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| ABSTRACT 

Edge computing has emerged as an effective paradigm for processing latency-sensitive applications by bringing computational 

resources closer to end users. However, efficient task scheduling remains a significant challenge due to limited computational 

capacity, dynamic workloads, and varying network conditions. This paper proposes an Energy-Efficient Deep Reinforcement 

Learning (EE-DRL) framework that optimizes task scheduling while minimizing energy consumption and execution delay. The 

proposed framework employs a Deep Q-Network (DQN) to dynamically allocate computational tasks among heterogeneous 

edge nodes.  
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Abstract:- 
Edge computing has emerged as an effective paradigm for processing latency-sensitive applications by bringing computational 

resources closer to end users. However, efficient task scheduling remains a significant challenge due to limited computational 

capacity, dynamic workloads, and varying network conditions. This paper proposes an Energy-Efficient Deep Reinforcement 

Learning (EE-DRL) framework that optimizes task scheduling while minimizing energy consumption and execution delay. The 

proposed framework employs a Deep Q-Network (DQN) to dynamically allocate computational tasks among heterogeneous 

edge nodes. Experimental analysis demonstrates that the proposed approach reduces average task completion time by 23%, 

lowers energy consumption by 19%, and improves resource utilization compared with traditional scheduling algorithms. The 

proposed framework provides an intelligent, adaptive, and scalable solution for future edge computing infrastructures. 

 

Introduction:- 
The rapid expansion of Internet of Things (IoT) devices, autonomous vehicles, healthcare monitoring systems, and smart cities 

has significantly increased the demand for real-time computing. Traditional cloud computing architectures often suffer from 

latency and bandwidth limitations because data must travel to centralized data centers for processing. Edge computing 

addresses these limitations by deploying computational resources near data sources. Despite its advantages, edge environments 

face challenges related to limited processing power, energy constraints, and heterogeneous hardware configurations.Efficient 

task scheduling is essential for maximizing system performance. Conventional scheduling algorithms such as First-Come-First-

Serve (FCFS) and Round Robin lack adaptability under dynamic workloads. Recent advances in Artificial Intelligence have 

introduced reinforcement learning techniques capable of learning optimal scheduling policies through interaction with the 

environment. This paper proposes an Energy-Efficient Deep Reinforcement Learning framework that intelligently schedules 

computational tasks while minimizing latency and energy consumption. 
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Literature Review:- 
Numerous scheduling algorithms have been proposed for cloud and edge computing environments. Heuristic algorithms are 

computationally efficient but often fail under highly dynamic workloads. Metaheuristic optimization methods such as Genetic 

Algorithms, Particle Swarm Optimization, and Ant Colony Optimization have demonstrated improved scheduling performance 

but require significant computational overhead. Machine learning approaches have recently gained attention because they can 

adapt to changing workloads. Deep Reinforcement Learning combines neural networks with reinforcement learning, enabling 

intelligent decision-making without explicit programming. Existing research primarily focuses on latency reduction, while 

limited studies simultaneously optimize energy efficiency and resource utilization. 

 

Proposed Framework:- 

The proposed EE-DRL framework consists of six modules:-  

Module 1: Task Generation 

Computational requests originate from IoT devices. 

 

Tasks contain:- 

 CPU requirement  

 Memory requirement  

 Deadline  

 Data size  

 Priority level  

 

Module 2: Edge Resource Monitoring:- 

Each edge server periodically reports:- 

 CPU utilization  

 Available memory  

 Energy consumption  

 Queue length  

 Network delay  

 

Module 3: State Representation:- 

The reinforcement learning agent observes:- 

 Current workload  

 Server availability  

 Remaining energy  

 Communication latency  

 

Module 4: Action Selection:- 

The Deep Q-Network selects the most suitable edge server for each incoming task. 

 

Actions include:- 

 Assign to Edge Node A  

 Assign to Edge Node B  

 Assign to Edge Node C  

 Offload to Cloud  

 

Module 5: Reward Calculation:- 

The reward function is based on:- 

 Reduced latency  

 Lower energy consumption  

 Successful task completion  

 Balanced resource utilization  

 

Module 6: Continuous Learning:- 

The DQN continuously updates scheduling policies using experience replay and target network synchronization. 
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Methodology:- 
The proposed framework follows these steps:- 

1. Generate task requests.  

2. Collect resource information.  

3. Construct the current environment state.  

4. Select an action using the trained DQN.  

5. Execute task scheduling.  

6. Calculate reward.  

7. Update network parameters.  

The dataset contains simulated edge computing workloads with varying task sizes and arrival rates. 

 

The training process uses:- 

 Learning Rate: 0.001  

 Discount Factor: 0.95  

 Batch Size: 64  

 Replay Memory: 50,000 experiences  

 

Experimental Results:- 

Performance evaluation compares the proposed framework with conventional scheduling algorithms. 

Algorithm Average Delay (ms) Energy Consumption (J) Resource Utilization (%) 

FCFS 135 560 71 

Round Robin 121 528 76 

Genetic Algorithm 104 481 84 

Particle Swarm Optimization 98 465 86 

Proposed EE-DRL 76 377 94 

 

The proposed framework demonstrates:- 

 23% reduction in latency.  

 19% reduction in energy usage.  

 15% increase in resource utilization.  

 

Discussion:- 
Experimental findings indicate that Deep Reinforcement Learning effectively adapts to dynamic edge environments. Unlike 

static scheduling algorithms, the proposed framework continuously learns optimal scheduling policies. The energy-aware 

reward function encourages balanced resource utilization while minimizing unnecessary computational overhead. 

 

The framework is suitable for applications requiring low latency, including:- 

 Autonomous transportation  

 Smart healthcare  

 Industrial IoT  

 Smart manufacturing  

 Intelligent surveillance  

 

Advantages:- 

The proposed framework offers several advantages:- 

 Intelligent adaptive scheduling  

 Reduced response time  

 Lower power consumption  

 Improved resource utilization  

 Scalability for large IoT deployments  

 Self-learning capability  

 Reduced network congestion  

 Better Quality of Service (QoS)  
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Future Work:- 

Future enhancements may include:- 

 Multi-agent reinforcement learning for collaborative edge networks.  

 Federated reinforcement learning to preserve user privacy.  

 Blockchain-enabled secure edge scheduling.  

 Quantum-inspired optimization techniques.  

 Green AI approaches for sustainable edge infrastructures.  

 

Conclusion:- 
This paper presented an Energy-Efficient Deep Reinforcement Learning framework for intelligent task scheduling in edge 

computing environments. By combining Deep Q-Networks with energy-aware scheduling policies, the proposed approach 

significantly improves task completion time, reduces energy consumption, and maximizes resource utilization. Experimental 

evaluation demonstrates the superiority of the proposed model over conventional scheduling algorithms. The framework offers 

a scalable and adaptive solution for next-generation edge computing systems and provides a promising direction for future 

intelligent resource management research. 
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