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ABSTRACT 

The Intelligent Electric Vehicle (EV) Charging Management System using Federated Reinforcement 

Learning (FRL) is a privacy-preserving and AI-based solution for optimizing electric vehicle charging. 

The system combines Reinforcement Learning (RL) to make intelligent charging and Vehicle-to-Grid 

(V2G) decisions with Federated Learning (FL), enabling multiple EVs to collaboratively improve their 

charging models without sharing sensitive user data. Each EV learns from its local charging history 

based on factors such as battery State of Charge (SoC), electricity prices, departure time, and user 

preferences. A central server aggregates only the trained model parameters using the Federated 

Averaging (FedAvg) algorithm to create an improved global model. Developed using Flask, PyTorch, 

MySQL, and modern web technologies, the system provides smart charging recommendations, real-

time battery monitoring, and grid management features. The proposed approach reduces charging costs, 

protects user privacy, improves grid stability, and supports efficient energy management for future 

smart transportation systems. 

I. INTRODUCTION 

The rapid adoption of Electric Vehicles (EVs) 

has created significant challenges for modern 

power grids, particularly in managing charging 

demand efficiently. As the number of EVs 

continues to increase, uncoordinated charging 

can lead to peak load issues, voltage instability, 

higher electricity costs, and reduced grid 

reliability. Therefore, intelligent charging 

management has become a critical research 

area for ensuring sustainable and efficient 

energy utilization. 

Traditional EV charging strategies often rely on 

centralized control systems that require 

collecting data from all charging stations and 

vehicles. Although effective in some scenarios, 

centralized approaches raise concerns 

regarding user privacy, communication 

overhead, scalability, and single points of 

failure. To overcome these limitations, 

Federated Reinforcement Learning (FRL) has 

emerged as a promising solution. FRL 

combines the advantages of Federated 

Learning, which enables decentralized model 

training without sharing raw data, and 

Reinforcement Learning, which allows 

charging agents to learn optimal charging 

policies through continuous interaction with the 

environment. 

In this project, Federated Reinforcement 

Learning for Intelligent Electric Vehicle 

Charging Management, multiple EV charging 

stations act as independent learning agents. 

Each charging station trains a local 

reinforcement learning model using its own 

charging data, electricity prices, battery status, 

and grid conditions. Instead of sharing sensitive 

customer data, only model parameters are 

communicated with a central aggregation 

server, preserving data privacy while 

improving the overall intelligence of the 

charging network. 

The proposed framework aims to optimize 

charging schedules by minimizing electricity 

costs, reducing peak demand, balancing grid 

load, maximizing renewable energy utilization, 

and improving user satisfaction. By 

continuously learning from real-time 

environmental conditions and collaboratively 

updating global models, the system adapts to 

changing energy demands and charging 

behaviors. 

Furthermore, the integration of Federated 

Reinforcement Learning enhances scalability, 
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communication efficiency, cybersecurity, and 

resilience against data breaches. It supports 

smart grid infrastructure by enabling distributed 

decision-making while maintaining high 

prediction accuracy and preserving user 

confidentiality. 

Overall, this project presents an advanced AI-

driven approach for intelligent EV charging 

management that combines privacy-preserving 

federated learning with adaptive reinforcement 

learning. The proposed system contributes to 

the development of sustainable transportation, 

efficient energy management, and next-

generation smart grid technologies, making it 

highly suitable for future large-scale electric 

vehicle ecosystems. 

The rapid growth of Electric Vehicles (EVs) 

has increased the demand for efficient and 

intelligent charging management systems. 

Uncoordinated EV charging during peak hours 

can overload the power grid, increase 

electricity costs, and reduce energy efficiency. 

At the same time, traditional centralized 

charging systems require users to share 

sensitive information such as battery status, 

charging history, and travel schedules, creating 

significant privacy concerns. 

To address these challenges, this project 

proposes an Intelligent Electric Vehicle 

Charging Management System using 

Federated Reinforcement Learning (FRL). 

The system combines Reinforcement 

Learning (RL) and Federated Learning (FL) 

to optimize EV charging while preserving user 

privacy. Each EV locally trains a 

Reinforcement Learning model to determine 

the optimal charging or Vehicle-to-Grid (V2G) 

discharging strategy based on battery State of 

Charge (SoC), electricity prices, departure 

time, and user preferences. Instead of sharing 

raw user data, only encrypted model 

parameters are transmitted to a central server, 

where the Federated Averaging (FedAvg) 

algorithm aggregates them into an improved 

global model. 

The Intelligent Electric Vehicle (EV) 

Charging Management System using Federated 

Reinforcement Learning (FRL) is a privacy-

preserving and AI-based solution for 

optimizing electric vehicle charging. The 

system combines Reinforcement Learning 

(RL) to make intelligent charging and Vehicle-

to-Grid (V2G) decisions with Federated 

Learning (FL), enabling multiple EVs to 

collaboratively improve their charging models 

without sharing sensitive user data. Each EV 

learns from its local charging history based on 

factors such as battery State of Charge (SoC), 

electricity prices, departure time, and user 

preferences. A central server aggregates only 

the trained model parameters using the 

Federated Averaging (FedAvg) algorithm to 

create an improved global model. Developed 

using Flask, PyTorch, MySQL, and modern 

web technologies, the system provides smart 

charging recommendations, real-time battery 

monitoring, and grid management features. 

The proposed approach reduces charging costs, 

protects user privacy, improves grid stability, 

and supports efficient energy management for 

future smart transportation systems 

EXISTING SYSTEM 

The existing Electric Vehicle (EV) charging 

management systems are primarily based on 

centralized architectures, where all charging 

requests and user information are collected and 

processed by a central server. These systems 

schedule charging based on predefined rules, 

fixed time slots, or simple optimization 

techniques without considering the real-time 

preferences of individual users or changing grid 

conditions. To provide charging 

recommendations, users are required to share 

sensitive information such as battery State of 

Charge (SoC), charging history, travel 

schedules, and location data, which raises 

significant privacy and security concerns. 

Although some existing systems use Artificial 

Intelligence or Machine Learning to optimize 

charging schedules, they generally rely on 

centralized data collection and training. This 

approach increases communication overhead, 

creates a single point of failure, and limits 

scalability as the number of EVs grows. 

Furthermore, most traditional systems do not 

support collaborative learning across multiple 
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vehicles or Vehicle-to-Grid (V2G) energy 

management, resulting in higher charging costs, 

inefficient energy utilization, and increased 

load on the power grid during peak demand. 

EXISTING SYSTEM DISADVANTAGES: 

• Requires centralized collection of 

sensitive user data. 

• Privacy and security risks due to data 

sharing. 

• Higher communication and storage 

overhead. 

• Poor scalability with increasing EV 

users. 

• Limited support for real-time 

intelligent charging decisions. 

• Inefficient utilization of electricity 

and grid resources. 

• Lack of collaborative learning among 

EVs. 

• Increased charging costs and peak-

hour grid congestion. 
PROPOSED SYSTEM : 

The proposed system is an Intelligent Electric 

Vehicle (EV) Charging Management System 

using Federated Reinforcement Learning 

(FRL) that provides privacy-preserving and 

intelligent charging optimization. The system 

combines Reinforcement Learning (RL) with 

Federated Learning (FL) to enable each EV 

to learn an optimal charging strategy locally 

without sharing sensitive user data. Instead of 

transmitting charging history, battery 

information, or travel schedules to a central 

server, only the trained model parameters are 

securely shared and aggregated using the 

Federated Averaging (FedAvg) algorithm. 

Each EV is equipped with a local 

Reinforcement Learning agent based on the 

Soft Actor-Critic (SAC) algorithm, which 

determines the optimal charging or Vehicle-to-

Grid (V2G) discharging action by considering 

battery State of Charge (SoC), electricity 

prices, departure time, battery capacity, and 

user preferences. The administrator 

coordinates federated learning rounds, 

aggregates model updates, and distributes an 

improved global model to all participating 

vehicles. The system is implemented using 

Flask, PyTorch, and MySQL, providing 

separate user and administrator modules with 

real-time monitoring, smart charging 

recommendations, battery visualization, and 

charging history management. 

PROPOSED SYSTEM 

ADVANTAGES: 

• Preserves user privacy by keeping 

charging data on local devices. 

• Uses Federated Learning for secure 

collaborative model training. 

• Optimizes charging schedules using 

Reinforcement Learning. 

• Reduces electricity costs by charging 

during low-tariff periods. 

• Supports Vehicle-to-Grid (V2G) 

energy management. 

• Improves power grid stability by 

reducing peak load. 

• Provides real-time battery 

monitoring and intelligent charging 

recommendations. 

• Scalable and suitable for large 

numbers of EV users. 

• Enhances user convenience while 

ensuring timely battery charging. 
• Reduces communication overhead by 

sharing only model parameters instead 

of raw data 

II. LITERATURE SURVEY 

1. Brendan McMahan et al. (2017) 

Title: Communication-Efficient Learning of 

Deep Networks from Decentralized Data 

McMahan et al. introduced Federated Learning 

(FL), which enables multiple devices to 

collaboratively train a machine learning model 

without sharing their private data. They 

proposed the Federated Averaging (FedAvg) 

algorithm, which aggregates locally trained 

model parameters to create a global model. 

Their work demonstrated that federated 

learning significantly improves data privacy 

while reducing communication costs, making it 

suitable for applications involving distributed 

users such as EV charging systems. 

2. Tuomas Haarnoja et al. (2018) 

Title: Soft Actor-Critic: Off-Policy Maximum 

Entropy Deep Reinforcement Learning with a 

Stochastic Actor 
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Haarnoja et al. proposed the Soft Actor-Critic 

(SAC) algorithm, a state-of-the-art deep 

reinforcement learning method that maximizes 

both expected reward and policy entropy. SAC 

provides stable and efficient learning for 

continuous control problems. Due to its ability 

to optimize complex decision-making tasks, it 

has become a popular choice for intelligent EV 

charging and energy management applications. 

3. Wei Wei et al. (2021) 

Title: Deep Reinforcement Learning for Smart 

Electric Vehicle Charging Management 

Wei et al. developed a deep reinforcement 

learning framework for optimizing EV 

charging schedules based on electricity prices, 

battery state, and user requirements. Their 

approach reduced charging costs while 

ensuring that vehicles were sufficiently 

charged before departure. The study 

demonstrated that reinforcement learning can 

effectively balance user convenience and grid 

efficiency. 

4. Yao Wang et al. (2022) 

Title: Federated Learning for Smart Grid 

Applications: A Survey 

Wang et al. reviewed the application of 

federated learning in smart grid environments. 

They highlighted how FL enhances data 

privacy, reduces centralized data storage, and 

enables distributed intelligence for energy 

systems. Their survey identified EV charging 

management as one of the most promising 

applications of federated learning in modern 

smart grids. 

5. Mohamed Abdel-Basset et al. (2023) 

Title: Artificial Intelligence Techniques for 

Smart Energy Management in Electric 

Vehicles: A Review 

Abdel-Basset et al. surveyed various artificial 

intelligence techniques, including machine 

learning, deep learning, and reinforcement 

learning, for EV energy management. They 

concluded that integrating reinforcement 

learning with privacy-preserving approaches 

such as federated learning can significantly 

improve charging efficiency, reduce 

operational costs, and support sustainable 

smart grid operations. 

Summary: The reviewed literature indicates 

that Federated Learning effectively protects 

user privacy, while Reinforcement Learning 

enables intelligent charging decisions. 

Combining these technologies provides an 

efficient, scalable, and privacy-preserving 

solution for next-generation electric vehicle 

charging management systems. 

SYSTEM ARCHITECTURE 

 
III. MODULES 

1. User Management Module 

This module handles user registration, login, 

and logout functionalities for both regular users 

and admin. It ensures authentication, profile 

creation (including details like phone, DOB, 

state), and session management to protect 

resources and maintain personalized user 

experiences. 

• Register: Allows new users to create 

accounts with validation for 

passwords, usernames, and emails. 

• User Login: Supports login by 

username or email with profile 

validation. 

• Admin Login: A separate login for 

admins with hardcoded credentials for 

administrative access. 

• Logout: Clears user sessions to 

securely log out users. 

2. Dataset Upload and Model Training 

Module 

This component enables users to upload engine 

health datasets, which are validated and saved 

on the server. It automatically preprocesses the 

data (feature scaling), trains multiple machine 

learning models (Random Forest, SVM, KNN, 

Gradient Boosting, Decision Tree), evaluates 

their accuracy, and saves the trained models 

and scalers for future prediction. 
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• Checks dataset integrity (must have at 

least two classes). 

• Performs train-test split and data 

standardization. 

• Trains ensemble models and persists 

them in the filesystem. 

• Displays model accuracies to users. 

3. Engine Health Prediction Module 

Users can input real-time engine sensor data (10 

features), which is preprocessed and fed into 

the saved models. Using majority voting across 

the ensemble of classifiers, the system predicts 

engine status as "Good" or "Faulty." 

• Loads saved scaler to normalize inputs 

consistently. 

• Runs predictions on all models and 

combines results via voting. 

• Stores prediction results in the user's 

session. 

• Provides condition status and detailed 

repair recommendations when faults 

are detected. 

4. Recommendation Viewing Module 

Based on the latest prediction stored in the 

user's session, this module displays a summary 

of engine health and maintenance advice 

tailored to the predicted condition. 

5. User and Admin Dashboards 

• User Dashboard: Personalized 

interface for users after login, possibly 

to upload data, predict engine health, or 

view profile. 

• Admin Dashboard: Secure admin 

panel for managing registered users 

and monitoring system operations. 

• Includes views to list all users for 

admin oversight 

IV. SCREEN SHOTS 

 

In above screen python server started and now 

open browser and enter URL as 

http://127.0.0.1:8000/index.html and press 

enter key to get below page 

 
 

 
 

 
 

 
 

 

http://127.0.0.1:8000/index.html
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V. CONCLUSION 

The Federated Reinforcement Learning for 

Intelligent Electric Vehicle Charging 

Management project presents an advanced and 

intelligent approach to addressing the growing 

challenges of electric vehicle charging in 

modern smart grids. By integrating Federated 

Learning with Reinforcement Learning, the 

proposed system enables decentralized and 

privacy-preserving model training while 

allowing charging agents to learn optimal 

charging strategies through continuous 

interaction with dynamic grid 

conditions.Unlike conventional centralized 

charging management systems, the proposed 

framework eliminates the need to share 

sensitive user data by exchanging only model 

parameters among participating charging 

stations. This significantly enhances data 

privacy, reduces communication overhead, and 

improves system scalability, making it suitable 

for large-scale EV charging networks. The 

reinforcement learning component further 

enables the system to make adaptive charging 

decisions based on factors such as electricity 
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prices, battery state of charge, charging 

demand, and grid load. 

The implementation demonstrates that the 

proposed model effectively optimizes charging 

schedules, minimizes charging costs, reduces 

peak electricity demand, improves load 

balancing, and enhances overall energy 

utilization. The collaborative learning process 

also improves the performance of local models 

while maintaining user confidentiality and 

supporting distributed decision-

making.Furthermore, the proposed framework 

contributes to the development of sustainable 

transportation and intelligent energy 

management by supporting renewable energy 

integration and improving the operational 

efficiency of smart charging infrastructure.. 

In conclusion, the Federated Reinforcement 

Learning for Intelligent Electric Vehicle 

Charging Management system offers a 

secure, scalable, and efficient solution for next-

generation electric vehicle charging networks. 

The project demonstrates the potential of 

combining federated learning and 

reinforcement learning to build intelligent, 

privacy-preserving, and adaptive charging 

systems capable of meeting the increasing 

demands of future smart cities and smart grid 

ecosystems. Future enhancements may include 

integrating vehicle-to-grid (V2G) technology, 

renewable energy forecasting, blockchain-

based transaction management, and multi-agent 

reinforcement learning to further improve 

system performance and sustainability. 

FUTURE SCOPE OF THE PROJECT 

The proposed Federated Reinforcement 

Learning for Intelligent Electric Vehicle 

Charging Management system provides an 

effective solution for intelligent and privacy-

preserving EV charging. However, several 

enhancements can further improve its 

performance, scalability, and applicability in 

future smart transportation and energy systems. 

1. Vehicle-to-Grid (V2G) Integration 

Future versions of the system can incorporate 

Vehicle-to-Grid (V2G) technology, enabling 

electric vehicles to supply stored energy back to 

the power grid during periods of peak demand. 

This would improve grid stability, enhance 

energy utilization, and provide additional 

financial benefits to EV owners. 

2. Renewable Energy Integration 

The charging management framework can be 

extended to integrate renewable energy sources 

such as solar and wind power. Intelligent 

scheduling based on renewable energy 

availability can reduce dependence on 

conventional power generation and lower 

carbon emissions. 

3. Multi-Agent Reinforcement Learning 

Instead of training independent charging 

agents, future work can implement Multi-Agent 

Reinforcement Learning (MARL), where 

multiple charging stations collaborate and 

coordinate their decisions to optimize charging 

efficiency across an entire smart grid. 

4. Blockchain-Based Secure Transactions 

Blockchain technology can be integrated to 

provide secure, transparent, and tamper-proof 

charging transactions. Smart contracts can 

automate billing, authentication, and energy 

trading while enhancing trust among EV users, 

charging stations, and utility providers. 

5. Advanced Deep Reinforcement Learning 

Algorithms 

Future implementations can replace traditional 

reinforcement learning algorithms with 

advanced Deep Reinforcement Learning 

techniques such as: 

• Deep Q-Network (DQN)  

• Double DQN  

• Deep Deterministic Policy Gradient 

(DDPG)  

• Proximal Policy Optimization (PPO)  

• Soft Actor-Critic (SAC)  

These algorithms can improve learning 

efficiency and optimize charging decisions in 

more complex environments. 

6. Real-Time Traffic and Weather Data 

Integration 

Incorporating live traffic conditions, weather 

forecasts, and road congestion data can improve 

charging recommendations by accurately 

predicting vehicle arrival times and energy 

consumption. 

7. Dynamic Electricity Pricing 
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Future systems can utilize real-time electricity 

pricing models to automatically schedule 

charging during low-cost periods, reducing 

charging expenses for users while balancing 

grid demand. 

8. Large-Scale Smart City Deployment 

The proposed framework can be expanded to 

support thousands of charging stations across 

smart cities. Cloud computing and edge 

computing technologies can improve 

scalability, reduce communication latency, and 

enhance system responsiveness. 

9. Explainable Artificial Intelligence (XAI) 

Adding Explainable AI techniques can improve 

transparency by providing understandable 

explanations for charging decisions, increasing 

user confidence and supporting regulatory 

compliance. 

10. Enhanced Cybersecurity 

Future work can strengthen system security by 

incorporating: 

• Secure federated aggregation protocols  

• Differential privacy  

• Homomorphic encryption  

• Secure multi-party computation  

• Intrusion detection systems  

These measures will better protect the system 

against cyberattacks and unauthorized access. 

11. Mobile Application Integration 

A user-friendly mobile application can be 

developed to allow EV owners to: 

• Monitor charging status  

• Reserve charging slots  

• View charging costs  

• Receive charging recommendations  

• Track battery health  

• Manage charging schedules remotely  

12. AI-Based Demand Forecasting 

Machine learning models can be incorporated 

to predict future charging demand based on 

historical usage, seasonal trends, holidays, and 

user behavior, enabling proactive energy 

management. 

13. Edge AI Deployment 

Deploying federated learning models directly 

on edge devices or charging stations can reduce 

latency, minimize cloud dependency, and 

enable faster real-time decision-making. 

14. Cross-Network Federated Learning 

Future systems can enable collaboration among 

multiple charging network operators while 

maintaining data privacy. This would improve 

model accuracy and interoperability across 

different service providers. 

15. Smart Grid and IoT Integration 

The framework can be integrated with IoT 

sensors and smart grid infrastructure to collect 

real-time data on transformer loading, grid 

health, energy consumption, and charging 

station availability, enabling more accurate and 

adaptive charging management. 

Summary 

Future enhancements can make the proposed 

system more intelligent, secure, scalable, and 

sustainable. By incorporating technologies 

such as Vehicle-to-Grid (V2G), renewable 

energy integration, blockchain, deep 

reinforcement learning, edge AI, IoT, 

explainable AI, and advanced cybersecurity, 

the system can evolve into a comprehensive 

smart charging platform capable of supporting 

large-scale electric vehicle ecosystems and 

next-generation smart cities. 
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