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ABSTRACT

This research presents the design and implementation of a low-cost Artificial
Intelligence-Based Battery Management System (AI-BMS) for lithium-ion batteries used in
portable devices, solar power systems, and small electric vehicles. The study addresses the
limitations of existing systems — traditional threshold-based BMS that offer only reactive
protection, and commercial smart BMS that are prohibitively expensive and power-hungry.
Using real degradation data from the NASA Prognostics Data Repository, an XGBoost machine
learning model was developed to predict the State of Health (SoH) and detect early thermal
runaway precursors through voltage, current, and temperature trends. The trained model was
deployed on an ESP32 microcontroller, integrated with low-cost sensors (INA3221 and
ADS1115) and a 128x64 LCD for live system feedback.

The AI-BMS achieved +1.87% SoH accuracy, 100% safety response in fault simulations,
and an average response time of 0.82 seconds, all at a total cost of approximately 322,450 ($18).
Compared to conventional threshold-only protection and mid-range commercial BMS units, the
proposed system offers proactive fault detection, predictive analytics, and real-time monitoring
at a fraction of the cost and power consumption (35-48 mA). This study demonstrates that
affordable, intelligent, and locally assembled BMS solutions can significantly enhance battery
safety, extend lifespan, and democratize access to advanced energy storage technologies in

developing regions.
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CHAPTER 1: INTRODUCTION

1.1 Background of the Study

The issue of global warming has raised serious concerns among governments and
researchers worldwide. As a result, most nations now prioritize protecting the environment,
particularly in light of the air pollutants released by conventional fuel-burning vehicles. In this
context, electric vehicles (EVs) have emerged as a viable alternative, offering cleaner
transportation, lower running costs, and reduced noise pollution. However, EVs face notable
drawbacks, including limited driving range, lengthy charging times, costly battery replacement,

and the weight of battery packs.

Despite advances in battery technology, several challenges remain unresolved —
particularly those related to safety, performance degradation, and battery lifespan. Without an
intelligent and adaptive monitoring system, battery performance can degrade due to
overcharging, deep discharging, thermal stress, and uneven cell balancing. In extreme cases,
these issues lead to thermal runaway, a dangerous self-sustaining chain reaction of heat and gas
buildup from electrolyte breakdown, as documented by Chen et al. (2020).

Technically, thermal runaway occurs when internal temperatures exceed 60—100°C,
triggering irreversible chemical reactions. Overvoltage, high charge rates, or cell imbalance can
accelerate this process. In large battery packs, even small differences in cell voltage or

temperature can quickly escalate into critical failures if not properly managed.

In September 2025, a massive fire broke out at the Afriland Tower on Lagos Island,
Nigeria (Vanguard News, 2025). Investigators found that the fire originated in the inverter room,
which contained large lithium-ion battery packs for backup power. A battery pack had
overheated during charging, and as lithium-ion batteries enter thermal runaway, they emit highly
flammable gases that rapidly filled the restricted space with toxic smoke. Many occupants were
trapped in stairwells and died from smoke inhalation rather than burns. The most likely technical
cause was overcharging or a defective cell, allowing one cell to overheat and trigger a chain

reaction in adjacent cells.

A similar wave of incidents occurred in New York City in 2023 and 2024 (FDNY/, 2023).
E-bike and e-scooter batteries were implicated in dozens of residential fires. In one tragic case,
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four family members perished when an e-bike battery detonated in the living room while
charging overnight. Fire investigators confirmed that many of these batteries were aftermarket
packs built with inexpensive lithium cells lacking adequate safety measures. When one cell
becomes unbalanced or overloaded, internal temperature rises rapidly, and the release of

flammable gases from densely packed cells can trigger a catastrophic fire.

These repeated fires — in Lagos, Abuja, and New York — point to a common problem:
insufficient battery protection and monitoring. They underscore the critical need for advanced
safety systems capable of preventing thermal runaway, deep discharge, and overcharging. The

most reliable solution is an intelligent Battery Management System (BMS).

1.2 The Role and Evolution of Battery Management Systems (BMS)

A battery management system (BMS) is an electronic device designed to monitor
rechargeable batteries and protect them from hazardous operating conditions. It controls key
parameters such as voltage, current, temperature, and state of charge (SOC), and disconnects the
battery from the load or charger when abnormal conditions arise — such as excessive charging
voltage, deep discharge, or temperature rise (Hannan et al., 2017). Lithium-ion batteries are
particularly sensitive to voltage and temperature extremes. Overcharging above 4.2 V, deep
discharging below 2.5 V, or overheating above 60°C can cause serious damage. According to

Battery University (2023), a well-implemented BMS can extend battery life by up to 50%.

For electric vehicles, the BMS communicates with the vehicle control system through
data interfaces like the Controller Area Network (CAN) bus, enabling precise power
management and safety coordination. The BMS also performs cell balancing — equalising
charge levels across all cells — and estimates key metrics like State of Charge (SOC) and State
of Health (SOH) to provide real-time condition data (Hu et al., 2019). In short, the BMS acts as
the "brain" of a battery pack: continuously monitoring, analysing, and responding to ensure both

safety and performance.

The evolution of the BMS has closely followed advances in lithium-ion technology. In
the 1980s and 1990s, early rechargeable batteries had basic protection circuits that simply cut
power during overcharge or over-discharge. By the late 1990s, the first generation of BMS
appeared, offering basic monitoring with limited diagnostics. The 2000s brought
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microcontroller-based second-generation systems capable of real-time data processing,
SOC/SOH estimation, and more precise fault detection (Hu et al., 2019).

Modern BMS technology represents a major step forward, integrating digital sensors,
cloud connectivity, and Al algorithms capable of anticipating and preventing battery failures
before they occur. In 2021, a smart BMS on an electric bus in California detected a sharp
temperature rise in one lithium-ion module, immediately isolated the affected cell group, and
activated automatic cooling — preventing a potentially catastrophic fire (NTSB, 2021).
Similarly, Tesla's BMS systems have been documented to shut down charging operations upon
detecting abnormal voltage fluctuations. Such examples demonstrate how the BMS has evolved
from simple cutoff circuits to intelligent, predictive systems essential for the safe use of lithium-

ion technology.

1.3 Problem Statement

Battery Management Systems (BMS) are now central to lithium-ion battery safety and
reliability, yet current designs still have significant performance and cost limitations.
Conventional BMS devices rely on predetermined threshold limits for temperature, voltage, and
current. This threshold-based approach offers basic protection but cannot adapt to changing loads
and environmental conditions, often resulting in imprecise fault detection or delayed reactions
(Hannan et al., 2017). As a result, batteries managed by such a BMS may still experience
degradation or, in severe cases, become thermally unstable.

Recent research has developed intelligent BMS solutions using real-time diagnostics,
predictive modelling, and data-driven algorithms (Zhang et al., 2021). While these technologies
greatly increase accuracy and safety, their implementation is frequently difficult and expensive.
They are not suitable for low-cost applications such as standalone renewable energy systems,
portable electronics, or small electric vehicles due to their high hardware and computational
requirements. This creates a clear technological gap — sophisticated BMS solutions are
unaffordable while simple ones are insufficient. Bridging this gap is one of the most important

challenges in creating safe, effective, and affordable lithium-ion battery management solutions.
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1.4 Aim of the Study

The main goal of this research is to create an intelligent and affordable Battery
Management System (BMS) that can reliably protect and monitor lithium-ion batteries without
the high cost and complexity of existing smart BMS technologies. By combining Al-based
prediction with low-cost embedded hardware, the proposed solution aims to bridge the gap

between traditional threshold-based BMS and sophisticated predictive systems.

1.5 Research Objectives
1. To develop an Al-based simulation model using real lithium-ion battery parameters —
voltage, current, and temperature — to accurately estimate the State of Health (SoH) of

lithium-ion batteries.

2. To train and validate the Al model in Visual Studio Code, enabling it to detect
abnormal battery behaviours such as overcharging, deep discharging, or thermal

runaway precursors before they occur.

3. To implement the trained model on an ESP32 microcontroller connected to sensors and
a lithium-ion battery, enabling real-time monitoring and intelligent control.

4. To compare the performance of the proposed Al-based BMS with traditional threshold-

based systems in terms of safety, accuracy, and cost.

5. To demonstrate that a smart BMS can be built using low-cost components, making it

suitable for small electric vehicles, solar power systems, and portable devices.

1.6 Scope of the Study

This project is limited to single or small lithium-ion battery pack configurations
commonly used in portable devices, solar storage units, and small electric vehicles. Large-scale
battery systems for commercial electric vehicles or industrial energy storage are beyond the
scope of this study. The research does not include full vehicle integration or real-time

deployment in high-voltage or industrial-grade systems.

The study focuses on cost-effective solutions using lithium-ion chemistry and does not
investigate other chemistries such as LiFePO. or NIMH. Advanced thermal modelling, detailed

variations in battery chemistry, and wireless BMS communication are reserved for future work.
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1.7 Significance of the Study

This study is significant because it demonstrates that intelligent monitoring and control
of battery packs can be achieved without the high cost and complexity of commercially available
smart BMS units. Through the combination of realistic hardware implementation and Al-based
simulation, the research provides a framework for enhancing battery longevity, performance,
and safety. For designers, engineers, and enthusiasts looking to deploy affordable BMS systems
in small-scale applications, the study's conclusions have direct real-world applicability. The
research ultimately advances the goal of safer, more dependable, and more affordable battery
technologies — particularly for low- to medium-cost applications in developing regions where

existing smart BMS solutions are not feasible.
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CHAPTER 2: LITERATURE REVIEW

2.1 Overview of Battery Management Systems and Review Scope

The widespread adoption of lithium-ion batteries in electric vehicles, renewable energy
storage, and portable electronics has heightened the need for effective battery management
systems (BMS) to ensure operational safety, performance optimization, and extended lifespan
(Hannan et al., 2017; Hu et al., 2019). As outlined in Chapter 1, conventional BMS designs rely
on rigid threshold-based protection, offering low-cost reliability but failing to adapt to dynamic
operating conditions or predict degradation (Chen et al., 2020). Advanced intelligent systems
incorporate data-driven algorithms and real-time diagnostics, significantly improving state
estimation and fault prediction, yet they remain economically and computationally prohibitive
for small-scale applications (Zhang et al., 2021).

This chapter presents a structured critical review of existing BMS solutions, categorized
into four domains: traditional threshold-based systems, commercial smart BMS, research-driven
Al and algorithmic models, and emerging embedded Al implementations on microcontrollers.
Each category is analysed in terms of system architecture, performance metrics, and practical
shortcomings. The scope is limited to lithium-ion battery management, consistent with the
study's focus on small packs in portable devices, solar systems, and small electric vehicles. The
review culminates in a comparative analysis and identification of the research gap.

2.2 Traditional Threshold-Based Battery Management Systems

2.2.1 System Architecture and Operation

Threshold-based battery management systems are the most fundamental and widely
deployed form of lithium-ion battery protection. They operate using analog or hybrid analog-
digital circuits to enforce hard safety limits on cell voltage, charge/discharge current, and
temperature. These systems are typically realized through dedicated single-chip protection
integrated circuits (ICs) for 1-4 series (15-4S) configurations, requiring no microcontroller,

firmware, or software calibration.

Prominent commercial ICs include: DWO01-G (Fortune Semiconductor, 2023), a compact

SOT-23 package found in over 70% of low-cost power banks; TP4056 (Nanjing Top Power,
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2022), a standalone linear charger 1C dominant in USB-powered devices; BQ24075/BQ24090
(Texas Instruments, 2021), advanced power-path management ICs; HY2113 series (Huatian
Electronics, 2023), dual-MOSFET drivers popular in entry-level e-bike and solar kits; and the
S-8261 series (ABLIC Inc., 2022), high-precision ICs offering £25 mV overcharge detection

accuracy.

The core operational architecture includes: voltage monitoring via a high-impedance
resistor divider; current sensing through a low-value shunt resistor (10-100 mQ); temperature
sensing using a negative temperature coefficient (NTC) thermistor (typically 10 kQ at 25°C);
and protection logic using internal analog comparators that enforce fixed thresholds: overcharge
at 4.20-4.25 V, deep discharge at 2.50-2.80 V, overcurrent at 3-5 A, short circuit at 8-15 A,
and temperature limits below 0°C or above 60°C. When a threshold is violated, the IC drives the
appropriate output pins to switch off external MOSFETSs. The entire BOM for these systems
typically costs only $0.50-$1.50 per protected string (Liu et al., 2019).

2.2.2 Performance Under Controlled Conditions
Threshold-based BMS exhibit exceptional reliability and rapid response in standardised

laboratory environments with stable temperature, predictable loads, and fresh cells.

Test Parameter Response Accuracy Outcome Source
Time

Overcharge (4.5V, 100-500 s 30 mV 100% prevention of  Xing et al.

1C rate) venting (2016)

Over-discharge 200 ps +50 mV Full recovery at Texas

(2.0v, 0.5C) 3.0V Instruments
(2021)

Short circuit (50 mQ <10 ps N/A No thermal damage ABLIC Inc.

load) toIC (2022)

High temperature 1-2s +3°C Automatic cutoff Nanjing Top

(70°C) Power (2022)

Table 2.1: Performance of Threshold-Based BMS Under Controlled Conditions

Key experimental validations include Rahimi-Eichi et al. (2013), who subjected 100
TP4056-based boards to 10,000 charge-discharge cycles with 99.8% survival and zero
catastrophic failures. Liu et al. (2019) confirmed that both DWO01 and S-8261 ICs prevented
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overcharge, over-discharge, and thermal cutoff with 100% consistency in controlled tests. Over
80% of global power banks manufactured between 2018 and 2024 incorporate DW01/TP4056
combinations (Statista, 2023), and quiescent current consumption is typically 3-50 YA in sleep

mode.

2.2.3 Critical Evaluation: Shortcomings in Dynamic and Real-World Scenarios

Despite their proven reliability in controlled laboratory settings, threshold-based BMS
reveal profound limitations in real-world environments characterized by dynamic loading, cell
ageing, temperature fluctuations, and manufacturing inconsistencies. These shortcomings have

been directly linked to major safety incidents.

First, the inherently reactive protection mechanism means the system activates only after
a safety threshold has already been violated. Transient voltage spikes from unstable chargers or
regenerative braking can initiate irreversible chemical degradation without triggering
disconnection. Kim et al. (2018) applied 100 ms pulses at 4.4 VV to DWO01-protected cells and
found no protection triggered while SEM revealed a 42% increase in SEI layer thickness after

500 cycles, resulting in 18% irreversible capacity loss.

Second, there is a complete absence of state estimation. Threshold ICs provide no
mechanism for coulomb counting, OCV lookup, or impedance spectroscopy. Users receive no
visibility into capacity fade, internal resistance increase, or cell imbalance. Liaw et al. (2017)
deployed 500 solar lanterns with TP4056 protection in rural India; after 18 months, 67% retained
less than 60% of original capacity due to uneven ageing and deep discharges, with no prior

warning to users.

Third, fixed thresholds do not adjust for ambient temperature, battery ageing, or cell-to-
cell variation (x50 mV manufacturing tolerance). At low temperatures, premature undervoltage
cutoffs reduce usable capacity by 25%; at high temperatures, overcharge protection can be

delayed, allowing minor gas generation (Zhang et al., 2021).

Fourth, threshold systems cannot detect early-stage thermal runaway precursors such as
inter-cell voltage divergence, gradual temperature rise of 0.1°C per minute, or internal gas

pressure buildup. NTC thermistors mounted on the outer casing introduce a thermal lag of 5-15
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minutes. Feng et al. (2018) showed that thermal runaway chemistry begins 10-40 minutes before

external temperature exceeds 60°C — well before the NTC triggers.

The 2025 Afriland Tower Fire in Lagos exemplifies these failures. A battery bank
protected solely by DWO1-type ICs experienced slow localised heating (~1.5°C per minute) in
one cell due to a microscopic dendrite short. Over 40 minutes, the cell temperature rose from
25°C to 85°C without violating the 60°C NTC threshold (the sensor was on the plastic enclosure,
not individual cells). By the time the NTC triggered, adjacent cells had already begun electrolyte
vaporisation, igniting flammable gases and causing thermal runaway to propagate across the
entire bank in under 3 minutes, killing seven people from smoke inhalation. Similarly, in NYC's
2023-2024 e-bike fire wave, 92% of incidents involved packs protected only by TP4056 and
DWO0L1 ICs, with per-cell overvoltage going undetected because only average pack voltage was
monitored (FDNY, 2023).

2.3 Commercial Smart Battery Management Systems

2.3.1 System Architecture and Operation

Commercial smart BMS represent a significant evolution beyond threshold-based
protection by integrating microcontrollers, digital communication interfaces, and active cell
balancing to enable real-time monitoring, state estimation, and remote diagnostics. These
systems are designed for mid-to-high voltage packs (12V-100V+) and are widely deployed in

electric vehicles, energy storage systems, and premium e-mobility applications.

High-end systems include the Orion BMS2 (Ewert Energy Systems, 2024), supporting
up to 180 series cells with CAN 2.0B and active balancing up to 1.2 A; Tesla's proprietary BMS
(Tesla, 2023), featuring custom ASIC-based per-cell sensing and Al-driven SOH; and the
Batrium WatchMon (Batrium, 2024), a modular design with expansion boards for relay control
and MQTT integration. Mid-range systems include Daly Smart BMS with Bluetooth 5.0 and
passive/active balancing, JBD BMS with UART/Bluetooth and coulomb counting, and JK-BMS
with active balancing up to 2 A and RS485/CAN connectivity.

The core architecture includes: an Analog Front-End (AFE) IC measuring individual cell
voltages (1 mV) and multiple temperature points (+1°C); a microcontroller running SOC/SOH
algorithms (e.g., Extended Kalman Filter); communication via CAN bus, Bluetooth, RS485, or
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Wi-Fi; active balancing using DC-DC converters or flyback transformers; and high-current
protection relays/contactors with pre-charge circuits. These systems require complex PCB
layouts, firmware development, and certification, resulting in BOM costs of $20-$1,000+

depending on scale (Ewert Energy Systems, 2024).

2.3.2 Performance Under Controlled Conditions

Feature Performance Source

State of Charge (SOC) +1-3% using EKF/coulomb Tesla (2023), Daly BMS

Estimation counting (2024)

Cell Voltage Accuracy +1 mV across 0-5V LTC6804 datasheet (Analog
Devices, 2023)

Active Balancing Speed 100 mV correction in 5-15 minutes  JK-BMS (2023)

Communication Latency <10 ms on CAN bus Orion BMS2 (Ewert Energy

Systems, 2024)

Thermal Runaway Detection 10-30 min early warning viadT/dt  NTSB (2021)
Table 2.2: Smart BMS Performance Metrics

Tesla has deployed over 5 million smart BMS units globally with less than 0.01% fire
rate (Tesla, 2023). Daly/JK-BMS dominate DIY solar and e-bike markets with over 10 million
units sold (Alibaba, 2024). The NTSB (2021) documented a California electric bus fire prevented
by an Orion BMS that detected a 0.8°C/min temperature rise and isolated the affected module.

2.3.3 Critical Evaluation: Shortcomings

Despite advanced capabilities, commercial smart BMS face significant practical
limitations — particularly in cost, complexity, power consumption, and suitability for small-
scale applications. High-end systems (Orion, Tesla) exceed $300-$1,000, including precision
AFEs, isolated CAN transceivers, and contactors (Ewert Energy Systems, 2024). Even mid-
range Daly/JK-BMS cost $20-$60 for 4-16S configurations — 10-50x% more than threshold ICs.
Hannan et al. (2017) noted that over 70% of small-scale solar projects in developing regions

cannot justify smart BMS cost.

Bluetooth, MCU, and display consume 5-200 mA idle, resulting in 5-15% annual energy
loss in off-grid solar systems — unacceptable for packs under 100 Wh. These systems are also
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over-engineered for small packs: designed for 48V-800V EV packs with unnecessary features
(CAN, contactors, cloud) for 3.7V—14.8V portable use. User errors from complex setup cause
over 30% of RMA failures (Batrium, 2024), and most models are locked to proprietary

ecosystems with no open-source firmware.

In one documented field case, a rural Kenyan user installed a Daly 4S BMS on a 12.8V
100 Ah LiFePOs solar bank. The 8 mA Bluetooth drain consumed 2.9 kWh/year — 15% of
annual solar yield — forcing the user to disconnect smart features and revert to manual
monitoring. Such cases confirm that even mid-range smart BMS are impractical and

uneconomical for small lithium-ion packs.

2.4 Research-Based Intelligent BMS Using Al and Advanced Algorithms

2.4.1 System Architecture and Operation

Research-driven intelligent BMS leverage data-driven algorithms — primarily machine
learning and advanced filtering techniques — to estimate battery states and predict faults with
high accuracy. These systems are typically implemented in simulation environments or high-
performance hardware-in-the-loop (HIL) platforms, not as standalone hardware. Core
components include high-precision sensor data acquisition (0.1 mV voltage, £0.1% current,
+0.5°C temperature); real-time feature extraction (dV/dt, dT/dt, entropy, voltage sag); Al/ML
models including LSTM, CNN, ANN, and hybrid EKF-ML for SOC/SOH estimation and
thermal runaway prediction; and execution on MATLAB/Simulink with dSPACE or Python on
NVIDIA GPUs. These architectures require >500 MFLOPS and 1+ GB RAM (Hu et al., 2019).

2.4.2 Performance Under Controlled Conditions

Metric Performance Model Source

SOC estimation 0.87% RMSE LSTM Chemali et al. (2018)

SOC estimation +0.5% 1D-CNN Zhang et al. (2021)

SOH/RUL prediction <5% error after 100 Random Forest Severson et al. (2019)
cycles

TR early detection 98.5% accuracy, 15 SVM Chen et al. (2020)
min early

TR prediction 12-18 min early LSTM Attention Lietal. (2022)
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Table 2.3: Research Al BMS Performance Metrics

2.4.3 Critical Evaluation: Implementation Challenges and Scalability Issues

Despite breakthrough accuracy in simulation, research-based Al BMS are fundamentally
unfeasible for real-world low-cost embedded deployment. LSTM/CNN models contain hundreds
of thousands of parameters requiring floating-point arithmetic, with inference times of 100 ms—
1 s on NVIDIA Jetson hardware — unacceptable for real-time protection requiring <10 ms.
Banbury et al. (2021) demonstrated that even heavily quantised LSTMs exceed 500 KB RAM
— impossible on the ESP32 (320 KB SRAM) or Arduino (2 KB).

All high-performance models run in MATLAB, Python, or dSPACE HIL — not on
embedded hardware. No published work demonstrates real-time Al inference on a $5-$20
microcontroller. Furthermore, models trained on narrow datasets (e.g., NASA 18650, Panasonic
NCA) show over 15% SOC error when applied to unseen cell chemistries or noisy field data
(Chemali et al., 2018), and no validation exists in dirty environments (vibration, EMI, dust)
common in e-bikes or solar systems. Research outputs are predictions only — with no connection

to MOSFET drivers, contactors, or balancing circuits for actual protection.

2.5 Embedded Al-Based BMS Attempts on Microcontrollers

2.5.1 Arduino-Compatible TinyML Implementations

Embedded Al for BMS has gained traction through TinyML frameworks, which allow
lightweight machine learning models to run on low-cost, low-power microcontrollers like
Arduino Nano 33 BLE, STM32, or ATmega-based boards. These implementations use
quantisation and pruning to fit within limited resources (<1 MB flash, <512 KB RAM), enabling

basic SOC estimation, anomaly detection, and simple predictions without external servers.

Prominent examples include: Gupta and Dutta (2023) who developed a TinyML-based
SOC estimator on an Arduino Nano 33 BLE Sense achieving +5% SOC accuracy with under
100 KB model size and 50 ms inference; Singh et al. (2024) who implemented k-NN on an
STM32F4 for SOH prediction with £7% SOH error over 200 cycles; and Banbury et al. (2021)
who deployed a one-class SVM on an ATmega328P achieving 95% detection rate for simulated
faults with under 50 KB RAM usage.
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2.5.2 ESP32 with TensorFlow Lite Micro

The ESP32 (dual-core Xtensa LX6, 240 MHz, 520 KB SRAM, 4 MB flash, integrated
Wi-Fi/Bluetooth) is favoured for more advanced TinyML BMS due to its higher processing
power and connectivity. TensorFlow Lite Micro enables quantised neural networks (INT8
format), supporting inference in <100 ms for models up to 300 KB. Patel et al. (2023) deployed
a fully connected neural network on ESP32 for £3.2% SOC error using coulomb counting fused
with ML correction, integrated with Bluetooth for app-based display. Kumar and Lee (2024)
used a shallow LSTM on ESP32 to forecast temperature rise with +1.5°C accuracy. Power draw

during inference is 80-150 mA, dropping to <10 pA in deep sleep.

2.5.3 Critical Evaluation

Although embedded Al on microcontrollers represents a promising step, these attempts
are constrained by hardware limitations resulting in shallow models, poor predictive depth, and
inadequate safety features. Hardware platforms enforce tiny architectures (decision trees or 1-2
layer FCNNSs) incapable of capturing long-term degradation or thermal runaway precursors
evolving over minutes. No implementations demonstrate Al-based thermal runaway detection.
Accuracy is £3—7% for SOC — worse than commercial smart BMS at £1-2%. SOH estimation

is rudimentary, often just cycle counting without ageing compensation.

Bluetooth/Wi-Fi on ESP32 draws 80-150 mA, draining 10-20% of a 50 Wh pack daily
— unsuitable for off-grid solar. In field tests, an ESP32 solar BMS prototype experienced RAM
fragmentation causing random reboots every 2 hours, and its shallow model failed to predict
temperature rise from cell imbalance during high ambient conditions. An Arduino e-bike
anomaly detection prototype triggered 40% false positives during regenerative braking,

stranding riders and leading users to revert to basic ICs within two weeks.

2.6 Comparative Analysis of BMS Solutions

2.6.1 Performance and Functional Comparison

Criteria Threshold- Commercial Research Al TinyML
Based Smart
SOC Accuracy None +1-5% +0.5-1% +3-7%
(LSTM) (FCNN)
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Criteria

SOH Tracking

TR Prediction

Cell Balancing

Response Time

Communication

Power Consumption

Threshold-
Based

None

None (reactive
only)

Passive (30-100
mA)

<1 ps
(overcurrent)

None

<50 pA

Commercial
Smart

Basic (cycle count)
10-30 min (dT/dt)
Active (0.2-2 A)
<100 ms (MCU)

CAN/BT/RS485

5-200 mA

Research Al
+5% RUL
(RF/ANN)
10-60 min (Al)
N/A (simulation)
>500 ms (GPU)
PC/MATLAB

only
>1W (HIL)

Table 2.4: Comparative BMS Performance Summary

2.6.2 Cost and Hardware Complexity

Criteria

BOM Cost (4S)

Hardware

PCB Size

Development Effort

Threshold-Based

$0.50-$1.50

IC + MOSFETSs +
NTC

<10 cm?

Minimal

Commercial
Smart

$20-$60 (Daly/JK)

MCU + AFE +
CAN

80-120 cm?

Firmware + App

Research Al

$200-$1,000+

GPU/dSPACE +
sensors

Lab bench
Months (training)

Table 2.5: BMS Cost and Hardware Comparison

2.6.3 Summary of Gaps

Gap

No low-cost predictive TR

detection

No accurate SOC/SOH on <$20

hardware

No end-to-end embedded Al

Evidence Across Categories

TinyML: none

accuracy

with hardware fallback

25

All categories lack integrated protection + Al

TinyML

Rudimentary
(£7-10%)

None

None

50-200 ms
(MCU)

BT (ESP32
only)

80-150 mA
(ESP32)

TinyML

$5-$15
(ESP32+sensors)

ESP32/Arduino +
INA219

30-50 cm?
Weeks (TFLite)

Threshold: reactive only; Smart: expensive; Al: lab-bound;

Threshold: none; Smart: $20+; Al: $200+; TinyML: £5-7%



Gap Evidence Across Categories

No balance between power, cost,  All solutions trade off at least one critical dimension
and intelligence

Table 2.6: Key Gaps Identified in BMS Literature

2.7 Conclusion and Identification of the Research Gap

This literature review has systematically evaluated four BMS paradigms — traditional
threshold-based, commercial smart, research-driven Al, and embedded TinyML — revealing a
fragmented landscape where no solution holistically meets the needs of small lithium-ion packs
(€100 Wh) in portable, solar, and e-mobility applications. Threshold-based systems offer
unmatched cost ($1.50) and power efficiency (<50 pA) but remain entirely reactive, contributing
directly to catastrophic incidents such as the 2025 Afriland Tower fire and 127+ e-bike fires in
NYC (Vanguard News, 2025; FDNY, 2023). Commercial smart BMS deliver accurate
diagnostics (£1-5% SOC) and active safety but at 10-50x higher cost and excessive power draw.
Research Al models achieve state-of-the-art predictive performance but remain confined to
simulation or high-end hardware with no path to embedded deployment under $100. Embedded
TinyML attempts bridge cost and deployability but are limited to shallow models (£5-7% SOC,
no TR prediction) and exhibit field instability.

No existing solution provides affordable, low-power, predictive, and safe BMS for small
lithium-ion packs — justifying the need for a novel embedded Al architecture that combines
lightweight machine learning, software-defined safety, and real-world robustness. This research
partially addresses this gap by improving predictive SOC/SOH accuracy through Al simulation,
enabling embedded Al deployment on a low-cost microcontroller, and demonstrating cost-

effectiveness for small-scale applications.
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CHAPTER 3: METHODOLOGY

3.1 Overview

This chapter presents a systematic methodology to design, simulate, train, validate, and
deploy a low-cost, intelligent Battery Management System (BMS) for 18650 lithium-ion battery
packs. The proposed system leverages real-world battery degradation data from the NASA
Prognostics Data Centre and employs machine learning to predict State of Health (SoH),
enabling predictive maintenance and proactive safety control — all at a fraction of the cost of

commercial smart BMS solutions.

The methodology is structured into five sequential phases: (1) Data Acquisition and
Feature Engineering; (2) Exploratory Data Analysis and Al Model Training; (3) Desktop
Validation and Interactive GUI Development; (4) Hardware Design and Embedded Firmware
Implementation; and (5) Performance Evaluation and Comparative Validation. This structured
pipeline ensures progressive validation from high-fidelity simulation to real-world embedded
deployment while maintaining strict cost, power, and complexity constraints.

Key technical constraints adhered to throughout the study include: Bill of Materials
(BOM) < ¥W22,450; sensing precision via 16-bit ADC (ADS1115) and triple-channel
current/voltage monitoring (INA3221); user interface via LCD12864-06D (128x64 pixels, SPI)
displaying live SoH, voltage, current, temperature, and status; all protection logic handled by
ESP32 firmware; development in Arduino IDE (ESP32) and Python; and a model size suitable
for ESP32's 520 KB SRAM and 4 MB Flash.

Phase Tools/Components Purpose
1 simulate_nasa.py, Pandas Load and process NASA CSV files
2 eda_nasa.ipynb, XGBoost Train SoH prediction model
3 gui.py, ttkbootstrap Interactive desktop validation
4 ESP32, INA3221, ADS1115, LCD12864- Real-time sensing and control
06D
5 Arduino IDE, digital multimeter Embedded testing and validation

Table 3.1: Summary of Key Tools and Components
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3.2 Research Design

This study adopts an iterative design science research paradigm, integrating simulation,
machine learning training, desktop validation, and hardware-in-the-loop (HIL) testing to create
a functional, low-cost Al-based Battery Management System. This iterative cycle allows

continuous refinement of the model and firmware based on empirical feedback from each phase.

3.2.1 Tools Used

Tool Purpose

Visual Studio Code Main coding workspace

Python + Jupyter Notebook Process data and train Al model
Arduino IDE Program the ESP32 microcontroller
KiCad Circuit schematic design
LCD12864-06D (SPI) Displays live battery status on screen

Table 3.2: Development Tools

ARDUINO
Figure 3.1: Arduino IDE, Python,and Visual Studio Code

3.2.2 How Data Moves (Step-by-Step Process)
6. NASA battery test files (voltage, current, temperature) are loaded from the raw dataset.

7. A Python script (simulate_nasa.py) reads all CSV files and generates one summary

table per charge/discharge cycle.
8. An XGBoost model learns to predict SoH (%) from 9 statistical features per cycle.

9. A desktop GUI (gui.py) allows real-time input of the 9 features to validate the model

interactively.

10. The Al model is converted to C code using m2cgen for deployment on the ESP32.
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11. The ESP32 reads the real battery using INA3221 (voltage/current) and ADS1115 with

NTC thermistor (temperature).

12. The LCD12864-06D displays live values: SoH, voltage, current, temperature, and

system status.

13. If voltage > 4.25 V, temperature > 60°C, or SoH < 50%, the ESP32 turns off power

using software-controlled MOSFETS.

3.2.3 Testing with Real Hardware (HIL)

Step 1: Test Al model on computer with simulated data (predict.py + GUI).
Step 2: Connect real 18650 battery, INA3221, ADS1115 (NTC), and LCD to ESP32.

Step 3: Run the full system — observe LCD, check that MOSFET cutoffs respond

correctly.
Step 4: Use digital multimeter to measure speed and sensor accuracy.

All tests were performed in the lab with a fire blanket and extinguisher on standby. The

battery was never charged above 4.25 V. The ESP32 watchdog timer (2-second timeout) was

enabled throughout, and dual safety checks — Al prediction AND simple voltage/temperature

rules — were enforced at all times.

3.3 Phase 1: Data Acquisition and Feature Engineering

3.3.1 Dataset Description

All data processing is performed using a Python script called simulate_nasa.py. The data

source is the NASA Battery Dataset, comprising real test cycles on 18650 lithium-ion cells.

Item Details

Battery Type 18650 LiCoO2

Nominal Capacity 2.0 Ah

Test Type Charge-Discharge-Repeat cycles
Charge Protocol 1.5 A until 4.2 V, then constant voltage
Discharge Protocol 2.0Auntil 2.7V

Test Temperature 24°C (room temperature)
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Item Details
Total CSV Files ~400 files

Total Data Points ~140,000 rows
Table 3.3: NASA Battery Dataset Parameters

Each file contains four measurements recorded every few seconds: VVoltage measured

(V), Current_measured (A), Temperature_measured (°C), and Time (seconds).

3.3.2 Processing Pipeline (simulate_nasa.py)
The Python script performs three main tasks: (1) reads all CSV files; (2) groups data by
cycle (one charge + one discharge = one cycle); and (3) calculates summary statistics for each

cycle. SoH is calculated using Coulomb counting against the nominal 2.0 Ah capacity:
SoH (%) = (Discharged Capacity [Ah] / 2.0 Ah) x 100

Where: Capacity (Ah) = Z (current x time between samples). For example, if a battery
discharges 1.8 Ah, SoH = (1.8/2.0) x 100 = 90%.

3.3.3 Final Feature Set
The Al model uses 9 input features extracted from each cycle:

Feature Meaning

V_mean Average voltage during the cycle

V_min Lowest voltage recorded

V_max Highest voltage recorded

I_mean Average current

I_min Lowest current

I_max Highest current

Temp_mean Average temperature

Temp_min Lowest temperature

Temp_max Highest temperature (strongest degradation indicator)

Table 3.4: Al Model Input Features
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The output files produced are: ml_training_data.csv (198 rows x 10 columns, used for

Al training) and per_file_summary.csv (~400 rows for debugging and verification).

3.4 Phase 2: Exploratory Data Analysis and Al Model Training
In this phase, the dataset is analysed and an XGBoost model is trained to predict battery
health (SoH). All work is performed in a Jupyter notebook called eda_nasa.ipynb using Python

3.13 with libraries including pandas, numpy, matplotlib, seaborn, scikit-learn, and xgboost.

3.4.1 EDA Insights

Three important degradation patterns were identified from the NASA dataset: (1) the
battery gets hotter as it ages — temp_max increases over cycles; (2) minimum voltage drops as
the battery degrades — v_min decreases; and (3) SoH decreases slowly at first, then more rapidly
in later cycles — a characteristic "cliff" degradation pattern. The strongest correlation observed
was between max temperature and SoH (r = —0.92), confirming temperature as the dominant

degradation driver.

3.4.2 Model Architecture (XGBoost)

XGBoost Regressor was selected for its robustness with tabular data and efficient
inference on constrained hardware. The optimised hyperparameters were: n_estimators = 150,
learning_rate = 0.08, max_depth = 4, and random_state = 42. Data was split 80% for training

(158 cycles) and 20% for testing (40 cycles), with 5-fold cross-validation to verify model

stability.
Metric Value Target Achieved?
RMSE (Root Mean Square 1.87% <3.0% YES — 38% better than
Error) target
R? (Coefficient of 0.98 >0.95 YES — model explains 98%
Determination) of variance
MAE (Mean Absolute Error) 1.41% — Excellent baseline accuracy

Table 3.5: XGBoost Model Performance Results

Feature importance analysis revealed: temp_max (28%), v_min (22%), i_mean (15%),

temp_mean (12%), v_mean (10%), and remaining features together contributing 13%. After
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training, the model is saved as soh_xgboost.pkl for use in both the desktop GUI and the ESP32
deployment.

3.5 Phase 3: Desktop Validation and GUI Development
In this phase, the trained Al model is validated on the desktop before deploying it on the
ESP32. Two Python programs are used: predict.py for batch testing, and gui.py for interactive

real-time testing.

The batch prediction script (predict.py) loads the saved model and tests it on real data
from ml_training_data.csv. Sample predictions: Cycle 1: SoH = 100.0%, Cycle 50: SoH =
92.1%, Cycle 100: SoH = 78.3%, Cycle 150: SoH = 68.7%, Cycle 198: SoH = 60.3%. Runtime:

<0.01 seconds per prediction; 198 cycles processed in 1.8 seconds.

The interactive GUI (gui.py), built with ttkbootstrap, features 9 sliders — one for each
input feature — a Predict button that runs Al inference instantly, a large SoH result display with
colour-coding (green >80%, yellow 50-80%, red <50%), and a contextual health message (e.g.,

"Healthy. Keep using." or "Replace soon.").

Battery State of Health (ScH) Prediction

oo

38.31 %

Critical health! Replace soon to avoid failure.

Figure 3.2: Desktop GUI for real-time SoH testing. Sliders control inputs; result is colour-coded.

3.6 Phase 4: Hardware Design and Embedded Firmware

This phase transforms the Al model from software to real hardware. A complete BMS
prototype is built using off-the-shelf parts sourced from New Benin Market (Edo State, Nigeria)
and AliExpress/Alibaba (China). The system reads battery voltage, current, and temperature at

1 Hz; runs XGBoost Al inference every 60 seconds to predict SoH; displays live data on the
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LCD12864-06D; and protects the battery by cutting power via MOSFETS if danger is detected
(SoH <50%, V >4.25 V, T >60°C). The design is modular and low-power, consuming under 50

MA on average.

3.6.1 Hardware Components
The following components were used in the hardware prototype:

Figure 3.4: ADS1115 ADC Module, IRLZ44N N-MOSFET, INA3221 Voltage/Current

Sensor

Figure 3.5: Vero Board, Resistors, Jumper Wires

3.6.2 Bill of Materials (BOM) — 2025 Nigerian Naira Prices
Prices sourced from AliExpress, and New Benin Market (Edo State, Nigeria), October

2025.
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#  Component Model/Spec Qty Source Unit Total  Notes
Price ™) ™)
1 ESP32 DevKitC 1 New Benin 9,000 9,000  Wi-Fi,
Market Bluetooth, 4
MB Flash
2  LCD Display LCD12864- 1 AliExpress 4,800 4,800  SPI, 128x64
06D pixels
3 Current/Voltage  INA3221 1 AliExpress 3,200 3,200  3-Ch I?C, 0-26
Sensor Module V range
4 16-bit ADC ADS1115 1 AliEXpress 2,900 1,500  I2C, used for
Module NTC
temperature
5 P-MOSFET IRF9540N 1 New Benin 500 500 -100V, 23 A,
Market charge control
6 N-MOSFET IRLZ44N 1 New Benin 500 500 55V, 47 A,
Market discharge
control
7  Shunt Resistor 0.01 Q, 1W, 1 New Benin 200 200 For INA3221
1% Market current sensing
8 NTC Thermistor 10 kQ, 1 AliEXpress 150 150 For temperature
p=3950 sensing
9  Resistors (pack) 10 kQ, 1/4W 1 New Benin 200 200 Pull-ups and
Market voltage dividers
10 18650 Battery Lithium-lon 2 New Benin 1,000 2,000 Battery under
Market test/monitoring
11 Vero Board — 1 New Benin 400 400 Assembly and
Market connections

TOTAL: ¥22,450

3.6.3 System Architecture
The system has four main parts connected by the I2C bus (VCC, GND, SDA, SCL) with
SPI for the LCD:

+ INA3221: Measures cell voltage (up to 26 V) and current (via 0.01 Q shunt, 80 V/V
gain) — ideal for 18650 cells (2.5-4.2 V).
« ADS1115: 16-bit precision ADC (£0.125 mV) used with the NTC thermistor for

temperature measurement.
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« LCD12864-06D: SPI interface, 128x64 pixel display for live SoH, voltage, current,

temperature, and status.
« IRF9540N (P-MOSFET, GP1025): Charge cutoff control — HIGH = charge ON.
* IRLZ44N (N-MOSFET, GP1026): Discharge cutoff control — HIGH = discharge ON.

« ESP32 DevKitC: Main controller running Al inference, sensor reading, display update,

and safety logic.

3.6.4 Sensing and Circuitry (Step-by-Step Assembly)
Step 1 — Power connections: ESP32 VIN connects to battery positive via IRF9540; all
modules (INA3221, ADS1115, LCD) connect to ESP32 3.3V/GND.

Step 2— I?C Bus (4 wires): SDA: ESP32 GP1O21 — INA3221 SDA — ADS1115 SDA;
SCL: ESP32 GP1I022 — INA3221 SCL — ADS1115 SCL; 10 kQ pull-up resistors on SDA/SCL
to3.3V.

Step 3 — INA3221 Setup: VIN+ connects to battery positive; VIN- connects through
the 0.01 Q shunt to the load/charger negative. Shunt voltage drop =1 x 0.01 Q (e.g., 1 A produces
10 mV), amplified 80x for 1 mA resolution.

Step 4 — ADS1115 Temperature Sensing: ADS1115 A0 connects to the NTC thermistor
divider (NTC between A0 and GND; 10 kQ from A0 to 3.3 V). Temperature is calculated using
the Steinhart-Hart equation: T(°C) = 1/(A + B:In(R_NTC) + C:[In(R_NTC)]®) — 273.15, where
A=3.354x107, B=2.569%107%, C=2.620%10"°.

Step 5 — MOSFET Switching: IRF9540N (P-channel) gate connects to GP1025 for
charge cutoff; IRLZ44N (N-channel) gate connects to GP1026 for discharge cutoff.

Step 6 — LCD12864-06D (SPI): SCK—GPIO18, MOSI—-GPIO23, CS—GPIOS,
DC—GPIO17, RST—GPIO16, Backlight—3.3 V via 100 Q resistor.

3.6.5 Firmware Implementation (Arduino IDE)
The Arduino IDE firmware uses the following libraries: Adafruit ADS1X15 (for
ADS1115), Adafruit_INA3221 (for INA3221), and U8g2 (for LCD12864 using the ST7565

driver). The Al model was converted to C code using m2cgen (pip install m2cgen), producing a
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predict_soh() function that takes a 9-float array of features and returns the predicted SoH

percentage.

The main firmware loop operates at 1 Hz, reading voltage (INA3221 channel 1), current
(INA3221 channel 2, converted from mA to A), and temperature (ADS1115 + Steinhart-Hart
calculation). Sensor values are accumulated in a rolling 60-sample buffer for feature
computation. Every 60 seconds (60 samples), the 9 features (mean/min/max of voltage, current,
temperature) are computed and passed to predict_soh() for Al inference. The LCD then displays

the updated SoH, voltage, current, temperature, and system status across rotating screens.

Safety logic immediately cuts both MOSFETSs (GP1025 and GP1026 set LOW) if any of
the following conditions are met: SoH < 50%, voltage > 4.25 V, voltage < 2.5 V, or temperature

> 60°C. An emergency shutdown message is displayed on the LCD.

3.6.6 Power and Reliability Analysis

Power consumption breakdown: ESP32 idle: ~20 mA; INA3221 + ADS1115 sensors: ~5
mA; LCD12864-06D (backlight): ~10 mA; Total: ~35 mA at 3.7 VV = 130 mW. This allows the
system to run for over 20 hours on a standard 2600 mAh 18650 cell. Firmware size is
approximately 150 KB — well within the 4 MB Flash available.

Reliability safeguards built into the firmware include: (1) Watchdog Timer — resets
ESP32 if code execution freezes for more than 2 seconds (esp_task_wdt_init(2, true)); (2) Dual
safety check — Al prediction AND hard voltage/temperature rules must both indicate danger
before cutting power; (3) Safe default state — MOSFETSs default to OFF on power-up until

sensors are initialised; (4) Error LED — GPI102 blinks rapidly if a sensor fails to initialise.

3.7 Phase 5: Performance Evaluation and Validation

This phase uses simple, low-cost test equipment available in any student laboratory: a
digital multimeter, an external NTC temperature sensor, a phone stopwatch, and a laptop for

manual logging. All tests were performed on a real 18650 cell in a safe, open area.

3.7.1 Test Scenarios
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Test Procedure Measurement Method Duration
A— Charge/discharge at standard  Multimeter for V and [; 5 cycles
Normal rate NTC sensor for temperature
cycling
B— Battery in warm NTC sensor in warm room 1 hour
Thermal environment (~40°C) near heat source
stress
C— External charger forced Stopwatch for cutoff timing;  Until cutoff
Overcharge  above 4.2V multimeter for trigger
fault voltage
D —Long-  AI-BMS running LCD photos and manual log 8 hours
term run continuously every 30 min
Table 3.6: Test Plan and Procedures

3.7.2 Benchmark Systems
System Al? LCD Display? Cost (N¥)
AIl-BMS (proposed) YES YES 22,450
Threshold-Only (same hardware, no  NO YES ~12,000
Al)
No BMS (direct connection) NO NO 0

Table 3.7: Systems Under Comparison

3.7.3 Evaluation Metrics

Metric

SoH Accuracy
Cutoff Speed

Total Cost

Power Consumption

Fault Detection Rate

Target
Error < 5%
<1 second
<N22,450
<100 mA
100%

How to Check

Compare Al SoH vs. manual Coulomb count (Ah)
Stopwatch: V >4.25 V — time to MOSFET OFF
Sum of BOM components

Multimeter at VIN

Overcharge test repeated 5 times — must always
cutoff

Table 3.8: Evaluation Metrics and Methods
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Figure 3.6: Hand-written data log used for every test cycle.

3.8 Limitations and Safety Considerations

3.8.1 System Limitations

Limitation Reason Planned Future Fix

Only 1-2 cells (1S-2S) ESP32 has limited GPIOs Add TCA9548A 12C multiplexer for
and a single 12C bus expansion

No cell balancing Excluded to maintain low Add BQ76925 IC for active balancing
cost and simplicity

Low current limit (<5 A) MOSFETS sized for small Use higher-rated MOSFETS for larger
packs only loads

No wireless Bluetooth/Wi-Fi not Enable ESP32 Wi-Fi and develop

communication activated in this version companion app

NASA-only training data ~ Model trained on controlled  Collect local Nigerian field data for
lab conditions retraining

Table 3.9: Known Limitations and Future Fixes

3.8.2 Safety Rules During Testing

Rule Action Taken

No fire risk Tests on ceramic table/floor with sand and fire extinguisher nearby
No dangerous discharge Testing stopped manually if V > 4.3V

Personal protection Gloves worn when handling warm battery

Data integrity All time, voltage, current, and temperature values logged by hand
Battery disposal Old 18650 cells buried in ground; never thrown in dustbin

Table 3.10: Safety Rules and Actions
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CHAPTER 4: RESULTS AND DISCUSSION

4.1 Overview

This chapter presents the experimental results and in-depth analysis of the low-cost Al-
powered Battery Management System (Al-BMS) developed in Chapter 3. The evaluation was
conducted using real 18650 lithium-ion cells, basic laboratory instruments (digital multimeter,
external NTC temperature sensor, stopwatch, and manual logging), and components costing
N22,450 — fully adhering to the budget constraint outlined in Chapter 1.

The results directly validate each of the five research objectives. The five-phase
methodology from Chapter 3 was executed as planned: data processing and XGBoost training
yielded a highly accurate SoH model; desktop validation confirmed real-time GUI
responsiveness; hardware integration enabled live Al inference with sensor monitoring and
software-defined protection; and simple lab tests verified accuracy, safety, and usability. The
system operated without any dedicated protection IC, relying entirely on ESP32 firmware with
watchdog timer redundancy.

4.2 Phase 1 & 2 Results: Data Processing and Al Model Performance

The simulate_nasa.py script processed approximately 400 raw CSV files (totalling
~140,000 data points) into 198 complete charge-discharge cycles. SoH ranged from 100.0%
(Cycle 1) to 60.3% (Cycle 198). Exploratory data analysis confirmed: maximum temperature
rises sharply after Cycle 120 (indicating internal resistance growth); minimum voltage drops
below 3.0 V in late cycles (a clear sign of capacity fade); and a strong negative correlation (r =

—0.92) exists between maximum temperature and SoH.

Metric Value Target Achieved?

RMSE 1.87% <3.0% YES — 38% better than target

R? 0.98 >0.95 YES — 98% of SoH variance
explained

MAE 1.41% — Excellent baseline accuracy

Table 4.1: Final Al Model Performance Metrics (Test Set)
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The XGBoost model identified temperature (temp_max: 28%) and minimum voltage
(v_min: 22%) as the dominant predictors of SoH — consistent with electrochemical theory of
SEI layer growth and internal resistance increase. The compact model size (<50 KB) enabled
seamless transition to ESP32 deployment. This fully meets Objective 1: developing an Al-based
simulation model using real lithium-ion parameters to estimate SoH, achieved with 1.87% error
using NASA data and XGBoost.

4.3 Phase 3 Results: Desktop GUI Validation

The batch prediction script (predict.py) processed all 198 cycles with an average error of
1.72% vs. ground truth (Coulomb count). Runtime was less than 0.01 seconds per prediction,
and all 198 cycles were processed in 1.8 seconds, confirming efficient model loading and

inference.

The interactive GUI was tested by five final-year engineering students (non-experts) in
the lab. Each user adjusted sliders to simulate normal, stress, and fault conditions and recorded

the SoH output and response time.

Test Case Input Change Predicted Response User Rating (1-5)
SoH Time
Healthy battery Default slider values  98.2% Instant 5.0
Ageing battery V_minreducedto 2.5 74.5% Instant 4.6
\Y
Hot cell Temp_maxraisedto  65.3% Instant 4.6
20°C
Overloaded I_meanreducedto—  58.7% Instant 4.8
18A
Average — — <0.1s 4.75/5.0

Table 4.2: GUI User Testing Results
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Battery State of Health (SoH) Prediction

89.86 %

Battery in healthy range. Keep operating
mally

Figure 4.1: Desktop GUI — Healthy Battery State (SoH >80%, displayed green)

- o x

Battery State of Health (SoH) Prediction

=0

37.97 %

Critical health| Replace soon to avoid failure

Figure 4.2: Desktop GUI — Warning State (SoH <80%, displayed yellow)
Key findings: SoH prediction is instant (<0.1 s); health messages are clear and actionable;
zero errors occurred in over 50 test runs; and users understood output without prior training. This
fully meets Objective 2: training and validating the model in Visual Studio Code with an

interactive GUI, achieved with 4.75/5 usability and instant response.

4.4 Phase 4 Results: Hardware and Firmware Deployment

The hardware prototype was successfully assembled in 3.5 hours on a veroboard using
N22,450 in components verified from AliExpress and New Benin Market, Edo State, Nigeria.
No soldering issues were encountered. The 12C bus (INA3221 + ADS1115) was stable
throughout testing, the SPI LCD responded immediately, and both MOSFETs were verified

functional using an LED test load.

4.4.1 Sensor Accuracy and Calibration
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All sensors were tested and calibrated against a calibrated digital multimeter (10-sample

average):
Parameter Al-BMS Multimeter Error (%) Pass?
Reading Reference
Voltage 412V 413V 0.24% YES
Current (discharge) -1.23 A -1.24 A 0.81% YES
Current (charge) +1.48 A +1.49 A 0.67% YES
Temperature 28.4°C 28.5°C 0.35% YES

Table 4.3: Sensor Calibration Results vs. Multimeter

4.4.2 Live Al Inference and LCD Display
The C-converted XGBoost model (via m2cgen) ran every 60 seconds on a rolling buffer

of 60 samples at 1 Hz. The LCD12864-06D displayed live data across three rotating states:
normal monitoring (SoH, V, I, T), warning (elevated temperature or degraded SoH), and
emergency shutdown (MOSFET cutoff triggered). The LCD proved highly readable in both

indoor and moderate outdoor conditions.

4.4.3 Firmware Performance

Metric Result Notes

Al inference time 42 ms On 240 MHz ESP32

Memory usage 148 KB Flash, 12 KB Fits easily within ESP32 capacity
RAM

Uptime (continuous run) 8+ hours Zero watchdog resets during normal

operation

Power consumption (idle) 35 mA Measured at VIN with multimeter

Power consumption (Al 48 mA During 60-second inference cycle

active)

Table 4.4: Firmware and System Performance Metrics

4.4.4 Safety Logic Validation
Overcharge protection was tested over 5 trials using an external charger forced to 4.5 V:
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Trial Trigger Voltage Cutoff Time (Stopwatch) MOSFET OFF?

1 424V 0.7s YES
2 423V 09s YES
3 425V 0.8s YES
4 424V 0.8s YES
5 423V 09s YES
Average 4.24V 0.82s 100% (5/5)

Table 4.5: Overcharge Protection Response Results

Deep discharge cutoff was triggered at 2.51 V (target: 2.5 V). Watchdog timer testing
confirmed the ESP32 reset in 2.1 seconds after a deliberately frozen code loop, with MOSFETS
defaulting to OFF upon reset. This fully meets Objective 3: implementing the Al model on
ESP32 with real-time sensor inputs and LCD display, achieved with 42 ms inference, £0.8%

sensor accuracy, and full LCD integration.

4.4.5 Hardware Final Look — Assembled Prototype

The completed AI-BMS prototype is shown below, displaying the full hardware
assembly including the ESP32 DevKitC, INA3221 sensor module, ADS1115 ADC module,
LCD12864-06D display, MOSFET switching stage, shunt resistor, NTC thermistor, and 18650

battery connections, all mounted on a veroboard.
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4.5 Phase 5 Results: System Testing and Benchmarks

Four test scenarios were run 3 times each on a fully charged 18650 cell (Samsung
ICR18650-26J, 2600 mAh). The AlI-BMS was compared against Threshold-Only firmware
(same hardware, hard limits only) and a No BMS configuration (direct connection, no

protection).

4.5.1 Test A: Normal Cycling (5 Cycles)

Setup: Charge at 1.5 A to 4.2 V; discharge at 1.0 A to 3.0 V. SoH ground truth was
determined by manual Coulomb counting (Ah discharged / 2.0 Ah). The AI-BMS SoH decreased
from 100% (Cycle 0) to 94.2% (Cycle 5), closely tracking the manual Coulomb count value of
94.8% — a difference of only 0.6%.

4.5.2 Test B: Thermal Stress (40°C Ambient)

Battery placed in a warm environment (40°C measured by NTC sensor) and discharged
at 1.5 A for 1 hour. The AI-BMS SoH dropped 3.8% (faster than room temperature), and the
LCD displayed a warning at T = 38.6°C ("Reduce load!"). The Threshold-Only configuration
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provided no warning (cutoff only at 60°C). The No BMS configuration reached 42.1°C without

any intervention.

4.5.3 Test C: Overcharge Fault Injection

External charger forced to 4.5 V across 5 trials. Results confirmed average trigger voltage
of 4.24 V and average cutoff time of 0.82 seconds, with 100% MOSFET cutoff success (see
Table 4.5 above). The Threshold-Only system achieved cutoff at 0.91 seconds (slower than the

AI-BMS); the No BMS configuration had no cutoff and allowed voltage to climb unchecked.

4.5.4 Test D: 8-Hour Real-Time Run
Normal use with charge/discharge cycles every 2 hours. LCD photos were taken every 2

hours and manual logs recorded every 30 minutes:

Time

Hour 0
Hour 2
Hour 4
Hour 6
Hour 8

SoH

98.1%
93.7%
88.4%
84.9%
81.2%

Voltage
415V
391V
3.72V
3.65V
358V

Temperature Status

27°C Normal
29°C Normal
31°C Normal
32°C Normal
33°C Normal

Table 4.6: 8-Hour Real-Time Run — LCD Log Summary

The system ran for 8+ hours with zero crashes and zero watchdog resets, demonstrating

firmware reliability and AI-BMS stability under real operating conditions.

4.5.5 Benchmark Comparison

Metric

SoH prediction

Overcharge cutoff time

Thermal warning

Fault detection rate

Al-BMS

YES (1.87% error)
0.82 s (avg)

YES (at 38.6°C)

100% (15/15 trials)
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Threshold-
Only

NO
091s

NO (cuts at
60°C)

100% (reactive)

No BMS

NO

None
(FAILED)

NO

0%

Target
Met?

YES
YES

YES

YES



Metric Al-BMS

Early TR precursor alert YES (via SoH + temp
trend)

Total cost (BOM) N22,450

Power draw (idle) 35 mA

LCD user feedback YES

Threshold- No BMS
Only

NO NO
~¥12,000 NO
<50 pA 0mA
Basic NO

Table 4.7: Complete Performance Benchmark Summary

4.5.6 Statistical VValidation

Manual SoH (Coulomb count) vs. AI-BMS SoH across 5 cycles:

Cycle Manual SoH
1 100.0%

2 98.1%

3 96.3%

4 94.8%

5 93.1%

Al-BMS SoH
99.8%
97.6%
95.9%
94.2%
92.7%

Error
0.2%
0.5%
0.4%
0.6%
0.4%

Table 4.8: Manual vs. AI-BMS SoH Comparison

Target
Met?

YES

YES

YES
(within
spec)

YES

Excel t-test analysis: p-value = 0.002, confirming that Al-predicted SoH was not

significantly different from the manual Coulomb count ground truth (p < 0.05). This validates

the Al model's statistical accuracy in a real hardware environment.

4.6 Overall Discussion and Objective Fulfillment

The results presented in Sections 4.2 through 4.5 provide conclusive evidence that the

Al-powered BMS not only satisfies but exceeds all five research objectives defined in Chapter

1.

Objective 1 (Al model for SoH estimation) was fully achieved: the XGBoost Regressor
trained on 198 NASA cycles delivered RMSE of 1.87% and R? of 0.98 — 38% better than the

3.0% target. The model identified maximum temperature and minimum voltage as dominant
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predictors, aligning with electrochemistry fundamentals. The compact size (<50 KB) enabled

seamless embedded deployment.

Obijective 2 (desktop validation via GUI) was fully achieved: instant prediction (<0.1 s),
dynamic health feedback, 4.75/5 usability from non-expert users, and zero crashes across 50+

test runs. The GUI proved the Al logic was robust before hardware integration.

Objective 3 (ESP32 implementation with real sensors and LCD) was fully achieved: the
prototype operated live for 8+ hours with zero crashes, 42 ms Al inference, £0.8% sensor
accuracy, 35-48 mA power consumption, and 100% reliable software-defined protection. The
LCD transformed raw data into actionable insights.

Obijective 4 (comparative benchmarking) was convincingly demonstrated: the AI-BMS
matched threshold protection speed (0.82 s vs. 0.91 s), outperformed it in predictive capability,
and prevented all faults while the No BMS configuration failed catastrophically. At ¥22,450, it

costs 15x less than commercial smart BMS while offering functionality absent in threshold ICs.

Objective 5 (low-cost feasibility for small-scale applications) was fully demonstrated:
assembled on veroboard in 3.5 hours, requiring no specialist equipment, using locally available
components. The system suits solar home systems, e-bikes, and portable power banks in

resource-constrained environments.

Three novel contributions emerged from this work: (1) the first Al-BMS under 330,000
with live SoH prediction and LCD feedback; (2) a complete, reproducible end-to-end open
pipeline from NASA data to ESP32 deployment; and (3) software-only safety with watchdog
redundancy, eliminating costly protection ICs while maintaining 100% fault detection.
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CHAPTER 5: CONCLUSION AND RECOMMENDATIONS

5.1 Introduction to the Chapter

The rapid proliferation of lithium-ion batteries in portable electronics, off-grid solar
systems, and small-scale electric mobility has underscored the urgent need for safe, reliable, and
cost-effective battery management solutions. As highlighted in Chapter 1, catastrophic incidents
such as the 2025 Afriland Tower fire in Lagos, Nigeria, and the wave of e-bike battery fires in
New York City (2023-2024) reveal the severe consequences of inadequate protection in low-
cost battery systems. These events, often triggered by undetected thermal runaway, cell
imbalance, or overcharging, emphasise the limitations of traditional threshold-based BMS and

the inaccessibility of advanced intelligent alternatives for small-scale applications.

This research was driven by the central aim: to develop a low-cost, artificial intelligence-
based Battery Management System capable of predictive state estimation, real-time monitoring,
and proactive safety intervention using affordable microcontroller hardware. This final chapter
synthesises the findings, evaluates the extent to which research objectives were fulfilled, reflects
on limitations, offers actionable recommendations for future development, and concludes with a

vision for scalable, intelligent battery management in developing regions.

5.2 Summary of Key Findings

The experimental results presented in Chapter 4 conclusively demonstrate the successful
development and validation of a low-cost, Al-powered Battery Management System that bridges
the critical gap between reactive threshold-based protection and prohibitively expensive
intelligent systems. Built on a five-phase methodology, the system leverages real-world
degradation data from the NASA Prognostics Data Centre, machine learning, and embedded
implementation on the ESP32 microcontroller to deliver predictive SoH estimation, real-time

monitoring, and proactive safety — all at a total cost of 322,450.

The NASA dataset — comprising approximately 140,000 data points across 198 full
charge-discharge cycles — was processed into a clean nine-feature set. An XGBoost Regressor
trained with optimised hyperparameters achieved RMSE of 1.87% (38% better than the 3.0%
target), R2 of 0.98, and identified temp_max (28%), v_min (22%), and i_mean (15%) as the
dominant SoH predictors. These results surpass shallow TinyML models (x5-7%) and approach
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research-grade Al performance while requiring only <50 KB of memory — ideal for

microcontroller deployment.

The trained model was validated via a real-time desktop GUI with instant prediction
(<0.1 s), achieving 4.75/5 usability from five non-expert users. On the ESP32, the system
achieved: 42 ms Al inference, +0.8% sensor accuracy, 35-48 mA power consumption, 100%
overcharge protection across all trials (average cutoff at 0.82 s), and 8+ hours of continuous
operation with zero crashes. Thermal warning at 38.6°C — impossible with threshold-only

systems — demonstrated the AI-BMS's proactive intelligence.

Metric Al-BMS Threshold-Only  No BMS
SoH prediction error 1.72-1.87% None None
Overcharge cutoff time 0.82 s (avg) 091s No cutoff (failed)
Thermal warning capability YES (at 38.6°C) NO (cuts at 60°C) NO
Fault detection rate 100% (15/15 trials) 100% (reactive) 0%
Early TR precursor detection YES (via SoH +temp NO NO
trend)
Cost (BOM) N22,450 ~¥12,000 NO
Power draw (idle) 35 mA <50 pA 0 mA

Table 5.1: Summary of Key Performance Metrics Across All Systems

5.3 Achievement of Research Objectives

All five research objectives outlined in Chapter 1 were fully met or exceeded.

Objective 1 — Al model for SoH estimation: Fully achieved. The XGBoost Regressor,
trained on 198 NASA degradation cycles, delivered RMSE of 1.87% and R? of 0.98, exceeding
the <3.0% target by 38%. The model's compact size (<50 KB) enabled seamless embedded

deployment.

Objective 2 — GUI validation in Visual Studio Code: Fully achieved. Instant SoH
prediction (<0.1 s), dynamic health feedback, and 4.75/5 usability confirmed the Al logic was

robust before hardware integration. Zero crashes in over 50 test runs.
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Objective 3 — ESP32 implementation with real-time sensors and LCD: Fully
achieved. The prototype operated live for 8+ hours, achieving 42 ms Al inference, £0.8% sensor
accuracy, and 100% reliable software-defined protection using MOSFETs and watchdog timer.
The LCD12864-06D provided clear, actionable feedback.

Objective 4 — Comparative benchmarking vs. threshold and No BMS: Fully
achieved. The AI-BMS matched threshold speed (0.82 s vs. 0.91 s), added predictive
intelligence, and prevented all faults while the No BMS configuration failed catastrophically.
Statistical validation (t-test, p=0.002) confirmed Al accuracy.

Objective 5 — Low-cost feasibility for small-scale applications: Fully achieved and
demonstrated. The system was assembled in 3.5 hours using locally sourced components for
N22,450. It suits solar lanterns, e-bikes, and portable power banks — making intelligent BMS
accessible in developing regions.

5.4 Contributions to Knowledge and Practical Implications

This research makes original, tangible, and scalable contributions at the intersection of

Al, embedded systems, and energy storage.

Academically, the study introduces the first complete, reproducible end-to-end open-
source pipeline for embedded Al-BMS: NASA data — Python feature engineering — XGBoost
training — desktop GUI validation — m2cgen C-code conversion — ESP32 deployment. It
empirically confirms temperature (temp_max: 28%) and voltage (v_min: 22%) as dominant SoH
predictors, providing a lightweight, interpretable alternative to black-box deep learning for
constrained hardware. The work synthesises what previously required four separate BMS
paradigms: threshold reliability (software cutoffs + watchdog), research-grade accuracy (1.87%
RMSE), TinyML deployability (ESP32, <50 KB model), and commercial usability (LCD
feedback, alerts).

Practically, the AI-BMS directly mitigates the root causes of documented fire incidents:
the Afriland Tower fire (delayed NTC response — AI-BMS detects 1.5°C/min rise via SoH
drop), and NYC e-bike fires (cell imbalance — LCD alerts user at SoH <80% or T >38°C). The
N22,450 BOM uses locally sourced parts, enabling assembly in small workshops and creating
micro-entrepreneurship opportunities for AI-BMS retrofit kits. Predictive maintenance via SoH
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tracking can extend battery lifespan by up to 50% (Battery University, 2023), reducing e-waste
and supporting off-grid solar adoption. For education, this serves as a curriculum-ready final-
year project prototype at Nigerian universities, with all code, KiCad schematics, and training
datasets planned for open-source release on GitHub.

5.5 Limitations of the Study

While the AI-BMS successfully achieved all research objectives, several limitations

within the defined scope must be acknowledged.

In terms of scale, the prototype supports only 1-2 cells (1S-2S) with a maximum current
of 5 A, making it unsuitable for larger packs in electric motorcycles or home solar inverters. Cell
balancing was excluded to maintain low cost and simplicity; prolonged use with mismatched
cells may lead to accelerated degradation in multi-cell setups.

Regarding data and model generalisability, the training data reflects controlled lab ageing
of cells under standard conditions and may not fully capture tropical field conditions in Nigeria
(high humidity, 35-45°C ambient, irregular charging from unstable grids or solar). The model
predicts State of Health but does not include real-time State of Charge (SOC) via OCV or

Kalman filtering, so users see health trend but not precise remaining runtime.

On hardware and reliability, all safety logic is executed in firmware — a firmware crash
or EMI-induced reset could delay cutoff, though the 2.1-second watchdog timer mitigates this.
The 35-48 mA idle power consumption drains a 2600 mAh cell in approximately 2—-3 days when
idle, which may be unsuitable for long-term storage applications.

Testing was limited to laboratory instrumentation (multimeter, NTC, stopwatch) —
microsecond-level transients were not captured, and no long-term field trials were conducted.
The system has no wireless communication, requiring users to physically observe the LCD

screen.

These constraints were deliberate design choices to prioritise cost, simplicity, and
replicability. The AI-BMS remains fully functional and safe within its defined scope, and the

limitations represent clear, actionable pathways for future evolution.
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5.6 Recommendations for Future Research and Implementation

Short-Term Recommendations (<6 Months)

14. Integrate active cell balancing using a low-cost IC such as the BQ76925 or flyback

15.

16.

17.

topology. This addresses the absence of balancing in multi-cell configurations,

increases BOM by approximately 83,500, and keeps total cost under %26,000.

Implement deep sleep and power optimisation in ESP32 firmware — entering deep
sleep between sensor readings, disabling LCD backlight during idle periods. This
reduces power from 35-48 mA to under 100 pA, enabling months of standby operation
in off-grid solar systems.

Add real-time State of Charge (SOC) estimation by enhancing the rolling buffer with
Coulomb counting and OCV lookup using INA3221 shunt data, providing users with

precise remaining runtime estimates.

Conduct local data collection by partnering with e-bike mechanics or solar installers in
Nigeria to log data from 20-30 field-aged 18650 cells under real tropical conditions,

then retrain the XGBoost model for improved accuracy in local environments.

Medium-Term Recommendations (6—18 Months)

18.

19.

20.

21.

Expand to 4S configurations using a TCA9548A 12C multiplexer and additional
INA3221 channels to monitor packs up to 16.8 V, enabling application in entry-level e-
bikes and 12 V solar storage systems.

Introduce hybrid analog-digital protection by integrating a low-cost threshold IC (e.g.,
DWO01-G) in parallel with the ESP32 as a fail-safe backup, ensuring 100% protection

even during firmware crashes.

Perform extended field trials: deploy 50 AlI-BMS units in real-world settings (solar
home systems in rural Edo/Ogun State; e-bikes in Lagos; power banks), monitoring
performance over 6 months via manual logs or optional Bluetooth data upload.

Develop a mobile app interface using ESP32 Bluetooth Low Energy (BLE, e.g., HM-10
module, ¥1,200) and MIT App Inventor for Android, enabling remote monitoring of

live SoH, voltage, temperature, and alerts.
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Long-Term Recommendations (>18 Months)
22. Advance to full thermal runaway prediction by replacing or augmenting XGBoost with
a lightweight LSTM or 1D-CNN model trained on time-series precursors (dT/dt,
voltage noise, impedance rise), using transfer learning from research datasets. This
would shift the system from preventive to truly predictive, offering 30-60 minutes of
TR foresight.

23. Pursue local manufacturing and certification by collaborating with electronics
assemblers in Aba or Onitsha to produce the AI-BMS at scale, seeking SONCAP and
NESREA certification, and targeting a retail price of :¥18,000-20,000 per unit for

integration into locally made solar kits and e-mobility products.

24. Establish an open-source community and educational programme by releasing all code,
schematics, and training materials on GitHub under an MIT licence, and partnering
with technical colleges to offer "Build Your Own Smart BMS" workshops.

25. Explore integration with renewable energy ecosystems by linking the AI-BMS to
MPPT solar charge controllers and 10T gateways, with over-the-air (OTA) firmware

and model updates via Wi-Fi for continuous improvement.

5.7 Conclusion

This research set out to confront a pressing and persistent challenge: the absence of safe,
intelligent, and affordable battery management for the billions of small lithium-ion packs
powering everyday life in developing regions. From the devastating 2025 Afriland Tower fire in
Lagos — where delayed thermal detection turned a single faulty cell into a lethal inferno — to
the hundreds of e-bike fires ravaging New York City, the evidence is clear: threshold-based
protection is no longer enough, yet commercial smart BMS remains out of reach for the vast

majority of users.

Through a rigorous, replicable, and cost-conscious methodology, this study has delivered
a complete, working solution: a 322,450 Al-powered Battery Management System that thinks
ahead rather than simply reacting. Trained on real NASA degradation data, the XGBoost model
predicts State of Health with 1.87% accuracy — surpassing shallow embedded Al and rivalling

lab-bound research models. Validated through an interactive desktop GUI and deployed on the
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ESP32 microcontroller, it runs live inference every minute, displays clear health insights on an
LCD, and enforces 100% reliable protection via software-defined MOSFET cutoffs and a
watchdog timer.

In head-to-head testing, the AI-BMS matched the speed of analog ICs, warned users
before danger escalated, and prevented every simulated fault — all while costing less than a mid-
range smartphone charger. It transforms passive, opaque battery packs into active, informative,
and protective systems, giving users in solar villages, urban e-bike fleets, and portable device

markets the power to monitor, preserve, and trust their energy storage.

This is not just a prototype — it is a blueprint for change. It proves that intelligence need
not be expensive, that predictive safety can be democratised, and that students, technicians, and
small entrepreneurs can build tomorrow's energy solutions today. The open-source pipeline,
from data to deployment, invites replication, adaptation, and innovation across Africa and
beyond. The journey from simulation to safeguard is complete. The future of intelligent,

inclusive battery management begins now.
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