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ABSTRACT 
	Workshop scheduling is a fundamental challenge in industrial engineering, requiring sophisticated strategies to manage increasing production complexity. This study proposes an integrated framework that combines Digital Twin (DT) technology with Deep Reinforcement Learning (DRL) to achieve autonomous and adaptive scheduling. While DT technology enables high-fidelity, real-time synchronization between physical shop floors and virtual models, DRL provides the intelligent decision-making framework necessary for dynamic optimization. By mapping physical assets into a synchronized digital environment, the DT provides a risk-free simulation bed for the training and validation of DRL agents. This approach facilitates real-time feedback loops, allowing the system to respond to stochastic disturbances while maximizing resource utilization and minimizing production costs. In this research, DRL algorithms are deployed to optimize multi-objective scheduling tasks, leveraging the DT to provide a low-cost, high-efficiency environment for iterative learning. The results demonstrate that this synergy effectively addresses complex, non-linear decision-making problems that traditional heuristic methods often fail to resolve.
This study utilizes an improved DQN algorithm (with dual networks and prioritized experience replay) to address practical manufacturing challenges like machine breakdowns and urgent order insertions. By leveraging the Digital Twin for real-time synchronization, the model adaptively re-schedules resources, achieving a 14.6% reduction in makespan and a 12.3% improvement in resource utilization compared to traditional rules. The results confirm the system's resilience, maintaining an 86.5% equipment utilization rate under stochastic disturbances. Ultimately, the integration of DT and DRL provides a robust foundation for the realization of smart manufacturing and resilient production systems, offering a scalable solution for modern industrial environments.
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1. INTRODUCTION 
1.1 [bookmark: _Toc31076]Source of the Topic
Since the beginning of the 21st century, there has been a new wave of technological innovation represented by the Internet of Things, ubiquitous information, cloud computing, big data, mobile Internet, and cyber-physical systems (CPS), and information technology has become a key technology to support advanced manufacturing. At present, with the rapid rise of emerging economies, the scale of exchanges and cooperation in the global market economy is unusually large, and the demand for diversification and individualization is growing rapidly[1]. With the rapid development of energy demand, the ecological environment and climate change have attracted much attention; New breakthroughs are being made in science and technology and industries such as information networks, advanced materials, and intelligent manufacturing. In this context, United States promote the revitalization of high-end manufacturing, Germany put forward "Industry 4.0", United Kingdom focus on high value-added manufacturing such as biology and nano, France start the mobilization of "new industrial France", Japan the development of collaborative robots and unmanned factories, and launch "Made in China 2025"[2]. These countries regard intelligent manufacturing as the pillar and core of the revitalization of the real economy and emerging industries, as well as the foundation and key to enhancing competitiveness and sustainable development[3].
More recent advancements in 2025 further emphasize the integration of Graph Neural Networks (GNN) and Deep Reinforcement Learning (DRL) within Digital Twin frameworks to enhance real-time decision-making in hanging workshops. These studies demonstrate that the synergy of DT-driven state perception and policy-based DRL (e.g., PPO) significantly improves the agility and robustness of scheduling systems when facing unpredictable production disturbances[4].
Manufacturing is the material foundation and industrial pillar of the national economy, and occupies an important position in the national economy. China is a big manufacturing country, but not yet a manufacturing power, the development of advanced manufacturing technology, the development of China's national economy is of great significance. Generally speaking, intelligent manufacturing consists of two parts, the first part is the automated manufacturing system, including machining centers, data acquisition, pallet exchange, tool management, warehousing and logistics and other systems through the Internet of Things, to achieve digital information transmission and sharing, the second part is artificial intelligence technology, including big data, computer vision, natural language processing, machine learning, deep learning, reinforcement learning, etc., through these technologies to perceive, analyze, reason, make decisions and control such information, and finally realize online self-perception of working conditions. Intelligent manufacturing system for intelligent decision-making and control and equipment self-discipline execution.
1.2 Research Background
Workshop scheduling is a hot issue in the field of intelligent manufacturing in recent years, and scheduling refers to the process of achieving certain performance indicators within a certain period of time through reasonable allocation of resources, sorting tasks and planning processes. Scheduling optimization has in-depth applications in many fields, such as manufacturing, warehousing and logistics, transportation, cloud computing, power transmission, enterprise management, medical systems, etc. For manufacturing, non-processing processes occupy most of the time in the manufacturing process, and the use of effective scheduling technology can help reduce the waste of time and resources, improve production efficiency, and reduce production costs. Scholars at home and abroad have conducted decades of research on workshop scheduling, and the theories and methods formed are of great significance for guiding the production process.
Job Shop Scheduling Problem (JSP) is a widely studied problem, and many problems in actual workshop production can be abstracted into job shop scheduling problems, which can be divided into static scheduling and dynamic scheduling. Static scheduling refers to a type of scheduling in which all production information in the production process is known and does not change, while dynamic scheduling refers to a type of scheduling in which uncertainties may occur in the production process, such as events such as the random arrival of workpieces, which require the scheduling system to respond to the event in a timely manner and adjust the scheduling scheme in a timely manner. In addition, there may be more than a single goal that needs to be optimized in production, and for multi-objective problems, the scheduling system needs to consider more dimensions and make decisions that meet multiple indicators. At present, the solution methods of job shop scheduling problems include exact algorithms and approximate algorithms, among which the approximate algorithms include scheduling rules and intelligent optimization algorithms. Scheduling rules are widely used because they do not require encoding and decoding when solving job shop scheduling problems, and are simpler and more instructive than intelligent optimization algorithms. However, the performance of the same scheduling rule in different production environments varies greatly, and it is obviously difficult for a fixed and single scheduling rule to meet the complex and diverse practical scenarios.
The application of digital twins in shop floor scheduling is a key step for the manufacturing industry to move towards intelligent production. By combining the actual production process with the digital model, the digital twin technology can monitor the status of the production environment in real time, analyze the production data, and improve production efficiency and quality. Digital twin technology can simulate the production process through virtual simulation, optimize process parameters, reduce resource waste in the production process, and improve production efficiency. By connecting data from the physical world with digital models, real-time monitoring of equipment status and prediction of potential failures enable timely maintenance, reduced production line downtime, and improved equipment utilization. In addition, digital twin technology can also optimize production scheduling by analyzing production data, making the production process more flexible and efficient. Digital twin technology provides comprehensive data support for manufacturing enterprises, which can make data-driven decisions and help enterprises achieve lean production and intelligent management.
In the context of Industry 4.0, digital twins are becoming increasingly popular, and its core idea is to establish a digital model of the physical workshop through modeling technology, and through data acquisition and analysis technology, the workshop is modeled with all elements, so as to obtain the real workshop status and system behavior, and realize the mapping from physical model to information model. On this basis, the reinforcement learning agent perceives the state, selects the appropriate action to act on the information model and gets the reward. When the real-time scheduling operation of the physical workshop deviates from the predefined scheduling results, the scheduling decision-maker in the virtual workshop will actively sense the abnormality and adaptively adjust the scheduling strategy. Therefore, the integration of digital twin and deep reinforcement learning provides a new research idea for solving the problem of workshop scheduling[5].
1.3 [bookmark: OLE_LINK3]Research implications
1.3.1 Theoretical implications
[bookmark: _Toc28513]By promoting the application of deep reinforcement learning in workshop scheduling, the development of optimization theory and algorithms in dealing with complex optimization problems in high-dimensional and continuous action spaces can be promoted. In the field of intelligent manufacturing, the application of deep reinforcement learning to digital twin workshop scheduling can realize the intelligence of workshop management and promote the development of manufacturing industry in a more efficient, flexible and intelligent direction[6]. Deep reinforcement learning can improve the quality and efficiency of scheduling decisions, especially in dynamic and complex environments, and can quickly respond to changes and provide optimal solutions for decision-making. Through in-depth research on its application in actual production scheduling, it can deepen the depth and breadth of the combination of artificial intelligence technology and the real economy, and promote the application of artificial intelligence in more fields[7]. The research on digital twin workshop scheduling involves multiple disciplines, including management science, operations research, computer science, and engineering, which is helpful to promote the cross-integration of disciplines[8].
1.3.2 Practical implications
[bookmark: _Toc9913][bookmark: OLE_LINK4]Workshop scheduling is a key component of the intelligent manufacturing system, and the problem of job shop scheduling is the abstraction of the production mode that is widely existing in the manufacturing industry, and it is a problem that is highly valued in the manufacturing industry. The solution method of job shop scheduling problem can be directly used in the production and manufacturing process of enterprises, and the study of this problem has an irreplaceable role in improving production efficiency and manufacturing capacity. In today's era of big data, the development trend is to mine problem features from massive data, and the introduction of deep reinforcement learning in job shop scheduling is helpful to discover unknown features and rules in the workshop[9]. It is of great value to combine deep reinforcement learning and digital twin to study the rational selection of combined scheduling rules according to the changes in the environment of the processing workshop, which is of great value for improving the intelligence of the scheduling system and coping with the complex and changeable production environment[9]. The application of deep reinforcement learning in digital twin shop floor scheduling will promote the development of data-driven decision support systems and provide innovative solutions for the manufacturing industry[10]. These theoretical implications not only promote the development of related disciplines and technologies, but also provide application prospects for the manufacturing industry[11].
1.4 Research Status
As a classic problem, job shop scheduling continues to be active with the growth of personalized demand in the manufacturing industry[12]. In the early days, mathematical and operations research methods were used to solve the problem, such as the implicit enumeration method, the branch delimitation method and other precise methods, although the global optimal solution can be obtained, but the calculation is complex and suitable for small-scale problems. Subsequently, scholars turned to approximate solving, such as genetic algorithm, tabu search and other intelligent optimization methods, combined with heuristic strategies to improve the solution efficiency[13]. In recent years, hybrid algorithms, such as the combination of genetic and simulated annealing, chemical reaction optimization and tabu search, have further improved the ability to solve complex scheduling problems. These intelligent optimization methods provide a new way to solve complex problems such as job shop scheduling by observing the laws of nature and innovating optimization thinking[14].


Figure 1 Research Methods for Workshop Scheduling
Dynamic Job Shop Scheduling (DJSSP) studies address the challenges of frequent changes in real-world production. Scholars have proposed a variety of methods, such as an improved genetic algorithm combined with an ontology module, to optimize the maximum completion time and the average waiting time[15]. However, the approximation algorithm is slow to process, and the scheduling rule method is favored for its fast response to dynamic events. Karunakaran et al. coping with uncertainty by training scheduling rules. Multi-agent fusion with traditional scheduling methods provides a new perspective. Wang et al. used an improved particle swarm optimization algorithm to process the arrival of new artifacts, and Liu et al. combined asynchronous update and DDPG to train the model. Zhang et al. proposed a GP-based assisted evolutionary multi-task algorithm to share scheduling knowledge[16]. Chang et al. use deep reinforcement learning to establish a flexible scheduling system with self-learning, real-time optimization, and intelligent decision-making to adapt to the dynamic production environment and improve scheduling efficiency.
The study of dynamic scheduling of multi-objective job shop involves multiple optimization objectives[17], such as completion time, machine load, etc., and there are contradictions between the objectives. Scholars have proposed a variety of methods, such as MO-GPHH, MO-DFJSP, MODJA and deep learning-based MOGA, to solve the problem of multi-objective dynamic scheduling and improve scheduling efficiency and performance[18].
The first application of reinforcement learning to solve production scheduling problems can be traced back to 1995, and since then, scholars at home and abroad have been actively researching[19]. In recent years, the use of reinforcement learning methods to solve scheduling problems has gradually become a research hotspot. The following figure shows the search results of the Web of Science database on October 28, 2023 with the keyword [20]"reinforcement learning & scheduling", and it can be seen from the trend of the number of related papers published in the graph over the years that reinforcement learning has been widely used to solve scheduling problems since 2020, and then accelerated its growth year by year[21]. 
Figure 2 The WoS platform retrieves the trend of the number of studies on reinforcement learning to
solve scheduling problems over the years
2. [bookmark: OLE_LINK5]Research Content
This research mainly includes three aspects: first, the construction of a digital twin workshop model, through the digital twin technology to carry out detailed modeling and monitoring of all elements of the workshop, which is a multi-step and multi-level process, to ensure that comprehensive and accurate workshop information is collected, and consider the interrelationship of various components in the workshop. Secondly, the dynamic scheduling of digital twin workshop equipment is studied, and the equipment scheduling is intelligently carried out by combining real-time digital twin data and deep reinforcement learning to achieve the optimal use of resources and improve the operation efficiency of equipment. Finally, the multi-objective workshop scheduling problem based on deep reinforcement learning is studied, and deep reinforcement learning is used to provide intelligent solutions for workshop scheduling to meet multiple optimization goals such as minimizing manufacturing time and maximizing resource utilization. The innovations of this research include the proposal of a digital twin workshop system architecture driven by data and model fusion, a dynamic scheduling strategy for equipment fusing twin data, and an improvement of the DQN algorithm to achieve multi-objective workshop scheduling.
2.1 Research on the construction method of digital twin workshop model
In addition to the basic three-dimensional model, it is also necessary to establish the rules of dynamic changes in the workshop, such as the workpiece is distributed in different machine tools according to different processes, and the machine tool is maintained or failed according to what rules.
Building a digital twin shop floor model is a multi-step, multi-layered process. It is necessary to clarify the model objectives first, carry out data collection and sensor deployment, and ensure that comprehensive and accurate workshop information is obtained. The collected data is pre-processed, cleaned, and standardized. Choose the appropriate modeling tools and techniques, including physical modeling, data-driven modeling, machine learning, and more. During the model development phase, an accurate mapping is established by considering the interrelationships of the various components within the workshop. Ensure the accuracy of your model by validating and calibrating it. Keep models in sync with real-time data for continuous monitoring of shop floor status. Apply the model to real-world scenarios to guide decision-making such as production planning and equipment maintenance.
2.2 Research on dynamic scheduling method of digital twin workshop equipment
The research on the dynamic scheduling of equipment in the digital twin workshop involves several key aspects. This includes real-time monitoring and simulation using digital twin technology to predict the potential impact of various scheduling decisions, and optimization of scheduling algorithms based on predictions. Based on the data of equipment status monitoring, data mining, machine learning and other technologies are used to predict the equipment status, detect possible faults or performance degradation of equipment in advance, carry out predictive maintenance, and improve the operation efficiency and service life of equipment. According to the status information of the equipment and the requirements of production tasks, the deep reinforcement learning algorithm is used to generate an appropriate scheduling scheme to realize the optimal use of equipment resources. In order to meet the needs of production tasks, while taking into account the health status of the equipment, to ensure the long-term stable operation of production equipment.
2.3 Research on multi-objective workshop scheduling method based on deep reinforcement learning
This problem focuses on how to use deep reinforcement learning algorithms to design intelligent, efficient solutions for shop floor scheduling to meet the optimization of multiple objectives, such as minimizing manufacturing time, maximizing resource utilization, or minimizing costs. The main process is to model the working state of the workshop as a Markov decision-making process, and use the deep Q network, policy gradient and other structures to learn the optimal strategy according to the state and reward information. Efficient strategies are obtained by using reward shaping or Pareto optimization to deal with multi-objective problems while balancing exploration and utilization, such as ε-greedy strategies. The empirical replay technique ensures the stability of the training, while the transfer learning enhances the generalization ability of the model. Test and train in a simulated shop floor environment to ensure the safety and reliability of your strategy to increase productivity.
3. Innovation
3.1 Data-model-driven digital twin workshop model construction
In the actual production process of the job shop, because the process specifications with complex processing technology are included, in the process of building the digital twin system, the process coupling relationship in the process manufacturing process is transformed into the coupling between the parameters of each twin model. Therefore, this paper proposes a digital twin workshop system architecture driven by data and model fusion covering all variable spaces of the process, deeply analyzes all elements of the workshop to build a digital twin model, and uses the data-model fusion-driven method to build a digital twin workshop for process manufacturing.
3.2 Dynamic scheduling of workshop equipment fused with twin data
Dynamic scheduling of workshop equipment fused with twin data is an intelligent scheduling strategy that accurately predicts the status and performance of equipment by analyzing the real-time data of equipment with the help of digital twin technology. Specifically, real-time monitoring of equipment status obtains equipment operating parameters through a data collector, and then the data is summarized into a digital twin. By comparing the real-time data with the twin model, the comprehensive operating status and predicted performance of the equipment can be obtained. With accurate prediction of the condition of the equipment, the system enables forward-looking scheduling decisions and optimal adjustment of the manufacturing process.
In a simulated environment, deep reinforcement learning is used to train on historical data and digital twins. Based on the real-time twin data, the agent can make dynamic scheduling decisions, such as which device to assign a task to, or when to perform equipment maintenance. Using the digital twin data, the actual scheduling effect feedback is continuously collected, and then the digital twin model is continuously learned and adjusted online.
3.3 Multi-objective workshop scheduling based on improved DQN algorithm
The DQN algorithm is a representative algorithm in reinforcement learning, which uses deep neural networks to approximate the Q value. For shop floor scheduling problems, especially multi-objective scheduling problems, DQN can obtain the best scheduling strategy by continuously interacting with the environment and learning. According to the requirements of actual scheduling, various improvements are made to the DQN algorithm, such as the introduction of dual DQN, preferential experience playback and other technologies. The improved DQN algorithm is used to solve the scheduling problem of smart factory operation workshop, and the optimal scheduling rules for different workshop states are studied based on data.  
4. Research Methods:
4.1 Data-model-driven digital twin workshop model construction
On the basis of the analysis of the total element twin model of the production process and the dynamic production data of the process manufacturing workshop, in order to fully ensure the accurate description of the twin model and the comprehensive mapping of the production process of the process manufacturing workshop, the model construction process focuses on the key technologies such as rapid analysis based on model reduction, virtual-real interaction, and modeling methods of mechanism and data fusion. A detailed analysis of the twin model with dynamic production data is shown in Figure 3.
Digital twin shop floor models are built to leverage the drivers of data and models to improve efficiency, maintainability, and decision support on the manufacturing floor. Through comprehensive and accurate data collection, we will obtain real-time information on shop floor operations, including production processes, equipment status, and employee activity. Combine business needs and data characteristics to build a comprehensive and flexible digital twin shop floor model. The model will cover multiple aspects from the production process to the condition of the equipment, enabling comprehensive monitoring and accurate simulation of shop floor operations. The construction of the model will fully consider the nonlinear relationship of the data, the time series characteristics and the potential abnormal behavior to improve the accuracy and adaptability of the model.


Figure 3 Twin model and production data analysis
4.2 Dynamic scheduling of workshop equipment fused with twin data
The research first focused on collecting and integrating real-time data and historical operating data of shop floor equipment to ensure the data integrity and real-time performance of the digital twin. The deep reinforcement learning model is used to formulate the best equipment scheduling strategy based on real-time data and digital twin output, and give full play to the advantages of deep reinforcement learning in dealing with complex and dynamic environments. Continuously improve model performance and adaptability to adapt to changing production environments through historical data validation and parameter optimization. In actual operation, it is expected to be able to automate equipment scheduling, optimize production processes, and improve production efficiency.
By exploring predictive maintenance techniques for your equipment, you can identify potential equipment failure risks and adjust scheduling schedules to avoid production disruptions. At the same time, adaptive scheduling strategies are studied, so that in the event of machine failures or order changes, the system can quickly re-plan resources to ensure on-time delivery of orders. Therefore, this paper proposes a digital twin-enhanced device dynamic scheduling method flow, as shown in the figure.


Figure 4 A digital twin enhanced approach to dynamic scheduling of equipment
4.3 Multi-objective workshop scheduling based on improved DQN algorithm
Considering that the traditional shop floor scheduling model is difficult to deal with the complex production environment and diverse optimization goals, this paper proposes to use the Deep Reinforcement Learning (DRL) framework to optimize the scheduling performance and meet the multi-objective requirements, such as minimizing completion time, cost and energy consumption.
This study will deeply analyze the dynamic characteristics and multi-objective requirements of shop floor scheduling, and define the state space, action space and reward function suitable for deep reinforcement learning applications. DQN uses deep neural networks to estimate the Q value function, which can effectively deal with high-dimensional state spaces. This makes DQNs excel in the task of making decisions on complex information. The basic DQN algorithm is shown in Algorithm 1. On this basis, an improved DQN algorithm is designed, which will integrate the multi-objective optimization strategy, and improve the learning efficiency and convergence speed of the algorithm by introducing the dual learning network and the preferential experience replay mechanism. The improved DQN algorithm will use multiple value functions to estimate the long-term returns of different goals, and combine a trade-off mechanism to balance the conflicts and synergies between the goals. In addition, the algorithm will explore the use of advanced neural network architectures, such as convolutional neural networks (CNNs) or recurrent neural networks (RNNs), to better handle temporal dependencies and spatial features in shop floor scheduling.
In order to verify the effectiveness of the algorithm, simulation experiments are carried out on the standard workshop scheduling benchmark problem, and the comparison and analysis are carried out with the existing multi-objective scheduling algorithms. The experimental results are expected to demonstrate the superior performance of the improved DQN algorithm in multi-objective optimization, especially in the complex and dynamically changing workshop environment. Finally, how to apply the developed DQN model to real-world shop floor scheduling scenarios. This includes how to deal with real-time data, uncertainties, and how to integrate with existing production management systems.
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To verify the effectiveness of the improved DQN, we compared it with Genetic Algorithm (GA) and Simple Dispatching Rules (SDR). The quantitative results are summarized in the table below:

Table 1 Performance Comparison of Different Scheduling Algorithms in an Intelligent Workshop Environment
	Scheduling Method
	Makespan (min)
	Resource Utilization
	Avg. Waiting Time (min)

	Traditional Rules (FIFO)
	485
	74.2%
	42.5

	Genetic Algorithm (GA)
	442
	81.5%
	36.8

	Proposed DT-DRL (DQN)
	414
	86.5%
	29.4



The proposed method outperforms traditional rules by reducing the makespan by 14.6% and waiting time by 30.8%.
As shown in Table 1, the proposed DT-DRL approach significantly outperforms traditional heuristic and intelligent optimization methods by leveraging the real-time feedback of Digital Twin data and the self-learning capabilities of the improved DQN.
5. Conclusion
This study focuses on the construction of digital twin workshop model, dynamic equipment scheduling, and multi-objective workshop scheduling method based on deep reinforcement learning. The study uses digital twin technology to model and monitor all production factors in the workshop in detail, covering materials, machine tools, tools, etc., and formulates rules for dynamic changes in the workshop. This study further explores the dynamic scheduling method of digital twin workshop equipment, and realizes intelligent equipment scheduling through real-time digital twin data and deep reinforcement learning, so as to optimize resource use and improve equipment operation efficiency. In addition, this study also focuses on a multi-objective shop floor scheduling method based on deep reinforcement learning, which uses deep reinforcement learning algorithms to provide intelligent and efficient solutions for shop floor scheduling to meet the goals of minimizing manufacturing time, maximizing resource utilization, or minimizing costs.
These innovations not only improve the efficiency and quality of production scheduling but also provide a measurable performance gain, specifically achieving an average production efficiency increase of over 14%. This provides strong support for the development of adaptive and resilient workshop production scheduling.
Globally, researchers are accelerating the adoption of these technologies; for instance, recent studies in the Indian manufacturing context have highlighted the role of Digital Twins in enhancing supply chain resilience and SMEs' operational efficiency, providing critical insights for emerging economies[22].
[bookmark: _GoBack]While the DT-DRL model significantly improves efficiency, practical risks such as data synchronization latency and model over-fitting must be addressed through edge computing and transfer learning. Future research will expand this framework to Multi-Agent Reinforcement Learning (MARL) for collaborative scheduling. Furthermore, incorporating insights from emerging global hubs, such as Indian manufacturing's digital twin applications, will enhance the model's scalability and resilience in modern industrial landscapes.
Overall, this study provides a new method based on digital twin technology and deep reinforcement learning for workshop production scheduling, which realizes the optimization and automation of production scheduling by establishing an accurate digital twin model and adopting intelligent scheduling strategies, and provides strong support for the development of workshop production scheduling.
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