to effectively
utilize these data to estimate SOH is the key problem that needs to be considered. As is demonstrated, the
reaction mechanism of cycle aging involves many variables, such as charging/discharging current rate,

temperatures, etc. However, unlike the charge-discharge cycles in laboratory experiment, the work condition
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of battery pack changes dramatically in actual vehicular operations due to the various driving environment

and individual behaviors. The performance degeneration is more complicated with cross dependence factors
and dynamic situation Therefore, based on big data platform, the accurate SOH estimation for on-board

battery packs remains both promising and challenging.

Electrochemical model, equivalent circuit model, etc. Among the data-driven methods, a variety of
methods based on machine learning have been proposed and developed. Those techniques mainly include
support vector machine (SVM) artificial neural network (ANN) , random forest (RF) probabilistic models
from Bayesian framework like gaussian process regression (GPR) and relevance vector machine (RVM), etc.
For instance, Ref. provided a solution to cycle life forecast by combining the infrared thermography with
ANN and SVM techniques. Qin et al. adopted SVM to explore the global degradation trend of SOH and the
kernel parameter is obtained by particle swarm optimization (PSO). Li et al. estimated the SOH of different

batteries under varied cycling conditions based on RF regression.

1.2 BACKGROUND

Electric vehicles (EVs) are increasingly becoming a key solution to global energy challenges and
environmental concerns due to their reduced carbon emissions and reliance on fossil fuels. At the heart of EV
performance lies the battery energy system, which not only determines the vehicle’s driving range but also
affects safety, efficiency, and operational costs. Among various battery technologies, lithium iron phosphate
(LiFePO4) batteries are widely preferred in EVs because of their high thermal stability, long cycle life, and
environmental friendliness. Despite these advantages, the performance and lifetime of LiFePO4 batteries are
highly sensitive to operational and environmental conditions, including charging and discharging patterns,
ambient temperature, depth of discharge, and load demands. Accurate monitoring and prediction of battery

behavior are therefore critical for ensuring reliable and efficient EV operation.

Traditional battery management systems (BMS) rely on simple threshold-based monitoring methods
or empirical models, which are often unable to capture the complex, nonlinear dynamics of battery
degradation over time. This limitation can result in premature battery failure, reduced energy efficiency, and
suboptimal maintenance schedules. Recent advancements in machine learning (ML) provide an opportunity
to address these challenges by analyzing large volumes of operational data to extract meaningful patterns,
predict future battery states, and detect anomalies in real time. Techniques such as recurrent neural networks,
gradient boosting models, and variational autoencoders enable the modeling of complex dependencies in

battery performance while effectively handling noisy or imbalanced datasets.

Furthermore, effective data preprocessing methods, including synthetic sampling, data augmentation,
and cluster-based undersampling, enhance model robustness and predictive accuracy. By integrating ML-

based prediction with intelligent monitoring, it becomes possible to estimate both the State of Charge (SOC)
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and State of Health (SOH) of batteries more accurately than traditional methods. These predictions allow for

optimized charging strategies, proactive maintenance, and extended battery life, which are crucial for the

economic and operational viability of EVs.

Overall, the convergence of advanced battery chemistry, machine learning algorithms, and intelligent
data processing forms the foundation for modern battery energy management systems. This background
establishes the rationale for developing a predictive and analytical framework for LiFePO4 batteries, aiming
to improve the reliability, efficiency, and sustainability of electric vehicles while addressing the limitations of

conventional battery management approaches.

1.3 PROBLEM STATEMENT

Lithium-ion batteries are essential to our modern lifestyle supplying power to handheld electronics,
laptops and vehicles. Despite continuous improvements to battery cell technology, aging is a large flaw. The

reduction of capacity and performance occur both with time and usage and is a well-studied phenomenon.

The deterioration process is complicated since multiple variables such as charge and discharge rates,
temperature and SOC affect the aging rate . The battery pack is in many cases the most expensive component
of electric vehicles, with the largest environmental impact and in order to minimize the deterioration of battery

cells, the mechanisms causing aging must be understood.

Extensive research has been carried out in the area of LIBs. The recent shift in demand from the
increased production of electric vehicles (EV) pushed the LIB into the spotlight of scientific literature and
popular press. Research and development of more effective material compositions of the battery cells is not
slowing down, where a lot of attention is directed towards the current and future availability of metals such

as lithium, nickel and cobalt.

The BMS is in charge of assessing battery SOC and SOH. Both of these states are non-measurable
and of grand importance for the safety and efficiency of the battery system. Due to the complexity of LIBs a
big variety of methods and models are being used for the estimation of these states. The methods for SOC
estimation applied in electrical vehicles range from conventional resistance- and open circuit voltage

measurements to learning algorithms such as neural networks and fuzzy logic.

The aging process of LIBs can be divided into two distinguished types: during use and in storage. The
large variety of material compositions, in especially the cathode material, makes it difficult to give an

exhaustive picture of the reactions leading to aging in a battery cell.

The basics of LIB deterioration and its affect on capacity reduction is presented in a research article
by M. Broussely . The 1.4 Objective of the thesis 3 work by Groot on cycle life test methods concluded that

a good cycle life estimation model requires a very detailed evaluation of load cycle properties. The article by

IJCRT21X0374 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | u593


http://www.ijcrt.org/

www.ijcrt.org © 2025 IJCRT | Volume 13, Issue 12 December 2025 | ISSN: 2320-2882
Anthony Barré [6] discuss the validity of studies based on controlled test bench measurements. SOH

estimation methods can, as done in the review article by Rui Xiong [8], be separated into two categories:
Experimental methods and model-based estimation methods. The experimental methods estimate the SOH by
analysis of stored cycle data taking advantage of parameters correlated to aging. The four methods to be

focused on in this thesis are all examples of experimental methods.

They all study the current or voltage curves during the charging phase and are related to coulomb
counting and differential voltage analysis. The slope estimation method takes advantage of the increased
derivative of the voltage/capacity-curve A research article from 2013 studies patterns in this curve during
charging, similar to the slope estimation method, declaring it a relatively simple method with low
computational complexity. ZengkaiWang looks at the decrease in current during constant voltage phase and
how the shape of this curve changes during aging. The two remaining methods use characteristics connected

to the charge derivative peak with regards to voltage

Lithium-lon batteries have been on the market since 1991 and are of secondary battery type, in other
words rechargeable . A BMS is required to prevent overcharge and over-discharge. The BMS can also keep

track of the battery SOC, SOH and safety features such as over-heating and over-current conditions .

Inside the battery casing the anode and cathode are submerged in a electrolyte and divided by a
separator as seen in Figure 2.1. During a charge/discharge cycle, lithium ions are exchanged between the

positive and negative electrodes [18].

The LIB technology provides unique characteristics compared to other battery types such as high
energy density, low maintenance, low cost, no memory effect, no need for periodic deliberate full discharge,
capability of accepting high charging and discharging rate, high depth of discharge and low rate of self-

discharge . In order to understand the deteriorating process of a LIB the components are presented below.
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Electrolyte Li-ions in electrolyte
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Figure 1.3.1: Schematic illustration of a LIB describing the different components and movement of

ions Groot

The voltage of the anode and cathode as well as the ionic flow between these can be represented by a
simple water-clock model as seen . The open circuit voltage (UOC) is defined as the voltage difference
between the electrodes. The voltage can be represented by the pressure created by the water in the tanks. The
amount of water in the tanks determine the pressure and the size of the tanks limit the maximum pressure in
the system. The water represents the delighted material in the electrodes since a lack of ions in an electrode
corresponds to a high electrical potential. The size of the tanks is the electrodes capability of storing ions.

This storing capability, or capacity is reduced with aging.
ANODE

The anode, usually made of graphite, is connected to the positive terminal of the battery cell via a
copper current collector. Lithium-ions are capable of being stored between the layers of the graphite crystal

structure.
CATHODE

The negative terminal of the battery cell is connected to the cathode via a current collector made of
aluminium. The LIB is named after the chemical compound of the cathode material where Lithium Iron
Phosphate (LiFeP O4), Lithium Cobalt Oxide (LiCoO2) and Lithium Nickel Manganese Cobalt Oxide (Li(N
iMnCo0)O2 or NMC) are among the most common .The cathode material allows guest ions to be inserted or
removed. This process is called intercalation and is possible because of special crystal structures such as

layered or spine.
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ELECTROLYTE

The two most frequently used types of electrolytes in LIB is liquid electrolyte and gel electrolyte. Both
of these are solutions of lithium salts together with organic 8 2 Lithium-ion Batteries solvents or a polymer.
The electrolyte has high ionic conductivity allowing the lithium-ions to travel between the positive and

negative electrodes.
SEPARATOR

The separator is placed between the positive and negative electrode in order to avoid contact leading
to short circuiting of the cell. This microporous layer consists of either a polymeric membrane or a fabric mat.
The separator is porous enough to absorb the electrolyte enabling high ionic conductivity A safety feature is
embedded through a multilayer design, in which at least one layer melts and closes the pores in case of high
temperatures. The critical temperature to be avoided is called the runaway temperature. This is when the active

material starts decomposing resulting in exothermic reactions.
AGING MECHANISMS

Aging of LIB is a phenomenon that takes place in the chemical composition of the battery. Depending
on the materials of the electrodes, the process varies, but basic aging mechanisms taking place in most LIB

can be identified. Three degradation modes are commonly reported.

Available lithium inventory in the cell is vital to the ion exchange between the anode and cathode. In
the interphase between electrode and electrolyte, a solid layer called solid electrolyte interphase (SEI) is
formed. This works as a natural barrier protecting the carbon anode (which is not electrochemically stable
with most electrolytes) from corrosion and the electrolyte from reductions . The SEI is permeable to lithium
ions but the build-up contains lithium, leading to a loss of cyclable lithium in the battery cell. Lithium plating
and decomposition reactions also tie up lithium ions. These reactions are called parasitic reactions and reduce
the capacity of the battery since the number of cyclable ions are reduced [25]. The electrodes have the ability
to intercalate ions (insert ions between layers in a crystal lattice) [6]. Micro cracks, loss of electrical contact
and resistive layers such as SEI and lithium plating prohibit this intercalation. The loss of active material in
the electrodes can lead to both capacity fade and power fade summarizes the main aging mechanisms

occurring in LIB electrodes.
OPERATING CHARACTERISTCS

The state of charge is the battery power system’s equivalent to a fuel gauge. Represented in the unit
of percentage, an empty battery has 0% SOC and a fully charged battery has 100% SOC. The SOC is of
importance for both the user of the application, and the BMS. The user must have some indication of the level

of remaining energy in the battery in order to plan usage and charging. This is the case for most electrical
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devices such as phones or laptops as well as electric vehicles such as cars or forklifts. For the BMS, notion of

the SOC is important to prevent deep discharge and overcharge resulting in possible damage to the battery.

In general the SOC is defined as the still available charge in relation of the capacity of the battery.
However, the capacity of the battery is not constant since it varies with parameters such as temperature,
discharge current, end-of-discharge voltage and SOH. Figure 2.5 illustrates three definitions of SOC where
rated capacity is the nominal capacity set by the manufacturer. The relative SOC takes that the capacity
decreases over time into account, in other words updating its maximum capacity by measuring it. The practical
SOC is always less than the aforementioned. The BMS often limits the range of allowed SOC to prevent

damage to the cell. A battery of a hybrid electric vehicle can for example be limited between 15 — 85%.

The SOC is not directly measurable and needs to be estimated using some type of method. Many
different schemes of SOC estimation have been developed and similar to SOH estimation methods, they range
from simpler methods such as coulomb counting to more advanced methods such as Kalman filters. SOC
correlates with the open circuit voltage (OCV) of the battery and can be determined using look-up tables
connecting certain OCV values to their corresponding SOC values. However, the battery must be rested to

reach equilibrium and room temperature in order to show accurate results.
STATE OF HEALTH

State of health is a numerical value of the batteries condition compared to its ideal condition. 100%
SOH means that the battery matches factory specifications and equation 2.1 shows how SOH is commonly
calculated; SOH = QactQnom (2.1) where Qact and Qnom stand for actual capacity and nominal capacity. A

LIB intended for vehicular use is considered non-usable when reaching 80% SOH.

The industry and scientific community lack a consensus regarding the definition of SOH. As
mentioned, the capacity fade is often used to define SOH. But the power fade caused by increased resistance
and impedance should also be considered, especially in high power demanding applications like hybrid

electric.
CHARGING CYCLE

When charging a LIB, the optimal and most common method is called constant current-constant
voltage (CC-CV) charging [30]. As the name suggests, the battery is initially charged with a constant current

(CC) until the voltage reaches the maximum allowed voltage known as the cut-off voltage.

The constant voltage (CV) phase is then initiated, and the charger supplies the battery with energy at

cut-off voltage until fully charged. The charging is complete when the current reaches a minimum threshold.
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Figure 1.3.2: battery characteristics
TEMPERATURE EFFECT

The temperature of a LIB greatly affects the performance and deterioration rate of the cell. Anincrease
in temperature tend to rise the voltage difference of the electrodes as shown in Figure 2.9. A battery is heated
through internal resistance during operation and sophisticated BMS have temperature control implemented

with the ability to heat or cool the battery pack.

1.4 OBJECTIVES

The primary objective of this project is to develop a robust machine learning-based system capable of
predicting the performance and lifetime of lithium iron phosphate (LiFePO4) batteries used in electric
vehicles. Accurate prediction of battery conditions, including the State of Charge (SOC) and State of Health
(SOH), is essential for optimizing energy management, ensuring vehicle reliability, and prolonging battery
life. A key goal is to integrate advanced data-driven techniques such as Variational Autoencoders (VAE),
Gated Recurrent Units (GRU), and XGBoost models to analyze complex and nonlinear relationships between
battery usage, environmental conditions, and operational parameters. The system aims to detect anomalies in
real time, allowing preventive maintenance actions and mitigating potential risks associated with unexpected

battery degradation.

Another objective is to enhance the quality and balance of the battery datasets using techniques like
synthetic sampling, data augmentation, and cluster-based undersampling. These preprocessing steps are

critical for improving the predictive accuracy of machine learning models, especially

when handling limited, imbalanced, or noisy operational data. Additionally, the project seeks to
generate intuitive graphical outputs for monitoring battery conditions, facilitating informed decision-making

for energy management and maintenance scheduling.
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Beyond the technical objectives, the project emphasizes practical applicability in real-world scenarios,

aiming to provide actionable insights that can improve the operational efficiency of electric vehicles. By
integrating predictive analytics with intelligent visualization, the system is designed to enable proactive
interventions, reduce operational costs, and maximize battery utilization. Ultimately, the objectives converge
on the development of a comprehensive framework that combines reliability, efficiency, and user-friendly

monitoring, advancing the field of battery energy management in electric vehicles.

1.5 SCOPE OF THE PROJECT

The scope of this project encompasses the design, development, and implementation of a machine
learning-based battery energy management system for electric vehicles, focusing specifically on lithium iron
phosphate (LiFePO4) batteries. It includes the collection and preprocessing of battery operational data,
analysis of influential factors such as charging rates, temperature variations, depth of discharge, and usage
patterns, and the prediction of both State of Health (SOH) and State of Charge (SOC) over time. The project
integrates advanced algorithms, including Variational Autoencoders (VAE) for anomaly detection and
dimensionality reduction, and GRU or XGBoost models for time-series forecasting and performance

prediction.

The project also covers techniques to enhance dataset quality, such as synthetic sampling and cluster-
based undersampling, ensuring robust and accurate predictive modeling even with limited or imbalanced data.
Graphical outputs and dashboards are included to enable real-time monitoring, trend analysis, and
visualization of battery performance metrics, providing actionable insights for energy management and

maintenance planning.

While the focus is primarily on LiFePO4 batteries in electric vehicles, the methodologies and
predictive frameworks developed can be extended to other battery chemistries and energy storage
applications. However, the project does not cover hardware-level battery design, thermal management system
development, or vehicle-level integration beyond energy monitoring and prediction. The scope is limited to
software-driven analysis, prediction, and visualization of battery data to optimize operational efficiency,
safety, and lifecycle management. By clearly defining these boundaries, the project ensures a focused

approach toward enhancing battery reliability and supporting the broader adoption of electric vehicles.

1.6 METHODOLOGY

The methodology of this project involves a structured, data-driven approach to predict and analyze the
performance of LiFePO4 batteries in electric vehicles. Initially, relevant battery operational data, including
charging/discharging cycles, temperature, depth of discharge, and usage patterns, are collected from

experimental setups or publicly available datasets. Data preprocessing techniques such as normalization,
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missing value handling, and feature extraction are applied to ensure data consistency and quality.
Additionally, synthetic sampling, data augmentation, and cluster-based undersampling are employed to

balance the dataset and mitigate biases that could affect model performance.

A Variational Autoencoder (VAE) is utilized to reduce data dimensionality while detecting anomalies,
capturing underlying patterns in complex battery behavior. This step ensures that the models focus on
meaningful features and are less influenced by noise or outliers. Subsequently, advanced predictive
algorithms, including Gated Recurrent Units (GRU) and XGBoost, are implemented to forecast the State of
Health (SOH) and State of Charge (SOC) of the batteries. GRU is particularly effective for time-series analysis
due to its ability to capture long-term dependencies, while XGBoost offers efficient gradient-boosted tree

modeling for nonlinear relationships in battery data.

Model training, validation, and hyperparameter tuning are conducted to optimize prediction accuracy.
Performance metrics such as mean absolute error, root mean square error, and R2 score are used to evaluate
the models. The methodology also incorporates visualization techniques to generate real-time graphical
outputs of battery conditions, trends, and predicted future states, enabling actionable insights for maintenance

scheduling and energy management.

Overall, this methodology combines advanced data preprocessing, dimensionality reduction, anomaly
detection, and predictive modeling into a comprehensive framework. It ensures accurate, efficient, and
interpretable predictions of battery performance, supporting optimized battery utilization, extended lifecycle,

and enhanced operational reliability in electric vehicles.

1.7 SIGNIFICANCE OF PROJECT

The significance of this project lies in its potential to enhance the efficiency, reliability, and longevity
of lithium iron phosphate (LiFePO4) batteries in electric vehicles (EVs), which are crucial for sustainable
transportation. Batteries represent a major cost component and operational constraint in EVs, and their
performance directly influences vehicle range, safety, and maintenance requirements. By leveraging machine
learning techniques to predict battery behavior, the project addresses critical challenges associated with
battery degradation, unexpected failures, and suboptimal energy management. Accurate estimation of the
State of Health (SOH) and State of Charge (SOC) ensures that batteries are utilized efficiently, preventing

overcharging, deep discharging, or thermal stress, which are common causes of performance deterioration.

The integration of Variational Autoencoders (VAE) for anomaly detection and GRU or XGBoost for
predictive modeling enables advanced understanding of complex, nonlinear battery behaviors that
conventional monitoring systems often fail to capture. These techniques allow for early detection of potential

faults and facilitate predictive maintenance, reducing operational downtime and extending battery lifespan.
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Moreover, the project’s focus on data augmentation, synthetic sampling, and cluster-based undersampling

improves dataset quality, ensuring reliable and generalizable predictions.

Graphical outputs for monitoring provide intuitive visualization of battery conditions, making the
system practical for real-world applications by supporting informed decision-making for energy management
and maintenance planning. This proactive approach not only minimizes the risk of battery failures but also

contributes to cost savings, improved safety, and enhanced user experience in electric vehicles.

Beyond immediate operational benefits, the project contributes to the broader adoption of EVs by
addressing one of the key limitations—abattery performance and longevity. By combining advanced machine
learning with intelligent monitoring, it provides a scalable framework applicable to various battery types and
energy storage systems. In summary, the project represents a significant step toward more reliable, efficient,
and sustainable battery management, with far-reaching implications for vehicle performance, environmental

sustainability, and the advancement of smart energy solutions in the transportation sector.

1.8 ORGANIZATION OF PROJECT

The organization of this project is structured to systematically present the research, methodology,
implementation, and analysis of a machine learning-based battery energy management system for electric
vehicles. The project begins with an introductory chapter that provides the background, objectives, scope, and
significance, establishing the rationale and need for accurate prediction of battery performance. Following
this, the literature review chapter surveys existing research on battery management systems, machine learning
applications in battery prediction, and the use of data augmentation and anomaly detection techniques. This
review identifies gaps in conventional approaches and highlights the advantages of integrating advanced

predictive algorithms.

The methodology chapter details the step-by-step approach adopted for data collection, preprocessing,
anomaly detection, and predictive modeling. It explains the selection of algorithms, including Variational
Autoencoders (VAE), GRU, and XGBoost, as well as data balancing techniques such as synthetic sampling
and cluster-based undersampling. The system design and architecture chapter presents a modular overview of
the implemented framework, describing data flow, model integration, and visualization interfaces for

monitoring battery performance.

Subsequent chapters focus on implementation, experimental evaluation, and results analysis. They
provide comprehensive insights into model training, validation, performance metrics, and graphical outputs

that demonstrate predictive accuracy and system reliability.
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CHAPTER -2

LITERATURE REVIEW AND TECHNOLOGICAL

2.1 BACKGROUND

1. TITLE: Data-based Health Indicator Extraction for Battery SOH Estimation via Deep Learning.
AUTHOR: Tingting Tao, Cheng Ji, Jindong Dai, Jingzhi Rao, Jingde Wang

YEAR: 2024

DESCRIPTION:

study presents a data-driven approach for extracting health indicators that accurately reflect the State
of Health (SOH) of lithium-ion batteries using deep learning techniques. The authors propose a framework
that combines raw operational data—including voltage, current, temperature, and charge-discharge cycles—
with advanced neural network architectures to generate features that serve as effective health indicators. The
study emphasizes the importance of capturing nonlinear dependencies and temporal dynamics in battery
behavior, which traditional SOH estimation methods often overlook. By employing deep learning models, the
framework can learn complex patterns from large datasets without the need for explicit battery models,
enabling more precise SOH predictions. The paper also explores the interpretability of the extracted indicators,
demonstrating that they not only improve predictive accuracy but also provide insights into underlying

degradation mechanisms.

Extensive experiments on real-world datasets validate the model, showing superior performance
compared to conventional regression-based or statistical methods. The research highlights the potential of
integrating data-driven feature extraction with deep learning to enhance battery management systems,
allowing for optimized maintenance schedules, improved battery lifespan, and safer operation in electric
vehicles. The study’s approach provides a foundation for subsequent works on combining machine learning
with predictive maintenance for battery energy systems. Overall, this work demonstrates how intelligent
feature engineering, coupled with deep learning, can transform SOH estimation from a model-driven to a

data-driven paradigm, offering significant practical and operational benefits.

2. TITLE: Two-stage Early Prediction Framework of Remaining Useful Life for Lithium-ion Batteries.
AUTHOR: Dhruv Mittal, Hymalai Bello, Bo Zhou, Mayank Shekhar Jha, Sungho Suh, Paul Lukowicz
YEAR: 2023

DISCRIPTION:

This research proposes a two-stage framework for the early prediction of Remaining Useful Life
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(RUL) of lithium-ion batteries, addressing the challenge of forecasting battery degradation at initial stages of

operation. The first stage focuses on feature extraction from raw operational data, including voltage, current,
temperature, and charge cycles, to construct informative representations that capture the battery's degradation
trajectory. In the second stage, advanced machine learning models are applied to these features to predict RUL
with high accuracy. The framework emphasizes early-stage prediction, which is critical for proactive
maintenance and scheduling, as traditional methods often require extensive historical data to achieve reliable
results. Experiments conducted on multiple battery datasets demonstrate that the proposed framework
outperforms existing single-stage models in terms of predictive accuracy and robustness, particularly under

variable operational conditions.

The study also addresses challenges such as data noise, missing values, and imbalanced cycles by
implementing preprocessing strategies like normalization and synthetic augmentation. The approach shows
promise for integration into real-time battery management systems, offering operators the ability to anticipate
performance degradation and make informed decisions regarding replacement or maintenance. Overall, this
work contributes significantly to the field of predictive battery management by providing a practical, data-
driven framework capable of early and accurate RUL estimation, thereby enhancing the reliability, efficiency,

and safety of electric vehicle battery systems.

3. TITLE: Remaining Useful Life Prediction of Lithium-ion Batteries Using Spatio-Temporal Multimodal

Attention Networks.

AUTHOR: Sungho Suh, Dhruv Aditya Mittal, Hymalai Bello, Bo Zhou, Mayank Shekhar Jha, Paul

YEAR: 2023

DESCRIPTION:

Suh et al. propose a novel spatio-temporal multimodal attention network for predicting the Remaining
Useful Life (RUL) of lithium-ion batteries, integrating multiple sources of operational data to capture both
temporal dependencies and spatial correlations in battery behavior. The model leverages attention
mechanisms to selectively focus on significant patterns across voltage, current, temperature, and charge-
discharge sequences, allowing it to learn complex degradation trajectories more effectively than conventional

sequential models.

The spatio-temporal structure enables simultaneous analysis of temporal dynamics and
interdependencies between battery cells, providing more accurate RUL predictions under diverse operational
conditions. The study validates the model using large-scale battery datasets, showing improved predictive

accuracy compared to standard recurrent neural networks and other baseline methods. The attention-based
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framework not only enhances performance but also provides interpretability, highlighting which operational

factors most influence battery degradation.

By addressing challenges such as data heterogeneity, nonlinear degradation, and early-stage
prediction, the research contributes to developing advanced battery management systems capable of proactive
maintenance, improved lifecycle planning, and optimized energy management in electric vehicles. The work
demonstrates the potential of multimodal attention mechanisms in predictive analytics for energy storage

systems, bridging the gap between high-dimensional operational data and actionable maintenance insights.

4. TITLE: CyFormer: Accurate State-of-Health Prediction of Lithium-lon Batteries via Cyclic Attention.
AUTHOR: Zhigiang Nie, Jiankun Zhao, Qicheng Li, Yong Qin

YEAR: 2023

DISCRIPTION:

Nie et al. introduce CyFormer, an innovative machine learning model employing cyclic attention
mechanisms for precise State of Health (SOH) prediction of lithium-ion batteries. The model is designed to
handle the cyclical nature of battery usage, where charging and discharging patterns significantly influence
degradation. By incorporating cyclic attention, CyFormer effectively captures temporal dependencies within
cycles and identifies critical segments that impact battery performance, providing an accurate and
interpretable SOH estimation. The framework integrates raw sensor data—including voltage, current,
temperature, and usage cycles—through preprocessing and feature extraction steps to generate inputs for the
cyclic attention network. Experimental results on multiple benchmark datasets demonstrate that CyFormer
outperforms conventional machine learning models and standard recurrent neural networks, achieving higher

accuracy in predicting both short-term and long-term battery health.

The model also exhibits robustness under variable operational conditions, highlighting its applicability
for real-world battery management systems. By providing reliable SOH predictions, CyFormer facilitates
proactive maintenance, optimized charging strategies, and extended battery lifespan. This study represents a
significant advancement in data-driven battery health management, offering a scalable and practical solution

for integrating intelligent predictive analytics into electric vehicle battery systems.
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5. TITLE: Battery Management Strategies: An Essential Review for Battery State of Health Monitoring

Techniques.
AUTHOR: S. K. Pradhan, B. Chakraborty

YEAR: 2022

DISCRIPTION:

Pradhan and Chakraborty present a comprehensive review of battery management strategies with a
particular focus on techniques for monitoring the State of Health (SOH) of lithium-ion batteries. The paper
systematically categorizes conventional methods, including model-based approaches, data-driven techniques,
and hybrid strategies, evaluating their strengths, limitations, and practical applicability. Model-based
methods, which rely on electrochemical and equivalent circuit models, are noted for their interpretability but
are often challenged by parameter sensitivity and limited adaptability to complex real-world conditions. In
contrast, data-driven approaches, leveraging machine learning and statistical modeling, are highlighted for
their ability to capture nonlinear degradation patterns and learn directly from operational datasets. The review
emphasizes the growing importance of integrating predictive analytics into battery management systems to

enable proactive maintenance and prevent unexpected failures.

Additionally, the authors discuss the role of sensor networks, data acquisition systems, and
computational frameworks in enhancing the reliability of SOH estimation. Challenges such as data imbalance,
noise, and real-time implementation constraints are critically analyzed, and future directions, including hybrid
methods combining model-based and data-driven approaches, are proposed. This paper provides a valuable
foundation for researchers aiming to develop intelligent battery management systems, highlighting the
necessity of accurate SOH monitoring for extending battery life, optimizing energy management, and

supporting the sustainable adoption of electric vehicles.

6. A Method for State-of-Charge Estimation of Li-lon Batteries Based on Multi-Model Switching
Strategy
Authors: Yujie Wang, Chenbin Zhang, and Zonghai Chen
Year: 2015
Description

This paper introduces a multi-model switching approach for improving the accuracy and
computational performance of state-of-charge (SOC) estimation in lithium-ion batteries used in embedded
battery management systems (BMS). Traditional SOC estimation algorithms, although accurate, often impose
significant computational burdens, leading to reduced system responsiveness in real-time applications. To
address this challenge, the authors propose an SOC estimation architecture built on four representative battery

models, each selected according to the battery’s operational conditions. A switching mechanism dynamically
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activates the most appropriate model based on system behavior, thereby balancing computational load and
maintaining high estimation accuracy. Central to this framework is the extended Kalman filter (EKF), which
suppresses current noise and refines SOC predictions by continuously integrating voltage and current
measurements. The paper thoroughly discusses the need for resource optimization due to limited processing
power in embedded BMS hardware. Experimental validation under dynamic load conditions demonstrates
that the proposed strategy reduces program execution time while preserving estimation fidelity. The results
reveal that by distributing computation across multiple models and switching intelligently, the method
achieves superior performance compared to single-model EKF implementations. Additionally, the paper
highlights the importance of adaptive model selection for batteries subjected to unpredictable driving patterns,
where single-model approaches often fail to capture highly nonlinear behavior. Overall, this research
contributes a robust, efficient, and scalable SOC estimation solution, suitable for modern electric vehicle

applications where accuracy and computational efficiency are equally critical.

7. A Multi Time-Scale SOC/SOH Estimation Framework Using Nonlinear Predictive Filter for
Lithium-lon Battery Packs
Authors: Yin Hua, Cordoba-Arenas A., Warner N., et al.
Year: 2015
Description

This study proposes a multi time-scale estimation framework for state-of-charge (SOC) and state-of-
health (SOH) monitoring in lithium-ion battery packs, particularly addressing the challenge of cell-to-cell
variations in electric vehicle applications. When multiple cells are connected in series, differences in capacity,
internal resistance, and aging rates can significantly influence overall pack performance. To manage these
variations, the authors introduce a clear distinction between cell-level and pack-level state definitions,
enabling the estimation framework to assess pack performance based on the characteristics of individual cells.
The proposed method separates slow and fast dynamics: SOH parameters such as capacity and resistance are
estimated over long time intervals, while SOC is tracked continuously in real-time. This separation reduces
computational burden while retaining accuracy. A nonlinear predictive filter (NPF) forms the core estimation
algorithm due to its ability to handle nonlinearities present in battery dynamics. The framework identifies the
weakest cell, defined as the one with the minimum capacity, and uses its SOC as the representative SOC for
the entire pack. To validate this approach, experiments are conducted using UDDS driving cycles,
demonstrating the method’s capability to deliver accurate and stable SOC/SOH predictions even under highly
variable load conditions. The results confirm that this architecture enhances reliability over traditional single-
cell-based estimation models, which often ignore inter-cell inconsistencies. Overall, the study contributes a
scalable, stable, and computationally efficient strategy suitable for real-world electric vehicle battery

management.
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8. Online Battery State-of-Health Estimation Based on Genetic Algorithm for Electric and Hybrid

Vehicle Applications
Authors: Z. Chen, C. C. Mi, Y. Fu, et al.
Year: 2013
Description

This paper presents an online state-of-health (SOH) estimation method for lithium-ion batteries used
in electric and hybrid vehicles, emphasizing real-time parameter identification through a genetic algorithm
(GA). The method relies on a resistance—capacitance (RC) circuit model of the battery, where diffusion
capacitance is found to correlate strongly with SOH. Since real-time measurement of diffusion capacitance in
a moving vehicle is impractical, the authors employ GA to estimate the RC model parameters using voltage
and current measurements collected from operational data. The GA iteratively searches for the optimal
parameter set, adapting to dynamic load conditions and mitigating errors that arise from nonlinearity and
sensor noise. Temperature effects, which significantly influence battery aging behavior, are integrated into
the estimation framework to enhance robustness. Experimental evaluation across multiple battery samples
demonstrates that the method can accurately track degradation trends and provide reliable SOH measurements
without requiring controlled testing environments. The results also show that GA-based estimation is flexible
and capable of adjusting to different aging patterns among cells. This capability is particularly important for
electric vehicle applications where batteries undergo irregular charging, discharging, and thermal fluctuations.
The authors highlight that the approach can support predictive maintenance strategies and extend service life
by detecting early signs of deterioration. Although the study focuses on short-term dynamic validation, it also
outlines the need for long-term cycle testing to evaluate the method’s effectiveness over months or years.

Overall, this research contributes an adaptive, data-driven solution for real-time battery health monitoring.

9. A Method for Online Capacity Estimation of Lithium-lon Battery Cells Using the State of Charge
and the Transferred Charge
Authors: M. Einhorn, F. V. Conte, C. Kral, and J. Fleig
Year: 2012
Description

This study presents an innovative method for estimating the capacity of lithium-ion battery cells during
real-time operation by examining the change in state of charge (SOC) and the amount of transferred charge
between two SOC states. Unlike traditional approaches that require complete discharge cycles for capacity
measurement, this method operates dynamically, allowing capacity estimation under varying current profiles.
The paper begins by explaining the significance of tracking battery capacity, particularly because capacity
continuously declines during aging, affecting both mobile and stationary applications. The authors
demonstrate the method by applying controlled current pulses and measuring voltage responses, validating its

reliability during standard test cycles. A notable extension of the work is the application of the method to real -

IJCRT21X0374 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | u607


http://www.ijcrt.org/

www.ijcrt.org © 2025 IJCRT | Volume 13, Issue 12 December 2025 | ISSN: 2320-2882
world driving data, using the FTP72 dynamic driving cycle to assess its robustness against highly fluctuating

current demands. This scenario involves a simulated battery stack operating in an electric vehicle, enabling
the calculation of SOC using charge counters and continuous current monitoring until the lower voltage limit
is reached. The results highlight that the approach effectively captures capacity trends despite disturbances
from dynamic loads. The study emphasizes that the method’s accuracy depends on precise SOC calculation
and high-quality current measurement, yet it remains significantly more practical than full discharge tests.
Overall, the research demonstrates that SOC-based estimation provides an efficient tool for online capacity

monitoring, supporting safer and more reliable battery management throughout a cell’s lifetime.

10. Algorithms for Advanced Battery-Management Systems: Modeling, Estimation, and Control
Challenges for Lithium-lon Batteries
Authors: N. A. Chaturvedi, R. Klein, J. Christensen, J. Ahmed, and A. Kojic
Year: 2010
Description

This article offers a comprehensive overview of the key challenges and emerging algorithms in
modeling, estimation, and control for advanced lithium-ion battery management systems. It begins by
discussing the growing dominance of lithium-ion technology across portable electronics, electric vehicles,
and aerospace systems, attributing this trend to their superior energy density, low self-discharge, and minimal
memory effects. As the demand for high-power and long-life batteries rises, the need for accurate internal-
state estimation becomes critical. The authors explore electrochemical principles behind intercalation-based
batteries, explaining how lithium ions move within electrode materials and how.this motion relates to charge
storage. Unlike conventional equivalent circuit models, this work emphasizes physics-based modeling
approaches that incorporate diffusion dynamics, electrode thermodynamics; and transport phenomena. These
models allow deeper insight into battery behavior but introduce computational challenges due to complexity
and nonlinearity. The article further discusses state estimation techniques such as Kalman filtering, nonlinear
observers, and adaptive control methods, highlighting their strengths and limitations. The authors particularly
stress the difficulty of estimating unmeasurable states like internal concentration gradients and degradation
indicators. Control aspects, including charge regulation, thermal management, and safety constraints, are also
examined. Overall, the paper emphasizes that effective battery management requires a balance among
modeling accuracy, computational feasibility, and real-time implementation. The authors conclude that while
physics-based models offer unmatched insight into battery dynamics, significant research is still needed to
make them more suitable for embedded applications, paving the way for safer and more reliable next-

generation battery systems.

IJCRT21X0374 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | u608


http://www.ijcrt.org/

www.ijcrt.org © 2025 IJCRT | Volume 13, Issue 12 December 2025 | ISSN: 2320-2882
CHAPTER -3

SYSTEM STUDY
3.1 EXISTING SYSTEM

The existing battery management systems (BMS) in electric vehicles are primarily designed to monitor
battery parameters such as voltage, current, temperature, and State of Charge (SOC). Conventional BMS
approaches rely on threshold-based or rule-based methods to maintain battery safety and operational
efficiency. These systems measure key indicators to prevent overcharging, deep discharging, and thermal
runaway, ensuring basic reliability and safety. Additionally, traditional BMS often employ simple
mathematical models or equivalent circuit models to estimate battery health and predict remaining useful life.
While these methods provide a foundational understanding of battery behavior, they are limited in handling
complex operational conditions and the nonlinear degradation patterns exhibited by lithium iron phosphate
(LiFePO4) batteries.

Existing systems typically focus on short-term monitoring rather than long-term predictive analytics.
They are often unable to capture the effects of usage patterns, environmental conditions, or varying charging
and discharging rates, which play a significant role in battery aging. Moreover, conventional approaches are
sensitive to noise in sensor data and do not effectively detect anomalies or subtle signs of performance
deterioration. These limitations can lead to inaccurate State of Health (SOH) predictions, suboptimal

maintenance scheduling, reduced battery lifespan, and unexpected operational failures.

Furthermore, most traditional systems lack integration with advanced data-driven methods, limiting
their capability to provide predictive insights or optimize energy management proactively. Graphical and real -
time monitoring interfaces are also often minimal, reducing the ability to analyze battery trends or make
informed maintenance decisions. Overall, while existing systems ensure basic safety and performance, they
fall short in predictive accuracy, anomaly detection, and intelligent decision-making, particularly for advanced

electric vehicle applications where extended battery life and efficiency are critical.

3.1.1 DISADVANTAGES

Reliance on threshold-based rules, limiting adaptability to varying operational conditions.
Inability to accurately predict long-term battery degradation or State of Health (SOH).
Sensitivity to noisy sensor data and environmental fluctuations.

Lack of advanced anomaly detection capabilities for early fault identification.

a B w e

Limited consideration of usage patterns, charging rates, and depth of discharge in predictions.

6. Minimal integration with machine learning or data-driven predictive techniques.
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7. Restricted graphical visualization and trend analysis, reducing operational insights.

8. Suboptimal maintenance scheduling, potentially leading to premature battery failure.
9. Inadequate handling of nonlinear and complex battery behavior over multiple cycles.

10. Reduced efficiency in energy management due to absence of predictive decision-making.

3.2 MODULE DESIGN

Battery capacity is measured in ampere hours [Ah] and the duration of the constant current charging
phase has a very direct connection to capacity and SOH since it stands for most of the energy charged into the
battery. Because the battery is rarely or never completely discharged this duration is problematic to measure.
With inspiration from the regional capacity method where the minimal slope of the voltage curve is located,
this novel method locates this location and measures the time (or capacity) needed to reach cut off voltage as
shown in figure 3.12. The method works within the mid ranges of SOC and can be implemented either through

polynomial fitting or numerical differentiation.
SLOPE ESTIMATION

The decrease in capacity occurring through battery aging affects the shape of the polarization during
the CC-phase curve clearly increases with aging as the CC- time period shortens. The derivative of the voltage
curve in the time interval just before cut-off voltage is reached, as seen in Figure 3.14, is easily differentiated
and can be used as an aging factor of the battery. The slope can also be calculated using linear least square
method on a population of data just before the end of the CC-phase. The key to this method being consistent
is measuring the slope at same part of the voltage curve as the CC-phase shortens with use and time. Slope at
a fixed SOC would be ideal but just like SOH, SOC has to be estimated and therefore is somewhat inaccurate.
By choosing the interval just before cut-off voltage is reached, where the voltage curve is close to linear and
easily found, the accuracy of the method is increased. The SOC at cut-off voltage in room temperature is

around 70%, a level that is commonly circulated during operation.

3.2.1 ADVANTAGES
1.optimized power management.
2.Improved User Experience.
3.Enhanced Reliability.

4.Cost Savings
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CHAPTER-4

SYSTEM SPECIFICATION
4.1 HARDWARE REQUIREMENT

PROCESS : INTEL® CORE™ [9-14900K 3.20 GHZ

RAM : 16 GB

HARD DISK:1TB

4.2 SOFTWARE REQUIREMENT

Operating System : Windows 7

Software Programming Package : python ,Jupiter notebook,html ,css
SOFTWARE DESCRIPTION
PYTHON TECHNOLOGY:

Python is an interpreter, high-level, general-purpose programming language. It supports multiple
programming paradigms, including procedural, object-oriented, and functional programming. Python is often

described as a "batteries included” language due to its comprehensive standard library.

Python is a widely used general-purpose, high level programming language. It was created by Guido
van Rossum in 1991 and further developed by the Python Software Foundation. It was designed with an
emphasis on code readability, and its syntax allows programmers to express their concepts in fewer lines of

code. Python is a programming language that lets you work quickly and integrate systems more efficiently.
WHY TO USE PYTHON:
PYTHON IS OBJECT-ORIENTED

Structure supports such concepts as polymorphism, operation overloading and multiple

inheritance.

INDENTATION

e Indentation is one of the greatest feature in python.
e [t’s free (open source)

e Downloading python and installing python is free and easy.
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POWERFUL

e Dynamic typing.

e Built-in types and tools.

e Library utilities.

e Third party utilities (e.g. Numeric, NumPy, sciPy)

e Automatic memory management.

PORTABLE

e Python runs virtually every major platform used today.
e Aslong as you have a compaitable python interpreter installed, python programs will run in exactly

the same manner, irrespective of platform.

EASY TO USE AND LEARN

e No intermediate compile.

e Python Programs are compiled automatically to an intermediate form.
e Byte code, which the interpreter then reads.

e This gives python the development speed of an interpreter.

e Performance loss inherent in purely interpreted languages.

e Structure and syntax are pretty intuitive and easy to grasp.

INTERPRETED LANGUAGE

Python is processed at runtime by python Interpreter.
INTERACTIVE PROGRAMMING LANGUAGE

Users can interact with the python interpreter directly for writing the programs.
STRAIGHT FORWARD SYNTAX

The formation of python syntax is simple and straight forward which also makes it popular.
INSTALLATION

There are many interpreters available freely to run Python scripts like IDLE (Integrated

Development Environment) which is installed when you install the python software.
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STEPS TO BE FOLLOWED AND REMEMBERED

Step 1: Select Version of Python to Install.

Step 2: Download Python Executable Installer.

Step 3: Run Executable Installer.

Step 4: Verify Python Was Installed On Windows.

Step 5: Verify Pip Was Installed.

Step 6: Add Python Path to Environment Variables (Optional)
PYTHON BASIC SYNTAX

There is no use of curly braces or semicolon in Python programming language. It is English-like
language. But Python uses the indentation to define a block of code. Indentation is nothing but adding

whitespace before the statement when it is needed.
deffunc():
statement 1

statement 2

ooooooooooooooooooooo

statement N

In the above example, the statements that are the same level to the right belong to the function.
Generally, we can use four whitespaces to define indentation. Instead of Semicolon as used in other languages,
Python ends its statements with a NewLine character. Python is a case-sensitive language, which means that
uppercase and lowercase letters are treated differently. For example, 'name’ and 'Name' are two different

variables in Python.

In Python, comments can be added using the '# symbol. Any text written after the #' symbol is

considered a comment and is ignored by the interpreter.

This trick is useful for adding notes to the code or temporarily disabling a code block. It also helps in
understanding the code better by some other developers. 'If', ‘otherwise’, 'for’, ‘while', ‘try’, 'except’, and ‘finally’

are a few reserved keywords in Python that cannot be used as variable names.
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These terms are used in the language for particular reasons and have fixed meanings. If you use these

keywords, your code may include errors, or the interpreter may reject them as potential new Variables.
PYTHON MYFILE.PY

Working with the interactive mode is better when Python programmers deal with small pieces of code
as you can type and execute them immediately, but when the code is more than 2-4 lines, using the script for

coding can help to modify and use the code in future.
DATA TYPES

The data stored in memory can be of many types. For example, a student roll number is stored as a
numeric value and his or her address is stored as alphanumeric characters. Python has various standard data

types that are used to define the operations possible on them and the storage method for each of them.

WORKING WITH PYTHON

traditional runtime execution model: Source code you type is translated to byte code, which is then

run by the Python Virtual Machine (PVM). Your code is automatically compiled, but then it is interpreted.

Source Byte code Runtime
em—  —r PVM
l:> m.py m.pye =

Figure 4.2.1: WORKING WITH PYTHON

There are two modes for using the Python interpreter:
* Interactive Mode
* Script Mode
RUNNING PYTHON IN INTERACTIVE MODE
Without passing python script file to the interpreter, directly execute code to Python prompt.
Once you’re inside the python interpreter, then you can start.

>>>print("hello world")
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hello world

# Relevant output is displayed on subsequent lines without the >>> symbol
>>> x=[0,1,2]
# Quantities stored in memory are not displayed by default.

>>> X
#If a quantity is stored in memory, typing its name will display it.
[0,1, 2]

>>> 243

BROAD APPLICATION

Itis used for the broadest spectrum of activities and applications for nearly all possible industries. It ranges
from simple automation tasks to gaming, web development, and even complex enterprise systems. These are

the areas where this technology is still the king with no or little competence:

e Machine learning as it has a plethora of libraries implementing machine learning algorithms.
e Web development as it provides back end for a website or an app.
e Cloud computing as Python is also known to be among one of the most popular cloud-enabled
languages even used by Google in numerous enterprise-level software apps.
e Scripting.
e Desktop GUI applications.
PYTHON COMPILER

The Python compiler package is a tool for analyzing Python source code and generating Python
bytecode. The compiler contains libraries to generate an abstract syntax tree from Python source code and to

generate Python bytecode from the tree.

The compiler package is a Python source to bytecode translator written in Python. It uses the built-in
parser and standard parser module to generate a concrete syntax tree. This tree is used to generate an abstract
syntax tree (AST) and then Python bytecode.

The full functionality of the package duplicates the built-in compiler provided with the Python

interpreter. It is intended to match its behavior almost exactly. Why implement another compiler that does the
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same thing? The package is useful for a variety of purposes. It can be modified more easily than the built-in

compiler. The AST it generates is useful for analyzing Python source code.

FRONTEND

HYPERTEXT MARKUP LANGUAGE
INTRODUCTION TO HTML

HTML, which stands for Hypertext Markup Language, is the standard markup language for creating
web pages. It provides the structure for web documents by using a system of tags and attributes to
define elements within the page. These elements can include headings, paragraphs, images, links,

forms, and more.
WORKING PROCESS

HTML documents are text files that contain a series of elements enclosed in angle brackets (< >).
These elements are organized in a hierarchical structure, with the <html> element at the top, followed by
<head> and <body> elements. The <head> section typically contains meta-information about the document,
such as its title and links to external resources like stylesheets and scripts. The <body> section contains the

content visible to the user.

Within the <body> section, elements like <p> for paragraphs, <h1> to <h6> for headings, <img> for
images, and <a> for links are used to create the desired layout and functionality of the webpage. Attributes
can be added to these elements to provide additional information or modify their behavior. Once an HTML
document is created, it can be viewed in a web browser, which interprets the HTML code and displays the
content according to the specified structure and formatting. Additionally, HTML can be enhanced with the
use of CSS (Cascading Style Sheets) for styling and JavaScript for interactivity, allowing for more dynamic
and visually appealing web pages.

CASCADING STYLE SHEETS
INTRODUCTION TO CSS

CSS, short for Cascading Style Sheets, is a style sheet language used to describe the presentation of
a document written in HTML or XML. It controls the layout, formatting, and appearance of web pages,

allowing developers to define the visual aspects such as colors, fonts, spacing, and positioning.
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WORKING PROCESS

CSS works by targeting HTML elements and applying styling rules to them. These rules consist of
selectors that identify which elements to style and declarations that specify the styling properties and values.
Selectors can target elements based on their tag names, classes, IDs, attributes, or even their relationship with
other elements in the document. Once selected, CSS properties such as color, font-size, margin, padding, and

border can be applied to change the appearance of the elements

CHAPTER -5
MODULE DESCRIPTION
5.1 DATASET COLLECTION

Responsible for collecting data from various sources such as battery management systems, sensors,
and historical records. Handles data acquisition, aggregation, and storage,Cleans and preprocesses the
collected data to remove noise, handle missing values, and ensure data quality. Performs tasks such as

filtering, normalization, and feature scaling.
5.2 DATA PREPROSSING

Cleans and preprocesses the collected data to remove noise, handle missing values, and ensure data

quality. Performs tasks such as filtering, normalization, and feature scaling.
5.3 FEATURE EXTRACTION MODULE

Extracts relevant features from the preprocessed data that are indicative of battery health and

performance. Utilizes techniques such as statistical analysis, time-series analysis, and signal processing.
5.4 MODEL TRAINING MODULE

Trains machine learning models using historical data and extracted features to predict the remaining
useful life (RUL) of batteries. Includes algorithms such as regression, classification, time-series forecasting,

and ensemble methods.
5.5 MODEL EVALUATION MODULES

Evaluates the performance of trained models using metrics such as accuracy, precision, recall, mean
absolute error, and root mean square error. Conducts cross-validation, hyperparameter tuning, and model

comparison to select the best-performing model.

IJCRT21X0374 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | u617


http://www.ijcrt.org/

www.ijcrt.org © 2025 IJCRT | Volume 13, Issue 12 December 2025 | ISSN: 2320-2882

5.6 MODEL DEPLOYMENT

Deploys trained models into production environments to make real-time predictions. Integrates with

existing systems or platforms for seamless deployment.
5.7 USER INTERFACE

Provides a user-friendly interface for users to interact with the system, input data, request predictions,

and visualize results. Includes features such as data visualization, dashboarding, and reporting.

CHAPTER -6

FEASIBILITY STUDY
6.1 INTRODUCTION

The feasibility study of the proposed machine learning-based battery energy management system for
electric vehicles evaluates technical, economic, operational, and environmental aspects to determine the
practicality and potential impact of the project. This assessment ensures that the system can be effectively
designed, implemented, and deployed to optimize the performance and lifespan of lithium iron phosphate
(LiFePO4) batteries.

6.2 TECHNICAL FEASIBILITY

The project leverages established machine learning techniques such as Variational Autoencoders
(VAE) for anomaly detection and dimensionality reduction, and predictive models like Gated Recurrent Units
(GRU) and XGBoost for forecasting battery State of Health (SOH) and State of Charge (SOC). These
technologies are widely supported by current computing frameworks and programming languages, including
Python, TensorFlow, and PyTorch. The availability of relevant datasets, along with preprocessing techniques
like synthetic sampling, data augmentation, and cluster-based undersampling, ensures the technical viability
of accurate predictions. Additionally, visualization tools can be integrated to provide real-time graphical

monitoring, supporting user-friendly interfaces and practical implementation in electric vehicles.

6.3 ECONOMIC FEASIBILITY

The development of a software-driven predictive battery management system reduces operational
costs by preventing premature battery failures, minimizing maintenance requirements, and extending battery
life. While initial investment in computational resources, data collection, and software development is
required, the long-term economic benefits—through optimized energy usage, reduced battery replacement
costs, and enhanced vehicle reliability—justify the expenditure. The system can be scaled and adapted to

different EV models without substantial additional costs, enhancing cost-effectiveness.
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6.4 OPERATIONAL FEASIBILITY

The system is designed to integrate with existing electric vehicle infrastructure and monitoring
frameworks. Its predictive capabilities support maintenance scheduling, proactive fault detection, and energy
optimization, improving operational efficiency and reliability. Minimal user intervention is required, and the

graphical outputs facilitate easy interpretation of battery conditions for engineers and operators.

6.5 ENVIRONMENTAL FEASIBILITY

By improving battery efficiency and lifespan, the system indirectly contributes to reduced
environmental impact through lower battery waste and reduced energy consumption. Optimized charging and
discharging cycles also support sustainable energy usage, aligning with environmental goals in the electric

vehicle sector.

Overall, the feasibility study indicates that the proposed system is technically achievable,
economically viable, operationally practical, and environmentally beneficial. The integration of advanced
machine learning techniques with real-time monitoring and predictive analytics makes it a feasible solution

for improving battery management and performance in electric vehicles.

CHAPTER -7

SYSTEM DESIGN
7.1 INTRODUCTION

The system design of a battery energy management system for electric vehicles represents a structured
approach to integrating data acquisition, predictive modeling, anomaly detection, and real -time monitoring
into a cohesive framework. The primary goal of the design is to ensure accurate prediction of battery
performance parameters, including the State of Health (SOH) and State of Charge (SOC), while enabling
efficient energy management, proactive maintenance, and extended battery lifespan. A well-structured system
design provides clarity in data flow, algorithm implementation, and user interaction, ensuring that all

components work in a coordinated and optimized manner.

The core of the design is the data acquisition module, which collects critical operational data such as
charging and discharging cycles, temperature, depth of discharge, and usage patterns. This data serves as the
foundation for predictive analysis and anomaly detection. The system incorporates preprocessing steps to
handle missing values, normalize data, and enhance dataset quality through synthetic sampling, data
augmentation, and cluster-based undersampling. By ensuring high-quality input data, the design facilitates the

development of reliable machine learning models capable of capturing complex, nonlinear battery behaviors.
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Predictive modeling forms the next key component of the system design. Advanced algorithms such

as Variational Autoencoders (VAE), Gated Recurrent Units (GRU), and XGBoost are integrated to detect

anomalies, reduce data dimensionality, and forecast battery conditions accurately. These models analyze
historical and real-time data to provide insights into potential performance degradation, enabling predictive

maintenance and preventing unexpected failures.

The system design also emphasizes user interaction and visualization. Graphical outputs, dashboards,
and trend analyses allow engineers and operators to monitor battery health in real time, supporting informed
decision-making for energy management and maintenance scheduling. This visual layer enhances system

usability and bridges the gap between complex algorithmic predictions and practical operational insights.

Overall, the system design is structured to ensure modularity, scalability, and robustness. Each
component, from data collection to predictive modeling and visualization, is interconnected while maintaining
flexibility for upgrades or adaptation to other battery chemistries. By combining advanced machine learning
techniques with intelligent monitoring and visualization, the system design forms a comprehensive framework
that maximizes battery efficiency, safety, and lifecycle management in electric vehicles, contributing to the

broader goal of sustainable and reliable transportation solutions.

7.2 PROJECT EXECUTIVE SUMMARY

The project “Controlling and Analysis of Battery Energy System in Electric Vehicles” focuses on
developing a comprehensive machine learning-based framework for predicting and managing the
performance of lithium iron phosphate (LiFePO4) batteries. The system is designed to estimate critical
parameters such as the State of Charge (SOC) and State of Health (SOH) by analyzing factors like charging
and discharging patterns, temperature variations, depth of discharge, and overall usage. The primary goal is

to enhance battery efficiency, extend lifespan, and ensure safe and reliable operation within electric vehicles.

The project leverages advanced machine learning algorithms, including Variational Autoencoders
(VAE) for anomaly detection and dimensionality reduction, and predictive models like Gated Recurrent Units
(GRU) and XGBoost for accurate forecasting of battery behavior. Data quality is improved through
preprocessing techniques such as synthetic sampling, cluster-based undersampling, and data augmentation,
which ensure balanced datasets and reliable model training. The system also incorporates graphical outputs
and real-time monitoring interfaces, enabling operators and engineers to make informed decisions regarding

battery maintenance and energy management.

By integrating predictive analytics with intelligent visualization, the project addresses limitations of
conventional battery management systems, which often rely on simple threshold-based methods and fail to

capture complex nonlinear degradation patterns.
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The approach ensures proactive fault detection, optimized charging strategies, and better maintenance

scheduling, thereby minimizing operational downtime and costs.

In essence, this project contributes to the sustainable adoption of electric vehicles by improving battery
reliability, performance, and lifecycle management. Its modular and scalable design allows adaptation to other
battery chemistries and energy storage applications, making it a versatile solution for modern transportation
and energy systems. Overall, the project provides a practical, data-driven, and efficient methodology for
battery management, bridging the gap between traditional monitoring systems and intelligent predictive

maintenance solutions.

7.3 SYSTEM OVERVIEW

The proposed system is designed as a fully integrated framework for monitoring, predicting, and
analyzing the performance of LiFePO4 batteries in electric vehicles. It combines data acquisition,
preprocessing, predictive modeling, anomaly detection, and visualization to provide a comprehensive solution
for energy management and battery health assessment. Data is collected from operational sensors capturing
voltage, current, temperature, depth of discharge, and usage cycles, which forms the foundation for all

subsequent analysis.

Once collected, the data undergoes preprocessing, including normalization, missing value handling,
and balancing through synthetic sampling and cluster-based undersampling. These steps ensure high-quality
inputs for machine learning models. The Variational Autoencoder (VAE) module reduces data complexity
while detecting anomalies that could indicate early signs of battery degradation. Predictive modules, including
GRU and XGBoost, analyze historical and real-time data to forecast SOC and SOH accurately, enabling
informed decisions regarding maintenance, energy distribution, and charging strategies.

The system also includes a visualization interface that presents graphical outputs, trend analyses, and
real-time alerts. This ensures usability for engineers and operators, providing insights into battery behavior
without requiring deep technical expertise. The modular architecture allows scalability, making it adaptable
to different battery types or electric vehicle platforms. By integrating advanced analytics with practical
monitoring tools, the system ensures optimized battery utilization, enhanced safety, and improved operational

efficiency, supporting sustainable and reliable electric vehicle deployment.

7.4 DESIGN CONSTRAINTS

The design of the battery energy management system is influenced by several technical, operational,
and environmental constraints that ensure feasibility and reliability in real-world electric vehicle applications.

One key constraint is computational efficiency, as machine learning models such as GRU and XGBoost
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require significant processing power for real-time predictions, which must be balanced with the limitations of

embedded vehicle hardware. Data availability and quality also impose constraints, as accurate SOC and SOH
estimation depends on comprehensive, high-resolution operational datasets. Incomplete or noisy data can
reduce prediction accuracy, necessitating preprocessing techniques like synthetic sampling and data

augmentation.

Another constraint is system integration within electric vehicles. The BMS must interface seamlessly
with existing hardware and sensor networks, maintaining real-time communication without interfering with

vehicle operation.

Environmental factors, including temperature fluctuations and varying load conditions, also influence
design considerations, as batteries may behave differently under extreme conditions. Safety requirements
represent a critical constraint, as the system must prevent overcharging, deep discharging, or thermal hazards,

while ensuring accurate alerts and predictive maintenance actions.

Design constraints also encompass scalability and modularity. The system should be adaptable to
different battery chemistries and electric vehicle models without requiring extensive redesign. Visualization
and user interface components must provide actionable insights while remaining intuitive, given the diversity
of potential operators with varying technical expertise. Cost considerations further limit hardware and

software choices, ensuring that the solution remains economically viable for deployment at scale.

Overall, these constraints guide the architecture, algorithm selection, data handling, and interface
design, ensuring a reliable, safe, and efficient battery management system that meets both operational and

practical requirements in the electric vehicle ecosystem.
7.5 SOFTWARE DETAILED DESIGN

The software detailed design of the battery energy management system focuses on modularity,
scalability, and efficient integration of predictive algorithms for real-time analysis. The system comprises
distinct modules for data acquisition, preprocessing, anomaly detection, predictive modeling, and
visualization. Data acquisition interfaces with vehicle sensors to capture voltage, current, temperature, depth
of discharge, and usage cycles. The preprocessing module normalizes data, handles missing values, and

applies techniques like synthetic sampling and cluster-based undersampling to ensure balanced datasets.

The anomaly detection module leverages a Variational Autoencoder (VAE) to identify unusual
patterns in battery behavior, reducing the risk of unexpected failures. Predictive modeling is handled by GRU
and XGBoost algorithms, which forecast State of Charge (SOC) and State of Health (SOH) based on historical

and real-time data. The visualization module provides dashboards and graphical outputs for monitoring
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battery conditions, enabling actionable insights for maintenance and energy management. The design

emphasizes modular implementation, allowing each component to be updated or replaced independently.
Overall, the software design ensures accuracy, efficiency, and real-time operability, supporting optimized

battery utilization and lifecycle management in electric vehicles.
7.6 INPUT DESIGN

The input design of the battery energy management system focuses on accurate and reliable data
collection from electric vehicle battery systems. The system captures critical parameters, including voltage,
current, temperature, depth of discharge, and charge-discharge cycles. Sensors embedded within the battery
modules provide real-time operational data, which is transmitted to the data acquisition module. Input data is

structured and preprocessed to ensure consistency, normalization, and handling of missing values.

Advanced techniques such as synthetic sampling and data augmentation are applied to enhance data
quality and balance the dataset, ensuring robust predictive model training. The input design also incorporates
user-provided parameters for simulation or monitoring purposes, allowing flexibility in analysis. By carefully
defining input types, formats, and preprocessing requirements, the system ensures that subsequent modules,
including anomaly detection and predictive modeling, receive accurate and meaningful data. This structured
input design forms the foundation for reliable SOC and SOH estimation and enables effective battery energy

management in electric vehicles.
7.7 OUTPUT DESIGN

The output design of the battery energy management system emphasizes clarity, usability, and
actionable insights for operators and engineers. Key outputs include graphical visualizations of battery State
of Charge (SOC), State of Health (SOH), and predictive trends over time. Dashboards display real-time
monitoring data, highlighting anomalies, potential faults, and performance degradation for proactive

maintenance decisions.

The system also provides textual and numerical summaries of battery status, including alerts for
overcharging, deep discharging, or abnormal temperature conditions. Historical data trends and predictive
forecasts are presented to support energy management strategies, optimized charging schedules, and lifecycle
planning. The output design ensures that complex machine learning predictions are translated into intuitive,
user-friendly visual and numerical information. By integrating graphical dashboards, trend analyses, and real-
time alerts, the system enables efficient monitoring, improved decision-making, and extended battery

longevity, thereby enhancing the overall operational reliability of electric vehicles.
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7.8 OUTPUT DESIGN CONSIDERATIONS

The output design considerations of the battery energy management system focus on delivering
accurate, timely, and actionable information to support efficient monitoring and maintenance of electric
vehicle batteries. Outputs must be clear, intuitive, and interpretable by engineers, operators, and maintenance
personnel, regardless of technical expertise. Graphical visualization, including dashboards, trend charts, and
predictive plots, is prioritized to communicate the State of Charge (SOC), State of Health (SOH), and potential

anomalies effectively.

The system ensures real-time alerts for abnormal battery conditions, such as overcharging, deep
discharging, or temperature deviations, allowing proactive intervention and minimizing the risk of unexpected
failures. Outputs are designed to integrate both historical data analysis and predictive insights, providing a
comprehensive overview of battery performance over time. Accuracy and reliability are critical
considerations; the system applies validation and error-checking mechanisms to prevent misleading
information. Furthermore, output formats are standardized to facilitate integration with other vehicle
management systems or reporting tools. Scalability is also considered, ensuring that output design can adapt
to different battery chemistries, vehicle models, or data complexities. Overall, thoughtful output design
ensures that the system translates complex machine learning predictions into meaningful, actionable insights,

enhancing battery lifecycle management, operational efficiency, and safety in electric vehicles.

7.9 CODE DESIGN

The code design of the battery energy management system emphasizes modularity, maintainability,
and efficient integration of machine learning algorithms for real-time battery monitoring and prediction. The
system is structured into distinct modules, including data acquisition, preprocessing, anomaly detection,
predictive modeling, and visualization. Each module is designed with clear input-output interfaces, ensuring

smooth data flow and interaction between components.

Data acquisition code interfaces with battery sensors to collect voltage, current, temperature, depth of
discharge, and usage cycles, while preprocessing scripts handle normalization, missing data, and dataset
balancing through synthetic sampling and cluster-based undersampling. The anomaly detection module
utilizes Variational Autoencoder (VAE) models, while predictive modules employ GRU or XGBoost
algorithms to forecast State of Charge (SOC) and State of Health (SOH).The visualization layer integrates
dashboards and graphical outputs to display real-time trends, anomalies, and predictive insights. Object-
oriented programming principles, modular functions, and reusable classes are applied to maintain scalability
and adaptability for different battery types or vehicle models. Error handling, logging, and validation routines

are incorporated to ensure robustness and reliability. Overall, the code design ensures an organized,
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maintainable, and efficient implementation of the system, translating complex battery data into actionable

insights for enhanced energy management and operational reliability in electric vehicles.
7.10 DATABASE DESIGN

The database design of the battery energy management system focuses on efficient storage, retrieval,
and management of large volumes of battery operational data. The database captures key parameters such as
voltage, current, temperature, depth of discharge, charge-discharge cycles, and derived metrics like SOC and

SOH. Data normalization ensures minimal redundancy, consistent formats, and optimized query performance.

Structured tables are designed to separate raw sensor data, processed datasets, model outputs, and user
interactions. Indexing and optimized queries facilitate rapid retrieval for real-time analysis, predictive
modeling, and visualization. Backup and recovery strategies ensure data integrity and continuity, while access

control mechanisms maintain security and restrict unauthorized access.

Additionally, the database supports integration with machine learning modules by storing training
datasets, model parameters, and prediction results. Historical data is maintained for trend analysis, model
validation, and performance tracking. Scalability considerations allow the database to accommodate
increasing data volumes as battery systems evolve or new vehicle modelsare introduced. Overall, the database
design ensures reliable, organized, and efficient management of battery data, enabling accurate predictions,

actionable insights, and effective energy management in electric vehicles.
7.11 SYSTEM DESIGN FRAMEWORK

The system design framework for the battery energy management system provides a structured
blueprint integrating data acquisition, preprocessing, anomaly detection, predictive modeling, and

visualization into a cohesive and efficient workflow.

At its core, the framework captures operational battery data—including voltage, current, temperature,
depth of discharge, and usage cycles—and prepares it through preprocessing techniques such as

normalization, synthetic sampling, and cluster-based undersampling to ensure data quality.

The anomaly detection layer, implemented using Variational Autoencoders (VAE), identifies
deviations or irregular patterns that may indicate potential battery failures. Predictive modeling modules
employ GRU or XGBoost algorithms to forecast State of Charge (SOC) and State of Health (SOH), providing
actionable insights for maintenance and energy management. The visualization layer presents real-time

dashboards, trend analyses, and predictive alerts, enabling operators to make informed decisions.
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The framework emphasizes modularity, scalability, and robustness, allowing components to be

updated independently or adapted to different battery chemistries and vehicle models. Data flow is clearly

defined, with well-structured interfaces between modules, ensuring seamless interaction.

Error handling, logging, and validation mechanisms enhance reliability, while database integration

supports efficient storage and retrieval of both historical and real-time data.

Overall, the framework translates complex battery data into meaningful insights, supporting

optimized battery utilization, extended lifecycle, and reliable electric vehicle operation.

CHAPTER 8
SYSTEM TESTING

8.1 INTRODUCTION

System testing is described as testing an entire, functional version of a software program. This sort of
testing is known as black-box testing, and it is performed by the QA team without requiring anybody on the
team to be familiar with the code’s internal architecture. System testing is useful for predicting how users will
interact with the program and identifying potential problems. Having a list of specifications is important, but
so comprehends the application. Software testing engineers are the ones who really do this. It is executed in

a setting analogous to that of production, letting designers and other concerned parties study how users react.

A » 01. Acceptance Test
- + 02, System Test

» 03. Integration Test

_ T e

Figure 8.1.1: System Testing
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8.2 UNIT TESTING

YV V V V V

Unit Testing is the first level of testing usually performed by the developers.

In unit testing, a module or component is tested in isolation.

As the testing is limited to a particular module or component, exhaustive testing is possible.
Advantage — Error can be detected at an early stage saving time and money to fix it.

Limitation — Integration issues are not detected in this stage, modules may work perfectly on

isolation but can have issues in interfacing between the modules.

8.3 INTEGRATION TESTING

Integration testing is the second level of testing in which we test a group of related modules.

It aims at finding interfacing issues b/w the modules i.e. if the individual units can be integrated
into a sub-system correctly.

It is of four types — Big-bang, top-down, bottom-up, and Hybrid.

In big bang integration, all the modules are first required to be completed and then integrated. After
integration, testing is carried out on the integrated unit as a whole.

In top-down integration testing, the testing flow starts from top-level modules that are higher in
the hierarchy towards the lower-level modules. As there is a possibility that the lower-level
modules might not have been developed while beginning with top-level modules.

So, inthose cases, stubs are used which are nothing but dummy modules or functions that simulate
the functioning of a module by accepting the parameters received by the module and giving an
acceptable result.

Bottom-up integration testing is also based on an incremental approach but it starts from lower-
level modules, moving upwards to the higher-level modules. Again the higher-level modules might
not have been developed by the time lower modules are tested. So, in those cases, drivers are used.
These drivers simulate the functionality of higher-level modules in order to test lower-level
modules.

Hybrid integration testing is also called the Sandwich integration approach. This approach is a
combination of both top-down and bottom-up integration testing. Here, the integration starts from
the middle layer, and testing is carried out in both directions, making use of both stubs and drivers,

whenever necessary.

8.4 SYSTEM TESTING

» System Testing is the third level of testing.
» Itis the level of testing where the complete integrated application is tested as a whole.

» Itaims at determining if the application conforms to its business requirements.
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» System testing is carried out in an environment that is very similar to the production

environment.

8.5 ACCEPTANCE TESTING

» Acceptance testing is the final and one of the most important levels of testing on successful
completion of which the application is released to production.

> It aims at ensuring that the product meets the specified business requirements within the defined
standard of quality.

» There are two kinds of acceptance testing- alpha testing and beta testing.

» When acceptance testing is carried out by testers or some other internal employees of the
organization at the developer’s site it is known as alpha testing.

» User acceptance testing done by end-users at the end-user’s site is called beta testing.

CHAPTER 9

SOURCE CODE

9.1 CODING

from flask import Flask, render_template, request, redirect, url_for, flash, session

import re

import joblib

import pandas as pd

import numpy as np

import json

import 0s

app = Flask(__name_)

app.secret_key = 'your_secret_key"

# File to store user information

USERS_FILE = 'users.json'

# Load the trained model
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model = joblib.load("battery_rul_model.pkl™)

Qn=2.0 # Battery capacity [Ah]
R =0.5 # Internal resistance [ohm]
Vmin = 2.5 # Minimum voltage [V]
Vmax = 4.2 # Maximum voltage [V]
# Initialize users dictionary
users = {}
# Load users from JSON file if exists
if os.path.exists(USERS_FILE):
with open(USERS_FILE, 'r') as file:
users = json.load(file)
def save_users():
with open(USERS_FILE, 'w') as file:
json.dump(users, file)
@app.route('/")
def home():
return redirect(url_for('login’))
@app.route('/register’, methods=['GET', 'POST"])
def register():
msg ="

if request.method == 'POST" and 'username’ in request.form and 'password' in request.form and ‘email’ in

request.form:
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username = request.form['username’]

password = request.form['password']
email = request.form['email’]
if username in users:
msg = 'Account already exists!"
elif not re. match(r'[*@]+@[*@]+\.[*@]+', email):
msg = 'Invalid email address!’
elif not re.match(r'[A-Za-z0-9]+', username):
msg = 'Username must contain only characters and numbers!'
elif not username or not password or not email:
msg = 'Please fill out the form!'
else:
users[username] = {'password": password, 'email": email}
save_users()
msg = "You have successfully registered!
print("Data inserted: ", username, password, email) # Debugging statement
elif request.method == 'POST":
msg = 'Please fill out the form!"
return render_template('register.html’, msg=msg)
@app.route(/login’, methods=['GET", 'POST")
def login():

msg ="
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if request.method == 'POST" and ‘username' in request.form and ‘password' in request.form:

username = request.form['username’]

password = request.form['password’]

if username in users and users[username]['password’] == password:

session['loggedin = True

session['username’] = username

return redirect(url_for('index’))

else:

msg = 'Incorrect username/password!’

return render_template('login.html’, msg=msg)

@app.route(/logout’)

def logout():

session.pop('loggedin’, None)

session.pop(‘username’, None)

return redirect(url_for(‘login’))

@app.route(/landing’)

def index():

if 'loggedin’ in session:

return render_template(‘landing.html’, username=session['username’])

return redirect(url_for(‘login’))

@app.route('/index2/<service>")

def index2(service):
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# Depending on service type, you can render different content if needed

return render_template('index2.html’)
@app.route(‘/predict’, methods=['POST")
def predict():

if 'loggedin’ not in session:
return redirect(url_for('login’))

# Get the form data from the request

form_data = request.form

# Create a Pandas DataFrame from the form data

data = pd.DataFrame({
'Cycle_Index": [form_data['Cycle_Index1],
‘Discharge Time (s)": [form_data['Discharge Time (s)1],
‘Decrement 3.6-3.4V (s)": [form_data['Decrement 3.6-3.4V (s)']],
'Max. Voltage Dischar. (V)" [form_data['Max. VVoltage Dischar. (V)1],
'Min. Voltage Charg. (V)" [form_data['Min. Voltage Charg. (V)1],
Time at 4.15V (s)": [form_data[ Time at 4.15V (s)1],
‘Time constant current (s)": [form_data[ Time constant current (s)1]],
‘Charging time (s)": [form_data['Charging time (s)]]
# Add more features as needed

by

# Make a prediction using the loaded model

prediction = model.predict(data)[0]
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| = prediction /R

SOE=(Qn-1)/Qn

SoC = SOE * (-1) / 100

ch =round(SoC)

print(round(SoC), ‘%"

Voc = Vmax - (Vmax - Vmin) * SoE

SoH = Voc / Vmax

return render_template('results.html’, prediction=prediction, SOE=SoE, SoH=SoH, SoC=ch)

CHAPTER 10

CONCLUSION

10.1 CONCLUSION

In conclusion, the accurate estimation of battery health and the prediction of remaining useful life
(RUL) in Lithium-lon Batteries (LIBs) is crucial for ensuring the safety, reliability, and performance of
battery-powered systems, especially in electric vehicles and energy storage applications. The presented
system provides a comprehensive and structured approach for battery health monitoring using machine

learning models, supported by a modular pipeline of processes.

The system begins with the Data Collection Module, which acquires and aggregates sensor data and
historical records from battery management systems. This raw data is then passed to the Data Preprocessing
Module, where it is cleaned, filtered, and normalized to remove inconsistencies and noise. The Feature
Extraction Module plays a pivotal role in analyzing this refined data, extracting meaningful patterns and

indicators through statistical and signal processing methods.

Subsequently, the Model Training Module leverages these features to train predictive models using
supervised learning techniques, aiming to estimate battery RUL with high accuracy. The trained models are
assessed in the Model Evaluation Module, where their performance is validated and optimized through
techniques such as cross-validation and hyperparameter tuning. The best-performing model is then deployed

into real-world environments via the Model Deployment Module, enabling real-time predictions.
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Finally, the User Interface Module provides an accessible platform for users to interact with the

system, visualize predictions, and make informed decisions regarding battery usage and maintenance.

Overall, this integrated system demonstrates a reliable and scalable solution for LIB health estimation.
By combining data-driven modeling with intuitive interface design, it enhances the lifespan and efficiency of

battery systems while contributing to sustainability and safety in energy technologies.

10.2 FUTURE ENHANCEMENT

As the demand for reliable and efficient battery systems continues to grow, there are several promising
directions for enhancing the existing Lithium-lon Battery (LIB) health prediction system. Future
developments can focus on increasing the accuracy, scalability, and adaptability of the system to meet the

evolving needs of electric vehicles (EVs), renewable energy storage, and portable electronic devices.

One major enhancement is the integration of real-time adaptive learning models. Unlike static models
trained on historical data, adaptive systems can update themselves continuously with new data collected

during battery operation, improving prediction accuracy over time and adapting to unique usage patterns.

Additionally, incorporating advanced deep learning techniques such as Recurrent Neural Networks
(RNNS), Long Short-Term Memory (LSTM) models, and Transformers could better capture the temporal

dependencies and long-term trends in battery degradation, particularly in time-series voltage and current data.

Another future direction is edge computing integration, where lightweight versions of the model can
be deployed directly on EVs or battery-operated devices, allowing for on-device processing without relying
on cloud infrastructure. This would reduce latency and improve responsiveness, which is critical for safety

applications.

The system could also benefit from multi-source data fusion, combining data from thermal sensors,
acoustic sensors, and electrochemical impedance analysis to create a richer and more holistic understanding
of battery health.

Furthermore, developing a more robust user interface with predictive alerts, personalized insights, and
maintenance scheduling can empower users to make proactive decisions, thus extending battery life and

reducing risks.

Finally, the system can be extended to support other battery chemistries, enabling broader applicability

across industries.

These enhancements would significantly improve the intelligence and reliability of battery health

management systems, aligning with the future of smart, sustainable energy solutions.
IJCRT21X0374 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | u634



http://www.ijcrt.org/

www.ijcrt.org © 2025 IJCRT | Volume 13, Issue 12 December 2025 | ISSN: 2320-2882

10.3 SCREENSHOT DESCRIPTIONS

Username

Password

Login

FigureNo: 10.3.1Login Page

Figure No: 10.3.2 Credentials

IJCRT21X0374 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | u635


http://www.ijcrt.org/

www.ijcrt.org © 2025 IJCRT | Volume 13, Issue 12 December 2025 | ISSN: 2320-2882

PREDICT YOUR
VEHICLE BATTERY LIFE
WITH PRECISION

© Uhicharg
:B/Os3
2 Decrement 3.0-3 4V
1159 4885
¥ M I 0l
367
Min K
1
O Tmem iV
546000
LT
oroa0
© Clarging time
10T R
L

Figure NO :10.3.3 Battery Inputs

IJCRT21X0374 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | u636


http://www.ijcrt.org/

www.ijcrt.org © 2025 IJCRT | Volume 13, Issue 12 December 2025 | ISSN: 2320-2882

C
Battery Life Predictor

=

The predicaed UL e 110961

The predicied SoE is: -1108.61

4

The predicied SoH 5 449.7220852080652.

The precicied SoC i 11%

Figure 10.3.4: Output
CHAPTER 11
REFERENCES

[1] Tingting Tao, Cheng Ji, Jindong Dai, Jingzhi Rao, Jingde Wang, "Data-based health indicator
extraction for battery SOH estimation via deep learning," Journal of Energy Storage, vol. 45, pp.
102345, Feb. 2024.

[2] Dhruv Mittal, Hymalai Bello, Bo Zhou, Mayank Shekhar Jha, Sungho Suh, Paul Lukowicz, "Two-
stage Early Prediction Framework of Remaining Useful Life for Lithium-ion Batteries," arXiv
preprint arXiv:2308.03664, Aug. 2023. [Online]. Available: https://arxiv.org/abs/2308.03664.

[3] Sungho Suh, Dhruv Aditya Mittal, Hymalai Bello, Bo Zhou, Mayank Shekhar Jha, Paul Lukowicz,
"Remaining useful life prediction of Lithium-ion batteries using spatio-temporal multimodal
attention networks,” arXiv preprint arXiv:2310.18924, Oct. 2023. [Online]. Available:
https://arxiv.org/abs/2310.18924.

[4] Zhigiang Nie, Jiankun Zhao, Qicheng Li, Yong Qin, "CyFormer: Accurate State-of-Health
Prediction of Lithium-lon Batteries via Cyclic Attention,” arXiv preprint arXiv:2304.08502, Apr.
2023. [Online]. Available: https://arxiv.org/abs/2304.08502.

[5] Ganesh Kumar, "Estimation of Remaining Useful Life and SOH of Lithium lon Batteries (For EV
Vehicles)," arXiv  preprint arXiv:2305.10298, May 2023. [Online]. Available:
https://arxiv.org/abs/2305.10298.

[6] S. K. Pradhan, B. Chakraborty, "Battery management strategies: An essential review for battery

state of health monitoring techniques,” Journal of Energy Storage, vol. 42, pp. 100223, Jul. 2022.

IJCRT21X0374 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | u637


http://www.ijcrt.org/
https://arxiv.org/abs/2308.03664
https://arxiv.org/abs/2310.18924
https://arxiv.org/abs/2304.08502
https://arxiv.org/abs/2305.10298

www.ijcrt.org © 2025 IJCRT | Volume 13, Issue 12 December 2025 | ISSN: 2320-2882

[7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

Andwari, A.M.; Pesiridis, A.; Rajoo, S.; Martinez-Botas, R.; Esfahanian, V. A review of battery
electric vehicle technology and readiness levels. Renew. Sustain. Energy Rev. 2017

Berecibar, M.; Gandiaga, I.; Villarreal, 1.; Omar, N.; Mierlo, J.V.; Bossche, P. Critical review of
state of health estimation methods of Li-ion batteries for real applications. Renew. Sustain. Energy
Rev. 2016, 56, 572-587. [CrossRef]

Yao, L.; Wang, Z. Research on the charging mode of lithium ion power battery. J. Automot. Eng.
2015, 37, 72-77.

Jeremy S. Neubauer, Eric Wood, Ahmad Pesaran, "A Second Life for Electric Vehicle Batteries:
Answering Questions on Battery Degradation and Value," SAE International Journal of Materials
and Manufacturing, vol. 10, no. 1, pp. 30-40, 2015.

Salminen, J.; Kallio, T.; Omar, N.; Gualous, H.; Mierlo, J.V. Chapter 14-Transport Energy-
Lithium lon Batteries. In Future Energy, 2nd ed.; Letcher, T.M., Ed.; Elsevier: Amsterdam, The
Netherlands, 2014; pp. 291-309.

Wei He, "State of charge estimation for electric vehicle batteries using unscented Kalman
filtering,"” Microelectronics Reliability, vol. 53, no. 1, pp. 179-183, Jan. 2013.

J. Zhang, J. Lee, "A review on prognostics and health monitoring of Li-ion battery,” Journal of
Power Sources, vol. 196, no. 8, pp. 4517-4530, Aug. 2011.

Corey, G.P. Batteries for stationary standby and for stationary cycling applications part 6:
Alternative electricity storage technologies. In Proceedings of the 2003 IEEE Power Engineering
Society General Meeting, Toronto, ON, Canada, 13—-17 July 2003

S. Accetta, Joseph, "Applications of Refractometry in Battery State-of-Charge (SOC)
Measurements,” Journal of Electrochemical Society, vol. 145, no. 10, pp. 3709-3715, 1998.

IJCRT21X0374 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | u638


http://www.ijcrt.org/

