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Abstract: The rapid expansion of Internet of Things (IoT) devices has introduced critical challenges in task scheduling
and resource allocation across cloud—fog ecosystems. Traditional approaches, such as location-aware scheduling and
heuristic algorithms, often fail to adapt to dynamic IoT environments, where workload intensity, network traffic, and
energy constraints fluctuate unpredictably. To address these issues, this study proposes a Reinforcement Learning (RL)-
based scheduling framework employing a Deep Q-Network (DQN) for real-time decision-making. The model
incorporates system state parameters—including task characteristics, available resources, and network conditions—into
its reward function, designed to minimize task completion time, reduce congestion, and optimize energy consumption.
Comparative simulation results demonstrate that the proposed RL framework significantly outperforms Genetic
Algorithm (GA) and Location-Aware methods, achieving higher throughput and fewer SLA violations. Statistical testing
(t-tests, p-values < 0.001) further confirms the robustness and significance of these improvements. The proposed approach
thus establishes a scalable and intelligent foundation for future fog—cloud—IoT task orchestration.
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Extended Abstract

1- Introduction

The growing number of IoT devices has led to massive
data generation and stringent service requirements,
creating scheduling and resource management challenges
in distributed fog—cloud environments [1,2]. Key issues
such as communication delay, high energy consumption,
and heterogeneous resources limit performance [3].
Traditional heuristics, including genetic algorithms [4], ant
colony optimization [5], and location-aware strategies [6],
are insufficiently adaptive to real-time variations [7]. This
study proposes a Reinforcement Learning (RL)-based
adaptive scheduling model, leveraging Deep Q-Networks
(DQN) to autonomously learn optimal task allocation
under dynamic workloads [8].

2- Methodology

The scheduling problem is formulated as a Markov
Decision Process (MDP), where system states represent
task requirements, resource availability, and network
status. RL agents are distributed across IoT, Fog, and
Cloud layers, each learning local policies while
maintaining global coordination [6,9]. The DQN
approximates Q-values using neural networks, with
experience replay and e-greedy exploration improving
convergence stability. The reward function penalizes SLA
violations, delays, and excessive energy use, while
rewarding efficient, localized execution [7]. Complexity
analysis shows polynomial overhead during training but
negligible cost during inference, making the approach
scalable for real-time IoT workloads [10].

3- Results and discussion

Simulations were conducted in Python using a dataset of
approximately 3,000 IoT tasks with metadata such as task

size, deadline, and SLA constraints. The RL-based
scheduler was benchmarked against GA and Location-
Aware methods. Results show:
* Throughput: RL reached 0.98 tasks/sec, surpassing GA
(0.82) and Location-Aware.
e SLA Violation Rate: RL reduced violations to 1.7%,
compared to GA’s 8.2% and Location-Aware’s 5.3%.
* Execution Time: RL consistently outperformed
baselines.
To confirm significance, Welch’s independent t-tests were
performed: RL vs GA (t=-32.04, p ~4.55x107'%2) and RL
vs Location-Aware (t = —19.45, p = 2.50x10777). Both p-
values < 0.001 validate statistical reliability [9]. These
results demonstrate that RL can dynamically adapt to
workload intensity, heterogeneous resources, and
fluctuating network conditions, outperforming static
heuristic methods [11].

4- Conclusion

This study introduced a reinforcement learning-based
scheduling framework for fog—cloud-IoT environments.
By employing DQN-based agents, the model
autonomously optimizes task completion time, minimizes
SLA violations, and improves throughput [6,9].
Contributions include:

* A distributed RL architecture adaptive to dynamic IoT
workloads,

+ Integration of SLA-awareness and energy efficiency
into scheduling decisions [7],

* Empirical improvements over GA and Location-
Aware methods validated through rigorous statistical
testing [9],

* Open dataset and source code to ensure reproducibility
and future extensions [10].

This research provides a scalable, intelligent, and adaptive
foundation for future loT—fog—cloud systems, paving the
way for federated RL across fog nodes and security-aware

scheduling in large-scale deployments [12].
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Inputs:

Task set T;
resource set R;
learning rate a;
discount factor v;
exploration rate &;
maximum number of episodes and steps
Output:
Optimal policy *7 mapping tasks to resources
Initialization:
Initialize Q-Table with zeros; set an initial random
policy; prepare environment with tasks and resources
Training Phase:
For each episode:
1. Observe initial state s
2. Select action aaa using e-greedy policy
3. Execute action, observe next state s’ and reward r
4. Update Q-value
5. Update state s'—s
6. Optionally reduce &
Decision Phase:
For each new task:
1. Observe current state s
2. Select action
3. Execute action and assign the task to the selected
resource
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