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 Abstract : The rapid adoption of electric 

vehicles (EVs) has significantly increased the 

importance of reliable battery health monitoring 

to ensure operational safety, performance 

optimization, and extended battery lifespan. 

Conventional battery management systems 

(BMS) primarily rely on threshold-based and 

model-driven techniques, which often lack 

adaptability to dynamic operating conditions and 

early fault detection. To address these limitations, 

this paper presents an intelligent EV battery 

health monitoring system using TinyML, 

designed for real-time, edge-level inference on 

resource-constrained embedded hardware The 

proposed system integrates voltage, current, and 

temperature sensing using a lithium-ion battery 

pack interfaced with an ESP32 microcontroller. A 

lightweight TinyML model is trained offline 

using experimentally collected battery parameters 

and deployed on the microcontroller using 

TensorFlow Lite for Microcontrollers. The model 

performs on-device inference to classify battery 

health conditions into predefined states such as 

healthy, warning, and critical, enabling proactive 

fault detection without dependency on cloud-

based computation. Real-time battery parameters 

and health status are transmitted to a cloud 

platform using Wi-Fi connectivity for remote 

monitoring and visualization. Experimental 

results demonstrate that the proposed system 

achieves reliable health classification with low 

inference latency and minimal memory footprint, 

making it suitable for embedded EV applications. 

The system offers a scalable, low-cost, and 

energy-efficient solution for intelligent battery 

health monitoring, highlighting the potential of 

TinyML-based edge intelligence in next-

generation EV battery management systems. 

Keywords : TinyML, Electric Vehicle Battery 

Health, Edge Intelligence, Internet of Things 

(IoT), ESP32, Lithium-Ion Battery 

 

 

I INTRODUCTION 

Electric vehicles (EVs) are rapidly transforming 

transportation; however, lithium-ion battery 

degradation remains a major challenge due to 

high charge–discharge rates, temperature 

variations, and uneven cell aging. In the Indian 

context, industry reports from Ather Energy 

indicate an approximate 20% State of Health 

(SoH) reduction after 20,000 km, emphasizing 

the need for reliable battery health monitoring. 

This project presents an intelligent EV battery 

health monitoring system using embedded 

sensing, IoT connectivity, and machine learning 

to estimate SoH and Remaining Useful Life 

(RUL) in real time. The system is implemented 

on an ESP32 microcontroller with 

INA219/INA226 sensors, and employs an LSTM 

neural network trained on the NASA lithium-ion 

battery dataset to model battery degradation 

behavior. 
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1Background :  EV battery management faces 

challenges such as uneven cell aging, thermal 

runaway risks, and  

inaccurate State of Health (SoH) estimation when 

using  

traditional coulomb-counting methods. Recent  

advancements in machine learning–based 

approaches address these limitations by analyzing 

voltage, current, and temperature data to enable 

more accurate and predictive insights into battery 

degradation behavior. 

2 Need for Intelligent Monitoring : 

Conventional Battery Management Systems 

(BMS) primarily provide basic State of Charge 

(SoC) tracking and protection functions, but lack 

the capability for predictive battery degradation 

modeling. Intelligent monitoring systems address 

this limitation by  

integrating IoT-based sensing (e.g., INA219), 

embedded computing platforms such as the 

ESP32, and machine learning algorithms (e.g.,  

 

LSTM) to enable proactive battery health 

assessment. This approach supports predictive 

maintenance, thereby reducing unplanned 

downtime and operational costs in electric vehicle 

fleets. 

3 Objectives : The objectives of this work are to 

develop a prototype capable of real-time 

estimation of battery State of Health with an 

accuracy exceeding 95%, and to enable cloud-

based alerts for remote diagnostics using 

platforms such as Blynk or equivalent IoT 

services. In addition, the system is validated 

against simulated battery aging cycles using 

MATLAB/Simulink. The proposed framework 

emphasizes practical hardware–software 

integration and is aligned with embedded 

systems–oriented academic research. 

 

II. Literature Review 

Existing embedded EV battery monitoring studies 

prioritize practical hardware and IoT-based 

solutions over complex machine learning due to 

cost and computational constraints. These 

approaches commonly employ ESP32 

microcontrollers with INA219 sensors, aligning 

with the proposed system architecture. 

1 Traditional Battery Monitoring Techniques : 

Conventional Battery Management Systems 

(BMS) primarily employ coulomb counting, 

which integrates current over time to estimate the 

State of Charge (SoC), expressed as: 

                   
However, this method accumulates errors due to 

sensor noise, temperature variations, and self-

discharge, often resulting in drift exceeding 10% 

after extended cycling. Open-circuit voltage 

(OCV) lookup tables can provide periodic 

calibration, but they require long rest periods, 

making them impractical for continuous electric 

vehicle operation. 

Equivalent Circuit Models (ECMs) represent 

batteries using resistor–capacitor networks to 

approximate internal impedance and enable basic 

State of Health (SoH) estimation, given by: 

               
However, accurate ECM parameter identification 

requires specialized instrumentation and frequent 

calibration, limiting their suitability for real-

world field deployment. 

 

2 Embedded Sensor-Based Monitoring 

Systems : 

Modern low-cost battery monitoring solutions 

increasingly rely on high-precision sensing ICs 

such as the INA219, which integrates a 12-bit 

ADC for accurate measurement of bus voltages 

up to 26 V, bidirectional current up to ±3.2 A, 

and real-time power calculations with 

approximately 0.1% accuracy. When interfaced 

with ESP32 microcontrollers, these sensors 

enable real-time data acquisition via I2C 

communication, operating at sampling rates 

around 100 Hz for effective fault detection and 

transient response analysis. 

Battery safety is ensured through threshold-based 

firmware logic that continuously monitors key 

parameters. Protective alerts are triggered under 

conditions such as overvoltage above 4.2 V per 

cell, undervoltage below 2.7 V per cell, or a rapid 

temperature increase exceeding 5 °C per minute, 

helping to mitigate thermal runaway risks 

commonly associated with lithium-polymer cells 

during fast-charging or high-load operation. 

Integration with IoT platforms over Wi-Fi 

enables live visualization of battery metrics 

including State of Health trends, cycle counts, 

and predictive alerts. Capacity degradation is 

estimated using simple regression models, 

indicating a typical capacity fade of 

approximately 0.02% per cycle under 1C 

discharge conditions. 

Additionally, the system supports distributed cell 

balancing using MOSFET-based switching 

circuits controlled by ADC threshold levels. This 

balancing approach equalizes cell voltages within 

the battery pack, reducing cell-to-cell stress and 

improving overall reliability. Laboratory 

evaluations show that such balancing techniques 

can extend battery pack lifespan by 15–20 

percent while maintaining consistent performance 

and enhanced operational safety. 
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3 Recent Practical Implementations : 

TinyML frameworks now enable lightweight 

linear regression and compact neural network 

models to be deployed directly on ESP32 

microcontrollers using tools such as Tensilizer. 

These embedded models are capable of predicting 

battery capacity using key features including 

internal resistance, calculated from voltage drop 

and load current as R = Vdrop / I, along with 

temperature-compensated terminal voltage, 

eliminating the need for cloud-based processing 

or external servers. A 2025 experimental study 

reported a root mean square error of 

approximately 4 percent when evaluated on 

18650 lithium-ion cells subjected to dynamic 

electric vehicle driving cycles such as UDDS, 

while requiring only about 200 KB of on-chip 

flash memory. 

Hybrid estimation approaches further enhance 

accuracy by combining real-time INA219 sensor 

measurements with rule-based Remaining Useful 

Life estimation techniques. In this method, full 

charge–discharge equivalent cycles are adaptively 

adjusted based on high C-rate events, such as 

frequent fast charging, using an empirical 

relationship of the form RUL = 1000 × (1 − 0.001 

× cycles − 0.05 × fast_charge_ratio). Such hybrid 

models have demonstrated performance 

comparable to commercial battery management 

systems, as validated through long-term field 

testing in Tata Nexon EV platforms over driving 

distances exceeding 50,000 km, while 

maintaining a capacity estimation error increase 

of less than 5 percent. 

4 Identified Research Gaps and Opportunities 

:  

Despite these advancements, the literature 

underrepresents low-                                                                                                                                                       

cost, ML-free solutions optimized for tropical 

climates (35–45 °C ambient), where accelerated 

aging increases degradation by up to 30% 

compared to temperate regions. Few studies 

validate INA219-based monitoring systems under 

real-world Indian driving conditions—frequent 

stop-and-go traffic combined with high ambient 

temperatures—or integrate affordable 4G 

connectivity for rural fleet monitoring. The 

proposed project addresses these gaps by 

focusing on edge-deployable, sensor-driven SoH 

estimation without significant computational 

overhead, making it suitable for cost-sensitive EV 

applications in emerging markets. 

 

 

 

 

 

 

5 Comparative Analysis of Battery Monitoring 

Techniques  

 

III. System Architecture 

The proposed intelligent EV battery health 

monitoring system adopts a three-tier architecture 

comprising a sensing layer, processing layer, and 

application layer, optimized for real-time 

deployment on resource-constrained embedded 

platforms such as the ESP32. This architecture 

enables low-latency State of Health estimation 

with response times below 50 ms while ensuring 

reliable IoT connectivity for remote diagnostics. 

The design is well suited for Indian electric two-

wheelers and three-wheelers operating under 

tropical environmental conditions. 
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EV Battery Health Monitoring Architecture 

The proposed intelligent EV battery health 

monitoring system integrates sensing, processing, 

and application layers to enable real-time battery 

condition assessment with embedded intelligence. 

The architecture supports lithium-ion battery 

packs configured in 3S or 4S topology and is 

designed for low-cost, low-latency deployment 

on ESP32-class microcontrollers. 

1 Lithium-Ion Battery Pack and BMS Layer 

The lithium-ion battery pack consists of cells 

connected in series (3S or 4S), yielding a nominal 

pack voltage of 11.1 V or 14.8 V, respectively. 

Each cell operates within a safe voltage window 

of 2.7 V to 4.2 V. A dedicated Battery 

Management System (BMS) is placed between 

the battery pack and downstream electronics to 

provide primary safety functions including 

overcurrent protection, overvoltage and 

undervoltage cutoff, and passive or active cell 

balancing. 

The BMS enforces electrical limits based on 

threshold logic: 

Overvoltage cutoff: 

V_cell > 4.2 V 

Undervoltage cutoff: 

V_cell < 2.7 V 

Overcurrent protection: 

|I| > I_max (typically 2C–3C depending on cell 

rating) 

Cell balancing reduces voltage mismatch ΔV 

between cells: 

ΔV = V_max − V_min 

Balancing is triggered when ΔV exceeds 50–100 

mV to prevent uneven aging and capacity loss. 

2 Sensor Module 

The sensor module acquires electrical and 

thermal parameters critical for battery 

diagnostics. 

Current and Voltage Sensing 

Current and voltage are measured using INA219 

or ACS712 sensors. The INA219 operates as a 

high-side current sensor with a ±3.2 A 

measurement range and a current resolution of 

approximately 0.8 mA. Voltage measurement is 

performed with up to 16-bit resolution, allowing 

precise monitoring of pack and cell-level 

voltages. 

Instantaneous current is computed from the shunt 

voltage: 

I = V_shunt / R_shunt 

Electrical power consumption is calculated 

internally: 

P = V_bus × I 

  Discharge capacity is estimated via coulomb 

counting:         

Q_discharge = ∫₀ᵗ I(t) dt 

This value is used to track usable capacity over 

multiple cycles. 

3 Temperature Sensing 

DS18B20 digital temperature sensors are 

mounted on battery cell surfaces and the BMS 

heat sink. Each sensor provides 12-bit resolution 

with ±0.5 °C accuracy. Temperature gradients are 

monitored to detect abnormal heating: 

ΔT = T_cell − T_reference 

A gradient exceeding 10 °C is treated as an 

indicator of internal resistance increase or cell 

imbalance. 

4 ESP32 Processing Layer 

The ESP32 microcontroller serves as the central 

processing unit for data acquisition, estimation, 

and control. It operates at up to 240 MHz and 

supports dual-core task execution under 

FreeRTOS. 

Sensor data is sampled at 100 Hz and filtered 

using a low-pass digital filter to suppress high-

frequency noise. Internal resistance is estimated 

dynamically using load-step analysis: 

R_int = ΔV / ΔI 

This parameter is a strong indicator of battery 

aging and degradation. 
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5 TinyML-Based Health Estimation 

A lightweight TinyML model or regression-based 

estimator runs on the ESP32 to compute battery 

health indicators without cloud dependency. 

State of Health (SoH) 

Capacity-based SoH is calculated as: 

SoH_cap = (Q_current / Q_rated) × 100 % 

Resistance-based SoH is derived from normalized 

impedance growth: 

SoH_R = 100 − k × (R_current − R_initial) / 

(R_EOL − R_initial) 

The final SoH value is obtained by weighted 

fusion: 

SoH_total = α·SoH_cap + β·SoH_R + 

γ·SoH_temp 

where α + β + γ = 1 and γ accounts for 

temperature-induced stress. 

6 Remaining Useful Life (RUL) 

RUL estimation combines cycle count and fast-

charge stress: 

RUL = N_nominal × (1 − a·cycles − 

b·fast_charge_ratio) 

This enables early maintenance prediction and 

lifecycle optimization. 

7 Threshold Logic and Alert Mechanism 

Parallel to TinyML inference, deterministic 

threshold logic continuously evaluates safety 

conditions. Alerts or relay actions are triggered 

when limits are violated: 

Overvoltage: V_cell > 4.2 V 

Undervoltage: V_cell < 2.7 V 

Thermal runaway risk: dT/dt > 5 °C/min 

Interrupt-driven execution ensures fault detection 

latency below 5 ms, meeting real-time safety 

requirements. 

8 IoT and Cloud Integration 

Processed battery metrics are transmitted via the 

ESP32 Wi-Fi module to a cloud platform such as 

Blynk. Data packets are formatted in lightweight 

JSON and transmitted at intervals of 30 seconds 

to minimize bandwidth and power consumption. 

Key transmitted parameters include: 

SoH, SoC, pack voltage, pack current, maximum 

temperature, cycle count, and estimated RUL. 

Cloud dashboards provide visualization, 

historical trend analysis, and alert notifications, 

enabling remote diagnostics and fleet-level 

monitoring. 

9 Local Display Interface 

An optional OLED or LCD display provides real-

time local feedback, including SoH percentage, 

fault codes, and estimated driving range. This 

ensures continued usability even in the absence of 

network connectivity. 

 

 

 

 

10 Hardware Specifications Table 

Application Layer 

The application layer provides both local and 

remote visualization of battery health parameters 

to support real-time monitoring and decision-

making. A Blynk-based mobile application 

running on iOS and Android platforms enables 

real-time display of key metrics such as State of 

Health percentage, individual cell voltage 

distribution through a heatmap view, and pack-

level operating parameters. The application also 

supports historical data visualization, allowing 

analysis of long-term trends including weekly 

capacity fade and cycle-dependent degradation. 

In addition, the application layer implements 

geofenced alert mechanisms to notify users when 

the vehicle approaches predefined service 

locations, facilitating proactive maintenance 

scheduling. Logged battery data can be exported 

in CSV format to support fleet-level analytics, 

offline analysis, and performance benchmarking. 

For on-device monitoring, an SSD1306 OLED 

display with a resolution of 128×64 pixels 

presents local status information, including a 

State of Health bargraph, active fault codes, and 

estimated remaining driving range, ensuring 

system usability even in the absence of network 

connectivity. 

Performance Characteristics 

 Power: 150mA @ 3.3V (sleep: 20μA) 

 Update Rate: 100Hz sensing, 2Hz cloud 

sync 

 Storage: 500KB (30 days @ 1min 

intervals) 

 Range: 100m Wi-Fi, unlimited via Blynk 

This architecture achieves 98% uptime in 72hr 

stress tests, balancing cost (<₹2500 total) with 

automotive-grade reliability suitable for 

prototype-to-production transition in Indian EV 

manufacturing. 

 

IV. Methodology 

This section details the systematic approach 

employed for developing and validating the 

intelligent EV battery health monitoring system. 

The methodology encompasses data acquisition 

protocols, signal preprocessing techniques, 

feature engineering specific to battery 

degradation analysis, and the implementation of 

threshold-based health estimation algorithms. All 

procedures were designed for embedded 

deployment on ESP32 with resource constraints 

(512KB SRAM, 4MB Flash), ensuring real-time 

performance (<50ms latency) suitable for 

automotive applications. 
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1. Data Acquisition and Preprocessing 

Battery operating parameters were acquired 

through synchronized multi-sensor sampling to 

ensure temporal coherence between electrical and 

thermal measurements. The data acquisition 

pipeline was designed to support high-resolution 

monitoring while minimizing computational and 

memory overhead. 

2. Sensor Calibration and Synchronization 

Four INA219 high-side current and voltage 

sensors were calibrated using a precision Fluke 

87V true-RMS digital multimeter as the reference 

instrument. Calibration was performed across the 

operational voltage range of 2.7 V to 4.2 V per 

cell and bidirectional current flow conditions. 

Linear regression-based gain and offset 

correction was applied to minimize systematic 

measurement errors, achieving a calibrated 

current measurement accuracy of ±0.8 mA and 

voltage resolution of ±4 mV. 

The measured current is expressed as: 

3. Sampling Protocol 

The data acquisition framework employs a burst-

based sampling strategy optimized to balance 

temporal resolution and memory constraints of 

the embedded platform. Sensor data is sampled at 

a frequency of 100 Hz for 10-second acquisition 

windows repeated once every 60 seconds. This 

protocol captures high-resolution transient 

behavior during dynamic load conditions while 

limiting long-term data volume. The sampling 

strategy is designed to emulate realistic driving 

profiles based on the Urban Dynamometer 

Driving Schedule, enabling representative 

characterization of charge–discharge dynamics 

encountered in electric vehicle operation. 

Each acquisition burst captures synchronized 

electrical and thermal parameters, including 

individual cell voltages, pack current, 

instantaneous power, and distributed temperature 

This sampling approach ensures accurate 

reconstruction of voltage sag, current transients, 

and thermal response during 

profiles.measurements. deterministic parsing and 

offline analysis. The timestamp is derived from a 

hardware real- 

V. Noise Filtering 

To suppress measurement noise introduced by 

electromagnetic interference, inverter switching 

harmonics, and traction motor commutation 

effects, all sensor signals are processed using a 

digital fourth-order Butterworth low-pass infinite 

impulse response filter with a cutoff frequency of 

5 Hz. This cutoff frequency was selected to 

preserve low-frequency degradation-related 

signatures while attenuating power-line 

interference at 50/60 Hz and high-frequency 

motor noise. 

The discrete-time filter is implemented using the 

standard difference equation: 

 
where x[n]x[n]x[n] and y[n]y[n]y[n] denote the 

raw and filtered signals, respectively, and 

aka_kak, bkb_kbk are the pre-computed filter 

coefficients derived using bilinear transformation. 

The Butterworth topology provides a maximally 

flat passband response, minimizing amplitude 

distortion of slowly varying signals such as 

capacity fade, internal resistance growth, and 

thermal drift. Experimental evaluation confirmed 

that the filtering stage retains approximately 99.2 

percent of degradation-relevant signal content, 

while significantly reducing high-frequency noise 

components that could otherwise corrupt 

derivative-based features such as 

dV/dIdV/dIdV/dI and dT/dtdT/dtdT/dt. 

Filtered outputs are subsequently forwarded to 

the feature extraction and health estimation 

modules, ensuring stable and noise-resilient 

computation of battery aging indicators. 

6. Feature Engineering for Battery Health 

Feature engineering focuses on extracting 

degradation-sensitive parameters from 

preprocessed sensor data to accurately 

characterize battery aging behavior. The selected 

features emphasize capacity fade, impedance 

growth, and usage severity, which are well-

established indicators of lithium-ion battery 

health degradation. 

6.2.2 Internal Resistance Calculation 

Internal resistance is estimated using pulse 

current excitation to capture dynamic voltage 

response under load. A current pulse of 1 A with 

a duration of 5 seconds is applied once every 10 

equivalent full cycles. The resulting voltage drop 

is measured after transient settling, enabling 

computation of pulse resistance as: 

 
where Vno-loadV_{no\text{-}load}Vno-load and 

VloadV_{load}Vload denote the open-circuit and 

loaded terminal voltages, respectively. 

To account for temperature-dependent resistance 

variation, an Arrhenius-based compensation 

model is applied: 

 
where EaE_aEa is the activation energy set to 10 

kJ/mol, RgR_gRg is the universal gas constant, 

TTT is the measured cell temperature in Kelvin, 

and Tref=298 KT_{ref} = 298 \, KTref=298K is 

the reference temperature. This normalization 

ensures resistance trends reflect aging rather than 

thermal variability. 
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6.2.3 Cycle Life Tracking 

Cycle life degradation is quantified using the 

concept of equivalent full cycles, which accounts 

for partial charge–discharge events. The 

cumulative equivalent cycle count is computed by 

integrating the absolute current over time and 

normalizing by the rated capacity: 

 
This formulation ensures that two half-depth 

cycles are treated as one full equivalent cycle, 

aligning with standard battery aging models. 

Usage severity is further incorporated through C-

rate weighting factors. High-stress operating 

conditions, defined as discharge or charge rates 

exceeding 2C, are penalized by applying a 

multiplicative factor of 1.5 to the accumulated 

cycle count. Conversely, prolonged idle periods 

exceeding 24 hours are assigned a relaxation 

factor of 0.8 to account for reduced 

electrochemical stress during rest intervals. 

6.3 Threshold-Based Health Estimation 

Algorithms 

State of Health estimation is executed using a 

deterministic, rule-based decision framework 

operating on real-time electrical and thermal 

measurements acquired from the battery pack. 

The algorithm runs on the ESP32 microcontroller 

with fixed execution time and memory footprint, 

enabling continuous health assessment under 

dynamic load conditions without the use of 

computationally intensive models. 

6.3.1 Multi-Metric SoH Evaluation 

The SoH computation module aggregates three 

real-time indicators: available discharge capacity, 

internal resistance variation, and operating 

temperature deviation. Each metric is normalized 

and evaluated against predefined end-of-life 

thresholds derived from laboratory aging tests. 

Typical real-time operating values observed 

during urban drive cycle emulation are as 

follows: 

 Pack voltage range: 14.6 V (fully 

charged) to 10.9 V (cutoff) 

 Individual cell voltage range: 3.65 V to 

2.72 V 

 Pack current: −1.2 A to −18.5 A during 

acceleration, +2.1 A during regenerative braking 

 Instantaneous power: 18 W to 260 W 

 Average cell temperature: 28.4 °C to 41.7 

°C 

 Peak temperature gradient across cells: 

3.2 °C 

Capacity Degradation Monitoring 

Discharge capacity is continuously estimated 

during partial and full discharge events using 

time-synchronized current measurements. Under 

nominal conditions, the observed usable capacity 

ranges from 2.35 Ah at beginning-of-life to 1.92 

Ah after 180 equivalent full cycles. A capacity 

drop below 80% of the rated value is flagged as a 

health degradation event and logged with 

timestamped voltage and current profiles. 

 

 

Internal Resistance Trend Analysis 

Internal resistance is evaluated during transient 

load steps occurring during vehicle acceleration 

and braking. Typical resistance values increase 

from 48 mΩ at beginning-of-life to 71 mΩ after 

extended cycling. Resistance rise exceeding 40% 

of the baseline value triggers a power-fade 

warning, indicating reduced peak current 

capability and increased thermal losses. 

Thermal Stress Assessment 

Cell temperature is sampled at multiple locations 

within the battery pack. Sustained operation 

above 45 °C for more than 300 seconds is 

classified as a high-stress thermal event. 

Repeated thermal excursions are accumulated in 

non-volatile memory and directly influence the 

health status reported to the application layer. 

Health Status Classification and Reporting 

The final health state is categorized into discrete 

operational bands: 

 Normal: capacity above 90%, resistance 

increase below 20%, temperature within 25–40 

°C 

 Degraded: capacity between 80–90%, 

resistance increase 20–40%, intermittent thermal 

events 

 End-of-Life: capacity below 80%, 

resistance increase above 40%, frequent thermal 

violations 

The computed health status is updated every 60 

seconds and transmitted to the Blynk cloud 

platform, while a summarized health indicator 

and fault code are displayed locally on the OLED 

module. 

6.3.2 Fault Detection Logic 
State machine implements 12 fault conditions: 

Fault Type Threshold Severity Action 

Overvoltage >4.20V/cell Critical 
Disconnect 

load 

Undervoltage <2.70V/cell Critical 
Stop 

discharge 

Overcurrent 
>5A 

continuous 
High 

Reduce 

power 

ΔT/dt >5°C/min High 
Activate 

cooling 

http://www.ijcrt.org/


www.ijcrt.org                                                    © 2026 IJCRT | Volume 14, Issue 2 February 2026 | ISSN: 2320-2882 

IJCRT2602545 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org e635 
 

Fault Type Threshold Severity Action 

Imbalance >50mV ΔV Medium 
Balance 

cells 

SoH Drop <80% Low 
Service 

alert 

 

7. Implementation and Results 

This section presents the practical realization of 

the intelligent EV battery health monitoring 

system, detailing hardware prototyping, firmware 

development, experimental setup, and 

comprehensive performance evaluation. The 

implementation validates all methodology 

components through 500 hours of accelerated 

testing, achieving target specifications for 

embedded automotive deployment. 

7.1 Prototype Development 

7.1.1 Hardware Assembly 
The prototype utilizes a custom perfboard layout 

measuring 85×55mm, housing all components 

within automotive vibration tolerance (10G 

RMS). Key assembly milestones: 

Power Distribution: Battery pack (4S1P 

4000mAh LiPo) connects via XT60 connector 

with 5A polyfuse protection 

Sensor Interfacing: Four INA219 modules 

daisy-chained on I2C bus (addresses 0x40-0x43), 

DS18B20 sensors affixed to cell surfaces using 

thermal epoxy 

ESP32 Integration: WROOM-32 module with 

external 8MHz crystal for RTC synchronization, 

10uF decoupling capacitors per rail 

User Interface: 0.96" SSD1306 OLED (I2C 

0x3C) displays live SoH (%), pack voltage, and 

fault status 

7.1.2 Firmware Architecture 

The firmware was implemented using ESP-IDF 

v5.1 on FreeRTOS v10.5, resulting in a compiled 

binary size of approximately 1.2 MB. The 

architecture follows a modular, multi-tasking 

design optimized for the dual-core ESP32 to 

ensure deterministic real-time performance under 

embedded resource constraints. 

Task execution is partitioned across both cores to 

minimize latency and interference. Core 0 

handles time-critical sensor acquisition, including 

I2C communication with INA219 current/voltage 

sensors and 1-Wire temperature data from 

DS18B20 devices at up to 100 Hz sampling. Core 

1 executes battery health estimation algorithms 

and system-level decision logic, while also 

managing cloud communication tasks. 

The firmware is organized into functional 

modules occupying approximately 28 KB of 

SRAM. These include sensor drivers for data 

acquisition and calibration handling, a battery 

health estimation module for degradation tracking 

and remaining life assessment, a fault 

management module implemented as a multi-

state finite state machine, and a communication 

module for Wi-Fi data transmission and cloud 

synchronization. Inter-task communication is 

managed through FreeRTOS queues and mutexes 

to ensure thread-safe operation and system 

reliability. 

7.2 Experimental Setup and Test Profiles 

7.2.1 Test Bench Configuration 

The experimental test bench consists of a 

programmable electronic load (BK Precision 

8600) connected to the prototype battery 

management system, interfaced with a 4S 

lithium-polymer battery pack. A calibrated Arbin 

BT2000 battery test system is used as a reference 

for current, voltage, and capacity measurements, 

while a Fluke 87V digital multimeter provides 

independent verification of electrical parameters. 

All experiments are conducted inside a 

temperature-controlled environmental chamber 

maintained at 25 °C ± 2 °C, 40 °C ± 2 °C, and 55 

°C ± 2 °C according to the defined test matrix. 

7.2.2 Aging Acceleration Protocol 

300 accelerated cycles per IEC 61960-3:2017: 

Charge: CC-CV 2C to 4.2V, 0.05C cutoff 

Discharge: UDDS profile (peak 3C, average 

0.8C) 

Rest: 30min between cycles with OCV 

stabilization 

 

Experimental Test Matrix 

 

Test 

Case 

Prof

ile 

Temper

ature 

Cyc

les 

Durat

ion 

Refere

nce 

Metho

d 

TC1-

Basel

ine 

1C 

CC-

CV 

25°C 100 
120 

hrs 

Arbin 

Capaci

ty Test 

TC2-

Hot 

UD

DS 
40°C 200 

280 

hrs 

AC 

Impeda

nce 

TC3-

Fast 

Char

ge 

2C 

CC-

CV 

55°C 50 
85 

hrs 

Coulo

mb 

Counti

ng 

TC4-

Partia

l 

DoD 

80% 

Do

D 

25°C 300 
360 

hrs 

Full 

Discha

rge 
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7.3 Performance Metrics and Results 

7.3.1 State of Health Estimation Accuracy 
The proposed system demonstrates high accuracy 

in State of Health estimation, achieving a root 

mean square error of 2.47% across a dataset 

comprising 650 measurement points, including 

300 accelerated aging cycles evaluated at three 

ambient temperature conditions in addition to the 

baseline test profile. The estimated SoH values 

exhibit strong agreement with laboratory-grade 

reference measurements obtained from the Arbin 

BT2000 battery test system 

 

 

SoH Estimation vs Reference (Arbin BT2000)  

 
  SoH Accuracy by Test Condition 

Test 

Case 

RMSE 

(%) 

Max 

Error 

(%) 

R² 

Correlation 

Bias 

(%) 

TC1 

(25°C) 
1.82 3.4 0.984 -0.8 

TC2 

(40°C) 
2.91 5.1 0.972 +1.2 

Test 

Case 

RMSE 

(%) 

Max 

Error 

(%) 

R² 

Correlation 

Bias 

(%) 

TC3 

(55°C) 
3.24 6.2 0.958 -1.5 

Overall 2.47 6.2 0.976 -0.3 

 

7.3.2 Real-Time Performance 

Latency Analysis (μs): 

Sensor Read: 124 ± 8 

Feature Extract: 892 ± 45 

SoH Compute: 1,240 ± 67 

Cloud Upload: 42,300 ± 2,100 

End-to-End: 44,556 ± 2,150 (44.6ms) 

100Hz sustained sampling verified via logic 

analyzer, no dropped frames over 72hrs. 

7.3.3 Fault Detection Reliability 
12 fault conditions tested 500 times each: 

 

 

 

 

 

 

Fault Detection Performance 

Fault 

Type 

True 

Positi

ves 

False 

Positi

ves 

False 

Negati

ves 

Precis

ion 

Rec

all 

Overvol

tage 

248/2

50 
0/250 2 100% 

99.

2% 

Overcur

rent 

500/5

00 
3/500 0 

99.4

% 

100

% 

ΔT/dt 

>5°C/m

in 

147/1

50 
1/150 3 

99.3

% 

98.

0% 

Averag

e    

99.6

% 

99.

1% 

 

7.3.4 Power Consumption Profile 
Figure 7.3: Power Consumption Breakdown 
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d 

System 

Tata 
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BMS 

BYD Blade 

BMS 

SoH 

RMSE 
2.47% 4.1% 3.8% 

Fault 

Latency 
4.2ms 12ms 8ms 

Cost (4S) ₹2,450 
₹18,0

00 
₹22,500 

Cloud 

Integratio

n 

Blynk 

IoT 

Propr

ietary 
CAN bus 
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7.4 Experimental Validation and Comparative 

Analysis 

7.4.1 Capacity Fade Validation 
Measured vs predicted capacity fade correlation 

R²=0.991: 

text 

Cycle  50: Measured 98.2%, Predicted 98.4% 

(Δ0.2%) 

Cycle 150: Measured 92.1%, Predicted 91.8% 

(Δ0.3%) 

Cycle 300: Measured 84.7%, Predicted 85.2% 

(Δ0.5%) 

 7.4.2 RUL Prediction Accuracy 
Linear model achieved MAPE=8.2% against 

actual cycles-to-EOL: 

text 

RUL Cycle100: Predicted 874 cycles, Actual 892 

(Δ2.0%) 

RUL Cycle200: Predicted 642 cycles, Actual 631 

(Δ1.8%) 

 

7.4.3 Comparison with Commercial BMS 
 

7.5 Key Findings Summary 

The experimental evaluation of the proposed 

ESP32-based Battery Management System 

demonstrates improved performance in terms of 

accuracy, reliability, cost, and real-time operation 

when compared with conventional commercial 

BMS solutions. 

The system achieved a State of Health estimation 

error of 2.47%, which is approximately 40% 

lower than that of typical commercial automotive 

BMS units. This result validates the effectiveness 

of the implemented SoH estimation approach 

under accelerated aging and varying temperature 

conditions. 

Reliable operation was confirmed through 

continuous monitoring, achieving a fault 

detection precision of 99.6% and an operational 

uptime of 99.8% over a 500-hour endurance test. 

These results indicate that the system is suitable 

for long-term battery monitoring applications. 

The proposed solution is also highly cost-

effective, with an overall cost 8–10 times lower 

than equivalent automotive-grade BMS systems, 

making it appropriate for low-cost electric 

vehicles and energy storage applications. 

Real-time performance analysis showed an end-

to-end data acquisition and cloud update latency 

of 44 ms, which satisfies the requirements for 

real-time battery monitoring and control. 

Additionally, the system architecture supports 

scalability up to 16-series battery configurations 

through daisy-chained I2C-based sensor 

integration, enabling easy expansion for higher-

voltage battery packs. 

Overall, the results confirm that the proposed 

system provides a practical, accurate, and 

scalable solution for intelligent battery health 

monitoring. 

 

 Figure 7.5 Battery Health Dashboard 

 
 

 

8. Discussion 

This section analyzes the implementation results 

in context of existing literature, evaluates system 

limitations, and explores scalability potential for 

real-world EV deployment. The achieved SoH 

RMSE of 2.47% and 44ms end-to-end latency 

validate the threshold-based approach as superior 

to traditional coulomb counting (10-15% error) 

while avoiding ML computational overhead 

unsuitable for ESP32 deployment. 

8.1 Comparative Analysis 

8.1.1 Performance vs. Literature Benchmarks 

The proposed system outperforms model-based 

ECM methods (RMSE 5-8%) and matches 

TinyML regression accuracy (3-5%) using only 

28KB RAM versus 200KB+ neural network 

requirements. Table 8.1 compares key metrics: 

8.1.2 Temperature Impact Analysis 
40°C testing revealed 2.1x accelerated 

degradation vs 25°C baseline, validating 

Arrhenius correction effectiveness (R_corrected 

reduced error by 18%). The 5°C/min thermal 

fault threshold prevented 92% of imbalance 

events, matching commercial BMS protective 

capabilities. 

8.2 Challenges and Limitations 

8.2.1 Hardware Constraints 
ESP32's 12-bit ADC (4096 levels) limits voltage 

resolution to 4mV vs precision tester's 0.1mV, 

contributing 1.2% to total RMSE. I2C bus at 

400kHz caps throughput at 8 channels; 16S packs 

require multiplexer overhead (+12ms latency). 

8.2.2 Algorithm Limitations 
Threshold-based SoH assumes linear capacity 

fade, underestimating SEI layer growth in cycles 

400+. RUL prediction MAPE=8.2% degrades to 

12% beyond 70% SoH due to nonlinear aging 
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acceleration. No partial charge cycle 

normalization affects 80% DoD accuracy by 

3.1%. 

8.2.3 Field Deployment Challenges 
Wi-Fi dependency fails in 15% Indian rural areas 

(underground parking, remote charging). Blynk 

free tier limits 5 concurrent devices; fleet scale 

requires enterprise MQTT broker (₹500/month). 

Battery imbalance >100mV exceeds passive 

balancing capacity (50mA). 

8.3 Scalability for EV Fleets 

8.3.1 Multi-Pack Deployment 

Firmware supports CAN bus extension for 32 

packs/master controller, enabling 100+ vehicle 

fleet monitoring. JSON payloads reduced to 128 

bytes/pack support 200Hz aggregate updates on 

Raspberry Pi4 aggregator (handles 500 vehicles). 

8.3.2 Automotive Qualification Path 
System passes basic EMC (CISPR 25 Class 3), 

vibration (ISO 16750-3: 10G RMS), and thermal 

(-20°C to 85°C) per preliminary testing. IP65 

enclosure adds ₹300 for dust/water resistance 

required for AIS-156 certification. 

8.4 Practical Implications for Indian EV Market 

8.4.1 Economic Impact 
₹15,500 annual savings per vehicle (prevented 

premature replacement) across 500,000 units 

yields ₹77.5 billion market opportunity by 2028. 

Extends battery life 22% (300→365 cycles), 

reducing lifecycle cost 18%. 

8.4.2 Policy Alignment 
Supports FAME-III subsidy criteria for 

indigenous BMS content (>50%) and 

Atmanirbhar Bharat manufacturing goals. ARAI 

type approval feasible post-ARAIEMC testing (3 

months, ₹2 lakh). 

8.4.3 Service Network Integration 
Blynk geofencing triggers service alerts within 

5km radius of 2000+ Indian charging stations. 

CSV export enables TIER-II service centers for 

warranty claims processing. 

8.5 Future Research Directions 

Sensor Fusion: Integrate ultrasonic thickness for 

SEI growth monitoring 

Edge Learning: Online parameter adaptation 

without cloud dependency 

Vehicle Integration: CAN J1939 protocol for 

OEM powertrain sync 

Alternative Chemistries: LFP validation (3.2V 

plateau requires modified thresholds) 

 

9. Conclusion 

This research successfully developed and 

validated an intelligent EV battery health 

monitoring system using embedded sensors and 

threshold-based algorithms, achieving 

automotive-grade performance on resource-

constrained ESP32 hardware. The system 

delivered SoH estimation accuracy of RMSE 

2.47% across 300 accelerated aging cycles, 44ms 

end-to-end latency, and 99.6% fault detection 

precision, outperforming traditional coulomb 

counting by 6x while costing just 1/10th of 

commercial BMS solutions. 

 

Key technical accomplishments include: 

 Hardware Integration: Four INA219 

sensors + DS18B20 temperature probes enabled 

comprehensive voltage/current/temperature 

monitoring with ±0.8mA and ±0.5°C accuracy 

 Real-time Processing: FreeRTOS dual-

core partitioning executed feature extraction, 

multi-metric SoH fusion, and fault detection 

within 28KB RAM footprint 

 IoT Deployment: Blynk cloud integration 

provided fleet-scale remote diagnostics with 

geofenced service alerts and CSV data export 

The system demonstrated 40% superior accuracy 

versus commercial benchmarks (Tata Nexon 

BMS: 4.1% RMSE) at ₹2,450 vs ₹18,000 cost, 

validating threshold-based intelligence as viable 

alternative to compute-intensive ML approaches 

for emerging markets. Temperature compensation 

via Arrhenius correction maintained <3% error 

across 25-55°C range, addressing tropical climate 

challenges specific to Indian EV deployment. 

Economic analysis projects ₹15,500 annual 

savings per vehicle through 22% extended battery 

life (300→365 cycles), creating ₹77.5 billion 

market opportunity across 500,000 Indian EV 

two/three-wheelers by 2028. Achievement of 

99.8% uptime over 500 test hours confirms 

production reliability suitable for AIS-156 

automotive certification. 

 

10. Future Scope 
The proposed IoT-enabled Battery Management 

System provides a flexible foundation that can be 

further enhanced to support advanced electric 

vehicle and energy storage applications. Several 

improvements and extensions are possible in 

future work. 

The accuracy of State of Health and Remaining 

Useful Life estimation can be further improved 

by integrating machine learning or data-driven 

models trained on long-term field data. Such 

approaches can adapt to different battery 

chemistries and usage patterns more effectively 

than fixed algorithms. 

The system can be extended to support higher-

voltage battery packs by incorporating additional 

cell monitoring and protection circuitry, enabling 

compatibility with full-scale electric vehicle 

battery systems. Integration of active or passive 

cell balancing techniques would further improve 

battery safety and lifespan. 
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Future versions may include advanced safety 

features such as insulation monitoring, internal 

short-circuit detection, and predictive thermal 

runaway detection. These enhancements would 

make the system suitable for safety-critical 

automotive applications. 

Cloud analytics can be expanded to include fleet-

level monitoring, predictive maintenance, and 

over-the-air firmware updates, allowing 

centralized management of multiple battery 

packs. Integration with vehicle control units and 

energy management systems can also be 

explored. 

Finally, the system can be adapted for other 

applications such as stationary energy storage, 

renewable energy systems, and second-life 

battery reuse, increasing its applicability beyond 

electric vehicles 
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