Client Selection for Federated Learning in Vehicular Edge Computing: A Deep Reinforcement Learning Approach 

                                                     ABSTRACT
· Vehicular edge computing (VEC) has emerged as a solution that places computing resources at the edge of the network to address resource management, service continuity, and scalability issues in dynamic vehicular environments. However, VEC faces challenges such as task offloading, varying communication conditions, and data security. 
· To tackle these challenges, federated learning (FL), a distributed machine learning framework that allows multiple clients to collaboratively train a global model without sharing their data, is utilized. However, vehicular clients have characteristics such as non-independent and identically distributed (non-IID) data, diverse communication capabilities, and high mobility, which pose difficulties for model convergence. 
· A dynamic and optimal client selection method is required to address VEC and FL challenges. Therefore, in this paper, we propose a distributed client selection method with multi-objectives that can dynamically adapt to changing conditions. 
· This method combines fuzzy logic with deep reinforcement learning (DRL) based deep Q-network (DQN). Initially, the fuzzy logic approach infers client candidates based on the stability of communication links. 
· Subsequently, the DQN approach selects the final clients by considering the objectives of maximizing model accuracy and minimizing processing time and communication overhead.
·  Unlike conventional methods, the proposed method provides an efficient solution that balances different objectives and improves model performance by ensuring comprehensive network coverage. 
· Consequently, the proposed method achieves higher model accuracy, lower processing time, and reduced communication overhead compared to conventional methods.




CHAPTER-1
INTRODUCTION

· Federated learning has been proposed by Google as a distributed machine learning paradigm to push the computation of artificial intelligence (AI) applications into more and more end devices while protecting the privacy of end users [1]. 
· In federated learning, a central server sends an initialized global deep neural network (DNN) model to clients as the first step. Based on the initialized global DNN model, clients separately train local DNN models with their local data as the second step. 
· Instead of directly sending their local data, clients send the trained local DNN models back to the central server as the third step. The above steps are repeated in multiple rounds until the training accuracy of the global DNN model meets the requirement of the central server.
·  Due to the above advantages, federated learning has been applied to many application scenarios, such as financial applications [1], virtual keyboard applications [2], and electronic health applications [3]. 
· Vehicular edge computing (VEC) is a fast-developing vehicular technology, where vehicles and roadside servers at the network edge contribute communication, computation, storage and data resources to close proximity of vehicular users [4]. 
· With the rapid penetration of intelligent connected vehicles (ICV), there is an urgent need to study federated learning in VEC as an important technical framework to meet the ever-increasing demands of AI applications in vehicular networks.
·  In this paper, we consider image classification as a typical AI application in VEC [5]. As we know, the images captured from on-board cameras usually contain sensitive information with individual privacy of the vehicular clients. Using federated learning in VEC is beneficial in exploiting vehicular images for DNN training while protecting their privacy. 
· For example, the vehicular clients use on-board cameras to capture images, which are classified and labeled by automatic labeling technology [6]. After that, the vehicular clients are selected by the central server to participate in federated learning in a supervised fashion and generate global and local DNN model updates. 

CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· To improve the accuracy and efficiency of model aggregation, this paper proposes a selective model aggregation approach. First of all, we exploit a geometric model that illustrates the relationship between the object of interest and the camera in each vehicular client. 
· The geometric model is used to evaluate the image quality in the motion blur level by observing the instantaneous velocity of each vehicular client. After that, the computation capability is quantified via a parameter of resource consumption.
·  By evaluating local image quality as well as computation capability, the ‘‘fine’’ local DNN models on the ‘‘fine’’ clients are selected and sent to the central server for aggregation. Since federated learning prevents from sending local data, the central server is not aware of the image quality and computation capability of vehicular clients, which is called information asymmetry.
·  To deal with the information asymmetry, the selection procedure of the ‘‘fine’’ local DNN models is formulated as a two-dimensional image-computation-reward contract theory problem. 
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2.1.1 DRAWBACKS OF EXISTING SYSTEM ARE 
· DRL Complexity: Deep reinforcement learning models can be computationally intensive, especially when dealing with a large number of clients in a vehicular network. Training DRL agents typically requires significant computational resources, which may not always be feasible in resource-constrained edge devices.
· Large Client Base: Vehicular networks can involve a large number of vehicles (clients) spread over a wide area. The DRL-based client selection mechanism may struggle to scale efficiently with increasing numbers of clients, leading to high communication and computational costs.
· Vehicle Mobility: The mobility of vehicles in a dynamic environment can introduce uncertainties in client availability and network stability, making the DRL-based client selection less reliable over time.
· Delayed Rewards: The effect of client selection decisions may not be immediately visible, leading to delayed rewards. This can make the learning process slower and harder to optimize, especially in highly dynamic environments like vehicular networks
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· In this system, vehicles, acting as clients, collaboratively train a global machine learning model without sharing their local data, ensuring privacy preservation.
·  However, the highly dynamic nature of vehicular networks, characterized by vehicle mobility, fluctuating network conditions, and varying client resource capabilities, poses significant challenges for effective client selection.
· To address these challenges, the proposed system employs a DRL agent that learns to make real-time, adaptive decisions on which vehicles should participate in each round of federated learning. 
· The DRL agent is trained to consider various factors such as the vehicle's computational resources (CPU, memory), battery level, data quality, connectivity status, and geographical location.
·  The system continuously evaluates the environment and adjusts its client selection strategy to optimize the performance of the federated learning process.
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· Context-Aware Decisions: DRL models can take into account various factors such as the vehicle’s location, connectivity status, available computational resources, and network latency. This enables more context-aware client selection, improving the quality of federated learning by choosing the best clients for the current situation.
· Reduced Communication Overhead: By selecting clients that are well-suited for contributing to the model, DRL can help reduce the number of communication rounds and the amount of data transmitted, as fewer but more relevant clients are chosen. This is particularly important in vehicular edge networks where bandwidth and communication resources are limited.
· Prevention of Malicious Clients: DRL can also be trained to recognize and avoid potentially malicious clients that may attempt to poison the model or inject faulty data. By incorporating security measures into the DRL model, it can make intelligent decisions to select trustworthy clients, improving the robustness of the system.
· Fair Resource Distribution: DRL-based client selection can be designed to ensure fairness among clients by distributing the federated learning workload more evenly. For example, it can prevent certain vehicles with better resources (e.g., high-performance processors or stable connections) from dominating the learning process, giving smaller or more resource-constrained vehicles a chance to contribute as well. This leads to a more balanced system.
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The feasibility Analysis is an analytical program through project manager determines the project success ratio and through feasibility study project manager able to see either project. The key considerations involved in the feasibility analysis are:
· Economic Feasibility
· Technical Feasibility
· Operational Feasibility
· Environmental Feasibility
2.3.1 ECONOMICAL FEASIBILITY
Hence this project is economically feasible there is no need to involve any cost for this project. 
2.3.2 TECHNICAL FEASIBILITY
Software Technologies used are PHP and MySql. In the educational institutions, it is possible to update the system in future. No special hardware is required for the purpose of using this system. Hence it is declared that this project is technically feasible.
2.3.3 OPERATIONAL FEASIBILITY
As the admin work mainly to maintain the Patient and Doctor .Doctor will predict patient cancer disease. Hence it is easy to operate with training. Therefore it is operationally feasible for implementation.




2.3.4 ENVIRONMENTAL FEASIBILITY
This project environment is correct as a admin has developed this system and no expenditure is involved under any head and this process is part of admin document management, this project environment is accessible.   


2.4 SYSTEM REQUIREMENTS
· System	:  Pentium IV 2.4 GHz.
· Hard Disk	: 40 GB.
· Monitor	: 15 inch VGA Color.
· Mouse	: Logitech Mouse.
· Ram		: 512 MB
· Keyboard	: Standard Keyboard

2.4.1 HARDWARE REQUIREMENTS
             The Hardware of the computer consists of physical component such as Input Devices, Storage Devices, Processing & Control units and Output Devices.  Computer includes external storage unit to store data in programs.
           The Hardware Configuration involved in this project
· System	:  Pentium IV 2.4 GHz.
· Hard Disk	: 40 GB.
· Monitor	: 15 inch VGA Color.
· Mouse 		: Logitech Mouse.
· Ram		: 512 MB
· Keyboard	: Standard Keyboard

2.4.2 SOFTWARE REQUIREMENTS 
 	Software is a group of programs that computers need to do a particular task.  It is an essential requirement of Computer System. The Software used to develop the project is
· Operating System	: Windows XP.
· Platform		: DOT NET TECHNOLOGY
· Front End		: ASP.Net 3.5
· Back End		: SQL SERVER 2005










2.5 MODULE DESCRIPTION
· Client Selection Module
· Federated Learning Module
· Reward Calculation Module
· Client Resource Monitoring Module


Client Selection Module
· Objective: This module is responsible for selecting which clients (i.e., vehicles) participate in each round of federated learning.
· Functionality:
· Client Features: The module gathers features related to each vehicle (client), such as battery level, computational resources, data quality, connectivity status (signal strength, latency), and geographical location.
· Selection Criteria: Based on the gathered features, the module makes decisions on which clients should be selected to participate in the current training round, considering factors like network stability, resource availability, and data relevance.


Federated Learning Module
· Objective: This module is responsible for coordinating the federated learning process, aggregating model updates from selected clients, and updating the global model.
· Functionality:
· Local Training: Each selected client performs local training using its private data and computes model updates (e.g., gradients, weights).
· Aggregation: The model updates (typically weights or gradients) from the selected clients are sent to a central server or edge server for aggregation. Common aggregation techniques include Federated Averaging (FedAvg).


Reward Calculation Module
· Objective: This module defines and calculates the reward for the DRL agent based on the performance of client selection in each training round.
· Functionality:
· Model Performance: The reward can be based on improvements in the model's accuracy, convergence rate, or loss function after the current round.
· Communication Efficiency: The module may also consider communication costs (e.g., bandwidth used, number of communication rounds, etc.) and factor them into the reward. A lower communication overhead may result in a higher reward.


Client Resource Monitoring Module
· Objective: This module monitors the status of each client’s computational and communication resources, providing real-time information to guide the client selection process.
· Functionality:
· Battery Level: Monitors each client's battery level to avoid selecting clients that are running low on power.
· Computational Resources: Tracks the available computational resources (e.g., CPU, memory) of each client to ensure that only clients with sufficient resources are selected.
· Connectivity: Monitors network conditions such as signal strength, latency, and packet loss to ensure clients with reliable connections are chosen.
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CHAPTER 4
TESTING AND IMPLEMENTATION

0. TESTING
 Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one.

 4.1.1Unit Testing
	Unit testing comprises the set of tests performed by an individual programmer prior to integration of the unit into a larger system. The module interface is tested to ensure that information properly flows into and out of the program unit. The local data structure is examined to ensure that data stored temporarily maintains its integrity during all steps in an algorithm’s execution. Boundary conditions are tested to ensure that the module operates properly at boundaries established to limit or restrict processing. All independent paths through the control structure are tested. All error-handling paths are tested.

4.1.2 Block Box Testing
Black-box testing is a method of software testing that examines the functionality of an application without peering into its internal structures or workings. This method of test can be applied virtually to every level of software testing: unit, integration, system and acceptance. It is sometimes referred to as specification-based testing.




4.2 SYSTEM IMPLEMENTATION
Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one. 


















CHAPTER 5
CONCLUSION 
CONCLUSION

· In this article, we carefully investigate edge federated learning, which is a paradigm to implement federated learning on edge computing environments.
·  The development of edge federated learning is still at an early stage, and there is not much research in this area. 
· We summarize the research problems and methods respectively in applications, development tools, communication efficiency, security, privacy, migration and scheduling as well as providing some insights of the future directions and open problems in edge federated learning. 
· With the fast advancement of both edge computing and federated learning, more and more collaborative training methods for edge federated learning are developed for better user experience and privacy protection. We will need more efforts on solving those open problems in edge federated learning.

