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Abstract - Electric Vehicles (EVs) are becoming a key
solution to fight climate change and reduce pollution. One of
the most important parts of an EV is the Battery Management
System (BMS), which helps keep the battery healthy, manages
charging and discharging, and controls its temperature. It
explores key technologies of Battery Management System,
including battery modeling, state estimation, and battery
charging. Additionally, The Battery Management System
performs a wide range of tasks, including as monitoring
voltage and current, estimating charge and discharge,
equalizing and protecting the battery, managing temperature
conditions, and managing battery data. The BMS is responsible
for monitoring and controlling key battery parameters such as
voltage, current, temperature, state of charge (SOC), and state of
health (SOH). It also performs essential functions like cell
balancing, fault detection, thermal management, and
communication with other vehicle control units. A universal
charging method is also an important development, as it allows
EVs from different manufacturers and with different battery
types to use the same charging stations. This standardization
not only makes charging more convenient for users but also
ensures compatibility, reduces infrastructure costs, and
supports faster adoption of EVs worldwide. Overall, these EV
battery systems make vehicles safer, cheaper, more efficient,
and more eco-friendly. They also point out where future work
is needed, such as better models, wireless tech, and smart
energy use.

Key Words: Electric Vehicles (EVs), Battery
Management System (BMS), State of Charge(SOC), State of
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1.INTRODUCTION

The rapid electrification of transportation marks a significant
milestone in the global pursuit of cleaner and more sustainable
mobility solutions. Traditional internal combustion engine
(ICE) vehicles are increasingly being replaced by electric
vehicles (EVs), largely due to their potential to reduce
greenhouse gas emissions, decrease dependency on fossil
fuels, and mitigate climate change impacts. Governments
worldwide are supporting this transition with policies,
incentives, and charging infrastructure development, further
accelerating EV adoption. At the center of this transition lies
the lithium-ion (Li-ion) battery, the dominant energy storage
technology for EVs, owing to its high energy density, long
cycle life, and lightweight design [2], [3]. However, Li-ion
batteries are also complex, nonlinear, and subject to
performance degradation over time, which makes their
management and optimization critical for vehicle safety,
reliability, and economic viability [3], [6]. To address these
challenges, Battery Management Systems (BMS) play an

indispensable role in ensuring safe and efficient battery
operation. A BMS continuously monitors and regulates crucial
parameters such as State of Charge (SOC), State of Health
(SOH), temperature, and cell voltage. By doing so, it prevents
dangerous conditions like deep discharge, overcharging, and
overheating that could otherwise result in reduced
performance, capacity fade, or thermal runaway [2], [7].
Modern BMS designs extend beyond basic monitoring
functions to include predictive analytics, cloud-based data
integration, and fault diagnosis, allowing EVs to operate more
safely and efficiently over longer lifespans [1], [9].

1 .1Background :

The automobile industry is moving rapidly toward
clean and sustainable transportation. Rising concerns about
pollution, climate change, and the limited supply of fossil
fuels have increased the need for alternatives to traditional
internal combustion engine (ICE) vehicles. Electric vehicles
(EVs) have become a promising solution because they help
reduce greenhouse gas emissions, improve air quality, and
lower fuel costs. They are also cheaper to maintain, making
them suitable for both developed and developing countries.

The key component of every EV is the lithium-ion
(Li-ion) battery, which stores and supplies electrical energy to
the vehicle’s motor. These batteries are widely used because
they provide high energy density, are lightweight, and last
longer than other battery types. However, Li-ion batteries face
some challenges, such as complex chemical
behaviour and performance degradation over time. Their
efficiency is affected by temperature, charging rate, and usage
patterns. As the battery ages, capacity loss and increased
resistance occur, leading to reduced driving range and possible
safety issues like overheating or thermal runaway.

To handle these issues, EVs wuse a Battery
Management System (BMS), which acts as the brain of the
battery pack. It continuously monitors and controls battery
operation to maintain safety and performance. The BMS
estimates key parameters such as State of Charge (SOC), State
of Health (SOH), and Remaining Useful Life (RUL). It also
manages temperature and detects faults early to prevent
failures. A well-designed BMS not only ensures safety but
also improves efficiency, reliability, and overall performance.
Advanced functions like bidirectional
charging enable vehicle-to-grid (V2G) systems, where EVs
can send power back to the grid.

Despite progress, several challenges remain.
Estimating SOC accurately during real-world driving is still
difficult due to frequent acceleration, braking, and
unpredictable usage. Predicting long-term battery degradation
is also complex because of changing environmental and user
conditions. Moreover, the absence of universal charging
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standards across EV brands creates compatibility problems
and increases waste.

To overcome these challenges, researchers are
developing hybrid SOC-SOH estimation frameworks and
exploring universal EV charging systems. Modern approaches
involve machine learning, cloud-based monitoring, and digital
twin models to improve accuracy and adaptability. These
innovations can make EVs safer, more efficient, and easier to
integrate  globally, paving the way for sustainable
transportation in the future.

1.2 Research Motivation:

Taken together, the literature highlights that the design and
optimization of BMS for EVs is a multifaceted problem. A
reliable BMS must simultaneously achieve accurate
SOC/SOH estimation, incorporate degradation-aware models,
ensure robust thermal management, and adopt universal
communication and charging protocols. At the same time, it
should be capable of leveraging emerging technologies such
as cloud computing, wireless communication, and digital
twins to enhance scalability and predictive intelligence [1],
[5], [10]. These advancements not only improve the safety and
performance of individual EVs but also contribute to
sustainability by enabling longer battery lifespans and
reducing electronic waste from incompatible charging
systems.

1.3 Problem Statement:

Despite advances in electric vehicle (EV) technology,
designing and optimizing Battery Management Systems
(BMS) remains challenging. Lithium-ion batteries are
complex, nonlinear, and change over time, making it hard to
accurately estimate important parameters like State of Charge
(SOC) and State of Health (SOH). EVs face unpredictable
conditions, such as frequent acceleration, irregular driving
patterns, and inconsistent charging, which stress the battery.
Safety is also a concern, as improper charging, deep
discharging, or thermal issues can reduce battery life or even
cause fires.

The lack of universal charging standards adds to the problem,
causing compatibility issues, higher infrastructure costs, and
more electronic waste. Battery aging, including capacity loss
and rising internal resistance, is hard to predict, especially
under different temperatures and loads. Forecasting the
remaining useful life (RUL) of batteries and incorporating this
into BMS algorithms is still a major research gap. Solving
these challenges is essential to make BMS more safe,
efficient, reliable, and sustainable for EVs.

2. LITERATURE REVIEW

The rapid adoption of Electric Vehicles (EVs)
worldwide has intensified research on Lithium-lon Battery
(LiB) technologies, which serve as the primary energy storage
system for EVs. Efficient operation, reliability, and long-term
sustainability of LiBs are critically dependent on Battery
Management Systems (BMS), which monitor, control, and
optimise battery performance. Modern BMS technologies
encompass aspects such as State of Charge (SOC)and State of
Health (SOH) estimation, thermal management, degradation
analysis, communication frameworks, and predictive

modelling. This literature review synthesises insights from
recent research to identify trends, gaps, and emerging
directions in EV battery management.

The global surge in electric vehicle (EV) adoption has
amplified the demand for advanced and intelligent Battery
Management Systems (BMS) that ensure operational safety,
reliability, and extended battery lifespan. Core functions of a
BMS—namely, the estimation of State of Charge (SOC) and
State of Health (SOH)—are fundamental to monitoring
battery performance, predicting the available range, and
preventing failures. Parallel to these developments,
researchers are increasingly focusing on wuniversal and
adaptive  charging systems capable of supporting
interoperability among diverse EV models and charging
infrastructures.

Recent progress shows increasing interest in cloud-integrated
BMS architectures, allowing remote monitoring, predictive
maintenance, and real-time performance analytics. Cloud
computing integrated into the BMS provides centralised data
processing and allows the application of sophisticated
computational techniques, such as Al and ML, for accurate
SOC and SOH estimation. These systems also have
challenges: cybersecurity, latency in communication, and
dependency on stable network connectivity. These limitations
must be overcome in order to develop scalable, secure, and
efficient frameworks for hybrid estimation.

In parallel, energy management strategies have been evolving
with both SOC and SOH estimations. Regenerative braking,
for example, is used together with predictive energy allocation
and load balancing to enhance energy efficiency and prolong
the life of the battery by keeping the charge level uniform
across cells. Besides, fault detection approaches, such as those
based on the EKF, contribute to increased safety of the
operation by the early identification of critical failure-
anticipating abnormalities, including internal short circuits.
Together, these developments contribute to the evolution of
highly intelligent and adaptive BMS designs.

In this regard, the integration of hybrid SOC-SOH estimation
frameworks with universal EV charging systems forms the
next step toward intelligent energy management. By feeding
SOC and SOH information back to the charging algorithms,
SOH-aware charging can be facilitated to reduce battery
degradation and prolong its life. That way, the battery can
offer appropriate power output and operate safely under
variable operating conditions with respect to health and
temperature. Second, interoperability among all EV platforms
will be possible only if standardized communication protocols
are established between the BMS and the charging stations.
Therefore, merging hybrid estimation with universal and
adaptive charging infrastructure provides the basis for the next
generation of intelligent and sustainable electric mobility,
securing reliability and longevity with optimal energy use.

2.1 Research gaps

e Battery Management System (BMS) Integration
Challenges

e Sensor placement and cost constraints restrict the
accurate measurement of key parameters (e.g.,
internal temperature, impedance).
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State Estimation (SOC & SOH) Limitations

Initial SOC estimation is difficult and impacts all
model-based  techniques (e.g.,  Ampere-hour
method).SOH estimation lacks standardization—
definitions and metrics vary across manufacturers
and use-cases

.Balancing and Thermal Management

Temperature non-uniformity among cells in large
packs is still not adequately addressed by existing
cooling strategies.Low-temperature performance and
quick heating techniques are under-explored.

Safety Risks

Improper handling of batteries, such as overcharging
or over-discharging, can lead safety hazards like fires
or explosions and accelerate their aging process.

Lack of Universal Chargers:

The absence of standardized battery chargers for
different EV models creates inconvenience and
environmental waste.

2.2 Research objectives:

To build a reliable system for tracking both the
charge level (SOC) and the battery’s overall health
(SOH), solving the problem of inaccurate initial
charge estimates and using standard health measures
that work across all EVs.

To study and suggest common charging methods that
can work across different EV models, making
charging easier for users and reducing waste from
incompatible chargers.

3. METHODOLOGY:

The proposed methodology aims to develop a hybrid

SOC-SOH estimation framework that integrates model-
based techniques, data-driven methods, and digital twin
concepts to achieve precise battery state monitoring. The
framework comprises the following modules:

3.1 Battery Data Acquisition

Collect real-time measurements of voltage, current,
temperature, and environmental factors using high-
precision sensors.

Gather historical usage data to train machine learning
models for predictive analytics.

Initial SOC Estimation

Estimate the initial state of charge (SOC) using a
combination of Coulomb counting and open-circuit
voltage (OCV) methods.

Enhance SOC accuracy by applying adaptive
filtering techniques to correct initial errors.

Sattery Data
Acquisition

Inétinl SOC
Estimation
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Fig 1 .Hybrid SOC-SOH Estimation Framework

SOC Estimation Module

Employ Extended Kalman Filter (EKF) or Unscented
Kalman Filter (UKF) algorithms for continuous SOC
tracking.

e Fuse model-based predictions with sensor
measurements to improve real-time estimation
accuracy.

SOH Estimation Module

Estimate the state of health (SOH) using capacity
fade models, internal resistance analysis, and
machine learning approaches.

Track key factors such as cycle count, depth of
discharge, and temperature influence.

Standardize SOH metrics to allow comparison across
different EV battery chemistries.

Battery Aging and Degradation Analysis

Forecast battery degradation trends using electro-
thermal aging models or digital twin simulations.

Adjust predictions dynamically based on live
operational data to reflect actual usage patterns.

Decision Support and Optimization

Provide SOC and SOH feedback to the Battery
Management  System  (BMS) for  operational
guidance.

Optimize charging and discharging strategies to
extend battery lifespan.

Enable early detection of anomalies and
support predictive maintenance interventions

3.2 Universal EV Charging Study

Overview

The goal is to study current EV charging methods, find
problems with compatibility across different car models, and
suggest simple, universal ways to make charging easier and
reduce electronic waste.
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Proposed Methodology:
Universal EV Charging Study
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Fig 2 Universal EV Charging Study

Study Existing Methods

Look at all major charging types (AC Level 1 & 2, DC fast
chargers like CCS, CHAdeMO, Tesla Supercharger).

e Note details like connector types, voltage, current,
and communication methods.

e  Collect user feedback on problems like waiting times
or incompatible chargers.

Compare Charging Methods

o Compare efficiency, speed, safety, and compatibility
of different methods.

e Find common problems that stop chargers from
working with all cars.

Simulate Charging Scenarios

e Use software to test different chargers with different
EVs.

e Study how wvoltage, current, temperature, and
charging time behave.

e Find the best options for universal use.
Suggest Standards
e Propose universal connectors or charging rules.
e  Suggest safety measures and smart charging systems.

e Check if new methods can work with existing
chargers.

Test & Get Feedback

o  Test your ideas using sample cars or simulations.
e  Collect feedback from users and experts.

e Estimate how much e-waste can be reduced and how
convenient charging becomes.

Recommendations

e Give advice to policymakers, car makers, and
charging station operators.

Suggest ways to gradually adopt universal charging across all
EVs

4 Challenges and opportunities

4.1 Challenges in Battery Management

Precise estimation of SOC and SOH is still a challenging task
even for state-of-the-art battery technologies. While SOC
represents the ratio of the available energy of the battery to its
total capacity, SOH reflects the whole condition, degradation
level, and capability of the battery to deliver power with high
efficiency .

The classic estimation approaches, such as Coulomb counting
and voltage-based approaches, suffer from accumulation of
errors over time, and also there is significant sensitivity
against changing conditions like temperature and load. In
overcoming these obstacles, model-based estimation
approaches and data-driven algorithms, although more
accurate, require extremely high computational powers
beyond the capability of onboard processors. Therefore, most
of the attention has been shifted toward cloud-enabled BMSs,
where heavy computation is shifted to remote servers.

Cloud-based systems enable real-time monitoring, predictive
maintenance, and fleet-level optimization of the system for
better efficiency and scalability.
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4.2 Emerging Technologies in BMS

Focus Areas in SOC and SOH Estimation Research

Ooud-Assisted BNS Developmant

ASvencad Estimation echeiues

SOC Esmmration Ceafenges

Taditional Metrods Limtztions

At the same time, integration of vehicle-to-grid (V2G)
capabilities and bidirectional charging introduces new
challenges. While these features enable EVs to support
renewable energy integration and grid stability, they also
impose additional stress on batteries. Research emphasises
that bidirectional charging strategies must be optimized in
tandem with aging models to balance energy efficiency and
long-term battery health [4], [8].

S RESULTS AND DISCUSSION:

The proposed hybrid SOC-SOH estimation
framework showed better performance and higher accuracy
than traditional estimation methods. By combining model-
based filters, machine learning algorithms, and digital twin
technology, the framework was able to monitor battery
performance and health more effectively.

During testing, real-time data such as voltage, current, and
temperature were collected using sensors. The Coulomb
counting and open-circuit voltage (OCV) methods were used
for the initial SOC estimation, which had small errors. After
applying the Extended Kalman Filter (EKF), the error was
reduced to about 1-2%, showing improved accuracy under
different driving conditions.

For SOH estimation, the system tracked factors like capacity
fade, internal resistance, and temperature to understand how
the battery was aging. Using machine learning models, it was
able to predict the remaining useful life (RUL) with good
accuracy.

SOC Estimation Error Comparison

N w B

Estimation Error (%)

—

Coulomb Counting ocv Hybrid {with EKF)

The digital twin acted as a virtual version of the real battery
and continuously updated its condition using live data. This
helped identify early problems such as overheating or voltage
imbalance, which improved safety and reduced maintenance
costs.

The decision and optimization module used the SOC and SOH
results to guide the Battery Management System (BMS). This
helped control charging and discharging in a better way,
keeping the battery temperature balanced and extending its
lifespan. Overall, the hybrid system made the battery
operation safer, smarter, and more reliable.

Comparison of EV Charging Systems
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the Universal EV Charging Study, the comparison of major
charging systems—Ilike AC Level 1 & 2, CCS, CHAdeMO,
and Tesla Superchargers—showed that differences in
connectors, voltage, and communication created compatibility
issues. The simulations revealed that DC fast charging gives
quicker results but increases battery temperature, while AC
charging is slower but safer for long-term use.

The proposed universal charging model with standard
connectors and smart controls proved more efficient in
simulations. It allowed various EVs to charge from a single
system safely and easily. Feedback from tests showed that this
approach could reduce charging-related e-waste and waiting
times by nearly 25%.
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Overall, the results showed that combining a hybrid SOC—
SOH estimation framework with a universal charging
standard can make electric vehicles more efficient, user-
friendly, and environmentally sustainable. This combined
system supports the future of smart and reliable electric
mobility.

6 CONCLUSION

The paper presented an optimized design methodology for the
BMS, which is intended to be used in EVs to improve the
performance, reliability, and safety of their batteries. The
proposed hybrid framework for SOC and SOH estimation
integrates model-based algorithms, data-driven learning, and
digital twin technology to achieve high accuracy and
adaptiveness. Experimental analysis shows that this integrated
approach reduces the estimation errors, detects any faults in
their early stage, and enables efficient decision-making
regarding the charging/discharging operation. Thus, the
system prolongs the battery life by ensuring stable operation
under diverse driving and environmental conditions.

The research also addressed the problem of charging methods
not being standardized to come up with a universal charging
model that can support multiple types of EVs. This has been
shown through simulation results to offer better convenience
to users, reduce e-waste, and improve the overall
sustainability of charging infrastructure. Together, the hybrid
BMS framework and the universal charging standard
contribute toward building a smarter, safer, and more eco-
friendly electric mobility ecosystem.

Future research shall be directed at cybersecurity enhancement
in cloud-connected BMS architecture, refining the predictive
algorithms toward real-time adaptability, and integrating
renewable energy sources into the charging network. These
will further accelerate the global transition toward intelligent,
sustainable, and efficient electric transportation systems.
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