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Abstract - The transition to electric vehicles (EVs) 
necessitates efficient battery management systems to 
maximize battery lifespan and enhance energy efficiency. 
Traditional systems lack the capabilities for real-time 
monitoring and predictive maintenance, leading to issues like 
overcharging, deep discharge, and unexpected power drain. 
This study introduces an IoT-enabled, deep learning-based 
battery management solution for EVs, focusing on continuous 
monitoring and anomaly detection. Using sensors to track key 
battery parameters and an LSTM (Long Short-Term Memory) 
Auto-encoder model for anomaly detection, the system 
provides early warning alerts through a user-friendly 
dashboard. This approach offers users actionable insights to 
optimize battery performance, extending battery life while 
reducing costs. Key findings reveal improved energy efficiency 
and reduced failure rates, validating the system's positive 
impact on sustainable EV adoption. 
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1. INTRODUCTION 

Electric vehicles (EVs) are increasingly prominent in the 
effort to reduce reliance on fossil fuels and minimize carbon 
emissions. A critical aspect of EV performance and safety is 
battery management, which directly affects vehicle range, 
reliability, and overall cost efficiency. Current battery 
management systems (BMS) often operate reactively, 
addressing issues only once they arise, leading to frequent 
maintenance, rapid battery degradation, and potential safety 
risks. Limitations of traditional systems include a lack of 
real-time monitoring and predictive capabilities, which 
hinders the ability to detect early signs of battery failure. 

 
This study proposes an advanced BMS that integrates the 
Internet of Things (IoT) with Deep Learning to create a 
predictive and real-time monitoring solution. IoT sensors 
gather continuous data on parameters such as voltage, 
current, and temperature, while an LSTM Auto-encoder 
detects anomalies based on deviations from normal battery 

behaviour. This proactive approach not only extends battery 
life but also supports the broader goal of sustainable energy 
management. 

 

1.1 Background of the Work 
 

EV battery management is complex due to variations in 
temperature, charge cycles, and usage patterns. Traditional 
systems often fall short, relying on basic monitoring with 
limited predictive capabilities. IoT technology and Deep 
Learning models offer an opportunity to address these 
limitations by enabling continuous monitoring and early 
detection of potential battery issues. 

 
 

1.2 Motivation and Scope of the Proposed Work 

The motivation for this study is rooted in the growing 
need for an intelligent, proactive approach to EV battery 
management. As the EV market continues to expand, the 
demand for systems that provide continuous monitoring, 
early fault detection, and user accessibility increases. The 
proposed system addresses these needs by developing a 
scalable BMS that combines IoT and Deep Learning for 
comprehensive, real-time battery monitoring. This project 
incorporates sensors to track critical battery metrics, such as 
voltage, current, and temperature, which are then processed 
by an ESP32 microcontroller and transmitted to Firebase, a 
cloud platform. The system uses an LSTM Auto-encoder 
model to detect irregularities in battery behaviour, providing 
real-time alerts and actionable insights through a Vue.js- 
based dashboard. 

By enabling early fault detection and facilitating 
preventive maintenance, this system aims to reduce 
operational costs, enhance safety, and promote long-term 
sustainability. Designed for flexibility, the solution is 
adaptable to different battery configurations, making it 
suitable for various EV models. This proactive and data- 
driven approach not only supports the growth of EV 
technology but also aligns with the broader goal of reducing 
environmental impact through sustainable energy practices. 
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2. METHODOLOGY 
The methodology for this project involves a structured 
workflow that integrates hardware, cloud storage, machine 
learning, and user interface components. Each step is 
designed to ensure that battery health is monitored in real- 
time, with any anomalies promptly detected and conveyed to 
the user. 

 

2.1 System Architecture 
The architecture of the proposed system includes sensors for 
real-time data acquisition, cloud-based data storage, an LSTM 
Auto-encoder model for anomaly detection, and a web 
interface for user interaction. This structure allows for 
continuous monitoring and early fault detection, with data 
flowing seamlessly from the battery sensors to the user 
interface shown in Fig-1. 

2.2 Data Acquisition 
To monitor battery health, IoT sensors are deployed to 
capture real-time data on parameters such as voltage, 
current, and temperature. This data is collected by an ESP32 
microcontroller, which preprocesses the information before 
transmitting it to the Firebase cloud platform. The ESP32’s 
Wi-Fi capabilities ensure stable data transmission, while 
Firebase enables secure and scalable data storage. By 
offloading data to the cloud, the system minimizes local 
storage requirements and facilitates remote access. 
2.3 Anomaly Detection Model 
The anomaly detection component is powered by an LSTM 
Auto-encoder, a deep learning model well-suited for time- 
series analysis. The model is trained on historical battery 
data to learn typical behavior patterns. During real-time 
operation, incoming data is compared to these learned 
patterns to identify anomalies. Deviations are flagged as 
potential issues, allowing users to take preventive measures. 
The model’s design supports accurate detection of subtle 
changes in battery performance, enhancing the system’s 
reliability in proactive battery management. 

2.4 User Interface 
The web-based user interface, built with Vue.js, serves as the 
primary interaction point for users. It displays live data on 
battery health, historical trends, and alerts, making it easy for 
users to monitor battery conditions remotely. When an 
anomaly is detected, a notification is displayed on the 
dashboard, accompanied by recommended actions. This 
interface ensures accessibility, providing users with real-time 
insights that aid in maintaining battery health and preventing 
costly repairs. 

 

 

Fig -1- Flowchart 
 

 

3. CONCLUSIONS 
 

This study presents an IoT and Deep Learning-based 
solution for real-time EV battery management, addressing 
the limitations of traditional BMS by enabling proactive 
monitoring and anomaly detection. Key results demonstrate 
the system’s accuracy in data acquisition, reliability in 
anomaly detection, and usability in providing real-time 
alerts. This approach not only improves battery safety and 
lifespan but also contributes to sustainable energy practices 
by reducing maintenance costs and electronic waste. 

 
Suggestions for Future Work 

1. Expanding Data Diversity: Training the model on a 
broader range of battery types and conditions can 
enhance its adaptability to different EV systems. 

2. Integrating Additional Health Indicators: Adding 
metrics like internal resistance and state-of-charge 
could provide a more holistic view of battery health. 

3. Remaining Useful Life (RUL) Estimation: 
Implementing RUL prediction would help users plan 
maintenance and optimize battery replacement 
schedules. 
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