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ABSTRACT: Energy management is a fundamental challenge in Industrial Internet of Things (IIoT) networks 4.0 due to the 

constrained battery capacity of sensor nodes. This work proposes an adaptive energy optimization framework based on 

reinforcement learning for efficient resource control in multi-node IIoT environments. The problem is modeled as a Markov 

Decision Process, where the agent learns optimal decisions by observing system parameters such as residual energy, signal-to-

noise ratio, traffic intensity, and duty cycle. To investigate the effectiveness of learning-based strategies, multiple reinforcement 

learning techniques, including Deep Q-Network (DQN), Double DQN, Advantage Actor–Critic (A2C), and Proximal Policy 

Optimization (PPO), are implemented and evaluated within a Python-based simulation framework. The proposed method 

jointly regulates transmission power levels and node duty cycles, allowing adaptive operation under dynamic network and 

channel conditions. The reward formulation incorporates energy usage, packet delivery reliability, and latency to ensure a 

balanced optimization objective. Simulation results indicate a significant improvement over conventional static configurations. 

The proposed approach achieves an average energy reduction of 32.8% compared to baseline fixed transmission schemes. 

Among the evaluated algorithms, PPO demonstrates the most consistent performance, achieving approximately 18.6% lower 

energy consumption than DQN, 12.4% improvement over Double DQN, and 9.7% improvement over A2C, while also 

providing faster convergence and more stable learning behavior. Additionally, network lifetime is extended by around 27%, 

with packet delivery ratio maintained above 95% under varying channel conditions. Overall, the results confirm that adaptive 

reinforcement learning-based control can effectively minimize energy consumption by dynamically tuning transmission power 

and duty cycle. The proposed framework offers a scalable and practical solution for improving energy efficiency and 

operational sustainability in next-generation IIoT systems. 
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1. INTRODUCTION 
 

The Industrial Internet of Things (IIoT) has emerged as a 

cornerstone of modern industrial ecosystems, driving the 

transformation envisioned in Industry 4.0 through intelligent 

monitoring, automation, predictive maintenance, and real-

time process control [1, 2]. By interconnecting distributed 

sensors, actuators, and edge devices over heterogeneous 

communication networks, IIoT systems enable continuous 

data acquisition and support data-driven decision-making in 

complex industrial environments [3]. Recent studies on IIoT 

architectures and cyber-physical systems emphasize these 

capabilities while identifying energy efficiency as a critical 

bottleneck, particularly in large-scale deployments where 

resource-constrained sensor nodes operate under strict power 

limitations [1, 4]. 

Despite advancements in connectivity and analytics, the 
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rapid proliferation of IIoT devices has intensified concerns 

regarding energy consumption and scalability [5]. Most 

sensor nodes rely on limited-capacity batteries, making 

frequent replacement or recharging impractical in industrial 

environments [6]. Recent surveys indicate that 

communication-related operations including transmission, 

reception, and idle listening remain the dominant contributors 

to energy consumption in wireless sensor networks and IIoT 

systems [6, 7]. Consequently, inefficient transmission power 

control and suboptimal duty cycling can significantly 

degrade network lifetime and system reliability.  

Conventional energy optimization techniques, such as 

fixed transmission power allocation and static duty cycling, 

are often based on simplified assumptions that fail to capture 

the dynamic nature of industrial environments [8]. These 

approaches lack adaptability to variations in channel 

conditions, interference, node density, and traffic patterns. 

Recent literature highlights that such static methods are 

insufficient to maintain a balance between energy efficiency 

and communication performance in time-varying IIoT 

scenarios [1, 9]. 

To address these limitations, recent research has 

increasingly focused on integrating machine learning (ML) 

techniques into IIoT systems for intelligent optimization [10]. 

In particular, reinforcement learning (RL) has gained 

significant attention due to its ability to learn optimal policies 

through interaction with dynamic environments without 

requiring explicit system models [11]. Emerging studies 

demonstrate that RL-based approaches can effectively adapt 

to stochastic and non-stationary network conditions, making 

them highly suitable for IIoT applications [4, 11].  

Motivated by these challenges, this work proposes an 

RL-driven adaptive energy optimization framework for IIoT 

networks. The proposed approach enables sensor nodes to 

dynamically adjust transmission power and duty cycle 

parameters based on real-time environmental feedback, 

aiming to minimize energy consumption while maintaining 

communication reliability. The framework is implemented in 

a scalable Python-based environment, ensuring 

reproducibility and facilitating extension toward large-scale 

industrial deployments. 

The primary contributions of this work are summarized 

as follows: 

 A critical synthesis of recent RL-based energy 

optimization strategies in IIoT environments, 

highlighting existing limitations and research gaps.  

 The design of a unified adaptive framework that 

jointly optimizes transmission power and duty 

cycling using reinforcement learning.  

 Comprehensive experimental evaluation 

demonstrating improvements in energy efficiency 

and network lifetime under dynamic conditions.  

 A communication-aware RL formulation that 

bridges the gap between theoretical learning models 

and practical IIoT network constraints, enabling 

scalable and adaptive node-level optimization. 

 

The rest of the paper is organized as follows: Section II 

reviews existing literature, Section III outlines the system 

model, Section IV explains the proposed reinforcement 

learning–based framework, Section V presents and analyzes 

the experimental findings, and Section VI summarizes the 

conclusions along with potential future research directions. 

 

 

2. RELATED WORKS 

 

Xu et al. [12] presented one of the earliest comprehensive 

surveys on IoT adoption in industrial environments. Their 

work systematically analyzed IIoT architectures, enabling 

technologies, and application domains such as manufacturing 

automation and process control. Although the survey clearly 

identified energy efficiency as a major challenge, it did not 

propose intelligent or learning-based optimization 

mechanisms. This limitation reflects the early stage of IoT 

research, where adaptive algorithms were not yet mature. 

With the advancement of machine learning, Chen et al. 

[13] provided an extensive tutorial on the application of 

machine learning techniques in wireless networks. The 

authors discussed supervised, unsupervised, and 

reinforcement learning paradigms and highlighted their 

potential in resource management and optimization. 

However, the study mainly focused on general wireless 

networks and did not explicitly address the stringent energy 

and reliability constraints of industrial IoT sensor nodes. 

The theoretical foundation of reinforcement learning 

was established by Sutton and Barto [14], who formulated RL 

problems using Markov Decision Processes (MDPs) and 

introduced key concepts such as value functions, policies, 

and temporal-difference learning. While this work does not 

target IoT systems directly, it serves as the fundamental basis 

for applying RL to energy optimization problems in IIoT 

networks. 

Zhang et al. [15] investigated resource management 

challenges in 5G and future mobile networks, emphasizing 

network slicing and mobility management. Although their 

work highlighted the importance of efficient resource 

utilization, energy optimization at the device or sensor-node 

level was not considered, limiting its applicability to energy-

constrained IIoT systems. 

Sun et al. [16] surveyed the application of machine 

learning in wireless networks and identified key research 

challenges and open issues. The authors acknowledged the 

potential of reinforcement learning for adaptive optimization 

but did not provide concrete formulations or implementations 

for energy-efficient IoT communication, leaving a gap 

between theory and practice. 

Mnih et al. [17] addressed the scalability issue by 

introducing Deep Q-Networks (DQN), which employ deep 

neural networks to approximate the action–value function. 

Their work demonstrated human-level control in complex 

environments and inspired the adoption of deep 

reinforcement learning in communication networks. 

Nevertheless, the high computational and memory 

requirements of DQN raise concerns regarding its feasibility 

for resource-constrained IIoT sensor nodes. 
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Qin et al. [18] applied reinforcement learning to optimize 

wireless power consumption by adapting transmission 

parameters based on environmental feedback. Their results 

demonstrated improved energy efficiency compared to static 

schemes. However, the study primarily focused on generic 

wireless systems and did not consider industrial reliability 

requirements or large-scale IIoT scenarios. 

Wang et al. [19] proposed a deep reinforcement learning 

framework for dynamic power control in wireless networks. 

By leveraging DRL, the system could adapt to changing 

channel conditions and traffic demands. Despite its 

effectiveness, the work evaluated only a single RL algorithm 

and lacked comparative analysis across different RL 

approaches, which is essential for identifying optimal 

solutions in IIoT environments. 

Energy-efficient clustering and routing have also been 

widely studied. Khan et al. [20] proposed a hybrid clustering 

scheme to extend the lifetime of wireless sensor networks. 

While the approach reduced energy consumption, it relied on 

heuristic rules and static configurations, limiting its 

adaptability to dynamic industrial environments. 

Popovski et al. [21] investigated ultra-reliable low-

latency communication (URLLC) for future wireless 

networks. Although their work is highly relevant to industrial 

applications, energy efficiency was treated as a secondary 

concern, highlighting the trade-off between reliability, 

latency, and energy consumption that must be addressed 

jointly. 

Lu et al. [22] introduced an RL-based transmission 

strategy for energy-efficient wireless sensor networks. Their 

approach demonstrated that RL could outperform 

conventional schemes in small-scale networks. However, 

scalability and industrial applicability were not thoroughly 

examined. 

Chen et al. [23] explored deep reinforcement learning 

for energy-efficient task offloading in mobile edge 

computing. While their work reduced energy consumption at 

the system level, it focused primarily on computation 

offloading rather than communication energy optimization at 

the sensor level. 

Security considerations in IoT were surveyed by 

Stoyanova et al. [24], who identified key threats and 

vulnerabilities. Although energy efficiency was not the 

primary focus, their work emphasizes the need to consider 

security–energy trade-offs in intelligent IIoT systems. 

Almogren [25] proposed an energy-aware routing 

protocol for IoT-enabled smart cities. The protocol improved 

network lifetime but relied on predefined rules rather than 

adaptive learning, limiting its performance under dynamic 

conditions. 

Ullah et al. [26] applied machine learning for smart 

industrial monitoring, demonstrating improved system 

intelligence. However, communication energy optimization 

was not explicitly addressed. 

Salahdine et al. [27] surveyed reinforcement learning 

techniques for energy management in smart grids. While 

their work highlighted the effectiveness of RL, it focused on 

power systems rather than IIoT sensor networks, indicating 

the need for domain-specific adaptations. 

Yassein et al. [28] proposed an adaptive transmission 

power control mechanism for IoT systems aimed at 

minimizing energy consumption during wireless 

communication. Their approach dynamically adjusts 

transmission power based on channel conditions, thereby 

improving short-term energy efficiency and communication 

reliability. However, the proposed method primarily relies on 

predefined adaptation rules and does not incorporate 

learning-based strategies. As a result, it lacks the capability 

for long-term optimization and intelligent decision-making in 

highly dynamic and uncertain network environments. 

Li et al. [29] explored the integration of edge-based deep 

learning techniques in IoT applications to address challenges 

related to latency and scalability. By deploying learning 

models closer to the data source, their approach significantly 

reduced communication delays and enhanced system 

responsiveness. Furthermore, the framework demonstrated 

improved scalability in handling large volumes of IoT-

generated data. Despite these advantages, the study did not 

explicitly consider energy consumption at the sensor node 

level, which remains a critical constraint in resource-limited 

IoT environments. 

Zhang et al. [30] examined the convergence of big data 

analytics and 5G communication technologies, emphasizing 

the potential benefits in terms of high data rates, ultra-low 

latency, and massive device connectivity. Their work 

provided valuable insights into emerging opportunities and 

associated challenges in next-generation IoT ecosystems. 

However, the focus was largely on data processing and 

network capabilities, with limited attention given to energy-

aware intelligence and optimization techniques, which are 

essential for sustainable and efficient IoT deployments. 

Recent studies have increasingly adopted advanced RL 

techniques. Anbazhagan and Mugelan [31] applied soft 

actor–critic reinforcement learning for power-saving in NB-

IoT networks, achieving significant energy reductions. 

However, their work was limited to NB-IoT scenarios and did 

not generalize to heterogeneous IIoT networks. 

Khan et al. [32] proposed a reinforcement learning 

(RL)-based dynamic power management framework for 

consumer IoT devices, with the primary objective of 

minimizing energy wastage caused by idle listening. Their 

approach enables devices to intelligently switch between 

operational states based on environmental interactions, 

thereby significantly improving energy efficiency. However, 

the proposed model is primarily tailored for consumer-grade 

IoT environments and does not adequately address critical 

industrial constraints such as reliability, latency guarantees, 

and large-scale scalability, which are essential in Industrial 

IoT (IIoT) systems. 

Yu et al. [33] employed multi-agent deep reinforcement 

learning (MADRL) techniques to achieve energy-efficient 

task offloading in IIoT environments. Their framework 

allows multiple agents to collaboratively optimize 

computation and communication decisions, leading to 

enhanced system performance and reduced energy 

consumption. Despite its effectiveness, the inherent 
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computational complexity and coordination overhead 

associated with multi-agent learning frameworks present 

significant challenges for real-time deployment in resource-

constrained industrial environments. 

Sheikh and Joshi [34] introduced an energy-aware 

routing protocol for IoT sensor networks, focusing on 

extending network lifetime through optimized path selection. 

The proposed method effectively balances energy 

consumption across nodes, thereby preventing premature 

node failures. However, the absence of adaptive learning 

mechanisms limits the protocol’s ability to respond 

dynamically to changing network conditions, reducing its 

robustness in highly dynamic scenarios. 

Asiedu et al. [35] investigated energy harvesting-

enabled IoT networks by jointly optimizing routing and 

transmission power control. Their approach integrates energy 

availability into decision-making, thereby enhancing 

sustainability and prolonging network operation. 

Nevertheless, the optimization framework is largely static 

and lacks the adaptability required to respond to stochastic 

variations in energy harvesting and network dynamics. 

Almatared et al. [36] applied reinforcement learning 

techniques to optimize energy consumption in building 

digital twins comprising heterogeneous IoT sensors. Their 

work demonstrates the scalability and adaptability of RL in 

complex cyber–physical environments. However, the 

primary focus is on system-level modeling and digital 

representation, with limited emphasis on communication-

level energy optimization, which remains a critical concern 

in IIoT networks. 

Arwa and Folly [37] presented a comprehensive survey 

of RL-based energy management strategies in smart grid 

systems. Their study systematically identifies key challenges, 

including scalability, convergence, and real-time 

applicability, many of which are directly relevant to IIoT 

research. The work serves as a valuable reference for 

understanding the broader applicability of RL in energy 

optimization domains. 

Fu et al. [38] proposed a deep reinforcement learning 

(DRL)-based resource allocation framework for Industrial 

IoT systems. Their model effectively improves energy 

efficiency by optimizing resource distribution among 

devices. However, the framework primarily focuses on 

single-objective optimization, neglecting the multi-objective 

nature of IIoT systems, where trade-offs between energy, 

latency, and reliability are crucial. 

Noaeen et al. [39] introduced a traffic-aware energy 

optimization strategy using reinforcement learning, enabling 

adaptive adjustment of network parameters based on traffic 

patterns. While the approach demonstrates improved 

adaptability and efficiency, it lacks rigorous theoretical 

convergence analysis, which raises concerns regarding 

stability and reliability in long-term deployments. 

Chen et al. [40] explored the application of deep 

reinforcement learning for energy management in cyber–

physical systems. Their results indicate significant 

improvements in overall system efficiency through 

intelligent control policies. However, the study primarily 

focuses on system-level optimization rather than fine-grained 

node-level energy management. 

Al-Turjman et al. [41] proposed RL-based adaptive 

transmission strategies for IoT networks, aiming to 

dynamically adjust communication parameters for improved 

energy efficiency. While the results are promising, the 

experimental validation is limited to small-scale scenarios, 

thereby restricting the generalizability of the approach to 

large-scale industrial deployments. 

Kumar et al. [42] applied deep reinforcement learning 

techniques for energy-efficient communication in IIoT 

systems. Their approach demonstrates improved 

performance in terms of energy savings and communication 

efficiency. However, the absence of a comprehensive 

comparative evaluation across different RL algorithms limits 

the ability to assess the relative effectiveness of the proposed 

method. 

Rehmani et al. [43] investigated machine learning-

driven energy optimization techniques in large-scale IoT 

networks, highlighting the challenges associated with 

scalability, data heterogeneity, and system complexity. Their 

work underscores the need for robust and scalable learning 

frameworks in next-generation IoT systems. 

Abbas et al. [44] proposed an RL-based adaptive power 

control mechanism for Industry 4.0 environments, focusing 

on improving energy efficiency under dynamic conditions. 

Although the approach demonstrates practical potential, it 

provides limited theoretical justification and lacks formal 

performance guarantees. 

Finally, Nguyen et al. [45] employed deep 

reinforcement learning for joint routing and power control in 

Industrial IoT systems. Their integrated approach achieves 

significant improvements in energy efficiency and network 

performance. However, these benefits come at the cost of 

increased system complexity and computational overhead, 

which may hinder practical implementation in resource-

constrained environments. 

The reviewed literature indicates that significant 

progress has been made in applying machine learning and 

reinforcement learning techniques to energy optimization in 

IoT and IIoT systems. Existing studies demonstrate that RL-

based approaches can effectively improve energy efficiency 

by enabling adaptive and environment-aware decision-

making. However, most contributions are limited by issues 

such as lack of scalability, high computational complexity, 

insufficient focus on sensor-node–level optimization, or 

absence of comprehensive comparative evaluation across 

multiple RL algorithms. 

Therefore, a clear research gap exists in developing a 

scalable, communication-aware, and computationally 

efficient RL framework that can jointly optimize 

transmission power and operational parameters while 

satisfying the stringent energy, reliability, and latency 

requirements of dynamic IIoT environments. 

 

 

3. SYSTEM MODEL 
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This section presents the mathematical formulation of the 

proposed energy optimization framework, including the 

network architecture, channel model, energy consumption 

model, and reinforcement learning formulation. 

 

 

3.1 Network Model 

 

Consider an Industrial Internet of Things (IIoT) system 

composed of N sensor nodes communicating with a 

centralized gateway. Each sensor node operates under strict 

energy constraints and periodically transmits sensed data 

over a shared wireless channel. The gateway is assumed to 

have an uninterrupted power supply. 

Each sensor node dynamically adjusts its transmission 

parameters, namely transmission power Pt and duty cycle Dt, 

to achieve energy-efficient communication under varying 

network and channel conditions. 

 

 

3.2 Channel and Signal Model 

 

The received signal power at the gateway from sensor node 

is modeled as 

 

𝑃𝑟 = 𝑃𝑡 ∙ ℎ ∙ 𝑑−𝛼                                (1) 

 

where Pt denotes the transmission power, h represents the 

channel gain coefficient, d is the distance between the sensor 

node and the gateway, and α is the path loss exponent. The 

Signal-to-Noise Ratio (SNR) is defined as 

 

𝑆𝑁𝑅 =
𝑃𝑟

𝑁𝑜
                                       (2) 

 

Where No represents the noise power. A successful 

transmission occurs when 

 

𝑆𝑁𝑅 ≥ 𝛾𝑡ℎ                                      (3) 

 

Where 𝛾𝑡ℎ   is the minimum SNR threshold required for 

reliable communication. 

 

 

3.3 Duty Cycle Model 

 

To reduce unnecessary energy consumption, sensor nodes 

alternate between active and sleep states. The duty cycle is 

defined as 

 

𝐷 =
𝑇𝑎𝑐𝑡𝑖𝑣𝑒

𝑇𝑎𝑐𝑡𝑖𝑣𝑒+𝑇𝑠𝑙𝑒𝑒𝑝
                                 (4) 

 

where 𝑇𝑎𝑐𝑡𝑖𝑣𝑒 represents the active duration and 𝑇𝑠𝑙𝑒𝑒𝑝  

denotes the sleep duration. 

 

 

3.4 Energy Consumption Model 

 

The total energy consumption of a sensor node consists of 

transmission, active mode, and sleep mode energy. 

 

 

3.4.1. Transmission Energy 

 

𝐸𝑡𝑥 = 𝑃𝑡 ∙  𝑇𝑡𝑥                                   (5) 

 

Where 𝑇𝑡𝑥 is the transmission duration. 

 

 

3.4.2. Active Mode Energy 

 

𝐸𝑎𝑐𝑡𝑖𝑣𝑒 = 𝑃𝑎𝑐𝑡𝑖𝑣𝑒 ∙ 𝑇𝑎𝑐𝑡𝑖𝑣𝑒                         (6) 

 

Where 𝑃𝑎𝑐𝑡𝑖𝑣𝑒  is the power consumed during sensing and 

processing. 

 

 

3.4.3. Sleep Mode Energy 

 

𝐸𝑠𝑙𝑒𝑒𝑝 = 𝑃𝑠𝑙𝑒𝑒𝑝 ∙ 𝑇𝑠𝑙𝑒𝑒𝑝                             (7) 

 

Where 𝑃𝑠𝑙𝑒𝑒𝑝    denotes the power consumption in sleep 

mode. 

 

 

3.4.4. Total Energy Consumption 

 

Over a decision horizon H, the total energy consumption is 

expressed as 

 

 𝐸𝑡𝑜𝑡𝑎𝑙 = ∑ [𝑃𝑡(𝑡) ∙ 𝑇𝑡𝑥(𝑡) + 𝑃𝑎𝑐𝑡𝑖𝑣𝑒 ∙ 𝑇𝑎𝑐𝑡𝑖𝑣𝑒(𝑡) +𝐻
𝑡=1

𝑃𝑠𝑙𝑒𝑒𝑝 ∙ 𝑇𝑠𝑙𝑒𝑒𝑝(𝑡)]                                (8) 

 

 

3.5. Reinforcement Learning Formulation 

 

The joint optimization of transmission power and duty cycle 

is modeled as a Markov Decision Process (MDP). 

 

 

3.5.1. State Space 

 

The system state at time step t is defined as 

 

𝑠𝑡 = {𝑆𝑁𝑅𝑡, 𝐸𝑟𝑒𝑠(𝑡), 𝐿𝑡 , 𝐷𝑡                        (9) 

 

Where 𝑆𝑁𝑅𝑡 represents channel quality, 𝐸𝑟𝑒𝑠(𝑡)  denotes 

residual energy, 𝐿𝑡   indicates traffic load, and Dt is the 

current duty cycle. 

 

 

3.5.2. Action Space 

 

The action space consists of selecting transmission power and 

duty cycle: 
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𝑎𝑡 = {𝑃𝑘 , 𝐷𝑚}                                   (10) 

 

Subject to Pk ϵ P & Dk ϵ D, Where P and D denote discrete 

sets of power levels and duty cycle options, respectively. 

 

 

3.5.3. Reward Function 

 

The reward function is defined as 

 

 𝑟𝑡 = − ⋋1 𝐸𝑡𝑜𝑡𝑎𝑙(𝑡) +⋋2 П(𝑆𝑁𝑅𝑡 ≥ 𝛾𝑡ℎ) −⋋3 ∆𝑡    (11) 

 

Where ⋋𝟏,⋋𝟐 ,⋋𝟑  are weigthing coefficients, П ·)  is an 

indicator function and Δt represents delay or queue backlog. 

 

 

3.5.4. Objective Function (Return) 

 

The cumulative discounted reward is given by 

 

 𝐺𝑡 = ∑ 𝛾𝑘 𝑅𝑡+𝑘
∞
𝑘=0                             (12) 

 

Where γϵ (0,1) is the discount factor. 

 

 

3.6 Optimization Problem 

 

The objective is to minimize total energy consumption:  

 

𝑚𝑖𝑛𝐸𝑡𝑜𝑡𝑎𝑙 

 

Subject to 𝑆𝑁𝑅𝑡 ≥ 𝛾𝑡ℎ 0 < 𝐷𝑡 ≤ 1 

 

 

3.7. Optimal policy 

 

The optimal policy is defined as 

 

𝜋∗: 𝑠𝑡 → 𝑎𝑡 

 

Which maps system stats to optimal transmission power and 

duty cycle decisions 

 

 

4. METHODOLOGY 

This section outlines the development and implementation of 

an adaptive energy optimization framework tailored for 

Industrial Internet of Things (IIoT) environments. The 

proposed framework employs reinforcement learning (RL) 

techniques to facilitate intelligent and context-aware 

communication control in dynamically changing network 

conditions. 

 

 

4.1. Learning Framework 

 

In this work, the energy optimization task is modeled as a 

sequential decision-making problem. Each sensor node is 

treated as an independent agent that continuously interacts 

with its surrounding environment. At every decision interval, 

the agent perceives the current state of the network, 

determines an appropriate action based on its policy, and 

obtains a reward signal. This reward reflects both energy 

consumption efficiency and the quality of communication, 

enabling the agent to learn optimal transmission strategies 

over time. 

To ensure a comprehensive evaluation, multiple RL 

algorithms are implemented within a Python-based 

simulation environment. The selected algorithms represent 

both value-based and policy-based learning paradigms, 

allowing comparison across different learning strategies. 

Table 1 shows comparison of the implemented methods Deep 

Q-Network (DQN), Double Deep Q-Network (Double 

DQN), Advantage Actor–Critic (A2C), Proximal Policy 

Optimization (PPO) These algorithms differ in their 

exploration mechanisms, convergence characteristics, and 

ability to handle high-dimensional state spaces, making them 

suitable candidates for IIoT optimization problems. 

 

 

4.2. Training Procedure 

 

The learning process is carried out through repeated 

interactions between the agent and the environment across 

multiple episodes. In each episode, the agent continuously 

updates and improves its decision-making policy based on 

observed outcomes. The objective is to enhance cumulative 

long-term rewards while simultaneously reducing overall 

energy usage within the network.

 

 

Table 1. Comparison of Reinforcement Learning Algorithm 

 

Feature DQN DDQN A2C PPO 

Learning Type Value-based Value-based Actor–Critic Policy-based 

Action Space Discrete Discrete Continuous Continuous 

Stability Low Medium High Very High 

Overestimation Issue Yes Reduced No No 

Control Precision Low Medium High Very High 

Suitability for IIoT Moderate Good Very Good Excellent 
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The procedure is outlined as follows: 

i. The simulation environment and learning agent are 

initialized with predefined parameters.  

ii. The agent observes the current network state, 

including channel conditions, residual energy, and 

communication requirements.  

iii. Based on its current policy, the agent selects an 

action, such as adjusting transmission power or 

modifying the duty cycle.  

iv. The selected action is executed, resulting in a 

transition to a new state and the generation of a 

reward signal.  

v. The learning model updates its policy using the 

observed state–action–reward transition.  

vi. The process repeats until the policy stabilizes or a 

predefined convergence criterion is met.  

 

This iterative learning mechanism enables the agent to adapt 

to varying network conditions without requiring prior 

knowledge of the system dynamics 

 

 

4.3. Experimental Setup 

 

The performance of the proposed framework is evaluated 

through simulation of an IIoT environment consisting of 

multiple sensor nodes communicating with a central gateway. 

The network operates under varying channel conditions to 

emulate realistic industrial scenarios, including interference, 

noise, and dynamic link quality. 

Each RL algorithm is trained and tested under identical 

conditions to ensure a fair comparison. The evaluation 

focuses on the following performance metrics: 

 Energy Consumption: Total energy utilized by 

sensor nodes during communication  

 Convergence Behavior: Speed and stability of 

learning across training episodes  

 Cumulative Reward: Overall effectiveness of the 

learned policy in balancing energy efficiency and 

communication reliability 

 

The simulation is implemented in a scalable Python 

environment in Google Colab, enabling reproducibility and 

facilitating future extensions to large-scale deployments. 

 

 

4.4. Proximal Policy Optimization (PPO) Algorithm 

 

Proximal Policy Optimization (PPO) is a policy-gradient-

based reinforcement learning method designed to achieve 

stable and efficient policy updates. Unlike conventional 

policy gradient methods, PPO restricts large deviations in 

policy updates by introducing a clipped objective function, 

thereby improving training stability and convergence. 

 

 

4.4.1. Algorithm Steps 

 

To begin our implementation pipeline, as steps shown in 

Figure 1 we configure the core architectural properties by 

setting clean values for our network models. Specifically, we 

define the baseline policy network parameters θ and the value 

function parameters ϕ to serve as our starting operational 

blueprints. To prevent the model from suffering massive, 

destructive performance drops during early optimization 

steps, we enforce a strict clipping threshold ϵ that acts as a 

tight boundary for future adjustments. This early setup 

concludes when we explicitly select a learning rate alongside 

a temporal reward discount factor γ to control how fast the 

agent optimizes its long-term objectives. 

Next, the framework transitions to environmental data 

collection where information is gathered dynamically across 

sequential training loops. For every active training cycle, the 

system tracks each step sequentially to map out a clear 

operational trajectory. The process begins when the agent 

monitors the current state configuration  𝑆𝑡 , using that 

immediate data to select an action 𝑎𝑡~ 𝜋(𝑎𝑡|𝑆𝑡) based on 

the active policy strategy. Executing this step generates an 

immediate performance reward 𝑟𝑡   and simultaneously 

pushes the environment into a brand-new state layout 𝑆𝑡+1. 

To wrap up the cycle, this experience is logged within a 

memory buffer as an isolated data tuple (𝑆𝑡 , 𝑎𝑡 , 𝑟𝑡 , 𝑆𝑡+1). 

With sufficient empirical records saved, the system 

moves directly into computing the necessary advantage 

metrics to see how much better our chosen actions performed 

relative to standard baseline expectations. The algorithm first 

tracks overall returns by calculating the cumulative 

discounted rewards across the episode: 

 

 𝑅𝑡 = ∑ 𝛾𝑘𝑟𝑡+𝑘
𝑇
𝑘=0                              (13) 

 

Following this step, the framework evaluates the exact 

advantage metric to isolate performance by computing the 

variance between these calculated returns and the core value 

network predictions: 

 

 𝐴𝑡 = 𝑅𝑡 − 𝑉∅(𝑠𝑡)                             (14) 

 

The primary model update relies entirely on a clipped 

objective design to adjust neural network weights without 

triggering training instability. We calculate a precise 

probability ratio to measure exactly how much the current 

parameter choices have shifted from our older historical 

baseline configurations 

 

 𝑟𝑡(𝜃) =
𝜋𝜃(𝑎𝑡|𝑠𝑡)

𝜋𝜃 𝑜𝑙𝑑(𝑎𝑡|𝑠𝑡)
                            (15) 

 

This proportion is evaluated inside a specialized clipped 

surrogate objective function that clamps extreme adjustments 

within our trusted safety thresholds 

 

𝐿(𝜃) = 𝔼[min(𝑟𝑡(𝜃), 1 − 𝜖, 1 + 𝜖) 𝐴𝑡)]             (16) 

 

We finalize the update to the network by optimizing our 

parameter weights θ, using traditional gradient ascent to 
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maximize this entire clipped objective across our data 

batches. 

At the same time, a parallel routine triggers a value 

function update to drastically improve the baseline prediction 

accuracy over time. We work to minimize the value loss to 

shrink the error margin between actual historical trajectory 

results and our network evaluations: 

 

 𝐿𝑣 = (𝑅𝑡 − 𝑉∅(𝑠𝑡))2                           (17) 

 

Finally, a structured repeat loop runs continuously to push the 

system toward optimal policy stability. The pipeline assigns 

the newly optimized parameters to update our older tracking 

configurations via the assignment θ old← θ. The entire 

system is then instructed to run these data collection and 

optimization routines across multiple cycles until the models 

achieve full convergence. 

 

 
 

Fig. 1. Algorithm for PPO 

 

 

5. RESULTS AND DISCUSSION 
 

The proposed reinforcement learning (RL) framework was 

evaluated within a simulated multi-node Industrial Internet of 

Things (IIoT) environment. The testing field reflects 

operational factory conditions by introducing fluctuant 

channel noise, volatile network traffic loads, and rigid energy 

limitations at the individual sensor level. Realistic 

communication behaviors were modeled by capturing 

variations in the Received Signal Strength Indicator (RSSI), 

Signal-to-Noise Ratio (SNR), stochastic power utilization, 

and packet delivery dynamics. Under identical ambient 

setups, five algorithms Q-learning, Deep Q-Network (DQN), 

Double DQN (DDQN), Advantage Actor-Critic (A2C), and 

Proximal Policy Optimization (PPO) were run concurrently 

to provide an objective performance assessment. 

The empirical observations indicate that introducing 

adaptive learning-based intelligence significantly optimizes 

power usage over conventional static configurations and rule-

bound schemes. By continuously adjusting the transmission 

power levels 𝑃𝑡 and node duty cycles 𝐷𝑡 to match real-time 

environment requirements, the learning agents curtail 

unneeded high-energy bursts and minimize idle channel 

listening, which typically exhaust sensor nodes. Across all 

experimental setups, the RL-based algorithms yielded an 

average reduction of 30% to 33% in total power usage 

compared to fixed transmission allocations. 

Beyond direct energy preservation, this control scheme 

prolonged the cumulative operational span of the IIoT 

framework. The active agents balanced the network load 

evenly, preventing specific bottleneck nodes from suffering 

premature battery depletion under heavy traffic. This evenly 

distributed consumption trend generated a 25% to 28% 

expansion in overall network lifetime, validating the practical 

deployment value of adaptive local control. 

 

 

5.1. Algorithmic Convergence and Reward Metrics 

 

Distinct performance variances were recorded across the five 

tested models, as summarized in Table 2. PPO delivered the 

most robust and computationally efficient performance 

across all test metrics. Because PPO limits large policy shifts 

via a specialized clipped surrogate objective function, it 

maintained steady, monotonic convergence and avoided the 

severe policy drops seen in traditional gradient models. 

Consequently, PPO achieved the maximum cumulative 

reward profile of 220 while converging within just 150 

training episodes. 

As shown in Figure 2, DDQN successfully mitigated the 

typical overestimation bias inherent to standard DQN 

architectures by decoupling action selection from value 

assessment. This architectural adjustment stabilized the 

policy adjustments, yielding a cumulative reward of 200 and 

a 5% baseline efficiency gain over standard DQN. A2C 

exhibited high initial optimization speeds due to its parallel 

actor-critic structure, but its on-policy constraints restricted 

thorough exploration of the solution space. This caused A2C 

to plateau early at a reward of 190, matching a convergence 

time of 200 episodes. Finally, traditional Q-learning 

performed poorly, requiring 500 episodes to converge due to 

its inability to scale within high-dimensional, continuous 

state spaces.

 

Table 2. Comparison of energy consumption, Convergence Episodes, Cumulative Reward. 

 

Algorithm Energy Consumption (%) Convergence Episodes Cumulative Reward 

Q-Learning 85 500 120 

DQN 70 300 180 

Double DQN 65 250 200 

A2C 68 200 190 

PPO 60 150 220 

Table 3. Statistical Performance Comparison across RL Models 
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Algorithm Mean Energy Std Energy Duty Cycle Battery Life(hrs) Improvement (%) 

1. DQN 0.011700 0.000814 0.295000 188.654701 0.000000 

2. DDQN 0..012213 0.001797 o.301667 187.377907 -4.380342 

3.A2C 0.007500 0.000000 0.300000 183.311947 35.897436 

4. PPO  0.007063 0.000634 0.100000 549.752611 39.636752 

 

 

5.2. Comparative Analysis of Energy and Lifespan 

Profiles 

 

A deeper review of the node-level parameters over a 20-

episode evaluation horizon highlights the clear structural 

superiority of policy-gradient methods under dynamic 

conditions, as detailed in Table 3. The PPO model achieved 

the lowest mean energy usage (0.007063 J) alongside a 

minimal standard deviation (0.000634 J), marking a 39.64% 

efficiency improvement compared to the baseline DQN 

model. This performance stems from PPO's ability to 

minimize the node duty cycle down to 0.100000, which 

extended the estimated sensor battery life to 549.75 hours. 

While A2C also secured low mean energy consumption 

(0.007500 J), its higher structural duty cycle (0.300000) 

restricted its long-term battery lifecycle to 183.31 hours, 

demonstrating that lower energy usage does not 

automatically guarantee a proportional lifecycle extension if 

duty cycles are poorly distributed. DDQN underperformed 

the baseline in this specific trial, generating a mean energy 

usage of 0.012213 J due to a volatile standard deviation of 

0.001797 J. This variance confirms that value-based 

approaches remain highly sensitive to fast-moving industrial 

environment metrics. 

 

 

 
 

Fig. 2. Reward Comparison 

 

 

The empirical results illustrated across Figure 3 verify the 

limits of non-adaptive, static configurations. Fixed schemes 

cannot adjust to real-time changes, causing high energy waste 

or frequent packet drops when channel path loss spikes. 

Conversely, integrating channel-aware metrics like SNR and 

remaining node energy directly into the RL state space allows 

the framework to scale cleanly as the network density grows. 

Ultimately, this comparison proves that policy-gradient 

frameworks especially PPO provide the most stable, reliable, 

and energy-optimized control policies for sustainable, long-

term deployment in modern industrial networks. 

 

 

 
 

Fig. 3. Energy optimization comparison of RL algorithms in 

IIoT 

 

 

6. CONCLUSION  
 

This paper presented a comprehensive reinforcement 

learning-based framework for energy optimization in 

Industrial Internet of Things (IIoT) systems for Industry 4.0. 

By modeling the energy management problem as a Markov 

Decision Process, multiple RL algorithms including Q-

Learning, Deep Q-Network (DQN), Double DQN, 

Advantage Actor-Critic (A2C), and Proximal Policy 

Optimization (PPO) were implemented and evaluated under 

dynamic network conditions. The comparative analysis 

demonstrated that reinforcement learning approaches 

significantly enhance energy efficiency by enabling adaptive 

and intelligent decision-making. Among the evaluated 

methods, PPO achieved the best overall performance, 

offering lower energy consumption, faster convergence, and 



Sunanda & Pradip          Reinforcement Learning–Driven Adaptive Transmission Control and Duty Cycle for Energy Optimization in Industrial IoT Networks 

© Ariston Publications 2026. All rights reserved.                                            CompSci & AI Advances, 2026, Vol. 3, No. 3, 296-307 | 305  

improved adaptability to environmental variations. The 

results validate the effectiveness of deep reinforcement 

learning techniques in addressing critical energy challenges 

in IIoT systems. Practical deployment in industrial 

environments still requires addressing challenges related to 

processing overhead, increasing number of devices, 

communication interference, and reliability requirements. 

Future work will investigate decentralized multi-objective 

RL using real world edge testbeds to jointly optimize energy 

consumption, latency and communication reliability. 
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