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ABSTRACT- Lithium iron phosphate (LiFePO4) batteries have many applications in portable 
gadgets, energy storage devices, and electric cars because to their long cycle life, reliability, 
and safety. Nevertheless, usage pattern, temperature, depth of discharge, charging rate and 
maintenance practices influence battery health in years to come. This project creates a machine 
learning driven system to give an estimate about the lifetime of LiFePO4 batteries by predicting 
the SOH and SOC. The system uses Gated Recurrent Units (GRU) in order to capture temporal 
dependencies in historical performance data, and uses Variational Autoencoders (VAEs) for 
dimensionality reduction and anomaly detection. The system gathers and analyzes important 
information of batteries such as usage history, environmental status, charging behaviors. 
Various data preprocessing approaches such as cleaning, normalization and anomaly handling 
are used to capture the correct model. GRUs process sequential data to predict SOH and SOC, 
and their use in the prediction process increases prediction efficiency by data simplification 
and outlier identification. The predicted SOH and SOC are presented with intuitive graphical 
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outputs for the user to monitor the health and accumulative state of the battery over time. Also, 
it is possible to follow the system in real-time, and the system raises an alarm upon reaching 
the critical levels of SOH and SOC, which allows for proactive maintenance decisions. By 
optimizing maintenance timetables and life span of the lithium batteries this system increases 
energy conservation and also increases the efficiency of LiFePO 4 in numerous applications. 
Keywords: Lithium iron phosphate batteries, State of Health (SOH), State of Charge (SOC), 
machine learning, Gated Recurrent Units (GRU), Variational Autoencoders (VAE), anomaly 
detection, battery lifetime prediction, energy management, real-time monitoring. 
 
I.INTRODUCTION 
Lithium iron phosphate (LiFePO4) batteries, as an important part of the contemporary energy 
solutions, have gained impressive progress; powering portable gadgets, renewable energy 
storage, and electric cars. They are superior to conventional lithium-ion chemistries due to their 
improved thermal stability, extended cycle life, and intrinsic safety. However, there is still 
performance degradation due to some factors like charging and discharging cycles, operating 
temperatures, depth of discharge and maintenance practices, which are experienced by 
LiFePO4 batteries. It is important to provide the ability to accurately predict the health of the 
battery, charge level for maximum usage and to prevent unexpected failures, all to extend 
operational lifespan. The possibility to predict SOH and SOC offers us a lot of information 
about the current state and use by the battery. Existing methods for evaluating AHR battery’s 
health are usually dependent on some periodic test or complicated electrochemical model and 
are more cumbersome for a real-time application. Machine learning provides a strong 
alternative, learning a pattern from the historical battery usage to perform continuous and 
correct prediction without invasive tests. This project combines Gated Recurrent Units (GRU) 
and Variational Autoencoders (VAEs) to design a strong system able to predict SOH and SOC 
despite the intricacies of battery data. GRUs, or Gated Recurrent Units, another recurrent neural 
network model, are especially good for capturing long-term dependencies in time-series data 
and are therefore the proper models used for modelling battery behaviour over time. Contrarily, 
VAEs help to reduce data dimensionality and detect anomalies which will improve the system’s 
predictive accuracy and robustness of outlier events. The proposed system gathers the 
necessary battery parameters including usage patterns, temperature and charge-discharge 
profiles, and then processes it through more sophisticated machine learning models. The 
predictions are shaded within an intuitive graphic form through which one can visualize the 
battery health and be alerted when critical thresholds are reached. This all-round approach helps 
not only with the active maintenance and the optimization of energy consumption, but also 
helps with the general sustainable energy goal of lengthening the battery lifespan and 
minimizing waste. 
This project takes advantage of machine learning in order to achieve accurate prediction of 
battery conditions to deliver a reliable, scalable solution to work with LiFePO4 batteries from 
different industries. Below is description of the methodology, system architecture, training 
process of model, experimental results, revealing the validity of the system in practical 
applications. 
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II.RELATED WORK 
Tsukiji et al. (2023): This work presents a multi-dimensional equity metric system for 
transportation electrification which tackles the differences in electric vehicle (EV) adoptions 
and charging infrastructure. The authors propose a framework that not only compares equity, 
but also with respect to supplementary dimensions such as geographical, economic and 
environmental aspects, which would be used in guiding policy decision and encourage 
inclusive electrification efforts [1]. 
Hu et al. (2019): In this work, we examine state estimation techniques for sophisticated battery 
management systems and talk about significant issues and emerging developments. The study 
focuses on methods for determining remaining usable life (RUL), classifying state of charge 
(SOC) and state of health (SOH), and determining the need for accurate, real-time algorithms 
to enhance battery performance and safety. [2]. 
Elmahallawy et al. (2022): The authors provide a thorough analysis of lithium-ion battery 
modeling approaches as well as a strategy for predicting SOH and RUL. They investigate a 
number of techniques, including machine learning, comparable circuit models, and deep 
learning to measure the degradation level of battery and predict its lifespan, hence making 
better energy storage manageable [3]. 
Wang et al. (2019): The object of this research is to study SOH estimation for lithium-ion 
batteries according to the resistance of charge transfer at different temperatures, and SOC 
conditions. The authors present a model that correlates resistance modifications to aging of the 
battery, that is, a practical health monitoring mechanism for dynamic operating environments 
[4]. 
Berecibar et al. (2016): This critical review reviews SOH estimation approaches to the realm 
of Li-ion battery applications. Various techniques are reviewed by the study, including 
electrochemical impedance spectroscopy and data-driven approaches described in terms of 
their strengths and limitations, and suitability for multiple use cases [5]. 
Xiong et al. (2018): The authors provide the study of the evolution of smart battery 
management systems covering SOH methods. They review different models – model-based, 
data-driven and hybrid – while pointing to the need to strike a balance between accuracy and 
computational efficiency for real-time applications [6]. 
Rezvanizaniani et al. (2014): This paper presents the recent developments in battery health 
monitoring and prognostic technologies applied to EVs. The research touches upon diagnostic 
algorithms, integration of sensor, and fault detection methods to improve vehicle safety and 
movements with predictive maintenance [7]. 
 
Li et al. (2021): The authors explore the topic of choosing features for SOH estimate using 
profiles of battery charging and discharging. They show how choosing the best features 
increases model accuracy and decreases the need for computation, thus making predictions of 
health faster and more reliable [8]. 
Meng & Li (2019): In this review, PHM works for lithium-ion batteries are presented. The 
study groups the available ones based on model-based, data-driven and a hybrid approach all 
with the aim of explaining how they can optimize the battery life and avert catastrophic failures 
[9]. 
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Li et al. (2019): The authors provide a data-driven approach to lithium-ion battery lifespan 
prediction and health estimate. The study shows how machine learning is becoming more and 
more important in identifying patterns of deterioration and forecasting battery performance 
under varied operating circumstances. [10]. 
III.PROPOSED SYSTEM 
The proposed system is developed to deliver full service of lithium iron phosphate (LiFePO4) 
batteries’ SoH and SoC, that are predicted with highly sophisticated machine learning tools. It 
combines data collection, pre-processing, model training and real time monitoring to provide 
valuable and actionable insight into the performance of the battery. 
Important battery characteristics including voltage, current, temperature, depth of discharge, 
and charge-multipoles are gathered by the system. Historical data is obtained from battery 
monitoring systems (BMS) or experimental (lab) setup. The cleaning cleans the raw data from 
noise, normalization scales the feature and anomaly detection finds and handles the outliers 
using VAEs. 

 
Figure 1. System Architecture 

At the heart of the system lies the concept of Gated Recurrent Units (GRU) which support the 
time-series forecasting and long-term dependences in the data relating to the performance of 
batteries. GRUs are therefore perfectly suited for this role as their ability to remember across 
long sequences allows them to be used well for predicting slow changes in SOH and SOC. The 
VAEs compliment the use of the GRUs by making data less complex, by enabling the system 
to concentrate on the most important features whilst strengthening its resistance to 
unpredictable anomalies. 
The system is trained on historical battery datasets; one model for SOH, another model for 
SOC prediction. Training is a process of step-wise optimisation using loss functions to reduce 
the prediction errors. Evaluation metrics including Mean Absolute Error (MAE) and Root 
Mean Square Error (RMSE) are used in order to determine the accuracy of a model. Cross-
validation guarantees good generalization on unseen data to the model. 
Predicted SOH (State Of Health) and SOC (State Of Charge) values are displayed in an 
intuitive graphical user interface which gives a day to day overview of battery health and charge 
levels. The system can alter projections and send out notifications if critical levels are reached 
thanks to its real-time monitoring capability. are reached in a manner that would prevent 
reactive maintenance and failure due to unforeseen conditions occurs. 
This system enables effective optimization of maintenance plans, battery life extension, and 
improved energy management in multiple fields such as consumer electronics, renewable 
energy storage, and electric vehicles. Through the use of machine learning for subsequent 
lifetime prediction, battery waste is minimized and proper use of energy is encouraged and the 
system plays its role in sustainability. 
IV. METHODOLOGY AND TECHNOLOGIES USED 
METHODOLOGY 

A. Data Collection and Preprocessing 
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The system acquires historical and current data about the battery voltage, current, temperature, 
depth of discharge and charge–discharge cycles. The raw data is preprocessed cleaning to 
eliminate inconsistencies, normalization to normalize feature ranges and anomaly detection 
using Variational Autoencoders (VAEs). VAEs reveal and eliminate odd patterns, such as rapid 
losses in voltage or inexplicable loss of capacity. This guarantees good quality of input data for 
training of machine learning models, reduces noise an outliers that might ruin the prediction 
quality of SOH and SOC. 

B. Model Selection and Training 
Gated Recurrent Units ( GRUs) are chosen because of their efficiency in capturing long term 
dependencies in sequential data. Historical battery performance data are used to train separate 
GRU models for SOH and SOC, respectively. The models are then optimized using this dropout 
regularization and the adam optimization. Model evaluation has been done through cross-
validation and using performance metrics such as, Mean Absolute Error (MAE) and Root Mean 
Square Error (RMSE) that guarantee high level of predictive accuracy. 

C. Anomaly Detection with VAEs 
Through Variational Autoencoders (VAEs) the system is fitted to detect anomalous battery 
behaviours. VAEs study latent representations of battery data and detect abnormal patterns, 
including, but not limited to, the sudden change of voltage or capacity decline. When anomalies 
are identified, calibration of the predictive models is initiated in order to ensure accuracy. Self-
initiated strategy avoids wrong projections and enables the system to adapt to changing battery 
conditions. It finally guarantees SOH and SOC estimations reliability and enables timely 
preventive maintenance activities. 

D. Visualization and Alert System 
The system offers a graph interface for visualization of the predicted SOH and SOC values 
with live updates of monitoring. There are historical trends available, and users will receive 
alerts, if battery health or charge level reach critical threshold. The dynamic dashboard with 
dynamic graphs facilitates intuitive interpretation of battery performance by users. Automated 
notifications advance timely users’ maintenance actions and avoid failures and optimize battery 
life span. These insights allow support for making such decisions that are informed of safety 
in energy consumption and reliability in industrial and consumer battery applications. 
TECHNOLOGIES USED 

A. Python and Machine Learning Libraries 
Python plays the leading role in terms of the programming language which is used and is based 
on developing GRU and VAE models with the help of TensorFlow, Keras and PyTorch. Data 
manipulation is conducted using Pandas and NumPy, and visualization is supported by 
Matplotlib and Plotly. The combination of these tools allows for a smooth end to end workflow 
from data preprocessing to model training, evaluation and real time tracking. The flexible 
ecosystem surrounding Python enables rapid prototyping and scalable deployment ensuring 
efficient and strong machine learning solutions for battery health and charge predictions. 

B. Battery Management System (BMS) Integration 
The system is coupled with battery management system equipment to pick up real-time data 
from the battery. Communication mechanisms such as the Controller Area Network (CAN) bus 
make it convenient to pass the data between the BMS and the predictive model. This allows 
for consistent updating of SOH and SOC estimation which makes the estimation real in a real 
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world scenario. The integration improves predictive maintenance strategies and enable 
industries to adopt the system in electric vehicles, renewable energy storage and industrial 
power management with the sole aim of maximizing the battery efficiency and the lifespan. 

C. Database and Cloud Storage 
InfluxDB is a time-series database that is used to store a series of battery data for easier access. 
AWS or Google Cloud based cloud platforms offer scalable storage along with computing 
resources that make it possible to train a deep model on large data-sets. These cloud based 
solutions are able to allow remote access to the real time battery monitoring with ability to 
implement continuous updates and system upgrading. Cloud integration guarantees reliability 
and availability, which make it possible to remotely monitor the state of the battery, and makes 
it possible to make energy management and predictive maintenance decisions on the basis of 
data. 

D. Web-Based User Interface 
A web-based dashboard is built using either Flask or by Django for backend which is 
incorporated with a reactive front-end using React.js. This interface offers real-time SOH and 
SOC graphs; historical trends; alert notifications. The easy to use design makes it easy to 
navigate and monitor the battery health metrics. Through the use of web-based monitoring, 
users may monitor battery performance from a distance and get warnings immediately of 
impending problems. This accessibility makes optimization of battery longevity and 
operational efficiency a preventative step that users can facilitate. 
Mathematical Model of CNN 
Pages of CNN have convolution, pooling and fully connected layers.. 
Convolution Operation 
The feature map in a convolutional layer is obtained using: 
f (x, y) = Σ Σ I(x + i, y + j) · F (i, j) (1) 
i=−k j=−k 
where: 

 
1.2 Pooling Layer 
The max-pooling operation is defined as: 
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The ReLU activation function introduces non-linearity: 
ReLU (z) = max(0, z) 
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V. RESULT AND DESCUSSION 
The machine learning based system showed some interesting results in the prediction of State 
of Health (SOH) and State of Charge (SOC) of lithium iron phosphate (LiFePO4) batteries. 
The GRU models delivered high accuracy – low MAE and RMSE results in several different 
test data sets.  
Feature Extraction in CNN 

 
 
Figure 2. visualization of CNN feature extraction 
The system successfully picked up on long-term tendencies and fine fluctuations in the efficacy 
of batteries, and faithfully resembled the degradation profiles of the real world. The fusion of 
Variational Autoencoders (VAEs) dramatically increased the analytical robustness of the 
system by identifying and correcting anomalies including, sudden capacity slumps and odd 
charge discharge behaviors.  
Such ability minimized risks of inaccuracy in predictions while guaranteeing the system was 
reliable with different operational conditions. The graphical interface turned out extremely 
intuitive, under which the users were able to monitor the SOH and SOC in real time easily. 
Visual alerts helped to send time sensitive warnings when battery health degradates or charge 
levels are lower than acceptable levels which allow timely proactive maintenance 
interventions.  

Comparison of ML Algorithms for EV Battery Health Estimation 
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The capability of the system to update its predictions in real time, thus improving their value 
in practice, also added to the practical utility of the system making it suitable for deployment 
in dynamic systems as renewable energy storage devices and electric cars. In general, the total 
of the GRU and VAE models, as well as real-time monitoring and visualization, formed a 
complete tool for handling LiFePO4 batteries.  
The system also “managed to extend battery life and improved energy management” as well as 
optimize maintenance schedule. The results indicate the potential of machine learning to 
change battery management systems, setting the stage for smarter, greener energy solutions. 
VI.CONCLUSION AND FUTURE ENHANCEMENT 
The developed machine learning-based system makes reliable predictions of State of Health 
(SOH) and State of Charge (SOC) of lithium iron phosphate (LiFePO4) cells with high 
accuracy. With Gated Recurrent Units (GRU) being used for temporal dependencies and 
Variational Autoencoders (VAE) to detect anomalies, the system delivers reliable, real time 
indication on battery performance.  
This improves maintenance strategies, battery life and energy management. Potential future 
improvements may include extending the model to accommodate other battery chemistries, 
implementing edge computing in order to deliver faster but predictions on device and applying 
reinforcement learning to dynamically personalize charging approaches. Such enhancements 
would further transform the system into more versatile, and highly efficient and applicable for 
a wide range of energy systems. 
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