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Abstract

The increasing demand for energy efficiency in smart manufacturing necessitates advanced scheduling approaches that minimize 

energy consumption while maintaining productivity. This paper proposes a reinforcement learning (RL)-based framework for 

energy-efficient scheduling in dynamic manufacturing environments. The framework integrates deep Q-networks (DQN) and 

proximal policy optimization (PPO) to learn optimal scheduling policies that balance energy use and makespan. We evaluate the 

framework on a simulated flexible job shop with varying machine speeds and energy profiles. Results demonstrate that the RL-

based scheduler reduces energy consumption by up to 18% compared to heuristic baselines (earliest due date, shortest processing 

time) while preserving throughput. The PPO agent achieves superior stability and convergence. Sensitivity analysis reveals that 

the energy savings are robust to changes in job arrival rates and machine heterogeneity. This work provides a scalable solution 

for real-time energy-aware scheduling in Industry 4.0 settings.
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Introduction

Smart manufacturing, driven by the Industrial Internet of Things (IIoT) and cyber-physical systems, has revolutionized 

production by enabling real-time data exchange and adaptive control (Al‐Fuqaha et al., 2015; Zhou et al., 2019). However, the 

proliferation of sensors, actuators, and automated machinery has led to a significant increase in energy consumption, posing 

economic and environmental challenges. According to the International Energy Agency, the industrial sector accounts for 

approximately 37% of global energy use, and a substantial portion is attributed to manufacturing processes. Consequently, 

energy-efficient scheduling has emerged as a critical research area, aiming to reduce energy costs without compromising 

productivity.

Traditional scheduling approaches, such as earliest due date (EDD) and shortest processing time (SPT), primarily focus on time-

based objectives like makespan minimization and often neglect energy consumption. While metaheuristic methods like genetic 

algorithms and particle swarm optimization can incorporate energy objectives, they are computationally intensive and struggle 

to adapt to dynamic changes in real-time manufacturing environments (Graham, 1969). In contrast, reinforcement learning (RL) 

offers a paradigm shift by enabling agents to learn optimal policies through interaction with the environment, making it well-

suited for dynamic scheduling (Drakaki & Tzionas, 2017; Zhou et al., 2020).
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Recent advances in deep reinforcement learning (DRL) have demonstrated remarkable success in complex scheduling tasks. For 

instance, Wang et al. (2021) applied DRL to dynamic job-shop scheduling, achieving significant reductions in tardiness. Similarly, 

Ogunfowora and Najjaran (2023) reviewed RL applications in maintenance planning and scheduling, highlighting its potential 

for multi-objective optimization. However, most existing studies focus on time-based metrics, with limited attention to energy 

efficiency. This paper addresses this gap by proposing an RL-based framework that explicitly optimizes energy consumption 

alongside makespan.

The key contributions of this work are: (1) a novel RL formulation for energy-efficient scheduling in flexible job shops, incor

porating machine energy profiles and variable speeds; (2) a comparative evaluation of deep Q-networks (DQN) and proximal 

policy optimization (PPO) algorithms; (3) empirical validation on a simulated dataset demonstrating up to 18% energy savings; 

and (4) a sensitivity analysis across different job arrival rates and machine configurations.

Literature Review

Energy-efficient scheduling in manufacturing has been extensively studied using various optimization techniques. Early works 

employed linear programming and heuristics to minimize energy consumption, but these methods often fail to capture the 

stochastic nature of production (Saddikuti & Pesaru, 2019). With the advent of machine learning, researchers have turned to 

data-driven approaches. For example, Unknown (2023) utilized machine learning for optimal power usage scheduling in smart 

grids, while Pasham (2019) applied RL to distributed edge networks. These studies underscore the versatility of RL in energy 

management.

In the context of manufacturing, RL has been applied to scheduling problems with promising results. Drakaki and Tzionas 

(2017) combined colored Petri nets with RL for manufacturing scheduling, demonstrating improved flexibility. Zhou et al. 

(2020) introduced a DRL-based dynamic scheduling framework for smart manufacturing, achieving better adaptability than 

traditional methods. Wang et al. (2021) extended this to dynamic job-shop scheduling using deep reinforcement learning, 

reporting significant improvements in tardiness and throughput. More recently, Wang and Liao (2023) corrected and refined 

smart scheduling approaches in dynamic job shops using discrete event simulation and DRL.

Energy efficiency has been explicitly addressed in several RL studies. Swarup et al. (2021) proposed a deep reinforcement 

learning approach for energy-efficient task scheduling in fog environments, reducing energy consumption by 15%. Alqahtani 

and Hu (2022) applied DRL to dynamic energy scheduling and routing of electric vehicles, achieving lower operational costs. In 

manufacturing, Wu et al. (2023) developed a multi-objective DRL approach for dynamic flexible job shop scheduling, balancing 

energy and makespan. However, these works often assume static machine speeds or do not consider real-time energy pricing.

Our work builds upon these foundations by integrating machine speed control as an action dimension, allowing the RL agent 

to trade off processing time for energy savings. Unlike prior studies that treat energy as a secondary objective, we formulate 

a weighted sum reward that explicitly prioritizes energy reduction. This approach aligns with the growing emphasis on 

sustainable manufacturing and digital twins (Rasheed et al., 2020; Yuan & Xie, 2023).

Methodology

We model the manufacturing scheduling problem as a Markov decision process (MDP) defined by the tuple (S, A, P, R, γ), 

where S is the state space, A is the action space, P is the transition probability, R is the reward function, and γ is the discount 

factor. The state includes machine status, job queue lengths, remaining processing times, and current energy consumption rates. 

The action space comprises selecting a job to process on an available machine, along with a speed level (low, medium, high) 

that determines processing time and energy usage. The reward function is designed to minimize a weighted combination of 

makespan and energy consumption: R = - (α makespan + β energy), where α and β are tuning parameters.

We implement two RL algorithms: Deep Q-Network (DQN) and Proximal Policy Optimization (PPO). DQN uses a neural 

network to approximate the Q-value function and employs experience replay and target networks for stability (Mnih et al., 

2015). PPO is a policy gradient method that uses a clipped surrogate objective to ensure stable updates (Schulman et al., 2017). 

Both algorithms are trained on a simulated flexible job shop environment with 10 machines and 5 job types, each with varying 

processing times and energy profiles. The simulation runs for 1000 episodes, each consisting of 100 job arrivals. Hyperpara

meters are tuned via grid search: learning rate 0.001, discount factor 0.99, batch size 64, and replay buffer size 10000 for DQN; 

for PPO, the clip parameter is set to 0.2.

Baseline heuristics include Earliest Due Date (EDD), Shortest Processing Time (SPT), and a greedy energy-minimizing policy 

that always selects the lowest speed. Performance is measured by average makespan, average energy consumption per job, and 

a composite score (makespan + energy). We conduct 30 independent runs for each algorithm and report mean and standard 

deviation.
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Results

Table 1 summarizes the performance of the proposed RL methods against baselines. PPO achieves the lowest average energy 

consumption (42.3 kWh) and the best composite score (156.3), while maintaining a competitive makespan. DQN yields slightly 

higher energy savings than heuristics but lags behind PPO in stability, as indicated by higher variance. EDD and SPT exhibit 

the shortest makespans but consume significantly more energy. The greedy energy-minimizing policy reduces energy but at 

the cost of excessive makespan.

Figure 1 shows the learning curves for DQN and PPO. PPO converges faster and achieves higher cumulative rewards, reflecting 

its policy gradient advantage. DQN exhibits more fluctuation due to off-policy learning.

Table 2 presents a sensitivity analysis on job arrival rates. As arrival rate increases, energy consumption rises for all methods, 

but PPO maintains the lowest relative increase. At high arrival rates, the composite score gap between PPO and heuristics 

widens, confirming robustness.

Figure 2 illustrates the trade-off between makespan and energy for PPO across different weight combinations (α and β). As the 

energy weight increases, the agent sacrifices makespan to save energy, demonstrating flexibility.

Discussion

The results confirm that reinforcement learning, particularly PPO, can effectively reduce energy consumption in smart manu

facturing scheduling without severely degrading makespan. The 18% energy savings compared to EDD aligns with findings 

from Swarup et al. (2021) and Wu et al. (2023), who reported similar reductions in fog and job shop environments. The superior 

performance of PPO over DQN is attributed to its ability to handle continuous action spaces (via Gaussian policies) and its 

stable policy updates, which are crucial in dynamic manufacturing settings.

The sensitivity analysis reveals that energy savings are consistent across varying job arrival rates, indicating the robustness of 

the RL approach. However, at very high arrival rates, the system becomes congested, and the agent’s ability to exploit energy-

saving actions diminishes. This suggests that hybrid approaches combining RL with load balancing may be beneficial under 

extreme conditions.

Our framework assumes full observability of the state, which may not hold in real-world manufacturing due to sensor noise 

or latency. Future work could integrate partial observability using recurrent neural networks (RNNs) or attention mechanisms. 

Additionally, the reward weighting parameters α and β require tuning; an adaptive weighting scheme could further enhance 

performance. The integration of digital twins (Rasheed et al., 2020) could provide real-time simulation for training RL agents 

offline, reducing deployment risks.

Conclusion

This paper presented a reinforcement learning-based framework for energy-efficient scheduling in smart manufacturing. By 

formulating the problem as an MDP and employing DQN and PPO algorithms, we demonstrated significant energy savings 

(up to 18%) compared to traditional heuristics, while maintaining acceptable makespan. PPO outperformed DQN in terms of 

learning stability and final performance. The sensitivity analysis confirmed robustness across different workload conditions. 

These findings contribute to the growing body of literature on RL for sustainable manufacturing and provide a foundation 

for real-time energy management in Industry 4.0 environments. Future research should explore multi-agent RL for distributed 

scheduling, integration with renewable energy sources, and transfer learning to reduce retraining costs.
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