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ABSTRACT Industrial production is fundamental to human society, with Industrial Control Systems (ICS) serving as the

cornerstone of modern industrial processes. ICS are responsible for monitoring and controlling operations to ensure

efficiency, safety, and stability. Central to these systems are control algorithms, which enable the automation of operations,
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optimization of process parameters, and reduction of operational costs. However, with the rapid advancements in Industry 4.0
and smart manufacturing, traditional control methods are increasingly inadequate to address the growing complexity, high
dynamics, and real-time demands of modern industrial environments. Deep Reinforcement Learning (DRL), an integration of
deep learning’s high-dimensional feature extraction and reinforcement learning’s adaptive decision-making capabilities, has
emerged as a transformative technology in intelligent industrial control. This paper provides a comprehensive review of
DRL's principles, methodologies, and applications in industrial scenarios. The review begins with an introduction to the
fundamental concepts of DRL, including the Markov Decision Process (MDP) framework and the Bellman equation for
optimizing decision-making strategies, followed by an exploration of the latest advancements in both online and offline
reinforcement learning algorithms. The paper systematically examines the background and challenges of industrial control
systems, highlighting the limitations of traditional methods like PID control and rule-based systems when faced with multi-
variable, nonlinear, and dynamic processes. By analyzing the evolving demands of intelligent control, the review underscores
the necessity for advanced, self-learning approaches like DRL, capable of operating effectively in\environments with
incomplete information, real-time constraints, and multiple conflicting objectives. A key contfibution of this paper is the
proposal of a novel classification framework for DRL applications in industrial scenarios. Current research is categorized into
three domains: (1) adaptive optimization in dynamic environments, enabling systemstto’respond to changes such as market
fluctuations, equipment degradation, and operational disturbances; (2) decisien-making under multi-objective and
constrained conditions, where DRL balances competing goals like efficiency, cest, and sustainability while adhering to
technical constraints; and (3) performance enhancement in complex systems; where, DRL tackles high-dimensional, nonlinear,
and coupled processes to improve stability, scalability, and operatignal excellence. This framework provides new
perspectives for designing control algorithms tailored to specific industrial ¢ontexts. The review also synthesizes key findings
from recent DRL studies, presenting a detailed evaluation/ of/théir achievements, limitations, and opportunities for
improvement. Case studies across sectors such as energy managefént{ manufacturing, and process optimization illustrate the
versatility and effectiveness of DRL in solving diversedndastrial problems. However, challenges remain, including the need
for high-quality training data, computational efficiency /in high-dimensional spaces, and robust algorithms capable of
handling uncertainties and safety-critical conditions. To address these challenges, the paper outlines future research directions
that are essential for advancing DRL in industrial applications. These include the development of high-fidelity industrial
process simulators, techniques to improve sample éfficiency and generalization across varying conditions, and methods to
enhance interpretability and transparencyin,/BRL decision-making processes. In conclusion, this paper emphasizes DRL's
transformative potential in redefining ‘industrial control paradigms. By overcoming current limitations and fostering
interdisciplinary collaboration/DRE is«well-positioned to drive innovation in industrial intelligence and automation. The
insights and frameworks presentedun ‘this review offer a valuable foundation for future research, accelerating the adoption of
DRL technologies in real-world_industrial settings and paving the way for the next generation of smart manufacturing

systems.

KEY WORDSDeéep-Reinforcement Learning; Online Reinforcement Learning; Offline Reinforcement Learning; Industrial

Control Systems; Intelligent Control
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Tablel Comparison of control algorithms

Characteristic PID Centrol Fuzzy Control Expert Systems Based on DRL
Model Dependency High Medium High Low
Adaptability Low Medium Low High
Complexity Handling Low Medium High High
Real-Timé Respense High High Medium High
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Fig.2 Problems with dynamic environments in the reinforcement learning framework
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Table 2 Summary of research on adaptive optimization in dynamic environments

Research Problem Field Algorithm Algorithm Innovation




Mine production scheduling!?”! Mining Self-play RL Combines DRL with MCTS and EnKF, updates equipment

Engineering performance and supply chain uncertainties in real time.
Mine production scheduling!3!! Mining Actor-Critic Integrates preconcentration facilities and stochastic
Engineering optimization.
Fleet dispatching in mines3% Mining Q-learning Optimizes truck dispatch using Q-learning.

Engineering

Ventilation resistance coefficient Mining PPO Designs DRL to optimize ventilation networks.

optimization 34 Engineering

Truck dispatch in mines [3¢] Mining DDQN Uses Double Deep Q-Network to improve equipment
Engineering utilization.

Real-time geostatistical model Mining DDPG Combines higher-order spatial sgatistics with DDPG for

optimization (3% Engineering dynamic sensor data integration,

Energy consumption control in blast Metallurgical DDPG Combines LSTM and dual criticnetworks to handle partially

furnaces 38 Engineering observable problems.

Steel composition and temperature Metallurgical DDPG Integrates DDPG, EIRBM, land MODE for multi-objective

optimization 3% Engineering optimization:

Energy management in hydrogen- Energy DQN Energy, optimizatiomusing DQN-based management.

electric systems [4°] Engineering

Microgrid energy scheduling!**) Energy SARSA Tterative scheduling with SARSA online reinforcement
Engineering learning.

Offshore wind and solar power Energy DDPG Multi-objective optimization for efficiency improvement and

optimization!®> Engineering oscillation suppression.

Wind turbine power scheduling [>¢] Energy DON Combines deep learning and reinforcement learning to adjust
Engineering turbine speed and blade angles.

Task scheduling in cloud manufacturing ~ Logistics DT Offline DRL for task scheduling, reducing training costs and

[60] improving generalization.

Real-time demand response in energy Manufactiiring DMADQN Explainable multi-agent DRL framework for reducing energy

management [61] consumption while meeting production demands.

Robotic assembly planning in prefab Construetion DQN, DDQN, BIM-based optimization for efficiency improvement in

construction (3] A2C, PPO dynamic environments.

Unmanned surface vehicle contre] (%] Marine MBRL Filtered probabilistic MPC to enhance robustness in complex
Engineering marine environments.
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Fig.3 Problems with multi-objective constraints in the reinforcement learning framework
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Tabled_/Sumhmary of research on decision making under multiple objectives and constraints

Research Problem Field Algorithm Algorithm Innovation

Zinc roasting tempefature Metallurgical Q-learning Combines convolutional Q-learning (CQLN) with CFD
optimization[*%] Engineering modeling to optimize temperature distribution.

Zinc recovery and carbon emission Metallurgical CMODRL Multi-objective DRL (CMODRL) for balancing zinc recovery
optimization[*!] Engineering and carbon emissions.

Oxygen system scheduling in steel Metallurgical PPO Integrates DRL with MOEA for energy consumption

plants*2] Engineering optimization.

Maintenance optimization in scrap Metallurgical DDQN Uses Double Deep Q-Network (DDQN) to dynamically adjust
production lines3! Engineering maintenance plans.

Defect detection in casting processes[*4] Metallurgical MARL Multi-agent reinforcement learning (MARL) for efficient and

Engineering precise defect detection.



Copper burdening system Metallurgical RV-RL Reference Vector RL (RV-RL) for dynamic adjustment of

optimization(*’] Engineering optimization directions.

Acid and water usage optimization in Metallurgical TD3 Model-free TD3 for optimizing acid and water consumption.
heap leachingl47) Engineering

Cyanide concentration control in gold Metallurgical SRL Safe RL (SRL) ensures safe cyanide levels and maximizes
leaching!*®! Engineering gold leaching rates.

Energy management in multi-energy Energy PPO Physics-informed safe RL for integrating electrical and gas
microgrids!>!] Engineering network constraints.

HVAC system optimization in nearly Energy D3QN and PR- Combines D3QN and PR-DQN to optimize heating,
zero-energy buildings(>4] Engineering DQN ventilation, and air conditioning systems.

Multi-objective optimization in CCHP Energy TD3 TD3 combined with PV and stogage systems for seasonal
systemsl>7] Engineering operation strategies.

Flavor molecule design optimization!®”] Food Engineering ~ Q-learning Combines generative model§,with DRL to optimize flavor

molecule design.
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Table 4 Summary of Research on Performance/Enhancement of Complex Systems

Research Problem Field Algorithm Algorithm Innovation

Flotation process control3?] Mining CDQL Two-layer control structure using DRL, with feature
Engineering extraction via deep learning.

Flotation process controll33 Mining Hybrid Model- Combines physical models with data-driven approaches for
Enginecring Based RL higher sample efficiency and precise control.

Flotation process controll8] Mining Interleaved New interleaved learning RL, outperforming standard policy
Engineering Learning RL and value iteration methods.

Thickener underflow concentration Mining Heuristic Critic Dual-network architecture with short-term experience replay

control7] Engineering Network for enhanced adaptability.

Thickener underflow concentration Mining TBCQ Time-series state representation based on BCQ, suitable for

control(7] Engineering partially observable MDPs.

Electrolyte températuré control#e] Metallurgical DQN Combines temporal causal networks with RL for precise
Engineering control, improving current efficiency and reducing energy

consumption.

Energy transmission in islands>2 Energy Hybrid Policy- Optimizes discrete-continuous action spaces to improve
Engineering Based RL energy transmission efficiency.

Distributed power coordination[>] Energy MARL Multi-agent hierarchical RL for efficient coordination and
Engineering multi-objective scheduling.

Post-disaster microgrid recovery(>8] Energy MARL Multi-agent RL for scheduling mobile power sources and
Engineering repair teams, maximizing load recovery.

Hybrid energy storage in EVsl>] Energy SAC Parallel computation and dynamic programming to enhance




Engineering adaptability, efficiency, and reduce energy loss.

VAM production controll®2] Chemical FFDPP Factorized fast kernel dynamic programming (FFDPP) for
Engineering improved control precision and stability.

Wastewater treatment energy Environmental TD3 Evaluates RL algorithms to optimize energy use while

optimization[®] Engineering maintaining treatment stability.

Autonomous UAV flight control®5] Aerospace SAC Modular RL to improve UAV autonomy, flight control

efficiency, and task completion rates.

Drug molecule generation!®®] Pharmaceutical ~ MolRL-MGPT Multi-agent RL with GPT for generating diverse and
Design bioactive drug molecules.
EV discharge scheduling(®] Transportation Actor-Critic Multi-agent collaboration for optimizing EV discharge
scheduling.
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