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Abstract- Advancing the prospects of eco-friendly
transportation tends to correlate with optimizing energy
management. This paper describes the design and
implementation of a smart BMS which utilizes ML and IoT
technologies for real-time monitoring and predicting of
battery performance metrics.

The methodology used involves estimating the State of
Charge (SoC) and State of Health (SoH) of lithium-ion
batteries with pre-trained Random Forest and Decision
Tree models that draw from historical datasets and
incorporate voltage, current, and capacity metrics. Unlike
adaptive learning systems, this model is offline,
eliminating the need for frequent retraining while still
ensuring prompt and trusted predictions.

In its simplest form, an Arduino Uno microcontroller acts
as a data acquisition unit that gathers data from the
sensors to be sent to cloud. The processed data is
displayed on a web dashboard which serves as an interface
giving the user real time data on the battery performance.
This approach to battery monitoring offers an
unprecedented level of responsiveness, flexibility, and
affordability which improves the upkeep, lifespan, and
safety of the battery positioning it as a fundamental shift in
the construction in smart energy-efficient EV systems.
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1. INTRODUCTION

In today's era, we are surrounded by electronics devices
like the toothbrush we first touch in the morning to the
mobile we use to even the car we drive. Everything runs on
a power source like batteries and in fact mostly these
batteries are rechargeable Li Ion batteries. The charging
and discharging over a long period affects the health of
these batteries and it becomes very important to know the
health of batteries for safety purposes. That's when BMS

(Battery Management System) comes into play. A BMS is
an electronic system that manages and monitors a
rechargeable battery, either at the cell or pack level, by
gathering and transmitting important data on the battery's
state to an external interface where users can access it.
This data includes measurements such as current, voltage,
temperature, and coulomb count, which are used to assess
the health of the battery and take necessary actions to
protect it from harm. BMS are crucial for preventing
overcharging, overheating and deep discharge. Proper
battery monitoring improves efficiency, safety and
longevity of Li-lon batteries. [1]. A Battery Management
System (BMS) plays an essential role in monitoring key
parameters such as battery voltage, current, State of
Charge (SoC), and State of Health (SoH). The precision of
monitoring will ensure that the battery works effectively
and also, at the required time, gives a signal to the user
regarding whether it needs some sort of service or
replacement [2]. By using [oT and Machine Learning, it is
now possible to collect vast amounts of data about a
battery, such as its current state, temperature, and
charge/discharge cycles. This data canthen be used to
develop a predictive model which can be used to predict
the future performance of the battery and provide insights
into how to optimize battery use.

loT-based battery analytics can provide an effective way to
monitor and manage battery performance. By using
sensors to collect real-time data, it is possible to track the
health of the battery and receive alerts when it is time to
replace it. Additionally, this data can be used to develop
predictive models that can be used to forecast the future
performance of the battery and improve its overall
efficiency. [3] Machine Learning is also an important tool
for battery analytics. By wusing machine learning
algorithms, it is possible to analyze the data collected from
the sensors and identify patterns and trends that can be
used to improve battery performance. For example,
machine learning algorithms can be used to identify the
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optimal charging and discharging times for a battery, as
well as to detect anomalies in the battery's performance
that could indicate a potential problem.

By combining IoT and Machine Learning, it is now possible
to develop a comprehensive battery analytics system
which can provide valuable insights into the performance
of a battery. This system can be used to accurately predict
future performance and identify potential issues, allowing
for more effective management and improved
performance. Battery analytics using [oT and Machine
Learning is an important tool for improving the efficiency
and performance of batteries. By using this technology, it
is possible to collect and analyze large amounts of data to
identify trends and anomalies, as well as to develop
predictive models that can be used to optimize battery use.
By using this technology, it is possible to not only improve
the performance of batteries, but also to reduce the costs
associated with their use. [3]

2. RELATED WORK

There are several machine learning algorithms that can be
used in battery parameter prediction some of them are
mentioned below:

2.1 Space Vector Machine (SVM) 1t is used for
regression and classification, it tries to draw a smooth
curve which stays close to actual points of data set points
with minimum error. It is effective in high-dimensional
spaces. It is not suitable for large datasets due to its high
training time.[9]

2.2 Artificial Neural Network (ANN) It can measure
the non-linear dynamics of battery parameters, which
make it suitable for SoC and SoH prediction. It requires a
large amount of data to avoid over fitting. It is difficult to
interpret and debug. [10]

2.3 k-Nearest Neighbors (k-NN): 1t is a non-parametric
algorithm, which predicts output on the basis of majority
vote. It does not give good results with noisy data. It also
has a very slow data prediction speed. [11].

2.4 Decision Tree: 1t split the data into branches based
on their threshold features. It handles both categorical and
numerical data. It is less stable, and a single tree can be
prone to over fitting. [12]

2.5 Random Forest: It builds multiple trees and
accumulates their results to improve accuracy. It is very
good and precise for small data sets, does not require
heavy tuning [13]

2.6 Justification for using Random Forest: We have
chosen Random Forest Algorithm because:

1. The available data set in NASA website is small and
precise, also contains limited cycles per battery.

2. Random forest performs better on small size datasets
and does not require extensive hyper parameter tuning.
[13]

3. Compared to ANN and SVM it offers fast training and
better generalization in small datasets.

3. METHODOLOGY

3.1 Data Collection:

The dataset is taken from NASA Prognostics Data
Repository. [8]

a) Dataset description

1. Batteries were subjected to repetitive charging and
discharging cycles.

2. Each cycle contains measurement ofVoltage (V), Current
(A), Capacity (Ah)

b) Data processing

1. Extract discharge cycles only.

2. Remove noise and incomplete data. [6][8].

Accumulate parameters such as average voltage and
capacity per cycle.

3.2 SoC and SoH estimation from dataset:

a) SoC(State of Charge) calculation [6]

c
SoC = [“—’“] x 100%

nominal
Where:

Ceurrent = Capacity measured during current cycle
Crominat = Nominal capacity of the battery

b) SoH(State of Health) calculation [7] [5]:
SoC = [M] x 100%

initial
Where:

Cinitiat = Capacity at the beginning of the life

3.3. Model Training and Evaluation:

a) Feature Set Average Voltage Maximum Voltage,
Minimum Voltage, Discharge Cycle Capacity

b) Training Procedure

1.Split: Training 80%; Testing 20%

2. Algorithm: Random Forest (100 estimators)

3. EvaluationMatrices: Root Mean Square Error(RMSE)
Mean Absolute Error (MAE).
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Figure 1 Data Prediction

4. HARDWARE IMPLEMENTATION

This section gives the understanding of the components
and their importance such as micro controllers, sensors,
battery pack, LCD and monitoring system. These
components tell us about battery parameters so that we
can calculate SOC and SOH of the battery.

COMPONENT SPECIFICATIONS

Nominal voltage: 12V,
Capacity: 1Ah,

Charging voltage: 13-14V,
Discharge voltage: 10.5V,
Cycle life: 300-500 cycles,
Self-discharge rate: 5-10%
per month,

Operating temperature:
Bestat 25-35°C

BATTERY PACK

Operating Voltage: 3.0 -
5.5V

Input Voltage Range: 0 -
26V

Current Range: £3.2A

CURRENT SENSOR

Voltage range: 0-25V,
Accuracy: +1% (of reading)

VOLTAGE SENSOR

Microcontroller:
ATmega328P
Operating Voltage: 5V
Input Voltage : 7-12V

ARDUINO UNO

LCD Type: 16*2, Operating
Voltage : 4.7-5.3V at 1mA
Forward voltage: 2-2.5V

4.1 Arduino

The system integrates an Arduino micro controller with
sensor modules to capture real time data on the voltage
and current[4].Arduino is simple and versatile open source
microcontroller used for building complex electronic
circuits with relative is and considerable control.

Arduino help us to monitor various parameters such as
voltage, current and temperature through various sensors
in battery management system, it also helps in battery
protection from overcharging and overheating and
manage cell balancing effectively in multi cell pack.

For the advancement, we can use raspberry pi micro
controller because raspberry pi is more powerful than
Arduino UNO because it comes with a large processing
capacity Raspberry pi has multiple course, higher RAM and
support for connectivity build in such as Wi-Fi, HDMI, USB
ports, unlike Arduino with minimum memory and
processing capabilities. This gives raspberry pi ability to
do more advancement better than Arduino like data,
logging, image, processing, and real communication. In IOT
projects it supports high-level programming language
(python) with extensive libraries and software tools.

Microcontroller Specification

8-bit AVR

Operating voltage- 5v
Memory- 32KB

Clock Speed- 16MHz

Arduino Uno
(ATmega328P)

ESP32 32-bit Xtensa Dual-Core
Operating voltage- 3.3v
Memory- 4MB

Clock Speed- Upto 240 MHz

ARM Cortex-A72
Operating voltage- 5V
Memory- Upto 8 GB RAM
Clock Speed- 1.5GHz

Raspberry Pi

STM32F103 32-bit ARM Cortex-M3
Operating voltage- 3.3v
Memory- 64 KB

Clock Speed- 72 MHz

4.2 Voltage Sensor

A voltage sensor is a device used to measure electrical
potential difference between two terminals of a cell or a
battery pack. In a battery management system, a 25 V
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voltage sensor module is commonly used to measure
voltage of a cell or a overall battery pack, especially in
system where voltage level do not exceed 25 V. This sensor
converts the analogue voltage into a signal which is
readable for microcontrollers like arduino enabling real
time tracking of battery voltage. It also helps us to detect
over voltage and under voltage conditions which ensure
that battery operates within a safe limit and preventing
damage. This makes the 25 V voltage sensors crucial for
maintaining battery health, safety, and efficiency

Figure 2 Voltage Sensor

4.3 Current Sensor

A current sensor is a device that measures electric current
in a battery management system. We have used an INA219
current sensor which is known for its precision of
measuring current and voltage in a battery. Current sensor
checks the charging and discharging current in real time so
that overcurrent can be detected for battery protection. It
also helps to calculate power and energy consumption
which is needed for batteries, State of charge estimation.
INA219 in BMS is highly efficient and accurate for safe
operation.

Although INA219 can measure both voltage and current, a
separate voltage sensor - 25 V voltage sensor module is
used in the battery management system to improve the
accuracy and flexibility with this sensor. INA219 is mostly
useful when it comes to current sensing and the voltage of
a shunt resistor will drop across which is not so great for
direct monitoring of higher battery voltage. The 25 V
voltage sensors has built in voltage dividers so that it is
safer and simpler to interface with microcontrollers like
Arduino. Using a dedicated voltage sensor with the INA219
helps to measure cell voltage properly and ensure proper
battery protection and management with accuracy.

Figure 3 Current Sensor

Sensor Type Sensor Name Range
25V Voltage
Voltage Sensor | Sensor Module 0-25VDC
+3.2A (default)
Current Sensor INA219 0-26V (bus
voltage)
+5A, £204,
+30A
Current Sensor ACS712 (depending on
model)
Temperature -55°Cto
Sensor LM35 +150°C
Temperature -55°Cto
Sensor DS18B20 +125°C
Temperature NTC Varies by
Sensor Thermistor model
4.4 Battery Pack

We have used lithium ion cells for battery packs because
these are rechargeable cells. Lithium ion batteries have
high energy density which can store more energy in
compact size. It also has low self discharge rate and fast
charging capability

4.5 Lcd (Liquid Crystal Display)

LCDs are used to display output and desired result
obtained by the current sensor and voltage sensor through
the use of microcontroller arduino; it shows the calculated
result SOC and SOH.
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Figure 4 Hardware Implementation

5. CONCLUSION

This paper introduces an end-to-end and low-cost
predictive battery health monitoring solution through
integration of offline-trained Random Forest models and
IoT-enabled real-time sensing. Through using historical
battery performance data sets and incorporating the
embedded sensor systems, we were able to estimate
important battery health markers—State of Charge (SoC)
and State of Health (SoH)—with high accuracy. The
employment of Random Forest, being parameter-tuning
insensitive and robust, was especially useful with small
datasets like those in the NASA Prognostics Repository.
The system proposed provides a feasible alternative to
more hardware and computationally expensive solutions
and is therefore strongly indicated for scalable
deployment on Electric Vehicles (EVs), Renewable
Energy Storage, and Smart Grid applications. This
research paves the way towards future advancements in
adaptive learning, multi-cell balancing, and digital twin
technology to open up new frontiers for more intelligent
and autonomous battery management systems.

6. FUTURE WORK

The BMS framework proposed is the foundation for
intelligent, real-time battery monitoring. In spite of this,
a few modifications can significantly enhance its
flexibility and precision, as well as its intelligence:

1. Wireless connectivity through CAN Bus or BLE:
The adoption of a wireless communication protocol
(such as BLE, Zigbee, or Wi-Fi overESP32) by developers
would enhance the system's flexibility and compatibility
with distributed battery packs in EVs. Integration with
the vehicle's CAN Bus also facilitates data sharing with
onboard ECUs.

2. Real-Time Adaptive Learning: Online learning
models that continuously use live battery performance
data can be used in future versions, rather than pre-
trained static datasets. Incremental Random Forest,
Online Gradient Boosting, and Reinforcement Learning
are algorithms that can be used to improve prediction
accuracy by taking into account the context in which it is
applied.

3. RUL (Remaining Useful Life) Prediction: The use
of time-series data analysis and survival regression
models (such as LSTM, XGBoost, or Cox Proportional
Hazard Model) can result in the prediction of RUL, which
is an essential metric for fleet operators and EV
manufacturers to plan preventive maintenance.

4. Improved Self-Healing Alerts and Fault
Detection Systems:This allows the system to use
sensor fusion techniques combined with anomaly
detection algorithms (such as Isolation Forest or Auto
encoders) to detect and alert for patterns of thermal
runaway, overcharging and cell degradation before they
occur.

5. Cloud-Al Hybrid Architecture: The development
of such a system could involve both real-time prediction
using edge computing and the integration of cloud-based
Al platforms (such as AWS IoT Analytics, AzureML) for
model retraining, fleetwide analytics, and OTA updates).

6. Multi-Cell balancing and Control System: The
integration of active/passive cell balancing algorithms in
the system can enhance the monitoring and regulation of
multi-cell battery packs.

7.The use of Battery Digital Twin Models: Future
research may involve the use of a digital twin, i.e, an
online virtual physical battery system, for real-time
simulation, stress testing, and optimization using both
live and historical data
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