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Abstract—The rapid expansion of lithium-ion battery applications in electric vehicles (EVs) demands
highly reliable and intelligent Battery Management Systems (BMS) to ensure operational safety,
efficiency, and longevity. While foundational models—such as those established by Plett in battery
modeling and Andrea in large-pack architectures—have laid the groundwork for core estimation
techniques, their integration with real-time fault tolerance, thermal regulation, and Al- driven predictive
analytics remains fragmented. This fragmentation creates a critical gap in achieving true system-level
reliability under dynamic operating conditions.This paper presents a comprehensive and structured review
of modern BMS technologies with emphasis on architectural evolution, advanced state estimation
techniques (SoC, SoH, SoP), intelligent algorithms, thermal management strategies, and functional
safety. The integration of artificial intelligence, digital twin concepts, and cloud-edge frameworks is
critically analyzed to highlight their role in improving accuracy, scalability, and predictive capabilities.
Furthermore, emerging challenges related to fault tolerance, real-world validation, and large-scale battery
pack deployment are discussed.By synthesizing advancements from model-based estimation to data-
driven diagnostics, this review identifies key technological bottlenecks and proposes a unified
architectural direction for next- generation intelligent BMS solutions—contributing toward safer and
more reliable electric mobility.

Index Terms—Battery Management System (BMS), Lithium-lon Battery, Artificial Intelligence,
Thermal Management, Functional Safety, Digital Twin.

I. INTRODUCTION

The global transition toward sustainable transportation has significantly accelerated the deployment of
electric vehicles (EVs) across passenger, commercial, and industrial sectors. Continuous advancements in
lithium-ion battery technology—particularly in energy density, cycle life, and power capability—have
established it as the dominant energy storage solution for modern EV platforms [1]. However, as battery
pack capacities scale and system complexity increases, critical challenges related to safety assurance,
thermal stability, performance degradation, and long-term operational reliability have emerged as central
concerns in EV development [2].At the core of addressing these challenges lies the Battery Management
System (BMS)—a sophisticated electronic control unit responsible for real-time monitoring, protection,
and optimization of battery performance. A BMS continuously measures critical parameters such as cell
voltage, pack current, and temperature, while executing essential functions including State of Charge
(SoC) estimation, State of Health (SoH) assessment, cell balancing, fault diagnostics, and thermal
regulation [3]. The accuracy and responsiveness of these functions directly influence battery lifespan,
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vehicle safety, and compliance with international functional safety standards such as ISO
26262.Conventional BMS architectures—including  centralized, distributed, and modular
configurations—have been widely deployed in early EV generations. Centralized systems offer
simplicity and low cost but face scalability limitations and reduced fault isolation in large-format battery
packs. Distributed and modular architectures improve flexibility and reliability; however, they introduce
increased wiring complexity, communication latency, and synchronization challenges across cell
modules [4]. As EV platforms move toward higher voltage architectures (800V+) and larger cell counts,
traditional design approaches often struggle to maintain coordinated sensing, estimation, and control under
dynamic and fault-prone operating conditions.Recent advancements in artificial intelligence (Al),
adaptive estimation algorithms, and digital modeling have opened new pathways for intelligent BMS
design. Al-based techniques—including neural networks, support vector machines, and enhanced Kalman
filtering—have demonstrated superior accuracy in SoC and SoH estimation under real-world drive cycles
compared to conventional model-based methods [5]. Furthermore, the emergence of digital twin
frameworks and cloud—edge computing architectures now enables predictive diagnostics, real-time health
forecasting, and data-driven lifecycle optimization [6]. These innovations are progressively shifting BMS
functionality from passive monitoring toward proactive, self-adaptive decision- making.Despite these
technological advances, significant research gaps remain. Functional safety under fault conditions, fault-
tolerant communication protocols, cybersecurity vulnerabilities, thermal runaway mitigation, and large-
scale pack synchronization continue to challenge the reliability of next-generation EV systems [7].
Importantly, while individual BMS functions have been extensively studied, a structured synthesis
linking architectural integration with system-level operational reliability—particularly under real-world
fault scenarios—remains largely absent from the existing literature [8-9]. In response to this gap, this paper
presents a comprehensive and analytical evaluation of integrated Battery Management System
architectures aimed at enhancing operationalreliability in electric vehicles. The study systematically
reviews architectural evolution, intelligent state estimation techniques, thermal management strategies,
functional safety frameworks, and emerging trends such as digital twins and cloud—edge integration. By
critically synthesizing recent advancements and identifying technological bottlenecks, this work provides
structured insights and future research directions toward the development of next-generation, reliability-
centric BMS solutions for sustainable electric mobility.

Il. LITERATURE REVIEW

The rapid growth of electric vehicles (EVs) has significantly increased the importance of advanced
Battery Management Systems (BMS). A BMS is responsible for monitoring, protection, state estimation,
cell balancing, and ensuring safe operation of lithium-ion battery packs [1]. As battery capacity and
system voltage increase in modern EV platforms, the architectural configuration of the BMS plays a
critical role in reliability, scalability, and safety performance [2].Lithium-ion batteries exhibit nonlinear
voltage—current characteristics and temperature-dependent electrochemical behavior, making accurate
state estimation essential for safe and efficient operation [3]. Model-based estimation techniques,
particularly Equivalent Circuit Models (ECM) combined with Kalman filtering approaches, have been
widely adopted to improve State of Charge (SoC) and State of Health (SoH) accuracy under dynamic
load conditions [4]. These foundational techniques, established by researchers such as Plett, remain
integral to modern BMS design [4].Recent studies have classified BMS architectures into three primary
categories: centralized, distributed, and modular systems [5]. In centralized architectures, a single master
controller performs all sensing, estimation, and protection functions. While this approach offers design
simplicity and low initial hardware cost, it suffers from increased wiring complexity, limited scalability in
large battery packs, and a critical single-point failure risk—making it less suitable for high-voltage
automotive applications [6]—[7].Distributed BMS architectures were introduced to overcome the scalability
and wiring limitations of centralized systems [8]. In this configuration, multiple slave units are placed near
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battery modules, reducing long signal harnesses and improving measurement accuracy. Communication
between slave units and the master controller is typically implemented using CAN or similar protocols.
Literature indicates that distributed systems provide improved fault isolation and better thermal
monitoring coverage; however, they introduce challenges related to communication latency and
synchronization across modules [9].Modular BMS architectures represent a more advanced and scalable
approach, particularly for large EV battery packs [10]. In this system, battery modules operate as semi-
independent functional blocks with integrated sensing, balancing, and protection units. Modular designs
enhance fault containment capability, simplify pack expansion, and improve overall system redundancy.
Studies suggest that modular architecture offers superior reliability compared to centralized and
distributed configurations; however, it increases initial design complexity and requires robust inter-
module communication strategies [11].Thermal management has emerged as a critical determinant of
BMS performance and battery longevity [12]. Uneven temperature distribution across cells accelerates
degradation and significantly increases the risk of thermal runaway. Recent research emphasizes the
integration of distributed temperature sensing with predictive thermal modeling to enable early fault
detection and mitigate safety risks [13]. Rahmani et al. (2025) further highlight that real-time thermal
monitoring combined with Al-based anomaly detection can substantially reduce thermal runaway
incidents in large-format battery packs [13].In parallel, recent developments in intelligent BMS
technologies have incorporated machine learning, digital twin frameworks, and cloud-based monitoring
systems [14]. Machine learning algorithms, particularly neural networks, support vector machines, and
ensemble methods, have demonstrated superior accuracy in predicting battery degradation and estimating
remaining useful life compared to conventional model-based approaches [14]. These intelligent systems
enable predictive maintenance, degradation forecasting, and improved lifecycle management. However,
implementation challenges such as cybersecurity vulnerabilities, high computational requirements, and
real-time processing constraints remain active areas of research [15].Despite extensive research on
individual BMS components—including state estimation algorithms, thermal control strategies, and cell
balancing techniques—Ilimited studies provide a comprehensive comparative analysis of integrated BMS
architectures from a reliability and scalability perspective [16]. While individual BMS functions have
been extensively studied, a systematic synthesis linking architectural integration with system-level
operational reliability—particularly under real-world fault scenarios—remains conspicuously absent from
the existing literature [16]-[17]. Therefore, a structured evaluation of centralized, distributed, and modular
architectures is essential to determine their suitability for next-generation large-scale EV applications.

Tablel: Comparative Analysis of BMS Architectures

ArchitectureConfiguration |Advantages Limitations Reliability |References
Impact
Centralized [Singlemaster  |Simple design, low [Single-point failure risk, |Low [6], [7]
controller cost, easy wiring complexity, limited
coordination scalability in large packs
Distributed Multiple slavelmproved faultCommunication latency, [Medium [8], [9]
units + masterjisolation, bettersynchronization challenges
controller thermal sensing,  jacross modules, increased
reduced wiringicomponent count
harness
Modular  |Semi- Redundancy, fault |Higher design complexity, [High [10], [11]
independent containment, easy [requires robust inter-module
functional scalability, communication protocols,
modules simplified increased cost
maintenance
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1. EVOLUTION OF BMS ARCHITECTURE - ASTRUCTURAL PERSPECTIVE

1. Introduction to Architectural Evolution

The architectural design of Battery Management Systems (BMS) has evolved significantly in response to
the increasing energy density, voltage levels, and safety demands of modern electric vehicle (EV) battery
packs [1]. Early BMS designs were primarily focused on basic monitoring and protection; however, the
transition to high-capacity lithium-ion batteries necessitated advanced sensing, real-time control, and
robust communication capabilities [2]. This section presents a structured analysis of BMS architectural
evolution—from centralized systems to intelligent, cloud-integrated frameworks—highlighting the
structural innovations that enhance reliability, scalability, and fault tolerance in EV applications [3].

2. Centralized Architecture: Simplicity with Scalability Constraints

The centralized BMS architecture represents the earliest and most straightforward design approach. In
this configuration, a single master controller handles all monitoring, estimation, and protection functions
for the entire battery pack [4]. All cell voltage and temperature signals are routed directly to a central
printed circuit board (PCB), where control algorithms execute balancing, state estimation, and fault
detection [5].

Advantages :- Simple design and lower hardware cost, Ease of implementation in small battery packs,
Centralized control logic simplifies coordination [6]

Limitations :- Excessive wiring harness complexity in large packs, Susceptibility to single-point failures,
Limited scalability for high-voltage (>400V) architectures [7]

Studies by Andrea (2010) and Rahmani et al. (2025) emphasize that while centralized systems are
suitable for low-capacity applications, their structural weaknesses render them inadequate for modern
EVs requiring high reliability and modular expansion [8]-[9].

3. Distributed Architecture: Enhanced Sensing and Fault Isolation

To overcome the wiring and scalability challenges of centralized designs, distributed BMS architectures
emerged as a practical solution [10]. In this topology, multiple slave monitoring units are placed locally at
each battery module. These slaves measure cell voltages and temperatures and communicate with a
central master controller via a serial communication protocol such as CAN (Controller Area Network)
[11].

Advantages :- Reduced analog signal routing improves noise immunity, Better fault isolation at the
module level, Scalable to larger pack configurations [12]

Limitations :- Introduces communication latency and synchronization issues, Increased system
complexity and component count, Reliability depends on communication network integrity [13]

Kumar & Rao (2022) highlight that distributed architectures have become the industry standard for
medium-to-large EV battery packs due to their improved sensing accuracy and modular scalability [14].
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4. Modular Architecture: Redundancy and Fault Containment

As EV battery packs continued to scale in capacity and energy density, the modular BMS architecture
evolved as a more robust structural solution [15]. In this configuration, the battery pack is divided into
semi-independent modules, each integrating its own sensing, balancing, and control capabilities. These
modules operate autonomously while communicating with a supervisory controller for coordinated system-
level management [16].

Advantages :- Redundancy: Failure of one module does not compromise entire pack, Fault Containment:
Thermal runaway or electrical faults remain localized, Scalability: New modules can be added without
redesigning entire system, Maintenance: Simplified replacement of individual modules [17]

Limitations :- Higher initial design complexity, Requires sophisticated inter-module communication
protocols, Increased component count and cost [18]

Research by Kumar & Rao (2022) demonstrates that modular architectures significantly enhance system-
level reliability by preventing failure propagation across the entire pack, making them ideal for large-
scale EV applications [19].

5. Intelligent and Cloud-Integrated Architectures

The latest evolution in BMS architecture integrates artificial intelligence, digital twin frameworks, and
cloud connectivity to enable predictive and adaptive functionality [20]. These intelligent systems
incorporate:

. Model-based state estimation (Kalman filtering, ECM)

. Al-driven health prediction (machine learning for SoH estimation)

. Remote diagnostics via 10T connectivity

. Cloud-based data analytics for fleet-level optimization

. Digital twin integration for real-time simulation and forecasting [21]

Advantages :- Predictive maintenance reduces downtime, Continuous learning improves estimation
accuracy, Fleet-wide data enables lifecycle optimization, Real-time health monitoring enhances safety
[22]

Challenges :- Cybersecurity vulnerabilities in cloud-connected systems, High computational
requirements for edge devices, Real- time processing constraints, Data privacy concerns [23]

The convergence of Al, digital twins, and cloud-edge computing represents a paradigm shift from
reactive battery protection to proactive lifecycle management, enabling predictive maintenance and real-
time optimization [24]. Rahmani et al. (2025) emphasize that while intelligent architectures represent the
future of BMS design, significant research is still needed to address security and real- time performance
challenges [24].
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6. Structural Evolution Summary

The evolution of BMS architectures reflects a clear progression toward enhanced reliability, scalability, and
intelligence [25]. Early monitoring circuits offered only basic protection with low reliability. Centralized architectures
improved functionality but introduced wiring complexity and single-point failure risks. Distributed systems enhanced
fault isolation but faced communication challenges. Modular designs achieved high reliability through redundancy and
fault containment. Intelligent cloud-integrated architectures now offer very high reliability with predictive analytics,
though they introduce cybersecurity concerns [25-26]. The transition from centralized to intelligent architectures has
been driven by the need for safer, more efficient, and longer-lasting energy storage solutions in the rapidly evolving
electric mobility landscape [26].

BMS TOPOLOGIES
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Fig 1: BMS Topologies — Centralized, Distributed, and Modular Architectures
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Table 2: Comparative Analysis of BMS Architectures

OPEN 8ACCESS

ArchitecturelConfiguratio |Key Features/Advantages |Limitations [Reliability|Cost [Typical Refe
n Impact |ImpactApplications renc

es

Centralized [Singlemaster |- All - Simple » Wiring |Low Low [Low Small [4]-
controller functionsin  design complexity battery packs, [9]

one unit .« Low in large low-voltage
« Directcell |hardware  [packs systems, early
connections  |cost « Limited EVs
scalability
(>400V)

Distributed [Multiple » Local » Reduced } Communic|Medium Mediu Passenger  [10]-
slaves +sensingat  janalog ation m EVs Medium [[14]
master modules wiring latency to large packs

- CANbDbus | Better |} Synchroniz Modern
communicatio jnoise ation vehicles
n immunity  challenges

Modular  [Semi- + Integrated } Redundanc} Higher High High |Large-scale [[15]-
independent  sensing & |y (module (design EV packs, [19]
functional control failure complexity commercial
modules » Autonomou [isolated) . Inter- vehicles,

S operation Fault module energy
containment icommunicati storage
on overhead systems

Intelligent |Al+Cloud ¢ Al-based [ Predictive | Cybersecur|Very-High Very- [Next- [20]-
integration  |estimation  |maintenance |i ty risks High |generation  |[24]

« Digital twin} Continuou+ High EVs, fleet

simulation  |slearning  [computation management,
» Cloud-edge al demands smart grids
architecture

IV. ADVANCED STATE ESTIMATION TECHNIQUES (SOC, SOH, SOP)

1

Introduction to State Estimation in BMS — A Structural Perspective

Accurate state estimation is fundamental to the safe, efficient, and reliable operation of lithium-ion battery
systems in electric vehicles (EVs). The primary states of interest include State of Charge (SoC), State of
Health (SoH), and State of Power (SoP), each serving a distinct role in battery management [1]. SoC
indicates the remaining energy available, analogous to a fuel gauge in conventional vehicles. SoH reflects
the battery's degradation level and remaining useful life, while SoP estimates the maximum
charge/discharge power capability under current operating conditions [2]. The accuracy of these
estimations directly influences vehicle range prediction, safety assurance, and battery longevity [3]. From
a structural perspective, modern BMS architectures integrate estimation algorithms as a core intelligence
layer, directly influencing system-level reliability and performance [4]. This section presents a
comprehensive review of state estimation techniques, comparing model-based and data-driven
approaches, and identifying current research challenges [5].
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2. State of Charge (SoC) Estimation Techniques

SoC estimation is one of the most critical functions of a BMS, as it directly impacts range anxiety and
charging optimization [6]. Several approaches have been developed, each with distinct accuracy,
complexity, and real-time applicability trade-offs.

2.1 Conventional Methods

. Coulomb Counting: Integrates current over time to estimate SoC. While simple and low-cost, it
suffers from cumulative errors due to sensor drift and requires accurate initial SoC [7].

. Open Circuit VVoltage (OCV) Method: Relies on the nonlinear relationship between OCV and SoC.
Accurate but impractical for real-time estimation due to long stabilization periods [8].

2.2  Model-Based Methods

. Equivalent Circuit Models (ECM):- Represent battery behavior using resistors and capacitors.
Combined with adaptive filters, they offer improved accuracy under dynamic loads [9].

. Kalman Filtering Techniques:

. Extended Kalman Filter (EKF): Handles nonlinearities in battery models; widely adopted in automotive
BMS [10].

. Unscented Kalman Filter (UKF): Provides better accuracy for highly nonlinear systems at higher
computational cost [11].

. Adaptive Kalman Filters: Adjust noise covariance in real-time, improving robustness to varying
operating conditions [12].

2.3 Data-Driven Methods

. Machine Learning Approaches: Neural networks, support vector machines, and fuzzy logic systems
learn SoC patterns from training data without explicit battery models [13].

. Long Short-Term Memory (LSTM) Networks: A specialized form of recurrent neural networks,
LSTM networks excel at capturing long-term temporal dependencies in battery behavior, achieving root-
mean-square error (RMSE) below 1.5% under urban drive cycles—significantly outperforming
conventional Kalman filters [14].

. Hybrid Methods: Combine model-based and data-driven techniques to leverage advantages of both
approaches [15].

Plett (2015) established foundational frameworks for model-based SoC estimation, while Kumar & Rao
(2022) demonstrate that hybrid Al-based methods achieve superior accuracy under real-world drive
cycles [16]-[17].

3. State of Health (SoH) Estimation Techniques

SoH estimation quantifies battery degradation and predicts remaining useful life, essential for warranty
assessment and second-life applications [18].
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3.1 Direct Measurement Methods

. Capacity Fade Analysis: Measures actual capacity relative to rated capacity under controlled conditions
[19].
. Internal Resistance Increase: Correlates resistance growth with aging; measurable through pulse tests
[20].

3.2 Model-Based Methods

. Electrochemical Models: Capture physical aging mechanisms but are computationally intensive for
real-time BMS [21].

. Equivalent Circuit Models with Parameter Identification: Track changes in ECM parameters (e.g.,
resistance, capacitance) over time to infer SoH [22].

3.3 Data-Driven Methods

. Machine Learning for SoH: Gaussian process regression, neural networks, and ensemble methods
trained on cycling data achieve high prediction accuracy [23].

. Feature Engineering: Extracting health indicators from charge/discharge curves enables robust SoH
estimation without complex models [24].

. Hybrid Models: For instance, combining electrochemical principles with Gaussian process
regression has demonstrated SoH prediction accuracy within 2% error across 1000 cycles, enabling
reliable remaining useful life forecasting [25].

Rahmani et al. (2025) highlight that hybrid approaches combining electrochemical models with machine
learning offer the most promising path for accurate, real-time SoH estimation [26].

4. State of Power (SoP) Estimation Techniques

SoP estimation determines the maximum power the battery can safely deliver or accept, critical for
vehicle acceleration and regenerative braking [27].

41 Methods

. Lookup Table-Based: Precomputed maps of power capability vs. SoC and temperature; simple but
inaccurate under dynamic conditions [28].

. Model-Based Methods: Use ECMs with voltage and current limits to compute real-time power
capability [29].

. Hybrid Approaches: Combine model predictions with machine learning for improved accuracy under
varying loads [30].

. Multi-Constraint Optimization: Advanced SoP estimation methods integrate multi-constraint
optimization—simultaneously considering voltage limits, current limits, SoC boundaries, and thermal
constraints—to ensure safe power delivery under all operating conditions [31].

Kumar & Rao (2022) emphasize that accurate SoP estimation requires simultaneous consideration of
voltage, current, temperature, and SoH constraints [32]
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5. Model-Based vs Data-Driven Approaches: A Comparative Analysis

Table 3: Comparative Analysis of Model-Based, Data-Driven, and Hybrid State Estimation
Approaches

Aspect Model-Based Methods  [Data-Driven Methods Hybrid Approaches
Accuracy Medium-High High(With training) Very-High
Computational Low-Medium High Medium-High
Complexity
Training Data Required [Minimal Extensive Moderate
Generalization Good across chemistries  [Limited to training data ~ Broad
Real-Time Suitability Excellent Moderate Good
Key Strengths Physics-based, Learns complex nonlinear |[Combines interpretability

interpretable, patterns, adaptive with adaptability, robust
well-established
Key Limitations Model accuracy dependent, Data quality and quantity [Design complexity,
requires parameter dependent, black-box validation challenges
identification nature
Key References [9]-[12], [21]-[22] [13]-[14], [23]-[24] [15]-[17], [25]-[26], [30]-
[31]

Plett (2015) provides the theoretical foundation for model-based methods, while Kumar & Rao (2022)
demonstrate that data-driven techniques excel in capturing complex nonlinear behaviors [33]-[34]. Recent
research by Rahmani et al. (2025) indicates that hybrid architectures—combining the interpretability of
models with the adaptability of Al—represent the most promising direction for next- generation BMS [35].

6. Challenges and Future Directions

Despite significant advances, several challenges remain in state estimation for EV applications [36]:
6.1 Current Challenges

. Accuracy vs. Complexity Trade-off: High-accuracy methods often exceed onboard
computational resources, limiting deployment in cost-sensitive EVs [37].

. Real-World Validation: Laboratory-trained models may fail under diverse real-world driving
conditions, temperature variations, and aging trajectories [38].

. Battery Aging Adaptation: Estimation accuracy degrades as battery characteristics evolve over
lifetime, requiring adaptive algorithms [39].

. Sensor Noise and Faults: Real-world sensor inaccuracies propagate through estimation algorithms,
affecting reliability [40].

. Cybersecurity Threats: With the increasing adoption of cloud-based and connected BMS
architectures, cybersecurity threats have emerged as a critical challenge, as manipulated sensor data or
communication interference could lead to incorrect state estimates and potential safety risks [41].

6.2 Future Research Directions

. Self-Learning Algorithms: BMS architectures that continuously adapt to battery aging using onboard
learning, eliminating the need for periodic recalibration [42].
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. Cloud-Based Estimation: Offloading complex computations to the cloud for fleet-level optimization,
enabling continuous model improvement across vehicles [43].

. Fusion of Physics and Al: Hybrid models combining electrochemical principles with machine
learning, offering both interpretability and adaptability [44].

. Standardized Validation Protocols: Developing industry-wide benchmarks for state estimation
accuracy across diverse operating conditions [45].

. Edge Al Optimization: Lightweight algorithms optimized for resource-constrained embedded
systems, enabling advanced estimation in low-cost BMS platforms [46].

Rahmani et al. (2025) emphasize that the future of BMS lies in adaptive, self-calibrating estimation
algorithms capable of maintaining accuracy throughout the battery's entire lifecycle while ensuring
security and reliability [47].

V. INTELLIGENT BMS-AI,DIGITAL TWIN & CLOUD-EDGE INTEGRATION

1. Introduction to Intelligent BMS

The rapid evolution of electric vehicle (EV) technology and the increasing complexity of lithium-ion
battery systems have necessitated a paradigm shift in Battery Management System (BMS) design.
Conventional BMS architectures, primarily focused on monitoring and protection, are being replaced by
intelligent BMS frameworks that integrate Artificial Intelligence (Al), Digital Twin technology, and
Cloud-Edge computing paradigms [1]. These intelligent systems leverage real-time data, advanced
algorithms, and cyber-physical integration to enable predictive analytics, adaptive control, and
autonomous decision-making [2]. Unlike traditional rule-based systems, intelligent BMS continuously
learn from operational data, adapt to aging effects, and optimize battery performance throughout the
lifecycle [3]. Industry studies indicate that intelligent BMS can extend battery lifespan by 15-20% and
reduce unexpected failures by 30% compared to conventional approaches [4].

2. Artificial Intelligence in BMS

Artificial Intelligence has emerged as a transformative technology in BMS design, enabling data-driven
approaches that overcome the limitations of conventional model-based methods [5]. Al-based techniques
learn complex nonlinear relationships from operational data, capturing patterns that physical models may
miss [6].

2.1 Key Al Applications in BMS

Acrtificial Neural Networks and deep learning models achieve exceptional accuracy in State of Charge
estimation, with root-mean- square error below 1.5% under urban drive cycles, significantly
outperforming conventional Kalman filters. For State of Health prediction, Gaussian process regression
and ensemble methods enable accurate remaining useful life forecasting with prediction errors below 2%
across 1000 cycles. Long Short-Term Memory networks excel at capturing temporal degradation patterns
for Remaining Useful Life forecasting, improving accuracy by 30% compared to traditional approaches.
Fault detection systems utilizing autoencoders and ensemble methods achieve 94% accuracy while
detecting anomalies 40% faster than conventional methods [7-10].
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2.2 Structural Integration

An Al-enabled BMS comprises a multi-layer architecture including data acquisition, preprocessing, Al
inference engine, output validation, and decision integration modules. This structure enables real-time
predictions while maintaining physical consistency through constraint checking [11].

3. Machine Learning for State Estimation

Machine learning algorithms have revolutionized state estimation by learning directly from operational data
without requiring explicit battery models [12]. Supervised Learning: Neural networks map voltage,
current, and temperature to State of Charge and State of Health with high accuracy. Support vector
machines excel in fault classification with limited data. Deep Learning: LSTM networks capture long-
term temporal dependencies in battery behavior, achieving superior accuracy under dynamic drive cycles.
Autoencoders enable unsupervised anomaly detection by learning normal behavior patterns. Ensemble
Methods: Combining multiple models through random forests or gradient boosting achieves 96%
accuracy in multi-class fault classification by leveraging diverse model strengths [13-15]

4. Digital Twin Technology

A Digital Twin is a real-time virtual representation of a physical battery system that continuously
synchronizes with its real-world counterpart through sensor data [16]. Unlike static models, Digital
Twins operate as living cyber-physical systems that maintain bidirectional communication between
physical and virtual domains [17].

Key Capabilities

Predictive fault detection identifies potential failures 3-6 months in advance through simulation, reducing
unexpected failures by 70%. Thermal runaway risk assessment simulates worst-case scenarios for safety
planning, providing early warning for prevention. Aging trajectory forecasting predicts capacity fade and
resistance increase with less than 2% error across 1000 cycles. What-if analysis enables virtual testing of
control strategies without risk to physical assets [18-19].

Implementation Challenges

Model accuracy dependency, computational demands, data bandwidth requirements, and cybersecurity
vulnerabilities remain significant hurdles for Digital Twin adoption [20].
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Fig 2: Could-Edge Collaborative BMS Architecture

5. Cloud-Edge Integrated Architecture

The Cloud-Edge hybrid architecture optimally distributes computational tasks between vehicle-mounted
edge devices and remote cloud infrastructure, achieving both low-latency control and deep analytics [21].

51 Edge Layer Functions (On-vehicle):- Real-time SoC/SoH/SoP estimation (<10ms latency),- Safety-
critical fault detection and protection,- Local data caching during connectivity loss

52 Cloud Layer Functions:-Fleet-wide data storage and advanced analytics,- Model training and
validation using GPU clusters,- Over-the-air software updates,- Cross-vehicle benchmarking and pattern
recognition

53 Advantages:- Edge devices deliver <10ms latency for safety functions while cloud infrastructure
enables complex analytics impossible at the edge. Local models adapt to individual vehicle behavior while
global models improve through fleet-wide learning, creating a continuous improvement cycle [22-24].

6. Predictive Analytics and Real-Time Monitoring

The convergence of Al, Digital Twin, and Cloud-Edge technologies enables unprecedented predictive
capabilities [25].

Predictive Maintenance:- Early fault detection: 94% accuracy, 40% faster detection,- Thermal runaway
prevention: 70% reduction in propagation risk,- RUL prediction: 30% improvement in accuracy,- harging
optimization: 15-20% extended battery life
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Real-Time Health Monitoring:- Instant fault detection within milliseconds, adaptive safety thresholds
based on battery condition, predictive alerts 3-6 months in advance, and fleet management dashboards
provide comprehensive visibility [26-27].

Field studies demonstrate 30% reduction in unexpected failures and 15-20% extended battery life in
commercial EV fleets [28].

7. Challenges and Future Directions

Current Challenges:-Cybersecurity threats increase with connectivity, with connected systems facing
43% greater attack surface. Data privacy concerns arise from fleet data containing sensitive operational
patterns. Computational demands of Al and Digital Twin technologies limit deployment in cost-sensitive
EVs. Standardization lacks common protocols across manufacturers, complicating integration [29-30].

Future Research Directions:-Federated learning enables privacy-preserving Al that learns from
distributed data without centralizing sensitive information. Edge Al optimization develops lightweight
neural networks for resource-constrained embedded systems. Self- learning digital twins continuously
improve using operational data. Blockchain provides secure, tamper-proof logging of critical BMS
events. Physics-informed Al combines electrochemical principles with machine learning for enhanced
interpretability [31-33].

Future Outlook:-The evolution from reactive protection to predictive optimization and autonomous
lifecycle management represents the definitive path forward for next-generation electric mobility, enabling
safer, more reliable, and longer-lasting battery systems [34]

VI. RELIABILITY, FAULT TOLERANCE & SAFETY IN BMS

1. Introduction to Reliability in BMS

Reliability is fundamental to BMS design in safety-critical EV applications [1]. Lithium-ion batteries
operate under complex electrochemical, thermal, and electrical stresses, making them susceptible to faults
that compromise safety [2]. A reliable BMS must maintain safe functionality when faults occur,
preventing catastrophic failures like thermal runaway [3]. Battery-related failures account for
approximately 30% of EV safety incidents, highlighting the importance of robust BMS reliability [4].

2. Fault Types in Battery Systems

Battery faults are categorized into three types based on physical origin [5-7]:

Electrical Faults: Overvoltage (>4.2V) from overcharging causes degradation and thermal runaway risk.
Undervoltage (<2.5V) from deep discharge causes capacity loss. Overcurrent from short circuits causes
heating and damage. Short circuits from cell internal faults cause fire/explosion. Cell imbalance from
manufacturing variance reduces capacity [8-9].

Thermal Faults: Overheating (>60°C) from high C-rate causes degradation. Thermal runaway (80-120°C
trigger) causes fire and cascade failure. Uneven temperature creates hotspots accelerating aging [10-11].
Mechanical Faults: Cell cracking from vibration causes internal short. Electrolyte leakage from seal failure
causes fire risk. Connector failure from corrosion causes open circuits [12].

Field data shows thermal faults (35%), electrical (28%), mechanical (22%), sensor (15%) [13]

[JVRA2603435 ‘ International Journal of Versatile Research and Analysis (IJVRA) (www.ijvra.org)



https://ijvra.org/

g INTERNATIONAL JOURNAL OF VERSATILE RESEARCH AND ANALYSIS (IJVRA) o amss
} UVRA © 2026 IJVRA | Volume 4, Issue 3, March 2026 | ISSN: 2984-8903 | II[VRA.ORG

Table 4: Critical Fault Types in Battery Systems

Fault Category|Specific Fault Primary Causes Critical Consequences [Detection Method
Electrical Overvoltage Overcharging, regen- Thermal runway risk  [Voltage monitoring
braking
Electrical Short-Circuit Cell internal fault, wiring [Fire, explosion, pack-  [Current derivative
loss
Thermal Thermal Runway [Overheat, internal short  (Cascade failure, fire Rate of rise, gas
detection
Thermal Overheating High C-rate, cooling Degradation, separator [Temperature sensors
failure melt
Mechanical  |Cell Cracking \Vibration, impact Internal short, leakage  |Impedance
monitoring
Mechanical  [Electrolyte Seal failure, damage Fire risk, capacity-loss |Gas sensors
Leakage

3. Fault Detection Methods

Early fault detection prevents catastrophic failure [14].

Threshold-Based: Simple, fast (<100ms), 65-70% accuracy. Cannot detect gradual degradation [15].
Model-Based: Compares measurements with ECM/Kalman filter predictions. 75-85% accuracy. Detects
parameter drift [16-17]. Al-Based: Neural networks (92-94%), LSTM (94-96% for early prediction), SVM
(88-92%). Requires large training data [18-19]. Hybrid: Combines model-based + Al, achieves 96%
accuracy, most robust for safety-critical applications [20].

4. Fault-Tolerant Architectures

Hardware Redundancy: Sensor, communication, controller redundancy increases cost 15-30% but
eliminates single points of failure [21].

Modular Fault Containment: Cell fusing, module isolation, thermal barriers reduce failure probability
by 60% compared to centralized designs [22-23].

Graceful Degradation: Limp-home mode, cell bypass, module isolation, emergency shutdown maintain
functionality when faults occur [24].

5. Functional Safety Standards (1SO 26262)

ISO 26262 is the primary automotive safety standard [25].

ASIL Levels: A (lowest) to D (highest). BMS critical functions: overvoltage (ASIL C), overcurrent (ASIL
C), overtemperature (ASIL C), thermal runaway (ASIL D) [26].

Safety Mechanisms: Diagnostic coverage, fault reaction time (<100ms), latent fault detection,
independent monitoring ensure integrity [27].

6. Thermal Runaway Prevention

Thermal runaway is the most severe battery safety risk [28]. Mechanism: Temperature increase — SEI
decomposition — heat release

— electrolyte vaporization — internal short — cascade propagation [29-30]. Multi-Level Prevention
Strategies:Effective thermal runaway prevention requires coordinated strategies at multiple levels. At the
JVRAZ603435 il
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cell level, stable chemistries like lithium iron phosphate provide inherent safety advantages, while safety
vents release internal pressure during abuse conditions and current interrupt devices disconnect the cell
under overpressure. At the module level, thermal barriers using materials like mica sheets prevent heat
propagation between cells, while burst discs provide pressure relief. At the pack level, liquid cooling
systems maintain temperature uniformity and isolation contactors enable rapid disconnection during
emergencies. At the BMS level, early detection through rate of temperature rise monitoring with dT/dt >
5°C/s triggering emergency response, combined with gas detection for CO and H., enables rapid
mitigation [31-32].

Detection Timeline: Upon fault initiation, rate of temperature rise detection occurs within 10-50ms, gas
detection within 50-100ms, leading to contactor opening at 150-200ms. This multi-parameter approach
reduces thermal runaway propagation risk by 70% compared to threshold-only methods [33].

THERMAL RUNWAY — QUICK OVERVIEW

INITIATE SEIDECOMP ELECTROVAPOR
INTERNAL HEAT TEPRATURE
SHORT RELEASED RISE
t CASCADE
PROPAGATION
PREVENTION
CELL .| MODULE | PACK .| BMS
(VENTS) (BARRIERS) (COOLING) (MONITOR)
TIMELINE
OMS 50MS .| 150Ms o 70% SAFE
FAULT DETECT DETECT

Fig. 3: Thermal Runaway Mechanism and Multi-Level Prevention Strategies

7. Challenges & Future Directions

Current Challenges: Early detection (70-96% accuracy), false alarms, aging adaptation, cybersecurity
(43% increased attack surface), validation cost [34-35].

Future Directions: Self-healing architectures, predictive Al safety, blockchain for security, quantum
sensors, federated learning [36- 37].

Outlook: Evolution from reactive protection to predictive prevention will enable safer, more reliable next-
generation BMS [38].
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VIl. CHALLENGES & FUTURE DIRECTIONS

1. Overview

Despite significant BMS advancements, critical challenges remain in estimation accuracy, computational
limitations, cybersecurity, and standardization [1-2]. Addressing these is essential for next-generation EV
adoption [3].

2. Technical Challenges

Accuracy vs. Computation: Al methods achieve 96% accuracy but require 5-10x more computational
power than conventional methods, limiting deployment in cost-sensitive EVs [4-5]. Real-world validation
remains difficult as lab-trained models fail under diverse operating conditions, including extreme
temperatures and varying load profiles [6-7].

Aging and Sensor Limitations: Estimation accuracy degrades as battery characteristics evolve over
lifetime, requiring adaptive algorithms that remain challenging to implement reliably [8]. Sensor noise,
drift, and inaccuracies propagate through estimation algorithms, affecting overall BMS reliability [9-10].

3. Systemic Challenges

Cybersecurity Vulnerabilities: Connected BMS face 43% increased attack surface compared to isolated
systems, with 60% of manufacturers reporting security incidents [11-13]. Potential vulnerabilities include
sensor data manipulation and communication interference, which could lead to incorrect state estimates
and safety-critical failures [14].

Standardization and Cost Constraints: Lack of 4t — protocols across manufacturers increases
development costs and complicates multi-vendor integration [15-16]. Advanced BMS features add 20-
30% cost compared to conventional designs, limiting adoption to premium vehicle segments [17-18].
Evolving regulatory compliance further extends development cycles [19-20].

4. Future Research Directions

Federated Learning: Privacy-preserving Al that learns from distributed vehicle data without centralizing
sensitive information, enabling fleet-wide model improvement while maintaining data ownership at the
edge [21-22].

Edge Al Optimization: Lightweight neural network architectures optimized for resource-constrained
embedded systems, reducing computational requirements by 5-10x while maintaining >94% accuracy
through techniques like model pruning and quantization [23-24].

Self-Learning Digital Twins: Next-generation digital twins that continuously improve their models using
operational data, adapting to individual battery aging trajectories and eliminating periodic recalibration
[25-26].

Physics-Informed Al: Hybrid models combining electrochemical principles with machine learning,
offering interpretability while reducing data requirements and improving generalization to unseen
conditions [27-28].

5. Future Outlook

Near-term (2025-2027): Edge-cloud optimization enabling 30% cost reduction in BMS implementation,
standardized validation protocols accelerating development by 50%, and widespread deployment of
hybrid Al models in premium vehicles [29-31].
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Medium-term (2028-2030): Self-learning digital twins adapting to individual battery characteristics,
federated learning deployed across entire fleets, and edge Al capabilities integrated into mainstream
vehicles [32-34].

Long-term (2030+): Fully autonomous BMS with quantum sensors detecting degradation months in
advance, predicting and preventing faults before occurrence, and seamless grid integration for vehicle-to-
grid applications [35-37].

This progression from reactive protection to predictive optimization and ultimately to autonomous
lifecycle management represents the definitive path forward for next-generation electric mobility,
enabling safer, more reliable, and longer-lasting battery systems [38].

VIIl. CONCLUSION

1. Summary of Contributions

This paper has presented a comprehensive review of Battery Management Systems for electric vehicle
applications, with systematic analysis of architectural evolution, state estimation techniques, intelligent
technologies, and safety considerations. The study synthesized contributions from foundational works by
Dhameja, Plett, Andrea, Kumar & Rao, and Rahmani et al., providing a structured understanding of BMS
development from conventional monitoring systems to intelligent, cloud-integrated frameworks [1-2].

2. Key Findings — Architectures and State Estimation

The comparative analysis of BMS architectures revealed that modular designs offer superior reliability
through redundancy and fault containment, while distributed configurations provide optimal balance
between cost and performance for medium-scale applications [3]. Centralized architectures, though cost-
effective for small packs, face scalability limitations in modern high-voltage EVs exceeding 400V [4]. In
state estimation, hybrid approaches combining model-based methods with Al techniques achieve the
highest accuracy, with LSTM networks demonstrating Root Mean Square Error below 1.5% for State of
Charge estimation under dynamic drive cycles, significantly outperforming conventional Kalman filters
[5-6].

3. Key Findings — Intelligent BMS and Reliability

Intelligent BMS technologies significantly enhance system reliability and safety. Al-enabled fault
detection achieves 94-96% accuracy with 40% faster response compared to conventional threshold-based
methods [7]. Digital Twin frameworks reduce thermal runaway propagation risk by 70% through early
detection using rate of temperature rise monitoring and multi-parameter analysis [8]. Cloud-Edge
architectures enable real-time edge processing with <10ms latency while leveraging cloud analytics for
fleet-wide optimization, reducing unexpected failures by 30% and extending battery life by 15-20% in
commercial EV fleets [9-10].

Functional safety compliance with 1ISO 26262, particularly ASIL D requirements for thermal runaway
prevention, remains essential for production deployment [11]. Fault-tolerant architectures incorporating
hardware redundancy and modular fault containment reduce system-level failure probability by 60%
compared to non-redundant centralized designs [12]. Field data indicates thermal faults account for 35%
of incidents, electrical faults 28%, mechanical faults 22%, and sensor-related faults 15%, guiding
prioritization of safety mechanisms [13].
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4. Future Outlook and Final Remarks

The evolution of BMS technology is progressing from current intelligent systems toward fully autonomous
battery management [14]. Near-term advances through 2027 will focus on edge-cloud optimization
enabling 30% cost reduction and standardized validation protocols accelerating development by 50%
[15]. Medium-term developments through 2030 will enable self-learning digital twins adapting to
individual battery aging trajectories and federated learning deployed across entire fleets [16]. Long-term
beyond 2030, fully autonomous BMS with quantum sensors will predict and prevent faults months in
advance, seamlessly integrating with smart grid infrastructure for vehicle-to-grid applications [17].

This progression from reactive protection to predictive optimization and ultimately to autonomous
lifecycle management represents the definitive path forward for next-generation electric mobility. The
convergence of Al, digital twins, and cloud-edge processing will enable BMS that not only monitors and
protects but actively optimizes battery performance throughout the lifecycle, accelerating EV adoption and
enabling sustainable transportation [18].
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