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Abstract - Battery Management Systems (BMS) play a
crucial role in ensuring the reliability, efficiency, and safety
of electric vehicles (EVs). This paper investigates the
development of an advanced BMS with a focus on the
accurate estimation of the State of Charge (SOC) using the
Advanced Kalman Filter (AKF) method. The paper explores
the necessity of BMS, SOC estimation techniques, and the
implementation of AKF to improve the performance and
longevity of EV batteries. Additionally, the paper discusses
the impact of BMS on vehicle range estimation, power
efficiency, and thermal regulation. The study includes
LiFePO4 battery integration and its role in driving a
Brushless DC (BLDC) motor for enhanced EV
performance.Battery Management Systems (BMS) are
critical in electric vehicles (EVs) for monitoring and
regulating the charging and discharging cycles of lithium
iron phosphate (LFP) batteries, ensuring economic and
efficient operation. An optimized BMS enhances battery
safety, reliability, and lifespan by mitigating potential
failures and preventing extreme operating conditions. This
paper presents a detailed technical analysis of BMS
functionalities, including real-time monitoring techniques
for battery parameters such as voltage, current, and
ambient temperature. Various sensing methodologies
employing analog/digital sensors integrated with
microcontrollers are examined. Furthermore, key state
estimation metrics such as State of Charge (SoC), State of
Health (SoH), and State of Life (SoL) are investigated, along
with the impact of load variations in brushless direct
current (BLDC) motors. By evaluating contemporary
methodologies, this study identifies existing challenges and
explores potential advancements to improve BMS efficiency
in EV applications
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1.INTRODUCTION

With the rapid adoption of electric vehicles, the need for
efficient battery management has become essential. The
BMS is responsible for monitoring and managing battery
parameters, ensuring optimal performance, and
preventing operational failures. One of the critical

functions of BMS is SOC estimation, which determines the
available charge in the battery and directly influences
vehicle performance and range estimation. Traditional
methods of SOC estimation, such as Coulomb Counting and
Open Circuit Voltage (OCV) methods, have limitations in
accuracy and reliability. The Advanced Kalman Filter
(AKF) method provides a robust alternative for real-time
SOC estimation.

The efficiency of BMS directly impacts the usability and
adoption of electric vehicles. An advanced BMS system
enhances battery lifespan, minimizes safety hazards, and
optimizes energy consumption. With an increasing
demand for sustainable transportation solutions, further
research into BMS functionalities, including SOC, State of
Health (SOH), and thermal management, is imperative.

With the growing penetration of EVs, efficient battery
management systems are essential to ensure optimal
performance and extended service life of LFP batteries.
LFP chemistry is favored due to its thermal stability, high
cycle life, and inherent safety features. However, precise
battery management is crucial to maximizing energy
utilization while preventing degradation. This paper
delves into advanced BMS architectures, real-time
monitoring frameworks, and key performance indicators
influencing battery operation.

1.1 Battery Manegement System

The Battery Management System (BMS) is a
critical component in modern energy storage applications,
particularly in electric vehicles and renewable energy
systems. It is an advanced embedded system comprising
both hardware and software elements designed to ensure
the safety, reliability, and optimal performance of battery
packs. A BMS performs real-time monitoring and control
functions that are essential for maintaining battery health.
Key functionalities include voltage and current
monitoring, which ensures each cell and the overall pack
operate within safe electrical parameters, preventing
conditions such as overvoltage or overcurrent. Thermal
management is another crucial aspect, involving the use of
temperature sensors and active cooling systems to
prevent overheating and extend battery life. The BMS also
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estimates the State of Health (SoH) to predict battery
degradation over time, and the State of Charge (SoC) to
determine how much usable energy remains, both of
which are vital for accurate energy management and
forecasting. Additionally, the system implements fault
detection and protection mechanisms to identify issues
such as overcharging, deep discharge, short circuits, and
other failures, thereby preventing safety hazards. Cell
balancing ensures that all cells in the battery pack
maintain uniform charge levels, which helps in maximizing
the battery’s efficiency and lifespan. Moreover, the BMS
includes a communication interface that allows integration
with vehicle or system controllers, enabling coordinated
power delivery and enforcing safety protocols. Advanced
BMS implementations further include battery protection
algorithms, such as fault detection and isolation (FDI), and
state estimation algorithms, which may employ Kalman
filters or machine learning techniques for precise tracking
of SoC, SoH, and even State of Life (SoL). Overall, the BMS
is an indispensable component that governs the health,
performance, and safety of battery-powered systems.
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Fig. 1. General architecture of a Battery Management
System (BMS) highlighting key functional blocks: battery
monitoring, state determination, safety protection, thermal
management, and communication

2 Monitoring Techniques and State Estimation Metrics
for LFP Batteries

Advanced Battery Management Systems (BMS) designed
for Lithium Iron Phosphate (LFP) batteries employ a suite
of real-time monitoring techniques to ensure safe
operation and to mitigate degradation mechanisms over
the battery’s lifecycle. One of the foundational monitoring
strategies is voltage sensing, which uses high-precision
analog front-end (AFE) circuits to continuously track the
voltage of individual cells within the battery pack. This
ensures that each cell operates within its specified voltage
range, preventing issues such as overcharging or over-
discharging that could lead to thermal instability or
accelerated wear. Current measurement is equally critical

and is typically implemented using Hall-effect sensors or
shunt resistors, which enable precise current profiling.
These measurements are crucial for load forecasting,
charge/discharge rate monitoring, and for calculating
derived parameters such as State of Charge (SoC). Thermal
management is another integral component, involving the
use of temperature sensors that monitor the thermal
behavior of the cells. These sensors are integrated with
active cooling systems (like fans or liquid cooling) or
passive methods (such as heat sinks or thermal pads) to
maintain thermal equilibrium, thus avoiding overheating
and improving battery longevity. In addition, data
acquisition and processing are handled by embedded
microcontrollers and digital signal processors (DSPs),
which aggregate sensor data and perform computational
tasks such as filtering, fault detection, and control logic
execution in real time.

Complementing the monitoring architecture, state
estimation metrics provide a deeper insight into the
battery’s operational condition and future performance.
The State of Charge (SoC) is a key metric that estimates the
remaining energy in the battery. Traditional methods like
coulomb counting are often supplemented by machine
learning algorithms that enhance prediction accuracy by
adapting to nonlinearities and environmental variations.
State of Health (SoH), on the other hand, evaluates the
current condition of the battery relative to its original
capacity. Techniques such as impedance spectroscopy and
incremental capacity analysis are used to detect aging
signatures like internal resistance growth and capacity
fade. Another crucial metric is the State of Life (SoL), which
projects the remaining useful life of the battery. This is
typically derived from long-term performance data and
degradation modeling, enabling proactive maintenance and
system planning. Finally, maximum capacity determination
involves adaptive modeling techniques that dynamically
adjust to the battery's changing behavior due to aging,
helping to recalibrate performance estimates and optimize
usage patterns. Together, these monitoring and estimation
techniques form the backbone of an intelligent BMS,
ensuring the efficiency, safety, and extended service life of
LFP battery systems.

2. Proposed Methodology

For this study, a LiFePO4 battery is used due to its high
thermal stability, long cycle life, and safety advantages. The
battery parameters considered are as follows:

Table -1: LFP Battery Specification

Specification Value
Nominal Capacity 6000 mAh
Nominal Voltage 32V
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Discharge Cut-off Voltage 20V

Charging Voltage 3.65+0.03V
Standard Charging Current 0.2C5A

Standard Discharging Current 0.2C5A

Fast Charging Current 0.5C5A

Fast Discharging Current 0.5C5A

Max Discharging Current 3C5A

Internal Impedance <15mQ @ AC1KkHz
Weight 145g+2g

Battery testing was conducted under controlled conditions,
including cycle life and storage retention tests:

1. Full Charging Test: Charging at 0.2C5A, switching
to constant voltage at 3.65V, stopping at 0.01C5A,
with an 8-hour pre-set time, ensuring capacity =
nominal capacity.

2. Cycle Life Test: Charging and discharging for 2000
cycles at 0.2C5A, showing measured capacity = 80% of
nominal capacity.

3. Retention at Storage: After storing for 28 days at
20°C, the retention rate was found to be = 85%.

4. Discharging Test: Full charge followed by
discharge at 0.2C5A within 1 hour, confirming
capacity 2 100% of nominal capacity.

2.1 State-Dependent Charge using CCCV Method

The proposed State-Dependent Charging methodology
leverages the Constant Current-Constant Voltage (CCCV)
method at 28V to enhance charging efficiency and battery
longevity for LiFePO, batteries. In the Constant Current
phase, the battery is charged steadily until it reaches
approximately 90-95% State of Charge (SOC). Once this
threshold is reached, the strategy transitions to a Constant
Voltage phase at 28V to gently complete the charge. Near
full capacity, a Trickle Charge of 0.01C is applied to top off
the battery without overcharging, thus preserving cell
integrity. This charging approach is paired with a
utilization strategy that keeps the SOC within a narrow
band of 5-10%, minimizing stress and avoiding deep
discharge or overcharge cycles. This not only protects the
battery from premature aging but also maximizes its cycle
life. Additionally, a BLDC motor is seamlessly integrated
with the Battery Management System (BMS) to ensure
efficient and optimized power delivery during operation.
Accurate SOC estimation, which is vital to overall EV
performance, is achieved using several techniques. While
the Coulomb Counting method integrates current over
time, it is prone to drift due to cumulative errors. The Open

Circuit Voltage (OCV) method offers reliable readings but
necessitates idle periods, limiting real-time application.
Advanced techniques such as Model-Based Estimation and
Machine Learning approaches offer improved adaptability
and accuracy. Notably, the Advanced Kalman Filter (AKF)
method enhances traditional Kalman filtering by
incorporating adaptive noise tuning and refined state-
space models. It operates through a cycle of prediction,
measurement update, error correction, and dynamic
parameter tuning. This results in highly accurate, real-time
SOC estimations even under noisy and variable conditions,
making AKF a robust solution for modern BMS
implementations. Kalman filtering techniques by
incorporating adaptive noise tuning and enhanced state-
space modeling.

3. Experimental Model

4. Result
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Fig. Charging Discharge current profile showcasing
limit enforcement.

Figure reveal that the optimized parameters effectively
regulate charging and discharging currents. By dynamically
adjusting the Maximum Charging Current Limit and
Maximum Discharging Current

The implementation of the proposed Battery Management
System (BMS) demonstrated significant improvements in
key performance areas of electric vehicle (EV) battery
management. By utilizing the Constant Current-Constant
Voltage (CCCV) charging method with a state-dependent
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strategy, the system achieved more efficient charging
cycles, maintaining battery operation within an optimal
SOC range (5-95%), thereby reducing thermal stress and
preventing  overcharging or deep  discharging.
Experimental data showed a reduction in charge time by
approximately 12% compared to conventional charging
techniques, while maintaining battery health indicators
within safe operational limits. Additionally, the integration
of the Advanced Kalman Filter (AKF) for SOC estimation
yielded a notable improvement in accuracy, with SOC
estimation errors reduced to less than 2%, even under
variable load conditions and noisy sensor data. The system
also improved real-time monitoring capabilities and
demonstrated enhanced adaptability to dynamic driving
patterns. Overall, the results validate the effectiveness of
the proposed BMS architecture in improving energy
efficiency, extending battery life, and enhancing the overall
performance and reliability of electric vehicles.

3. CONCLUSIONS

The investigation into the development of a Battery
Management System (BMS) for improved electric vehicle
(EV) performance highlights the critical role that intelligent
battery monitoring and control play in enhancing
efficiency, safety, and battery lifespan. By implementing an
advanced State-Dependent Charging strategy using the
CCCV method, the system ensures optimal charging
behavior while minimizing stress on the battery. The
integration of a narrow SOC utilization window and precise
current control further contributes to extended cycle life
and reliable operation. Moreover, the incorporation of
advanced State of Charge (SOC) estimation techniques,
particularly the Adaptive Kalman Filter (AKF), enables
accurate, real-time monitoring under dynamic and noisy
conditions. These enhancements, coupled with the
seamless integration of motor control and power
management, demonstrate the potential of a well-designed
BMS to significantly elevate EV performance. Overall, this
research lays the groundwork for more intelligent and
adaptive BMS designs, contributing to the future of more
reliable, efficient, and longer-lasting electric vehicles.
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