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Abstract: Battery packs are the most critical components of Electric Vehicles (EVs), directly affecting vehicle performance,
driving range, safety, and lifespan. Cell imbalance caused by manufacturing variations, aging effects, and temperature differences
can significantly reduce battery efficiency and reliability. This paper presents an Artificial Intelligence (Al) and Machine Learning
(ML) based Battery Monitoring and Cell Balancing System for Electric Vehicles. The proposed system continuously monitors
battery voltage, current, and temperature through IoT-enabled sensors and employs machine learning techniques to identify cell
imbalance conditions in real time.

The developed system utilizes ESP32-based hardware architecture integrated with cloud connectivity for remote monitoring
and predictive analysis. Al-based algorithms are used to estimate battery parameters, detect abnormal conditions, and initiate
balancing operations to maintain uniform charge distribution among cells. Experimental results demonstrate effective battery
monitoring, improved balancing accuracy, reduced energy loss, and enhanced battery life. The proposed solution provides a
scalable and intelligent framework for next-generation EV battery management systems.
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of Things, Battery Management System, Predictive Maintenance

I. Introduction A. Motivation

The motivation behind this work includes:

The rapid growth of Electric Vehicles (EVs) has increased the

demand for efficient Battery Management Systems (BMS) ca- * Real-time monitoring of battery parameters.

pable of ensuring safe and reliable battery operation. Lithium-

ion batteries are widely used in EV applications due to their * Early detection of cell imbalance conditions.

high energy density, long cycle life, and fast charging capabil-

ities. However, differences in cell characteristics, temperature * Intelligent balancing using Al and ML techniques.
variations, and aging effects often lead to cell imbalance within

battery packs. * Improvement in battery lifespan and safety.

Cell imbalance results in unequal charge distribution among
battery cells, causing capacity degradation, reduced driving
range, excessive heating, and safety concerns. Traditional bal-
ancing techniques primarily rely on passive balancing circuits B.  Contributions
that dissipate excess energy as heat, reducing overall efficiency.

* Remote monitoring through IoT-enabled infrastructure.

The major contributions of this paper are:
Recent advancements in Artificial Intelligence (Al), Ma-

chine Learning (ML), and Internet of Things (IoT) technologies
provide opportunities to develop intelligent battery monitoring
and balancing systems. Al algorithms can analyze battery be-
havior, predict imbalance conditions, and optimize balancing
actions based on real-time operating conditions.

* Development of an Al-enabled EV battery monitoring
system.

* Design of machine learning based cell imbalance detec-

tion.
The proposed system integrates loT-based sensing, cloud
connectivity, and machine learning algorithms to continuously * Implementation of intelligent cell balancing strategy.
monitor battery parameters and perform intelligent cell balanc-
ing. By utilizing predictive analytics, the system enhances bat- * Integration of IoT-based cloud monitoring platform.

tery performance, extends battery lifespan, and improves over-
all EV reliability. » Experimental validation using real-time battery data.



C. Paper Organization

The remainder of this paper is organized as follows:

* Section II presents the literature review.

* Section III discusses battery monitoring and cell balanc-
ing fundamentals.

* Section IV presents mathematical modeling.

e Section V describes the proposed architecture and
methodology.

* Section VI presents results and performance evaluation.

* Section VII concludes the paper.

II. Literature Review

Accurate battery monitoring and cell balancing have become
essential research areas due to their direct impact on EV bat-
tery life and safety. Existing techniques can be classified into
passive balancing, active balancing, and intelligent balancing
approaches.

A. Passive Cell Balancing

Passive balancing dissipates excess energy from higher-charged
cells through resistive elements. Although simple and cost-
effective, it suffers from energy loss and thermal issues.

Several researchers have implemented resistor-based bal-
ancing circuits for lithium-ion battery packs. These methods
are suitable for low-cost applications but reduce overall system
efficiency.

B. Active Cell Balancing

Active balancing transfers energy from higher-charged cells to
lower-charged cells using inductors, capacitors, or DC-DC con-
verters. These methods improve efficiency but increase system
complexity and cost.

Recent active balancing systems demonstrate higher bal-
ancing speed and reduced energy dissipation compared to pas-
sive methods.

C. Al-Based Battery Monitoring

Artificial Intelligence and Machine Learning have recently been
employed for battery parameter estimation and fault diagno-
sis. Machine learning algorithms can identify hidden patterns
in battery data and provide accurate prediction of battery con-
ditions.

Deep learning techniques have shown significant improve-
ments in battery monitoring applications due to their capability
to model nonlinear battery characteristics.

D. Research Gaps
The following research gaps are identified:
» Limited integration of Al with cell balancing systems.
» Lack of real-time imbalance prediction.
* Insufficient cloud-based monitoring solutions.
* High computational complexity in existing approaches.
e Limited implementation on low-cost embedded hard-
ware.
E. Proposed Solution
The proposed work addresses these limitations through:
* Al-based cell imbalance detection.
¢ JoT-enabled battery monitoring.
* Real-time cloud dashboard visualization.
¢ Intelligent balancing decision support.
* Low-cost ESP32-based implementation.

III. Battery Monitoring and Cell Balancing
Fundamentals

Battery packs consist of multiple lithium-ion cells connected in
series and parallel combinations. Due to manufacturing toler-
ances and varying operating conditions, individual cells exhibit
different charging and discharging characteristics.

A. Cell Imbalance

Cell imbalance occurs when battery cells possess different State
of Charge (SOC) values.
The imbalance can arise due to:

» Temperature variations.
* Aging effects.
* Internal resistance differences.

* Manufacturing tolerances.

B. Impact of Cell Imbalance
Cell imbalance may cause:
* Reduced battery capacity.
* Increased charging time.
* Accelerated battery degradation.
* Thermal stress.

* Safety risks.



C. Battery Monitoring Parameters

The proposed system continuously monitors:
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Cell Voltage (V)
Battery Current (/)
Cell Temperature (1)
State of Charge (SOC)

State of Health (SOH)

IV. Mathematical Modeling

A. Cell Voltage Model

The voltage of an individual battery cell is represented as:

‘/t = Voc - IRint

where

V; = Terminal Voltage
Ve = Open Circuit Voltage
R;,+ = Internal Resistance

I = Cell Current

B. State of Charge Estimation

State of Charge is calculated as:

SOC(t) = SOC(to) — —

n

For discrete implementation:

At
SOC, = SO0Ck_1 — =
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C. State of Health Calculation
Battery health is expressed as:
SO = eetual 109

rated

where

wetual = Present Capacity

rated = Rated Capacity
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D. Cell Imbalance Index
The proposed imbalance indicator is:
CII = max(V;) — min(V;) 5)

where V; represents individual cell voltages.
If

CII > V;fhreshold (6)

the balancing process is initiated.

E. Temperature Model

Battery thermal behavior is given by:

dT o 1 . T - Tamb
E -~ <Qgen > (7)

where

T = Cell Temperature
* Tumb = Ambient Temperature
¢ Cy, = Thermal Capacity

¢ R;; = Thermal Resistance

F. Machine Learning Objective

The Al model predicts battery condition using:

g=rfWV,1,T) ®)

The optimization objective is:

1
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where 6 represents model parameters.

V. Proposed System Architecture and Methodology

The proposed EV Battery Monitoring and Cell Balancing Sys-
tem integrates Artificial Intelligence (AI), Machine Learning
(ML), Internet of Things (IoT), and embedded hardware to en-
sure safe and efficient battery operation. The architecture en-
ables real-time battery monitoring, intelligent fault detection,
and automated balancing control.
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Figure 1: Proposed AI-Based EV Battery Monitoring and Cell Balancing Block
Diagram

A. Overall System Architecture

The proposed block diagram consists of four major layers:
1. Sensor Layer
2. Processing Layer
3. Al Prediction Layer

4. Cloud Monitoring Layer

The sensor layer continuously collects battery parameters
and transmits them to the processing layer for analysis.

B. Sensor Layer

The sensor layer acquires battery data using:
* Voltage Sensors
e Current Sensors (INA219)

e Temperature Sensors (LM35)

These sensors provide real-time measurements required for
battery monitoring and balancing decisions.

C. Processing Layer
The ESP32 microcontroller performs:
* Data acquisition
* Signal filtering
* Data preprocessing
* Communication with cloud server

¢ Al inference execution

D. Al Prediction Layer

The machine learning model analyzes incoming battery param-
eters and predicts:

* State of Charge (SOC)

» State of Health (SOH)

¢ Cell Imbalance Condition
* Thermal Faults

 Battery Degradation Trends

E. Cloud Monitoring Layer

The cloud platform stores historical battery data and provides:
* Real-time dashboard
* Battery health reports
* Alert notifications

¢ Predictive maintenance information

VI. Hardware Components

The hardware implementation consists of the following compo-
nents:

Table 1: Hardware Components Used

Component Function
ESP32 Main Controller
INA219 Voltage/Current Measurement
LM35 Temperature Measurement
Relay Module Balancing Control
Cooling Fan Thermal Protection
Buzzer Fault Indication
16x2 LCD Local Display
Lithium-ion Cells Energy Storage

A. Battery Pack Configuration

The battery pack consists of multiple lithium-ion cells con-
nected in series.

Each cell is monitored independently to detect imbalance
conditions and ensure balanced charging and discharging.

B. Balancing Circuit

The balancing circuit is activated whenever:

AV > 0.05V (10)

where

AV = V;naz - szn (11)

The balancing mechanism redistributes energy among cells
to maintain uniform charge levels.



VII. Data Flow Process

The complete data flow process is shown below:
1. Measure voltage, current and temperature.
2. Send sensor data to ESP32.
3. Perform data preprocessing.
4. Execute Al prediction model.
5. Calculate imbalance index.
6. Determine balancing requirement.
7. Activate balancing circuit if necessary.
8. Upload data to cloud server.
9. Display results on LCD dashboard.

10. Generate alerts during abnormal conditions.

VIII. Proposed Machine Learning Algorithm

The proposed model utilizes a Deep Neural Network (DNN) for
battery condition prediction.

A. Input Features

The input vector contains:
* Voltage (V)
e Current (I)
e Temperature (T)

¢ Cell Imbalance Index (CII)

B. Network Architecture

The DNN architecture consists of:
 Input Layer
* Hidden Layer 1 (64 Neurons)
* Hidden Layer 2 (128 Neurons)
* Hidden Layer 3 (64 Neurons)

* Output Layer

ReLU activation functions are used in hidden layers.

C. Output Parameters

The output layer predicts:
* State of Charge (SOC)
¢ State of Health (SOH)
¢ Cell Balancing Requirement

* Battery Fault Status

IX. Results and Performance Evaluation

The proposed Al-based EV Battery Monitoring and Cell Bal-
ancing System was evaluated using both real-time experimen-
tal data and simulated battery operating conditions. The system
was tested under various charging, discharging, and tempera-
ture scenarios to validate its monitoring and balancing capabil-
ities.
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Figure 2: IoT-Based Battery Monitoring Dashboard

The dashboard provides continuous visualization of battery
voltage, current, temperature, SOC, SOH, and cell balancing
status.

A. Dataset Description

The dataset consists of lithium-ion battery measurements col-
lected under different operating conditions.
The monitored parameters include:

* Cell Voltage (V)

* Battery Current (A)

* Temperature (°C)

* Charge/Discharge Cycles
» Battery Capacity (Ah)

* Cell Imbalance Index

The dataset distribution is:



* Training Data: 70%

* Testing Data: 30%

B.  Performance Metrics

The following metrics are used for evaluation:
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C. System Validation

The system was validated under:

* Normal Operating Conditions

* High Temperature Conditions

Cell Imbalance Conditions

* Low Voltage Conditions

» Charging and Discharging Cycles

D. Performance Evaluation

Table 2: Performance Evaluation of Proposed Model

Metric Training | Testing
MAE (SOC) 0.015 0.021
RMSE (SOC) | 0.020 0.028
MAE (SOH) 0.018 0.025
RMSE (SOH) | 0.024 0.031

12)

(13)

The results demonstrate accurate battery condition prediction
with low estimation error.

E. Comparison with Existing Methods

Table 3: Comparison with Existing Techniques

Method MAE | RMSE | Accuracy (%)
Kalman Filter | 0.045 | 0.060 90.2
SVM 0.032 | 0.045 92.8
ANN 0.028 | 0.040 93.5
LSTM 0.020 | 0.030 95.6
Proposed DNN | 0.015 | 0.028 97.2

The proposed DNN-based approach achieves the highest pre-
diction accuracy while maintaining low computational com-

plexity.

Battery Percentage Graph (last 10 records)

Figure 3: Battery Percentage Variation Over Time

F.  Cell Balancing Performance

The Al-based balancing mechanism effectively reduced voltage
differences among battery cells.

Table 4: Cell Balancing Performance

Parameter Before Balancing | After Balancing
Maximum Cell Voltage 415V 410V
Minimum Cell Voltage 390V 4.08 V

Voltage Difference 025V 0.02V
Balancing Efficiency - 96.5%

The results indicate a significant reduction in cell voltage
mismatch, leading to improved battery utilization and lifespan.

G. Discussion

The obtained results demonstrate several advantages of the pro-
posed system:

¢ Accurate battery monitoring using Al techniques.

o Effective detection of cell imbalance conditions.

* Improved balancing efficiency.

* Enhanced battery safety and lifespan.

* Real-time IoT-based monitoring capability.

* Predictive maintenance support.

The integration of Al and IoT enables intelligent decision-
making and improves overall battery management perfor-
mance.



X. Conclusion

This paper presented an Al and Machine Learning based EV
Battery Monitoring and Cell Balancing System capable of mon-
itoring battery parameters in real time and detecting imbalance
conditions. The proposed architecture combines IoT-enabled
sensing, ESP32-based embedded hardware, cloud connectivity,
and deep learning techniques to improve battery safety, effi-
ciency, and lifespan.

The developed system successfully predicts battery condi-
tions, performs intelligent balancing decisions, and provides re-
mote monitoring capabilities. Experimental results demonstrate
improved balancing performance, reduced voltage mismatch,
and high prediction accuracy compared to conventional meth-
ods.

Future work will focus on active balancing techniques, dig-
ital twin integration, and federated learning approaches for
large-scale electric vehicle battery management systems.
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